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“Do you have a favourite saying?” asked the boy.
“Yes” said the mole
“What is it?”
“If at first you don’t succeed, have some cake.”
“I see, does that work?”
“Every time.”

The boy, the mole, the fox and the horse
Charlie Mackesy
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Abstract

Background: The ever-increasing amount and diversity of biological and medical data is a
major challenge in computational analyses. Today, to investigate such heterogeneous data,
computational methods have to be combined into comprehensive analysis workflows for
seamless, swift, and transparent computation or downstream processing. As an approach
to using and integrating mathematical as well as computational models, systems medicine
has shown potential to investigate complex data from the molecular level to the level of
the organism. Therefore, my interdisciplinary research project utilizes state-of-the-art
computational approaches to improve the analysis of heterogeneous data and support
medical translational research. It focuses specifically on cardiovascular diseases and cardiac
regeneration.
Methods: Workflow development, defined as the successive use of software applications,
has emerged as one of the most essential concepts for transparent, reusable data analysis.
In the quickly growing landscape of high-throughput sequencing analysis tools, it is
increasingly important to retrieve results that are as comprehensible as possible to ensure
high-quality, reproducible research. In this work, numerous workflows have been developed
for the general processing of bulk RNA sequencing (RNA-Seq), single-cell sequencing
experiments, and non-coding RNA identification. All workflows are open access and publicly
available via Galaxy and FairdomHub. For example, TRAPLINE includes in addition to
basic quality control, genomic alignment, quantification, normalization, and differential
expression procedures, also advanced capabilities for micro-RNA target prediction, proteinprotein interaction identification, and gene set enrichment analyses. Further applications
of RNA velocity calculations and downstream network approaches (e.g., weighted gene coexpression, gene ontology term, and pathway enrichment analyses) have been shown to be
vital for the computational validation and monitoring of previously identified differentially
expressed transcripts. In addition to the development and maintenance of workflows a
contribution to publicly available online training materials for sequencing data analysis
was made to further facilitate scientific education. Mathematical concepts of machine

learning and univariate meta-analyses have been successfully implemented to independently
investigate the role of cell therapies in cardiac regeneration.
Results: To enable deeper insights into the transcriptomic changes in cardiac regeneration,
an analysis workflow for RNA-Seq data was initially developed, tested, critically evaluated,
and validated through the comparison of stem cell-derived cardiomyocyte subtypes. The
induced sinoatrial bodies, which belong to the category of in vitro generated cardiac
pacemaker cells after external Tbx3 administration and Myh6 -based antibiotic selection,
yield the most promising transcriptomic similarity in comparison to a human sinoatrial
node. Furthermore, the RNA-Seq counts were used to independently validate the hub-gene
2 AMPK via weighted gene co-expression analysis revealing it to be essential in heart
rate generation. In contrast, network and gene set enrichment analyses of alternative
mRNA-based strategies for the cardiac reprogramming of human mesenchymal stromal
cells into cardiomyocytes showed only an incomplete reprogramming without beating
cells. Single-nuclei RNA-Seq was applied to obtain the first characterization of an entire
adult mammalian heart and provided realistic cell-type distributions combined with RNA
velocity kinetics. To address the efficacy of cell-based therapies for the treatment of ischemic
myocardial damage in mice, univariate meta-analysis and the subsequent meta regression
analysis showed a positive effect in cardiac regeneration. The significant moderators of this
observed effect that were identified are the cell origin (allogen, syngen, xenogen), amount
of the injected cells, and gender. The preclinical results are in line with the findings made
in the clinical trial data in which the applied machine learning model could identify a
novel biomarker signature. These biomarkers are used for the preoperative selection of
responsive patients, who receive a therapeutic application of purified allogenic cells after
myocardial infarction.
Impact: Throughout this PhD-project eight workshops on RNA-Seq data analysis were
taught to more than one hundred PhD students, postdocs, and professors as part of the
German Network for Bioinformatics Infrastructure (de.NBI) training courses. In total,
two bachelor’s and three master’s theses were supervised. Moreover, this thesis served as
the basis for two international patents, contributed to twenty peer-reviewed manuscripts,
generated computational resources with more than two thousand downloads, and obtained
findings that resulted in three successfully funded project proposals (de.STAIR, GB-XMAP,
iRhythmics) with a total funding volume of more than three million Euros.

Zusammenfassung

Hintergrund: Die ständig wachsende Menge und Vielfalt biologischer und medizinischer
Daten erhöht die Komplexität der nachfolgenden Computeranalysen erheblich. Daher
müssen diese Berechnungsmethoden zu umfassenden Analyse “ Workflows” kombiniert
werden, um eine nahtlose, schnelle und transparente Berechnung oder Weiterverarbeitung
zu gewährleisten. Die Systemmedizin als Ansatz zur Verwendung und Integration von
mathematischen und computergestützten Modellen hat bereits ein großes Potenzial zur
Untersuchung komplexer Daten von molekularen bis zu organismischen Ebenen bewiesen.
Daher nutzt diese interdisziplinäre Arbeit modernste integrative Ansätze, um die heterogene
Datenanalyse ebenfalls zu verbessern und die translationale Forschung von Herz-KreislaufErkrankungen und Herzregeneration zu unterstützen.
Methoden: Die Workflowentwicklung, hier definiert als die sukzessive Verwendung von
Softwareanwendungen, erwies sich als eines der wichtigsten Konzepte für eine transparente
und wiederverwendbare Datenanalyse. Insbesondere in der stark wachsenden Landschaft
von Analysewerkzeugen für die RNA Sequenzierung (RNA-Seq) wird es immer wichtiger,
die jeweiligen Ergebnisse so verständlich wie möglich abzurufen, um eine qualitativ hochwertige und reproduzierbare Forschung sicherzustellen. In dieser vorliegenden Arbeit wurden
zahlreiche Workflows für die allgemeine Verarbeitung der RNA-Seq bzw. Einzelzellsequenzierungsexperimente (scRNA-Seq) und die nichtkodierende RNA Identifizierung entwickelt.
Alle Workflows werden öffentlich über Galaxy und FairdomHub bereitgestellt. Zum Beispiel
umfasst TRAPLINE neben grundlegenden Qualitätskontroll-, Normalisierungs- und differentiellen Expressionstestverfahren auch erweiterte Funktionen für die Vorhersage von mikro
RNA Zielgenen, die Identifizierung von Protein-Protein Interaktionen und Anreicherungsanalysen von Genen. Weitere Anwendungen von RNA Geschwindigkeitsberechnungen,
nachgeschalteten Netzwerkansätzen wie gewichteter Genkoexpression und Signalwegsanreicherungsanalysen haben sich als entscheidend für die Validierung und Evaluation der zuvor
identifizierten differentiell exprimierten Transkripte erwiesen. Neben der Entwicklung
und Pflege von Workflows wurde ein Beitrag zu öffentlich verfügbarem online Schulungs-

material für die Sequenzdatenanalyse geleistet, um die wissenschaftliche Ausbildung zu
verbessern. Konzepte des maschinellen Lernens und univariate Metaanalysen wurden
zusätzlich implementiert, um die Rolle von Zelltherapien bei der Herzregeneration zu
untersuchen.
Resultate: Um tiefere Einblicke in die transkriptomischen Veränderungen der Herzregeneration zu ermöglichen, wurde ein Analyseablauf für die RNA-Seq entwickelt, kritisch
bewertet und durch einen biologischen Vergleich von stammzellabgeleiteten Kardiomyozytensubtypen validiert. Die induzierten Sinusknoten, die zur Kategorie der in vitro
generierten Herzschrittmacherzellen nach externer Tbx3 Verabreichung und Myh6 basierter
Antibiotikaselektion gehören, ergaben die erfolgversprechendste transkriptomische Ähnlichkeit im Vergleich zu einem menschlichen Sinusknoten. Darüber hinaus wurde die
RNA Expression verwendet, um das Hubgen 2 AMPK unabhängig über eine gewichtete
Koexpressionsanalyse zu validieren, was letztendlich bestätigt durch weitere Experimente
darauf hinweist, dass es für die Herzfrequenzerzeugung ein wesentlicher Faktor ist. Im
Gegensatz dazu zeigten Genanreicherungsanalysen alternativer mRNA basierter Strategien zur kardialen Reprogrammierung menschlicher Stromazellen in Kardiomyozyten nur
eine unvollständige Reprogrammierung ohne schlagende Schrittmacherzellen. Weiterhin
wurde die scRNA-Seq angewendet, um die erste Charakterisierung eines erwachsenen
Säugetierherzens zu erhalten und realistische Zelltypverteilungen in Kombination mit RNA
Geschwindigkeitskinetiken bereitzustellen. Um eine generelle Antwort auf die Wirksamkeit
zellbasierter Therapien zur Behandlung von Myokardschäden bei Mäusen zu geben, zeigte
die durchgeführte univariate Metaanalyse und die anschließende Metaregressionsanalyse
einen positiven Effekt bei der Herzregeneration. Diese präklinischen Ergebnisse konnten
mit den Ergebnissen der klinischer Studie PERFECT validiert werden, in dem das angewandte Modell des maschinellen Lernens eine Biomarkersignatur identifizieren konnte.
Diese Biomarker werden zur präoperativen Auswahl von reaktiven Patienten verwendet,
die nach einem Myokardinfarkt eine Behandlung mit allogenen Zellen erhalten.
Auswirkung: Im Rahmen dieser Arbeit wurden acht Trainings innerhalb des Deutschen
Netzwerks für Bioinformatik Infrastruktur (de.NBI) für mehr als einhundert Doktoranden
und Postdocs zur RNA-Seq Datenanalyse abgehalten. Insgesamt wurden zwei Bachelorund drei Masterarbeiten betreut. Darüber hinaus diente diese Arbeit als Grundlage für zwei
internationale Patente, zwanzig von Experten begutachteten Manuskripten und erzeugte
Datenressourcen mit bereits mehr als zweitausend Downloads. Die Ergebnisse führten zu
drei erfolgreich finanzierten Projektvorschlägen (de.STAIR, GB-XMAP, iRhythmics) mit
einem Gesamtfinanzierungsvolumen von mehr als drei Millionen Euro.

Theses
• Workflow development facilitates the reusability of computational data analysis
procedures (Section 2.1)
• Galaxy is a sustainable data analysis framework for genomic and transcriptomic
investigations in the cardiac research field and beyond (Section 2.1)
• Single-nuclei RNA sequencing analyses can uncover in-depth information about cell
type compositions and RNA kinetics in adult mammalian hearts (Section 2.1)
• Signaling network analysis can support the evaluation of reprogrammed cardiac
subtypes (Section 2.2)
• Co-expression analyses of RNA sequencing data can validate hub-genes responsible
for heart rate influence (Section 2.2)
• The potential of cell therapies for cardiac regeneration can be investigated using
preclinical studies (Section 2.3)
• Patient stratification for stem-cell therapy after myocardial infarction is possible
through an integrative dataset from human peripheral blood samples (Section 2.3)
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1 Computational workflow development in
systems medicine

Systems medicine is an interdisciplinary approach in which clinicians closely cooperate
with experts from biology, biostatistics, computer science, engineering, and mathematics to
develop novel methods for patient data analysis that may ultimately lead to an improved
diagnosis, treatment, and therapy. This chapter introduces systems medicine in general
and computational workflows in particular to present state-of-the-art approaches that can
be combined for clinical data processing.

1

1.1 Motivation of this work

1.1 Motivation of this work

Current computational and experimental technologies for the generation, investigation,
and analysis of medical and research data already contribute to clinical and translational
research, as well as healthcare in general. The intention of this work is to facilitate the
ease of use for such novel, often highly technical approaches within the clinical setting of
cardiac regeneration.

This work arose from collaborations with clinical partners from the Rostock University
Medical Center and the Reference and Translation Center for Cardiac Stem Cell Therapy
(RTC) in Rostock, as well as pre-clinical partners from the University of Göttingen,
University of Oxford (United Kingdom), Tokai University (Japan), and computational
partners at the University of Freiburg and the Friedrich-Loeffler-Institute in Jena.
Despite significant progress, cardiovascular diseases (CVD) such as heart insufficiency,
cardiac arrhythmia, coronary heart disease, and cardiac infarction continue to be by far the
leading cause of death in Germany, accounting for 37.2%.1 Significantly more patients had
to be treated because of heart diseases in hospitals than several years ago; in 2017 there
were more than 1.71 million hospitalizations. Mecklenburg-Western-Pommerania is among
the regions with the highest mortality rate triggered by CVD. The nearly-unchanged
mortality rate after CVD strongly indicates the need for new therapeutic approaches in
which novel treatments such as autologous stem cells in combination with computational
assistance, are considered to have a high potential in cardiac regeneration (Steinhoff et al.,
2017a).
Today, clinical care is increasingly centered around concepts such as personalized medicine,
precision medicine, P4 medicine (predictive, preventive, personalized, and participatory),
and systems medicine, which are different names to illustrate the common global effort to
establish a more patient-related, accurate, and systematic approach in medicine (Apweiler
et al., 2018; Hood et al., 2012; Trachana et al., 2018; Wolkenhauer, 2014). These concepts
have the common aim of improving diagnoses, obtaining targeted therapies, finding
individualized prognostic markers, supporting early detection, and ultimately preventing
diseases. The routes by which these goals should be achieved are similar, and one of
their shared core elements is the integration of data from different sources, including
1
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conventional patient data, clinicopathological parameters, molecular and genetic data, as
well as data generated by additional omics technologies (Apweiler et al., 2018).
To what extents can a systems medicine approach improve the clinical landscape and,
possibly, analyze such complex data in an improved manner? First, we need to clarify
the term system itself; it essentially means that something refers to a set of inter- and
intra-related objects. Such objects or so-called features can be defined as closely connected,
patient-derived parameters (e.g., blood sample values, medications, genetic background,
transcriptomic profiles) in a medicine-related context. Therefore, a systems medicine
approach identifies parameters, objects, or features within a system or larger set of objects
and features that are most important, significant, or relevant for unveiling a given phenotype.
In addition to the growing amount of patient data, there is already ample preclinical data of
CVD available that have been obtained from in vitro cell studies or in vivo studies mainly
conducted in mice (Hausburg et al., 2017; Leopold et al., 2020). This vast amount of data,
commonly obtained from patients and corresponding pre-clinical studies, is too complex
and heterogeneous for human beings to comprehensively interpret without technological
support (Topol, 2019). In addition, it is impossible for a single clinician to keep track of the
broad spectrum of newly published data and discoveries to reliably recall and utilize that
information at all time (Dilsizian and Siegel, 2014). Therefore, the current translational
systems medicine approaches, including diverse algorithms, tools, and data resources, are
the focus of the advances in implementing automatized biomedical and healthcare analytics
in clinical settings and will play a significant role in clinical decision-making and the
implementation of data-driven medicine (Leopold et al., 2020; Shameer et al., 2017). Here,
data integration refers to analyzing and combining the different multilayered information
(e.g., genomics, transcriptomics, and proteomics) by means of functional networks, artificial
intelligence, and further systems medicine approaches. Taken together, these diverse data
types, which are derived from preclinical and clinical studies that have been generated
for CVD, must be integrated into and interpreted at the cellular and organismic levels
(Currie and Delles, 2018; Steinhoff et al., 2017a).
For this purpose, suitable approaches must be developed, integrated, and validated in order
to be able to accurately recapitulate the behavior of an individualized, patient-derived
system (Sutton et al., 2020). Each part within the approach also must be supported by
computational, mathematical, and statistical tools. Without low entrance barriers and
easy-to-use experimental protocols, the challenge of proper, transparent, and reproducible
data analyses will remain a bottleneck (Lott et al., 2017; Spjuth et al., 2016; Sutton et al.,
2020). With respect to the number of steps in the analysis, the complexity of decisions
3
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regarding tool selection has also increased; hence, there has been a call for a systematic
method to chain computational tools, which is commonly referred to as workflow or
pipeline development (Lampa et al., 2013). By facilitating workflows, this thesis also
contributes to their development, education, and application (Batut et al., 2018; Wolfien
et al., 2016, 2019; Section 2.1). Such reusable computational workflows can be seen as an
analogy of the strict laboratory protocols in biochemistry that ensure the transparency
and reproducibility of the experimental methods (Peng, 2011).
Bioinformatics and systems biology workflows are widely applied in research investigations
and have shown promising results in various research fields to facilitate the investigation
of biological phenomena (Akat et al., 2014; Yang et al., 2014). In this interdisciplinary
PhD project, this knowledge is transferred to systems medicine approaches, in which
workflows are utilized to address biological and medical questions, as well as to overcome
computational obstacles.

1.1.1 Medical perspective and the necessity of workflows in cardiac research

Why do we have to combine research areas within the field of CVD, i.e., cardiac
regeneration? A primer on heart physiology is provided to critically evaluate the complex
molecular and clinical phenotypes of these biological phenomena. Systems medicine
approaches are introduced to present the enhanced biological insights of routine
experimental and clinical work.

In agreement with the German CVD statistics and the “ Heart Disease and Stroke Statistics ”
published annually by the American Heart Association, CVDs cause more deaths each
year than all forms of cancer and chronic lower respiratory disease combined (Benjamin
et al., 2018). Among CVDs, coronary heart disease is the leading cause (43.8%), followed
by cardiac infarction (16.8%), heart failure (9.0%), high blood pressure (9.4%), and other
CVDs (17.9%). Heart failure represents the final common phenotype and results from
a diverse range of inherited and acquired cardiac insults; it affects around 26 million
individuals worldwide. Individuals with severe heart failure have a dismal prognosis
with a worse five-year adjusted mortality than many cancers. To date, allogeneic heart
transplantation remains the only available treatment option for patients with end-stage
heart failure who are symptomatic, despite optimal medical and device-related therapy
for cardiac resynchronization (Kobashigawa, 2017). In spite of advances in surgical
4
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techniques, perioperative management, and immunomodulation, a major limitation to
its wider application is donor organ scarcity: in Europe in 2017, only 548 donor organs
were successfully engrafted, while 1,141 patients are on the active Eurotransplant waiting
list, and only 861 are newly registered.2 Twenty percent of the patients died after three
years, before they could undergo heart transplantation. Even for those who received
transplants, positive, long-term outcomes are limited by complications (in association
with immunosuppression, including malignancy, infection, renal advisor dysfunction, and
allograft vasculopathy; Peyster et al., 2018).
In view of these limitations, highly innovative approaches are currently under exploration
with the ultimate goal of establishing a safe, durable cellular replacement and repair
to injured or diseased myocardium, in addition to in vitro disease modelling and drug
development applications (Jain and Bansal, 2015; Simkin and Seifert, 2018). A key
requirement of these regenerative approaches of the heart is to ensure a highly reliable,
robust generation of fully functional cardiomyocytes with physiological properties as close as
possible to their natural counterparts, as we have shown in recent publications (Hausburg
et al., 2017; Müller et al., 2020; Section 2.2). Current progress in understanding the
biology of stem cell pluripotency and endogenous repair mechanisms has fostered a deeper
understanding of its remarkable therapeutic potential for tissue repair or replacement
(Broughton et al., 2018). Such novel stem cell-based approaches are urgently required to
effectively treat the growing burden of disorders characterized by irreversibly damaged or
diseased tissue, resulting in the loss of organ or tissue function that is associated with a
rapidly ageing population (Hausburg et al., 2017). Furthermore, through the production
of induced pluripotent stem cells (iPSCs) from autologous cells (cells from an individual
that can be transferred back after a modification), regenerative strategies hold promise in
providing truly patient-specific therapies for structural and functional repair in cardiac
diseases (Broughton et al., 2018; Steinhoff et al., 2017a).Why, though, must numerous
experimental procedures, clinical data, and computational methods be combined to solve
this complex puzzle of putative comorbid disease and regeneration mechanisms arising
around the heart (Fig. 1.1; Section 2.3)?
To answer this question, we must first know what is particular about the heart that has led
it to persist as one of the most fascinating and fundamental human organs. In literature,
it justifies the source of poetry; in philosophy, it manifests the origin of the soul; and
in medicine, starting in early embryonic development, it is the engine of our lives. In
actuality, the heart can be considered as a vital muscular organ in higher vertebrates
2

https://www.eurotransplant.org/patients/

5

1.1 Motivation of this work

Figure 1.1: Increasing data and analysis heterogenity in clinical studies. To be
able to solve the complete picture of a disease, there has to be a combination
of numerous clinical datasets, computational analyses, and cross-species data
integration (Steinhoff et al., 2017a).
that pumps blood within vessels of the circulatory system through the body. The blood
provides the body with oxygen and nutrients and removes metabolic waste. In early
developmental stages, the heart develops from embryonic mesodermal precursor cells and
after specification, they differentiate into mesothelium, endothelium, and myocardium
(Moorman and Christoffels, 2003; Fig. 1.2a). The scheme illustrates that heart tube
formation depends on the cardiac transcription factors Gata4 and Nkx2.5 and, finally,
leads to a functional heart. The average heart rate for a human is about 72 beats per
minute. In contrast, a mouse heart beats up to 670 times per minute.
The myocardium itself consists of interlacing bundles of muscle cells, i.e., cardiomyocytes
(CM), which comprise the cardiac muscle. CM are presented in Fig. 1.2b 3 by showing a
confocal microscopy image with actinin (red), myosin (green), and nuclei (blue) staining.
The cells are striated with narrow dark and light bands due to the parallel arrangement of
actin and myosin filaments that extend from end to end of each myocyte. In comparison,
CM are narrower and much shorter than skeletal muscle cells; they are approximately 0.02
mm wide and 0.1 mm long (Andre et al., 2018).
3
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(a) Development of the heart.

(b) Confocal microscopy of cardiomyocytes.

Figure 1.2: Characteristics of cardiomyocytes. (a) Scheme of the evolutionary heart
development including necessary transcription factors Gata4, Nkx2.5 (Olson
and Srivastava, 1996). (b) Confocal microscopy of cardiomyocytes. Staining:
red - actin (Texas Red), green - myosin (GFP), and blue - nucleus (DAPI).

Cardiovascular diseases affect the heart rate
The highly complex phenotype of the mammalian heart, given its four chambers, requires
the generation of specific muscle and non-muscle cell types, including CM of the left
and right atria as well as the left and right ventricles, a conduction system, pacemaker,
vascular smooth muscles, and endo- and epicardial cells (Meilhac et al., 2014; Sahara et al.,
2015). Cardiovascular diseases include a broad range of disorders in addition to heart
and vessel dysfunction. Therefore, the accompanying problems have serious effects on
patients’ quality of life. These patients have to deal with limited physical capacity and
have a lifelong dependency on medication or technical aids. When untreated, CVDs often
lead to highly serious complications and end-stage heart failure.

In the following, two crucial transcription factors (TF) are considered to be those that
determine cardiovascular fate: the TF MesP1 (mesoderm posterior 1; Chiapparo et al.,
2016) and the surface molecule VEGFR2 (vascular growth factor receptor 2; He et al., 2016).
Further development is achieved from multipotent cardiac progenitor cells (Musunuru
et al., 2010) and can be divided into two main origins: i) the first (primary) heart field,
demarcating a Nkx2.5+ / Hcn4+ cell population, which forms the cardiac crescent (Später
et al., 2013), and ii) the second heart field, demarcating a Nkx2.5 + / Isl1+ cell population
derived from the pharyngeal mesoderm and lying medially and posteriorly to the primary
heart field (George et al., 2015). Moreover, the decisive role of the tertiary heart field during
7
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avian pacemaker development of the sino-atrial (SA) node has been reported (Bressan
et al., 2013).
The automaticity of the heart-beat is crucial for life: the regular contraction of the heart
and the resulting continuous blood flow throughout the body are induced by electrical
impulses, which highly specialized cells within the heart initiate and conduct. These cells
represent the so-called cardiac conduction system (Kennedy et al., 2016). The SA node is
the dominant pacemaker in the human heart and was originally described in 1907 as a
sub-epicardial structure located at the right atrium and superior vena cava (Silverman
and Hollman, 2007). In particular, the SA node integrates the activity of pacemaker
cells in a compact region of the right atrium with only a few thousand cells in humans
(Fig. 1.3; Boyett et al., 2000). Functionally, these cells depolarize and produce action
potentials almost synchronously, beginning within the SA node and spreading towards the
atrioventricular (AV) node and the Hisbundle. It has been estimated that only about 1%
of the cells in the SA node act as the leading pacemaker (Boyett et al., 2003). The SA cells
differ from the working myocardial cells in their content of ion channels and gap junction
proteins (Bartos et al., 2015). In particular, they are rich in hyperpolarization-activated
cyclic nucleotide-gated cation channel 4 (Hcn4) and t-type calcium channel (Cav3.1).
The main gap junction protein in the SA node is connexin45 (Cx45), which plays an
essential role in regulating cardiac conduction velocity (Davis et al., 1995). The voltage
clock (cyclic activation and deactivation of membrane ion channels, caused by the “ funny
current ” Hcn4) and the Ca2+ clock (rhythmic spontaneous sarcoplasmic reticulum Ca2+
release) function synergistically to generate SA-node automaticity (Joung et al., 2009).
The upstroke of the action potential (AP) results from Ca2+ -channels as opposed to
voltage-gated Na+ -channels, which are typical for working myocardial cells (Bartos et al.,
2015).
In this respect, it is assumed that the complexity of the human cardiovascular system
implies the occurrence of a diverse number of cell types and their intact physiological
interplay. Single-cell analyses of entire mammalian hearts from adult mice might serve
as the basis of a first insight into such a complex tissue (Wolfien et al., 2020a; Section
2.1.6). This in turn may lead to better explanations of previously identified causes and
the influencing parameters for the diseases of individual patients (Steinhoff et al., 2017b).
Obviously, the limited regenerative potential of the human heart reveals the decisive issue
of recovery, taking into account the extremely low turnover rate of 1% at the age of 25,
which decreases to 0.45% at the age of 75 (Traister et al., 2018). Accordingly, less than 50%
of human CM are replaced during an average lifespan of 75 years (Hausburg et al., 2017).
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Figure 1.3: Schematic illustration of heart-beat generation. The electrical impulse
is generated in the SA node, spreads towards the AV node, reaches the
ventricles via branches and, finally, leads to heart contraction (Martini et al.,
2020).
Interestingly, the percentage of CM situated in mitosis and cytokinesis is at its maximum
in infants, which suggests the significant regenerative potential of the heart in children and
adolescents (Mollova et al., 2013). Additional studies have shown that upon transition
from mononucleate to the mature binucleate state, CM lose their proliferative potential
during a short postnatal period (Foglia and Poss, 2016; Paradis et al., 2014). Thus, the
negligible regeneration potential of the myocardium causes an unfeasible functional repair
and deleterious remodeling of the affected tissue post-myocardial infarction. However,
resident cell populations, such as cardiac progenitor cells or preexisting CM, may offer
conceivable sources for myocardial repair after an injury (Bersell et al., 2009; Galow et al.,
2020).
Currently, many research groups worldwide aim for preventive methods, therapies, or
aftercare operations of cardiac arrhythmia with three primary different approaches:
Medication: Medications are helpful in selected cases but are not as effective as permanent
pacing (Tracy et al., 2012).
Artificial (electrical) pacemaker: Controlling symptomatic sick sinus syndrome (the inability
of the SA node to generate a heart rate that meets an individual’s physiological needs)
usually involves the implantation of an artificial pacemaker, a small, battery-operated
device that supports the electrical conduction of the heart, resulting in a regular rhythm
driven by stimulating electrical impulses (Dobrzynski et al., 2007). The pacemaker is
9
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implanted under the skin through a small incision and is connected directly to the heart
through wires that are implanted at the same time. The electric impulses are conducted
via leads to the heart and are timed to generate regular intervals, just like natural heart
impulses. While the electrical pacemaker can relieve symptoms, offer a better quality of
life, and improve survival in certain cases (John and Kumar, 2016), it also has some clear
disadvantages, such as the hazard of infections, limited battery lifespan, tearing leads, and
interference with electromagnetic devices.

Biological pacemakers: Another approach this thesis also investigates relies on the transplantation of in vitro-generated SA-like cells derived from pluripotent stem cells (PSCs)
(Kehat et al., 2002). In general, there are two principal strategies: the first is virus-based
gene transfer, which aims to convert the resident cells of the heart into cells with pacemaker
properties (Raghunathan et al., 2020). The second are cell-based strategies, in which in
vitro pre-processed cells are transplanted into the heart as pacemakers (Jung et al., 2014;
Rimmbach et al., 2015; Wolfien et al., 2016). Notably, when generated from patient-derived
iPSCs, such cells may become essential for personalized in vitro drug testing.

Systems medicine approaches in cardiac stem cell research
As the 2013 Nobel Prize laureate for Chemistry showed, modelling and simulation became
standard techniques in the life sciences to support research about biological, chemical,
and, more recently, medical investigations. The research field of systems biology and,
subsequently, systems medicine, consists of an iterative cycle of data-driven modelling,
resulting in model-driven experimentation (Wolkenhauer, 2014). A possible motivation
for researchers and clinicians could be enhancing their specific, deep molecular field of
view and transferring their data to the macroscopic area, i.e., to the aimed tissue level,
related phenotypes, and, ultimately, diseases. Nevertheless, the clinical impact of the
cardiac models is moderate, unless they achieve a high level of detail, as with the virtual
heart or the Cancer, Heart, and Soft Tissue Environment initiative (CHaSTE). However,
instructive examples of the early, successful integration of computational approaches to
answer biological questions include publications such as those of Dowell et al. (2014),
Gutschner et al. (2013), and, more recently, our own contributions (Steinhoff et al., 2017a,b;
Wolfien et al., 2019, 2020c; Yavari et al., 2017). These publications strongly support the
benefit and effectiveness of computational and experimental collaborative work by using
systems medicine approaches for network prediction and lncRNA analyses at the preclinical
and clinical scales.
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Although the field of systems medicine is a new, evolving extension of systems biology
with regards to interdisciplinary, broad research projects and collaborations, it has already
provided results that have an impact on clinical practice (Apweiler et al., 2018; Topol, 2019;
Wolkenhauer et al., 2013). Therefore, cardiac research should also draw on the benefits of
knowledge about the computational integration, analysis, and statistical interpretation
of multiscale data. Moreover, medical use cases or more complex, real-world clinical
designs can help computational scientists test and improve their existing approaches, which
could ultimately result in well-suited, interdisciplinary implementations for new diagnosis,
prognosis, and therapeutic methods (Section 2.3).

Due to advances in genomics, transcriptomics, and proteomics technologies, hereafter
referred to as “omics”, life science research now approaches a more detailed molecular level
at the single nucleotide resolution. On its own, each of these technologies has contributed
numerous advances in the field. However, each individual technology cannot capture the
full biological complexity across all the layers of most human diseases; therefore, further
integration of multiple levels with a combined approach is necessary to provide a more
comprehensive view of the underlying biological phenomenon (Karczewski and Snyder,
2018). The analysis of complex datasets from numerous different sources (such as omics)
is inevitable in the life sciences and will also become more important in the daily clinical
routine (Lott et al., 2017; Steinhoff et al., 2017a; Triantafyllidis and Tsanas, 2019).

Taken together, computational approaches are already established in many branches at
different omics scales and hold great promise for more extensive use if they are jointly
integrated. Building upon these ideas, this thesis mainly utilizes transcriptomics data
derived from RNA-sequencing (RNA-Seq) as well as microarray experiments, both of which
are not currently clinical routine measurements, but they may become inevitable in the
future.

Transcriptomics and the influences of miRNAs and lncRNAs
Transcriptomics refers to the study of expressed genes, the active part of the DNA, including
their structures, functionality, and all considerable subclasses of currently known RNA
classes. Such so-called RNA transcripts can be messenger RNA (mRNA), ribosomal RNA
(rRNA), transfer RNA (tRNA), and several non-coding RNAs that are either produced in
a single cell or a population of cells (Fig. 1.4). The following two non-coding RNA types
are especially emphasized according to their regulatory relevance.
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microRNAs (miRNAs): First discovered in 1993, these are small, non-coding RNA
molecules (containing about 22 nucleotides), and they can be found in plants, animals,
bacteria, and some viruses (Tjaden et al., 2006). Their main functions are RNA silencing
and the post-transcriptional regulation of gene expression (Sontheimer and Carthew, 2005),
meaning that they can regulate mRNA transcripts. miRNAs are normally transcribed by
the RNA polymerase II, which usually binds to a promoter site near the DNA sequence
and encodes what will become an 80 nucleotide RNA stem-loop. The resulting transcript
is capped with a specific nucleotide at the 5’ end and is polyadenylated with multiple
adenosines, forming a poly(A) tail. Therefore, these immature miRNAs are part of a
several hundred nucleotide-long miRNA precursor called primary miRNA (pri-miRNA)
(Cai et al., 2004). This poly(A) tail is one of the requirements for most of the standard
RNA-Seq procedures. In contrast to pri-miRNA, mature miRNA are based on their length
and missing poly(A) tail, which is less detectable with RNA-Seq approaches (Liu et al.,
2019). The measured influence of miRNAs is therefore only based on the approximation
that every pri-miRNA also becomes a mature miRNA due to post-processing within the
cell.

Figure 1.4: Illustration to show the complexity and versatile role of ncRNA
subtypes. Visualization of currently known ncRNA subtypes (Wolfien et al.,
2019).
long non-coding RNAs (lncRNAs): Large-scale sequencing efforts of cDNA in mammalian
cells have identified widespread mRNAs of long transcripts that appear to fall outside the
classes of housekeeping or short RNAs, such as miRNAs or ncRNAs (Carninci et al., 2005).
From these initial transcript maps, lncRNA species whose loci lie within and between
protein coding genes have been identified. While lncRNAs remain the most enigmatic
ncRNA species in terms of function, much effort is now focused on their functional
characterization and their molecular mechanisms in different cell types (Ilott and Ponting,
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2013; Wolfien et al., 2019). Beginning with a variety of screens and expression analyses, it
becomes increasingly evident that changes in the expression levels of many lncRNAs are
correlated with developmental processes and disease states, but the majority of lncRNAs
await further verification (Kung et al., 2013). The number of validated mammalian
representatives is very limited; only around 150 lncRNAs in mice and 200 in human are
currently annotated in the lncRNA-database (Amaral et al., 2011). Generally, lncRNAs
can be detected through NGS approaches and separated into lncRNAs with or without
poly(A) tails. It is assumed that more than 80 % of lncRNAs have poly(A) tails (Yang
et al., 2011).
To utilize the full potential of omics technologies, integrative methods that combine
data from multiple technologies have emerged as critical statistical and computational
approaches (Wolfien et al., 2019). The key challenge in developing such approaches is the
identification of effective yet representative mathematical models or combinations to provide
a comprehensive systems view that most accurately reflects the underlying biology. An
ideal approach can answer a biological or medical question, identify important features, and
predict outcomes by harnessing heterogeneous data across several dimensions of biological
variation (Zitnik et al., 2019). For this reason, this PhD research project uses and integrates
multiple computational approaches for the analyses of complex, heterogeneous data types
and these may serve as a blue print for later studies (Section 2.3.1).

1.1.2 Computational obstacles in workflow development and data integration

Analyzing sparse, incomplete, and heterogeneous data in a reproducible, transparent
manner is a highly demanding and challenging task. It is important to investigate whether
either a single workflow within a current data analysis framework (e.g., Galaxy) or the
combination of different data analysis workflows across computing platforms can provide a
proper, meaningful analysis of multidimensional preclinical and clinical data.

With the rapid growth of health-related data, including genomic, proteomic, imaging, and
further clinical meta information, the arduous task of data integration can be overwhelming
because of the complexity regarding the so-called 4 Vs of data: variety, veracity, velocity,
and volume (Frey, 2018). In comparison to single-omics interrogations, multi-omics
investigations provide an even higher level of complexity, but researchers can likewise gain
a greater understanding of the flow of information between the different regulatory layers;
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there are investigations from the original cause of the disease (genetic, environmental, or
developmental) to the functional consequences or relevant interactions possible (Civelek and
Lusis, 2014). Multi-omics studies, by their nature, rely on large numbers of comparisons,
tailored statistical analyses, and a considerable investment of time, skilled manpower, and
money (Hasin et al., 2017).
Why has data analysis complexity risen exponentially? For example, if we consider a single
data analysis step, it is clear that there are multitudes of combinations necessary to choose
the most suitable type of analysis algorithm, the actual tool to obtain proper results,
and optimized parameters to use (Fig. 1.5). Therefore, the time and manpower needed
in a multi-omics investigation for tool comparisons, benchmarks, and implementations
quickly increases by magnitudes. In addition to the thorough, transparent process of tool
selection and parameter optimization, the computational reproducibility of the results
must be guaranteed, which is the ability to exactly reproduce results given the same
data. In a previous survey, 90% of researchers acknowledged a “ reproducibility crisis ”
(Baker, 2016), meaning that numerous computational protocols used for research are not
readily reproducible because not all of the steps and parameters involved in the analysis
are scripted in a machine-readable format or are mentioned at all. Often, results can
be reproduced only with help from a study’s authors, which requires a substantial time
investment or is impossible (Beaulieu-Jones and Greene, 2017).

Figure 1.5: Path of a usual data analysis strategy for a single task. Starting
from a specific research question and dataset with numerous possibilties of
tool selections to obtain the final data output (Lott et al., 2017).
One approach to taming data size and diversity is data integration that collectively and
concurrently utilizes available datasets to create a joint model, which commonly uses a
mathematical concept (often depicted as a network) as a starting point to represent different
investigational layers (Gligorijević and Pržulj, 2015). Gligorijevic et al. (2015) have also
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described the increasing abundance of biological and medical data as one important
aspect of the increasing popularity of data integration approaches in the past decade,
and they have noted that understanding cellular process and molecular interactions by
integrating molecular networks is just one of the challenges ahead. Some examples of these
heterogeneous data types include next generation sequencing (NGS) data (O’Leary et al.,
2016); mutation data from The Cancer Genome Atlas (TCGA; Weinstein et al., 2013);
functional annotations through gene set enrichment analysis (GSEA); ontologies such as
the gene ontology (GO; Ashburner et al., 2000) and disease ontology (DO; Bello et al.,
2018); pathway data such as WikiPathways (Slenter et al., 2018) or BioCarta (Nishimura,
2001); as well as further databases for miRNA target prediction (e.g., miRanda) 4 or
protein-protein interaction databases (e.g., BioGrid). 5 These databases add additional
value to molecular networks, and they must be incorporated into any data integration
framework to increase the reliability of newly discovered scientific knowledge that cannot
be gained from any single dataset alone. However, it is important to be aware that many
databases are not manually curated and might introduce certain errors in the networks.
To fulfill this overarching goal of data integration, suitable approaches must overcome many
computational challenges, such as sparse or missing data with heterogeneous formats and
multiple dimensionalities that increase the complexity, noisiness, and mutual concordance
between the samples under investigation. In addition, a suitable solution strategy that is
supported by means of machine learning (ML) algorithms should be designed to address
complex tasks and data types (Triantafyllidis and Tsanas, 2019). Nevertheless, these
challenges are even greater when working with heterogeneous clinical patient data instead
of highly standardized preclinical studies or cell culture experiments because patients have
different ages, medications, comorbidities, and genetic backgrounds. Although more and
more community efforts and data-driven challenges (e.g., Dream and Kaggle challenges) for
the integration of multiple data types have been initiated, such vastly collaborative efforts
cannot be considered for every research study (Scharm et al., 2014; Waltemath et al., 2016;
A Modelers tale).6 This thesis seeks a balance of suitable and easily applicable approaches
that can be used for the small- and large-scale analysis of preclinical and clinical data.

4

https://omictools.com/miranda-tool
https://thebiogrid.org/
6
https://figshare.com/articles/A_Modeler_s_Tale/3423371
5
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1.2 Combining computational methods to integrate
heterogeneous data types

The underlying technical and algorithm-specific concepts are introduced and critically
evaluated in this subchapter to provide the reader a deeper understanding of the
importance and challenges of using these methods.

Accessing and retrieving high-quality datasets is the first great challenge to address in a
clinical and experimentally driven research field like the investigation of CVD (Steinhoff
et al., 2017a). An analysis of high-throughput data, together with patient phenotype
information, can only lead to the identification of robust sets of candidate genes, proteins,
and pathways if one uses controlled and manually curated high-quality data (Müller-Ruch
et al., 2020). Data quality at such an advanced level of investigation is key because,
without high-quality biological data, almost every subsequent computational analysis and
its hypothesis generation are obsolete (Uellendahl-Werth et al., 2020). In light of these
aspects, the data under investigation should be obtained under good practice (GxP; Del
Mazo-Barbara et al., 2016), but of course GxP can neither assure the usage of appropriate
or scientifically relevant methods nor guarantee the scientific significance of analyses
or examinations. However, in order to build a high-level association of the underlying
processes involved in the disease pathology, it is necessary to integrate various classes
of heterogeneous information and to explore the complex relationships between entities
such as the diseases themselves, candidate genes, proteins, interactions, and pathways
(Hausburg et al., 2017; Lysenko et al., 2016). This is referred to as a “ connective workflow ”
development in Section 2.1.4, in which the use and combination of multiple workflows for
data analysis is presented.

1.2.1 Sequencing data analysis for complex, molecular investigations

Today, the molecular characterization and identification of transcriptomic profiles can be
easily realized via RNA-Seq.

The rapid development of sequencing technologies made it possible for biomedical disciplines
to outrival the physical sciences in terms of data-generation capability. The combined
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output of today’s genomics studies has already surpassed the data acquisition rate of
entire scientific domains, such as astronomy, or internet platforms, such as YouTube
or Twitter (Stephens et al., 2015). This is reflected by the numerous applications (e.g.,
single-nucleotide polymorphisms, single-cell analysis, epigenetic modifications, copy number
variants, differential expression, and alternative splicing) in research and diagnostics, paired
with a high-quality control at the single-base level that is also the principal motivation for
an intensified use of NGS in recent years (Bahassi and Stambrook, 2014).
First, why should one consider NGS technology to acquire deeper molecular insights? In
comparison to other high-throughput methods such as microarray, NGS technologies enable
genome-wide investigations of various phenomena for new, highly sensitive investigations
of either genomic or transcriptomic regions to explore the current status of a single cell
or tissue. The technical advances of NGS methods reveal a revolutionary tool for deeper
insights into transcriptomic analyses (Wang et al., 2009).
In particular, these developments include computational improvements in transcription
start site mapping, strand-specific measurements, gene fusion detection, small RNA
characterization, and the detection of alternative splicing events (Bloom et al., 2009;
Sultan et al., 2008). One major application with an enhanced effectiveness over previous
technologies is the RNA-Seq technology (Cloonan et al., 2009). RNA-Seq uses NGS
devices to sequence, map, and quantify a population of transcripts (Mortazavi et al., 2008).
The range of RNA-related sequencing experiments and subsequent data analyses has
steadily increased, and researchers thus must weigh and decide on specific technologies and
combinations of experiments, which can easily become more and more complex (Adiconis
et al., 2013; Kukurba and Montgomery, 2015; Podnar et al., 2014; Wolfien et al., 2019).
Several laboratories have provided evidence that sequencing library preparation and RNASeq datasets themselves are technically easily reproducible, while offering a broad, dynamic
detection range, which makes this platform more reliable in the detection of transcripts with
low abundance (Ozsolak et al., 2009; Uellendahl-Werth et al., 2020). Ongoing developments
promise even further advances in the application of RNA-Seq towards approaches that
allow RNA quantification from very small amounts of cellular materials on a single-cell
level (Chaudhry et al., 2019; Galow et al., 2020; Schaum et al., 2018; Wolfien et al.,
2020a,b). Nevertheless, there are many different NGS approaches, and each has advantages
and disadvantages (Liu et al., 2012a). In this thesis, the different Illumina Genome
Analyzers were used and, for further explanation, briefly compared with other sequencing
platforms (Tab. 1.1). The Illumina sequencer achieves parallelization by the so-called
bridge amplification of DNA fragments method. These fragments are immobilized onto
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the flow cell of the instrument at a concentration that promotes a dense array of nonoverlapping fragment colonies. Each fragment colony is then sequenced according to a
single base at a time by the cyclical addition of fluorescent-labeled nucleotides that are
conjugated with a reversible terminator (Bentley et al., 2008). Our example experimental
and computational workflow, starting from sample preparation to data analysis, is shown
in Fig. 1.6 and may serve as a starting point for RNA-related analyses to characterize
novel RNAs, especially for newly identified ones in clinics (see also Section 2.1.4).
Another important aspect to consider is that a bulk RNA-Seq experiment (sequencing
from heterogeneous cell type mixtures, e.g., tissues) can only reflect the current state of the
mRNA and may not necessarily give specific hints of a joint mRNA-miRNA regulation in
future states. A set of experiments would be needed to acquire a more robust time-resolute
analysis. However, on the single-cell RNA-Seq level, novel approaches, such as the RNA
velocity analysis, could at least partially overcome this need for multiple time points
(La Manno et al., 2018). Here, the ratio between spliced and unspliced RNA is used to
calculate the direction and speed for each cell in an approximated future time step (4h to
6h, depending on the cell type investigated). In the underlying thesis, this analysis was
also applied and evaluated on single-cell data for an entire murine heart (Section 2.1.6).
Platform
SOLiD 5500xl
Illumina HiSeq2500
Illumina X-ten
PacBio RSII
Oxford Nanopore

Method

Read length (bp)

Throughput

Reads

Runtime

Seq. by ligation
Seq. by synthesis
Seq. by synthesis
Single molecule
Single molecule

2 x 60
2 x 125
2 x 150
15 K
200 K

95 GB
1 TB
1.8 TB
1 GB
1.5 GB

800 M
4B
6B
55 K
> 100 K

6d
6d
<3d
4h
Up to 48 h

Table 1.1: Comparison of different NGS technologies. Abbreviations are: base
pairs (bp), sequencing (Seq.), gigabyte (GB), terabyte (TB), thousand (K),
million (M), billion (B), hours (h), days (d; Lu and Zhan, 2018; Quail et al.,
2012).

There is an extensive list of examples of NGS success stories (e.g., The Cancer Genome
Atlas, 100.000 Genomes Project, Genome10k, Tabula muris consortium), but there are still
bottlenecks with this emerging technology: transparent and properly reproducible data
analysis strategies (Lott et al., 2017). With respect to the number of data analysis steps,
the complexity of decisions regarding tool selection has also increased, thus the call for a
systematic workflow development and management frameworks (Lampa et al., 2013).
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experiment
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that effect the RNA
level
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gene-fusion
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into cDNA
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Use different statistics
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Identify novel transcripts

Figure 1.6: Integrated experimental, computational workflow with specific
checkboxes for RNA-Seq analysis steps. On the left hand side a common process from RNA extraction to genome alignment, quantification, and
DE detection can be seen. The right hand side shows experimental as well
as computational hints depicted as checkboxes (Wolfien et al., 2019).
However, the gap of fully standardized and automated methodologies has steadily decreased
for the analysis and interpretation of RNA-Seq data (Afgan et al., 2018). In general, before
analyzing an RNA-Seq dataset, it has to be taken into consideration that the variety
of experimental RNA-Seq protocols, study designs, and the characteristic properties of
the organisms under investigation greatly affect downstream and comparative analyses
(Conesa et al., 2016). Today, there are broadly accepted conventions about best-practices
in RNA-Seq data analysis (e.g., frequently cited tools for data analyses), which is why this
thesis also critically compares and evaluates state-of-the-art bioinformatics approaches
based on the fact that such computationally intense data processing should be easily
accessible as well as modular for an easier exchange of specific tools. Another interesting
aspect investigated here is whether such analysis can be conducted on a personal computer
with few computational resources (e.g., a limited amount of CPU and RAM) or only at
an advanced computing node or servers. For this reason, a workflow is presented that
integrates the best-performing data analysis, data evaluation, and annotation methods in
a Transparent, Reproducible, and Automated PipeLINE (TRAPLINE) for RNA-Seq
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data processing (suitable for Illumina, SOLiD, and Solexa sequencing platforms; Wolfien
et al., 2016). This workflow uses a structured pre-selection, classification, and integration
of well-suited tools within modularized data analysis approaches that are embedded in
ready-to-use computing infrastructures, while using different experimental data as use
cases and for validation (Section 2.1.1).
Introduction of the most common workflow management frameworks
de.NBI and ELIXIR are initiatives that support the expansion and further development of
accessible workflow frameworks.
Galaxy (Afgan et al., 2016, 2018) and the Galaxy-RNA-Workbench (Fallmann et al.,
2019; Grüning et al., 2017): The Galaxy project is a framework that makes advanced
computational tools accessible without the need for extensive prior training. Galaxy
seeks to make data-intensive research more transparent and reproducible by providing
a web-based environment in which users can perform computational analyses and have
all of the details automatically tracked for later inspection, publication, or reuse. It is
applicable for non-computational users on a public server and contains explanatory features
for interactive Galaxy tours for beginners and the Galaxy “ Tool Shed ”, which contains
more than 3,500 tools, for advanced users. Galaxy is free to use (open source) and includes
a broad community with over 125 public servers available for various tasks, as well as
pre-built Docker/rkt images for local use and a constantly maintained international training
network (Batut et al., 2018). New tools need to be .xml wrapped to be integrated.
KNIME (de la Garza et al., 2016): The Konstanz Information Miner (KNIME) is a modular
environment that enables the visual assembly and interactive execution of data pipelines.
It is designed as a teaching, research, and collaboration platform and enables the simple
integration of new algorithms and tools, as well as data manipulation or visualization
methods as new modules or nodes. KINME contains a grid and user support environment;
however, the execution of workflows on high-performance clusters is only available with
the commercial version. The workflows are interoperable and can be represented as Petri
nets, which enables a hierarchy of workflows, e.g., meta nodes can wrap a sub-workflow
into an encapsulated new workflow. The framework also enables “ HiLiting” (selecting and
highlighting several rows in a data table, and the same rows are also highlighted in all
other views that show the same data table).
Chipster (Gentleman et al., 2004): Chipster is a user-friendly analysis software for highthroughput data, and it currently contains more than 450 tools. Its intuitive graphic user
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interface enables researchers to access a powerful collection of data analysis and integration
tools to visualize data interactively. Users can collaborate by sharing analysis sessions and
workflows. A desktop application user interface based on Java is also available. Chipster
has strong support and easily integrates R-based tools (e.g., from BioConductor). Another
advantage is the freely available and open source client-server system and its numerous
visualizations (interactive and static).
Snakemake (Koster and Rahmann, 2012): Snakemake is a workflow engine that provides a
readable, Python-based workflow definition language and a powerful execution environment
that scales from single-core workstations to multi-node compute clusters without modifying
the workflow. Snakemake is based on a readable Python workflow definition language
and allows efficient resource usage, but it is only available on Linux. A computationally
advanced command-line based framework interoperates with any installed tool or available
web service, and jobs can be visualized as directed acyclic graphs.
In addition to the computational frameworks presented, Poplawski et al. (2015) and
Lachmann et al. (2020) have completed a systematic search and evaluation of further
workflow management frameworks with a focus on RNA-Seq data analysis. As this thesis
is the work of an associated partner of the RNA Bioinformatics Center (RBC) in Freiburg,
it uses the Galaxy framework for workflow development, because its main European server
is hosted and developed at the University of Freiburg.
Technical illustration of cloud computing frameworks
After choosing, implementing, and setting up the data analysis workflow within an
appropriate software framework, a reasonable computing environment must be selected.
In general, computing environments can be web-based (free of charge community cloud
computing), offline, and hybrid solutions (e.g., private and commercial cloud computing).
According to the National Institute of Standards and Technology, cloud computing is defined
“as a model for enabling ubiquitous, convenient, on-demand network access to a shared
pool of configurable computing resources (e.g., networks, servers, storage, applications, and
services) that can be rapidly provisioned and released with minimal management effort or
service provider interaction”. Due to the rapidly increasing amount of computational data
being created, large consortia, namely public-private partnerships, have been established
to share objectives, resources, costs, risks, and responsibilities between academia and
industrial partners (e.g., International Cancer Genome Consortium, 100,000 Genomes
Project: Granados Moreno et al., 2017). The most frequently used commercial cloud
services are Google’s and Amazon’s Web Services private cloud-computing infrastructures.
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Due to concerns about data safety, security, and privacy, cloud computing has a low
adoption rate within the healthcare system (Griebel et al., 2015). An emerging solution to
deploy computational workflows, including all the necessary tools and dependencies, is
software channels and containers such as Bioconda, Docker, rkt, or NextFlow (Ranganathan
et al., 2019). These “software containers” have emerged as a possible solution for many of
the concerns mentioned above, as they allow the packaging of software and workflows in
an isolated, self-contained system, which simplifies the distribution and execution of tools
in a portable manner across a wide range of computational platforms, such as Galaxy and
KNIME (Di Tommaso et al., 2015). The technology combines several areas from systems
research, especially operating system virtualization, cross-platform portability, modular
reusable elements, versioning, and a “ DevOps” philosophy (Boettiger, 2015). Wolfien et
al. (2016), Schulz et al. (2016), Gruening et al. (2017), and Fallmann et al. (2019) have
demonstrated the successful implementations of a Galaxy/Docker based workflow with
discrete software applications for the analysis of NGS data.
Setting up a Galaxy instance and TRAPLINE
The RNA workbench is an example of a Galaxy instance. It contains a collection of
more than 50 RNA-centric data analysis tools.7 The second example of a utilized Docker
container refers to the aforementioned TRAPLINE workflow. The tools used are conserved
in this running environment and can be used to apply the workflow. It should be noted that
the tool versions used in the TRAPLINE container are not the current ones; rather, they
refer to the versions of the published manuscript. The tools of the RNA workbench are
continously updated. Both data analysis suites can be installed under OSX and Windows
using the graphical tool Kitematic8 , with the following command on Unix systems or
directly at the Docker console (grey box).
These Galaxy Docker containers are “read-only”, which means that all changes, processes,
and computed results from a session are lost after restart. This mode is useful to present
Galaxy to colleagues or to run workshops with it. However, it can also be configured as a
running compute server using external folders for storage as well as compute clusters or
cloud environments for processing. Due to the modular system, it is also possible to install
all or only a few tools of the RNA workbench or more advanced tools from the “ Tool Shed ”
on available Galaxy servers. When using the RNA workbench Docker container, the user
has full administration rights, which enables an independent customization of tools as well
as potential additional users, including their restrictions. In this thesis, Docker containers
7
8

https://galaxyproject.org/use/rna-workbench/
https://kitematic.com
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are utilized to share workflows, training material, and complete processing frameworks to
enable users to analyze their RNA-Seq datasets on their own desired system.

The following entries show examples of a docker command that can be used on an UNIX or
Docker console to run (or first download) a Docker container utilizing a fully-fledged Galaxy
instance of the RNA workbench (3.4k downloads, last accessed December 14, 2020) or the
publication version of TRAPLINE (1.1k downloads, last accessed December 14, 2020) for
RNA-Seq data analysis:
docker run -d -p 8080:80 bgruening/galaxy-rna-workbench
docker run -d -p 8080:80 mwolfien/trapline

The expression docker run starts the container. The argument -d will start the docker
container in Daemon mode, which is a type of long-running program. The argument -p
8080:80 opens the port 80 (inside of the container) towards the port 8080 on your local host.
To bind both of the ports together an Apache web server is running inside the container to
cast the output to this local port on your host computer. With this options you can access
your Galaxy instance via http://localhost:8080 after executing one of the commands above.
The Galaxy Admin User has the username admin@galaxy.org and the password admin.

Galaxy as well as the RNA workbench are designed as community projects and, thus,
new users can easily contribute to both platforms with workflows, new tools, and training
material keeping the frameworks up-to-date and valuable for research. Based on the basic
Galaxy infrastrcture all components and addons such as tools, workflows, visualizations,
interactive tours, atoms, and training material can be easily integrated into any other
of the more than 150 available Galaxy instances for teaching, learning, or exploratory
purposes.

1.2.2 Network approaches to explaining the alteration of gene patterns

After quantifying the gene expression of samples, network approaches are another central
concept in systems medicine because they combine existing knowledge about classical linear
pathways, ontologies, and disease phenotypes with in vitro and in vivo experimental data
of various organisms to enhance the overall utility of the available data. In particular, a
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list of differentially expressed transcripts needs to be further evaluated, and the underlying
biological meaning of the transcripts has to be characterized and enriched.

Biological networks can span many levels, such as genes, transcripts, proteins, metabolites,
organelles, cells, organs, organisms or even social and ecosystems (Steinhoff et al., 2017a). A
biological network (or graph) essentially consists of nodes (or vertices) and edges (or links);
nodes usually represent discrete biological entities at molecular (e.g., genes, transcripts,
proteins, metabolites, drugs) or phenotypic (e.g., diseases, ontologies, pathways) levels,
whereas edges represent physical, functional, or chemical relationships between pairs of
entities (Vidal et al., 2011). In general, they appear to exhibit architecture described
mathematically as “scale free,” in which most nodes have some links but a small fraction
of nodes, the so-called “hubs,” which are highly interconnected (Lusis and Weiss, 2010). In
recent decades, networks have been extensively used as a mathematical framework/tool for
computational modeling and analyzing omics data (Aittokallio and Schwikowski, 2006); for
this reason, this thesis also utilizes different network analysis approaches for downstream
processing (Section 2.2).
In general, functional network analyses can include studies about gene interaction (Kikkawa,
2018; Liu et al., 2012b), gene co-expression (Saha et al., 2017), protein-protein interaction
(PPI; Hakes et al., 2008), and metabolic interaction (Scharm et al., 2020) that have already
revealed valuable biological insights into different aspects within the cell machinery or
organism. However, the comprehensive understanding of a biological system can only be
achieved by a common, multi-purpose, and integrative analysis from all these network types;
developing such an integrated network representation that can capture all associations by
including all molecular details remains one of the major challenges in functional network
integration (Luo et al., 2017). Throughout this dissertation, network approaches are
utilized to enhance RNA-Seq expression data with further databases for an investigation
of the topological structure of over-represented transcripts as well as GSEA performed
via Enrichr (Chen et al., 2013) or ClueGO (Bindea et al., 2009; Section 2.2.1 and Section
2.2.2).
Gene co-expression analyses
The alteration of gene co-expression patterns in biological samples is described for numerous
conditions (e.g., diseases, treatments) and has been proposed as one mechanism for
rewiring and extending transcription regulatory networks (Farahbod and Pavlidis, 2019).
In particular, if they do not share common primary or significantly differentially expressed
transcripts, it can be assumed that such co-expression analysis approaches are poised
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to become unavoidable in interpreting gene networks (Menche et al., 2015). Gene coexpression network-based approaches, such as Weighted Gene Co-expression Network
Analysis (WGCNA) are one of the most powerful and widely used co-expression analysis
approaches. These are commonly used in analyzing microarray and RNA-Seq data,
especially for identifying functional modules and hub-like genes (Langfelder and Horvath,
2008). WGCNA or newer implementations, such as Cemitools (Russo et al., 2018), are
a so-called guilt-by-association (GBA) approach for constructing co-expression networks
that are subsequently used for cluster (module) identification of highly correlated genes
(Langfelder and Horvath, 2008). However, there may be major topological differences
between RNA-Seq and microarray co-expression in the form of low overlaps between hublike genes from each network due to changes in the correlation of expression noise within
different technologies (Ballouz et al., 2015). This is why it has thus far not been possible to
integrate both gene expression technologies with this method, unless some investigations
show comparability and transferability between RNA-Seq and microarray data (Wolff
et al., 2018). In contrast to protein-protein interactions, transcriptional co-expression is
neither a discrete property of a pair of genes nor an actual physical interaction, and it
does not give links to clean regulatory relationships (Farahbod and Pavlidis, 2019). The
co-expression between transcripts is only derived from the correlation matrix of an entire
data set, which means that closely co-expressed pairs of transcripts have a higher likelihood
of being part of a larger pattern (here, part of a certain cluster or module) within sets
of expressed transcripts. These issues take into consideration that the ability to extract
specific (i.e., biochemical or physical) interactions from differential co-expression is limited;
nevertheless, this limitation does not necessarily detract from the potential utility of the
tissue- or other context-specific data to improve the relevance of functional predictions
from co-expression studies (Farahbod and Pavlidis, 2019).
In summary, WGCNA is a popular method for the identification of co-expressed transcripts
in which experimentally obtained gene expression levels are used to predict common
clusters that most likely share a common biological function. In Section 2.2.3, the
applicability and power of interpretation for such transcriptional co-expression studies
are investigated via preclinical datasets. WGCNA was used to construct a co-expression
network around the induced sinoatrial bodies (iSABs) to investigate potential hub-genes
for cardiac pacemaking.
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1.2.3 Machine learning and meta-analysis models to assess cardiac outcomes

In terms of identifying meaningful information from large amounts of data, machine
learning (ML) has evolved into one of the most widespread and dominant approaches in
the life sciences. Machine learning approaches gain experience through an applied learning
procedure from several types of input data using mathematical assumptions. Dimensional
reduction, the classification of data into distinct groups, and feature selection are several
common scenarios of ML approaches that are now used on a daily basis.

The third class of computational approaches utilized in this thesis is statistical models
for meta-analyses and ML concepts. Here, the aim is to use and apply these approaches
to larger, heterogeneous datasets instead of data from in vitro experiments or in-bred
mice only. It is also an additional showcase of connective workflows for patient outcome
prediction.
Why are ML approaches necessary in the clinic? Optimal patient care in clinical routine
settings requires a rapid, fact-based decision-making process to retrieve a suitable diagnosis
in consideration of the available treatment options. This has been true for centuries;
however, the amount of patient data available that can be quickly generated has changed
in recent years due to ongoing hospital digitalization and advanced technological breakthroughs, such as improved imaging devices, in-depth blood analysis techniques, and more
efficient data analysis approaches. These in silico methods under the overarching umbrella
of Artificial Intelligence (AI) in particular hold great potential for an improved, accurate
medical field (Topol, 2019). In this thesis, AI algorithms were applied on a clinical Phase
III trial study because in this trial, common linear statistical methods showed only a
limited prediction outcome for the therapy response stratification (Steinhoff et al., 2017b;
Section 2.3.3).
In agreement with the observations in this thesis, a recent analysis has shown that real-life
digital health interventions (e.g., clinical decision support systems, web-based strategies,
mobile apps, or disease monitoring) that incorporate ML are highly useful and effective
(Triantafyllidis and Tsanas, 2019). These independent ML algorithms can be seen as
an extension of previously established statistical approaches to disease risk assessment,
such as the recommendations by the American Heart Association/American College of
Cardiology (ACC/AHA) that can predict the prognostic risk of CVD based solely on
common risk factors such as cholesterol, age, smoking, and diabetes (Benjamin et al.,
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2018). Nonetheless, many patients are not identified by these classical linear prediction
models, and some patients are unnecessarily treated (Kwon et al., 2018; Weng et al., 2017).
These models may thus oversimplify complex, high-dimensional datasets by using too
few parameters, or they may not consider non-linear interactions among the parameters
measured. With the rise of highly efficient ML algorithms, alternative approaches beyond
classical linear prediction models have been developed, and they have the potential to use
more complex, so-called “Big Data” for a better prognosis and diagnosis (Obermeyer and
Emanuel, 2016).
A primer on AI approaches
In the last decade, we have obsered rapid progress in the development of AI, which is
defined as a computational entity’s independent learning based only on available given
information of any kind. Today, the vast amount of information obtained from patients
or pre-clinical studies is too complex and heterogeneous for humans to comprehensively
interpret without any technological support (Dilsizian and Siegel, 2014). With the dawn
of AI, including the concepts of ML and deep learning (DL), the supportive analysis of
high-dimensional patient-specific information enables clinicians to improve their diagnostic,
prognostic, and therapeutic decisions.
In particular, an AI algorithm relies on a computer system to learn the provided input data
by minimizing the error between predicted and observed outcomes to ultimately unravel
the most important and often non-linear interactions between measurements (Dreiseitl
and Ohno-Machado, 2002). Such approaches can, for example, significantly improve the
accuracy of CVD risk prediction and increase the number of patients identified that could
benefit from a preventive treatment or avoid unnecessary treatments (Steinhoff et al.,
2017b; Weng et al., 2017).
Numerous AI architectures have been developed and are used to classify, impute, predict,
and cluster datasets based on so-called features. Such features include relevant patientspecific information, such as medical traits or clinical measurements including blood
test parameters, MRI images, or smart watch sensory data; these measuremetns allow a
multi-parametric assessment of diseases (Cal-Gonzalez et al., 2018). The main difference
between ML and DL approaches is the selection of important features for decisions.
In ML, this process is manually performed by a domain expert or specialized feature
selection algorithms. A major benefit of classical ML is an improved understanding of
the importance of each individual feature in itself because a domain expert manually
pre-selected it. However, feature extraction is not trivial and can be highly biased based on
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the curator; therefore, the advantage of DL is the absence of manual feature selection. The
result often leads to robust models with less bias based on prior knowledge (Wang et al.,
2019). In addition, DL explainability algorithms have become more prominent in research
to close this gap (Holzinger et al., 2019). In contrast to ML, DL algorithms are based on
non-linear, multi-layered networks for automatic feature extraction and classification (Shah
et al., 2019). Briefly, a DL algorithm consists of internal nodes that represent learned
features that are automatically utilized and weighted due to their importance for a certain
decision. In this thesis, only classical ML approaches such as Random Forest, Naïve Bayes,
or Boosting have been utilized because the “Good clinical practice” (GCP) controlled
clinical trial data was already highly curated, and the explainability of the results was
essential at all times during the analysis.
The technical implementation of an AI algorithm that utilizes features for a prediction is
called a model. The underlying mathematical concepts of such a model seek combinations
of linear and non-linear decision boundaries or patterns in a given set of information to
try to separate individual data points, such as patients or diseases. For example, if a
data point represents a patient, the corresponding features are the clinically measured
data, and the classification label can refer to the stage of a specific disease, diagnosis, or
treatment option. In addition to classification scenarios of patients into disease and healthy
states, ML can be used to uncover features that are important for the choice between
these states that can subsequently be used to further explain the underlying biological
phenomenon, which is called “feature selection.” In contrast to supervised ML, where the
ground-truth of the labels is known, unsupervised ML models need no specific ground-truth
to train the actual model. Therefore, these statistical learning analyses assume that there
are naturally occurring subclasses within data (e.g., patient cohorts, disease subtypes)
that behave differently across a number of populations and across varying scenarios (e.g.,
varying treatments, ethnologies, environments). Thus, an ML study usually emphasizes
finding an intrinsic structure within patient phenotypic data, which can then be evaluated
retrospectively and prospectively to predict treatment outcomes and guide clinical trial
design (Harrer et al., 2019). By applying non-linear approaches, such as t-distributed
stochastic neighbor embedding (t-SNE; van der Maaten and Hinton, 2008) or Uniform
Manifold Approximation and Projection (UMAP; McInnes et al., 2018) for dimensional
reduction, distinct groups can be discovered and independently used to justify a specific
hypothesis (Steinhoff et al., 2017b). Unsupervised ML has become an invaluable asset to
test and evaluate novel classification hypotheses of a disease or clinical syndrome, and it
should be a mandatory analysis for a robust, independent validation strategy. Nevertheless,
currently, ML drives little in health care (Rajkomar et al., 2019), which is why this
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dissertation fosters state-of-the-art applications for a transfer from proof-of-concept models
towards bedside applications in cardiology (Section 2.3).

The pitfalls of AI in medicine
Despite the promise of AI, there are several challenges that complicate it successful
application in studies in clinical routine scenarios. The common denominator in most
AI applications is high-quality data, which is commonly known as the “ garbage-in and
garbage-out ” principle (Steinhoff et al., 2017a). It is therefore important to generate data
according to standardized guidelines and understand its origin, especially when the data is
generated from multiple study sites. The points raised below address the most common
pitfalls.
Not yet standardized data management procedures : GCP and “Good laboratory practice”
(GLP) guidelines define how standardized clinical processes and high-level medical research
should be conducted to achieve high-quality, trustworthy, and reusable data (Müller-Ruch
et al., 2020; Steinhoff et al., 2017a; Verma, 2013). Nevertheless, it is difficult to determine
how and what extent research groups follow such guidelines. This phenomenon also
applies to many AI-related medical studies because it is either challenging or impossible
for other research groups to repeat those studies with their own datasets. This aspect
clearly generates the need for an environment that allows the management and sharing of
de-identified generated heterogeneous datasets and computational models in the context
of the actual experiments. A framework for publishing findable, accessible, interoperable,
and reusable (FAIR) data, operating procedures, and models for the medical community
has to be widely established and fully enable researchers and doctors to organize, share,
and publish data, models, and protocols for the enhanced reproducibility and reusability of
research results (Wolstencroft et al., 2017). Current data management guidelines applied in
this thesis involve sample acquisition from informed study patients who gave their written
consent according to the Declaration of Helsinki (approval by the Ethical committee,
Rostock University Medical Center 2009; No. HV-2009-0012). Analyses and examinations
were performed before the unblinding of the PERFECT trial9 and under careful adherence
to the protection of data privacy (pseudonyms). Preclinical data of murine experiments
were stored in the publicly available Sequence Read Archive (SRA; Accession Number
SRS1064711)10 and Arrayexpress (Accession Number E-MTAB-8751, E-MTAB-8848).11
9

https://clinicaltrials.gov/ct2/show/NCT00950274
https://www.ncbi.nlm.nih.gov/sra
11
https://www.ebi.ac.uk/arrayexpress/
10
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Processed and published data is also accessible through the FairdomHub project website
of the iRhythmics project.12
Data access and generation: Novel AI models require large, independent amounts of
retrospective data for validation and evaluation, possibly generated under the same
comparable conditions. Nevertheless, old in-house data might have been acquired with
suboptimal or different instruments, protocols, or employees, or it may have been only
partially archived without raw formats (Papp et al., 2018). Even though recent hospital
digitalization endeavors are highly welcome given their promise of increased patient care, on
their own, they cannot be considered a remedy for AI applications. Without appropriate,
applicable standardization processes, the veracity of digitized “ Big Data” may still degrade
predictive AI performance (Papp et al., 2018).
Limited amount of available multi-centric data : Multi-centric data are generally difficult
to access due to restrictive hospital policies, and data generation itself is often not under
comparable conditions even if the same protocols and devices are used. Why is this the
case? First, there is a certain element of reluctancy in data generation, i.e., the time
and duration of sample taking or the speed of sample processing until freezing. Second,
local hospital rules, bureaucracy, and sharing processes may appear overcomplicated
and time-consuming, which may delay successful research that builds on multi-centric
collaborations (Papp et al., 2018). Finally, even if the willingness to share is present and
the data undergoes local anonymization processes, some data subsets (e.g., sequencing or
imaging data) may still reveal certain characteristics of individuals and therefore might not
be able to be used in the final analysis. All these factors together appear to challenge the
establishment of a comprehensive, multi-centric dataset, which could increase AI-related
research (Cal-Gonzalez et al., 2018). The lack of multi-centric data is generally considered
one of the major reasons that few AI solutions have thus far been integrated into clinical
routine practice (Topol, 2019).
Evaluation and validation of AI models : There is a certain element of bias in the selection
of AI methods, which is typically driven by prior expertise and familiarity with AI tools or
the popularity of certain AI methods that might not be optimal for a given study. The
“no free lunch theorem” states that there is no superior AI approach in general; rather,
the ideal AI approach is data- and application-specific (Adam et al., 2019). This suggests
that one should test multiple AI models (e.g., Random Forest, Naïve Bayes, Boosting)
over the available data to understand the underlying characteristics and the method’s
12

https://fairdomhub.org/projects/28
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applicability. AI frameworks that have been used in such a comparative strategy include
computational packages such as caret13 or mlbench14 for the R programming language,
or the Python-based scikit-learn package.15 Furthermore, different performance metrics
such as the “area under the curve” (AUC), “receiver operating characteristics ” (ROC), and
the F2-score have been applied. However, these metrics can also make established model
performances difficult to compare among numerous research groups because different AI
tools tend to utilize different metrics for the training process (Mohseni et al., 2018). The
lack of proper cross-validation in single-center studies is one of the major concerns of
AI-driven predictive models (Papp et al., 2018). In the underlying work for this study, all
ML models were 10-fold cross-validated. Finally, predictive models’ lack of interpretability
is a general concern for clinicians because an understanding of how actual predictive models
operate and predict decisions must always be possible (Rudin, 2019). Validation with an
independent yet similarly generated dataset should be considered the gold standard (Chen
et al., 2020).
Diagnostic support for clinical decision making
Taken together, the key to accurate AI models is high-quality clinical data generated under
GxP, and, if possible stored in a standardized format (e.g., Fast Healthcare Interoperability
Resources [FHIR] format) and digitally available as so-called electronic health record
(EHR) data. It has already been shown that AI models that combine different sources of
data, such as images, patient records, and clinical parameters, perform better than models
working on only a single dataset (Haas et al., 2017; Mirza et al., 2019). Such an approach
for medically relevant AI models based on multiple data types is widely known as a clinical
decision support system (CDSS). A CDSS leverages EHR data to assist clinicians in basic
actions, including alerting, reminding, rejecting orders, interpreting, predicting, diagnosing,
assisting, and suggesting (Beeler et al., 2014). According to Beeler et al., CDSS software
incorporates the generic steps of input, processing, and output: (i) health professionals
involved in healthcare enter the patient-specific data, (ii) it is processed and linked to
knowledge stored in a database, and (iii) notifications are communicated back to the
clinicians. Although several CDSS approaches have already been successfully applied, they
may also introduce errors in some cases (Beeler et al., 2014). This occurs, for example,
due to a high number of alerts and relatively small sample sizes because CDSSs are no yet
fully established in all medical fields or even incorporated into the current clinical routine,
which may change in the future (Semenov et al., 2019; Vinks et al., 2020).
13

http://topepo.github.io/caret/index.html
https://cran.r-project.org/web/packages/mlbench/mlbench.pdf
15
https://scikit-learn.org/stable/
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Meta-analyses as the gold standard of measuring primary clinical values
In contrast to high-dimensional multivariate ML models, there have also been univariate
mathematical models in the form of meta regression analyses performed in this thesis.
Since these analyses compare measurements across multiple studies by means of objective
and quantitative methods, they provide less biased estimates on a specific topic, if the
included studies were selected appropriately (Higgins et al., 2019). This data integration
approach is called “horizontal ” data integration because its data type is common in contrast
to the formerly integrated “vertical ” omics data (Xia et al., 2013). Meta-analyses contain
a quantitative, formal, and epidemiological study design used to systematically assess
previous research studies to derive conclusions about that body of research (Haidich, 2010).
Typical outcomes of a meta-analysis include a more precise estimate of the treatment
effect (in this study, the change of the left ventricular ejection fraction to assess the cardiac
regeneration capacity) or other clinically relevant surrogate measurements (e.g., increase
of viability or lifespan). In contrast to a small, individual study the statistical power of
a large, systemic study is therefore increased, while likewise decreasing individual- and
study-specific biases (Xia et al., 2013). The examination of the variability or heterogeneity
within the study outcomes, as well as potential study biases, are an additional value that
contributes to the benefits of meta-analyses to approach a consolidated and quantitative
review of a larger body of literature (Haidich, 2010). According to Haidich et al. (2010),
rigorously conducted meta-analyses are useful tools in evidence-based medicine because
the need to integrate findings from many studies ensures that meta-analytic research is
desirable and the large body of research now generated makes conducting this research
feasible. The downside of meta-analyses is similar to that of ML models: the data
generation and extraction, which may occur because of high manual curation effort and
biased inclusion and exclusion criteria (Desai et al., 2020). One possibility to avoid such
a bias in meta-analyses is provided by standardized guidelines from the PRISMA and
Cochrane consortia (da Costa, BR and Juni, P, 2014; Higgins et al., 2019).
Another major advantage of a meta-analysis is that it generates a precise estimate of the
observed effect size based on different mathematical approaches (in this thesis, random and
fixed effects models) with considerably higher statistical power, which might be important,
if the power of the primary study was limited (e.g., through a small sample size; Lee, 2018).
Furthermore, meta-analyses can reveal the actual source of variation, a bias of potentially
missing studies, and different effects among subgroups by investigating specific moderator
values across multiple studies. In Section 2.3.2, a meta-analysis is conducted to investigate
the regenerative potential of CM subtypes after cardiac infarction, which might be used to
clarify the applicability of injected cells as a source for heart regeneration.
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The overall goal of this thesis is to support medical translational research by utilizing
state-of-the-art computational methods to facilitate the adoption of systems medicine
approaches in pre-clinical and clinical settings for cardiac regeneration. Exemplarily, data
integration workflows for pre-clinical research data in mice and clinical routine data are
developed to highlight the beneficial impact of such an integrative analysis that requires
several computational steps, i.e., NGS data processing, single-cell analysis, co-expression,
network analysis as well as ML classification and feature selection. In particular, patiens’
regenerative response is predicted, and its detailed molecular mechanisms, which influence
the heart rate and cardiac repair, are investigated.

The molecular investigation of a disease and its relevance in patients also must be determined, evaluated, and validated in preclinical and clinical studies because, in most
cases, only cellular or animal experiments can explain a disease phenotype in humans that
might have never been uncovered in the heterogeneous patient data alone (Steinhoff et al.,
2017a). Here, a modularized workflow scheme is developed to utilize preclinical and clinical
measurements, as well as low- and high-throughput datasets. This connective workflow
scheme can serve as a data analysis and integration blue print for upcoming studies that
investigate common or individual aspects in pre-clinical and clinical data regarding the
same underlying biological phenomenon.
The working hypotheses for the different sections in the dissertation are the following:
• Tailor-made and transparent computational workflows for each data type are necessary to develop the most appropriate and reproducible data analysis strategy.
• Biological mechanisms of the heart rate and cardiac response after myocardial
infarction can be uncovered using sequencing and network analyses on transcriptomics
data.
• Cell therapies have a positive effect on cardiac repair after a myocardial infarction.
To address these working hypotheses, in Section 2.1, the thesis starts with the development
of an easily reproducible computational RNA-Seq data analysis workflow, including a
benchmark of different analysis tools to show the necessity of an easily accessible imple33
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mentation within a transparent data analysis framework. It contains the development
of an RNA-Seq data analysis workflow itself, which consists of the actual comparison of
tools for the relevant analysis steps of preprocessing, genomic alignment, quantification,
and differential expression (DE) detection. The implementation of the workflow into a
specific workflow management framework such as Galaxy, i.e., the RNA-Workbench and
interactive Galaxy tours, as well as portable, containerized dissemination concepts such as
Docker, are presented.
In Section 2.2, various applications of the previously developed RNA-Seq workflow (e.g.,
for the quantification of gene expression or the identification/annotation of ncRNAs) are
performed and extended to additional data annotation databases to validate their overall
use and to investigate the underlying biological concepts. For this reason, the results of
TRAPLINE are incorporated into and further evaluated with several network analyses
(e.g., topological analysis, GSEA) and co-expression analysis approaches (e.g., weighted
gene co-expression analysis [WGCNA]). A characterization of and distinction between
different murine cardiac cell types is achieved, and subpopulations can be attributed to
different cardiac functionalities.
Section 2.3 provides a detailed investigation of data analysis approaches that have been
combined to connect the results of preclinical and clinical data for cardiac regeneration
studies. Here, low- and high-throughput datasets, as well as patient-specific meta-data,
are used to identify i) molecular biomarkers and moderator values for a given group of
patients, ii) commonly and individually regulated signaling pathways in therapy-responding
patients from protein and gene expression data, iii) network features that are relevant in
the regenerative patient subgroup, and iv) relevant patient-specific features based on ML
that are associated with cardiac regeneration. The integration and visualization of clinical
trial data complements this section to ultimately show the applicability and usability of the
suggested connective workflows to investigate such a complex biological phenomenon.
Each section of this cumulative thesis contains peer-reviewed publications in indexed
international journals or books. Each publication is introduced with a brief background
description, a statement of my personal contribution to this work, and a summary of
the results and the impact. Additional current publications can be retrieved in section
titled “Contributions in Peer-reviewed Publications ” (Section 3.4) and in my ORCID,
ResearchGate, and Scopus profiles.
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2 Published and peer-reviewed scientific
work

2.1 Workflow development for RNA-Seq data analysis
This section contains the detailed development of a transparent and easily accessible
RNA-Seq data analysis workflow using the Galaxy platform. The intended usage of the
workflow also addresses the wide data processing range between a common personal
computer and a more advanced server infrastructure to allow every user a self-driven,
autonomous data analysis. The workflow is separated into (i) data preprocessing, (ii) the
identification of significantly differentially expressed transcripts that may include newly
uncharacterized RNAs, (iii) gene annotation clustering, and (iv) a ready-to-use gene
expression interaction network file of important transcripts, including database
information of detected miRNAs and lncRNAs. In the following, the experience gained
from developing such a workflow was used to give further advice to related data analysis
fields (e.g., single-cell experiments) and workflow development in general. In particular,
workflows for bulk and single-nuclei RNA-Seq were developed and applied. The concept of
connective workflows was introduced to characterize novel ncRNAs. At the end of this
section, a community effort is presented that shows the development of a sustainable
Galaxy training material for life science data analyses (e.g., RNA-Seq).
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2.1.1 TRAPLINE, an RNA-Seq data analysis workflow in Galaxy
Wolfien, M., Rimmbach, C., Schmitz, U., Jung, J.J., Krebs, S., Steinhoff, G., David, R.,
and Wolkenhauer, O. (2016).
TRAPLINE: A standardized and automated pipeline for RNA sequencing data analysis,
evaluation and annotation.
BMC Bioinformatics. IF: 2.970, Citations (December 14, 2020): 16

Molecular data generated from NGS devices provide means to acquire deeper insights into
cellular functions. However, the lack of standardized, automated methodologies poses a
challenge for the analysis and interpretation of RNA-Seq data.
In this manuscript, I critically compared, benchmarked, and evaluated state-of-the-art bioinformatics approaches (e.g., tools for preprocessing, genome alignment, transcript quantification, and differentially transcript detection). Subsequently, I developed and implemented a
comprehensive data analysis workflow in Galaxy that integrates the best-performing tools
for data analysis, data evaluation, and annotation methods in a Transparent, Reproducible
and Automated PipeLINE (TRAPLINE). This workflow is suitable for RNA-Seq data
generated with Illumina, SOLiD, and Solexa platforms. Comparative transcriptomics
analyses with TRAPLINE result in a set of DE genes, their corresponding protein-protein
interactions, splice variants, promoter activity, predicted miRNA-target interactions, and
files for SNP calling. I selected the BioGRID database for possible protein-protein interactions and the microRNA.org database for miRNA-mRNA interactions because these
allowed an easily integration in Galaxy. Here, the value of the proposed workflow is
demonstrated by characterizing the transcriptome of in-house stem cell-derived antibioticselected cardiac bodies (‘aCaBs’). Furthermore, findings made during this work have been
patented.
In summary TRAPLINE supports NGS-based research by providing a workflow that
requires no bioinformatics skills on the commmand-line, decreases the processing time of
the analysis, and works in the cloud, as well as at local systems with minor computational
performance. The workflow is implemented in the biomedical-research platform Galaxy
and is freely accessible via TRAPLINE1 or the specific Galaxy manual page.2 A Docker
container with more than 1,000 downloads is available at Docker-Hub. 3
1

https://www.sbi.uni-rostock.de/RNAseqTRAPLINE
https://usegalaxy.org/u/mwolfien/p/trapline-manual
3
https://hub.docker.com/r/mwolfien/trapline
2

36

2.1 Workflow development for RNA-Seq data analysis

Wolfien et al. BMC Bioinformatics (2016) 17:21
DOI 10.1186/s12859-015-0873-9

SOFTWARE

Open Access

TRAPLINE: a standardized and automated
pipeline for RNA sequencing data analysis,
evaluation and annotation
Markus Wolfien1* , Christian Rimmbach2, Ulf Schmitz3,6, Julia Jeannine Jung2, Stefan Krebs4, Gustav Steinhoff2,
Robert David2* and Olaf Wolkenhauer1,5

Abstract
Background: Technical advances in Next Generation Sequencing (NGS) provide a means to acquire deeper insights
into cellular functions. The lack of standardized and automated methodologies poses a challenge for the analysis
and interpretation of RNA sequencing data. We critically compare and evaluate state-of-the-art bioinformatics
approaches and present a workflow that integrates the best performing data analysis, data evaluation and annotation
methods in a Transparent, Reproducible and Automated PipeLINE (TRAPLINE) for RNA sequencing data processing
(suitable for Illumina, SOLiD and Solexa).
Results: Comparative transcriptomics analyses with TRAPLINE result in a set of differentially expressed genes, their
corresponding protein-protein interactions, splice variants, promoter activity, predicted miRNA-target interactions and
files for single nucleotide polymorphism (SNP) calling. The obtained results are combined into a single file for
downstream analysis such as network construction. We demonstrate the value of the proposed pipeline by
characterizing the transcriptome of our recently described stem cell derived antibiotic selected cardiac bodies
('aCaBs').
Conclusion: TRAPLINE supports NGS-based research by providing a workflow that requires no bioinformatics
skills, decreases the processing time of the analysis and works in the cloud. The pipeline is implemented in the
biomedical research platform Galaxy and is freely accessible via www.sbi.uni-rostock.de/RNAseqTRAPLINE or the
specific Galaxy manual page (https://usegalaxy.org/u/mwolfien/p/trapline—manual).
Keywords: RNA sequencing, NGS data processing, Data evaluation, Bioinformatics workflow, Galaxy, TRAPLINE,
Stem cells

Background
In comparison to other high-throughput methods, Next
Generation Sequencing (NGS) technologies enable
genome-wide investigations of various phenomena, including single-nucleotide polymorphisms, epigenetic
events, copy number variants, differential expression,
and alternative splicing [1]. RNA sequencing (RNAseq)
* Correspondence: markus.wolfien@uni-rostock.de; robert.david@med.unirostock.de
Markus Wolfien, Christian Rimmbach and Ulf Schmitz are first author
Robert David and Olaf Wolkenhauer are senior author
1
Department of Systems Biology and Bioinformatics, University of Rostock,
18057 Rostock, Germany
2
Reference und Translation Center for Cardiac Stem Cell Therapy (RTC),
University of Rostock, Rostock 18057, Germany
Full list of author information is available at the end of the article

uses the NGS technology for discovering novel RNA sequences, and quantifying all transcripts in a cell [2, 3].
Like genome tiling arrays, an RNAseq experiment can
capture evidence for yet unannotated genes and isoforms. The utility of RNAseq to uncover new transcripts
is well documented [3–8]. Several laboratories have provided evidence that cDNA library preparation and RNA
sequencing sets are technically well reproducible and in
contrast to microarrays RNAseq offers a broader dynamic range, which makes this platform more sensitive
in the detection of transcripts with low abundance [9].
The steady increase of publications involving RNAseq
experiments generated a need for statistical and computational tools to analyze the data. Basically, all RNAseq

© 2016 Wolfien et al. Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.
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analyses involve the following tasks: pre-processing,
quality control, read mapping and further analyses like differential expression (DE) analysis, single nucleotide polymorphism (SNP) analysis or gene isoform and splicing
variant detection. However, the availability of tools following a standardized analysis protocol are limited [10].
A number of software packages and pipelines have
already been introduced to deal with these tasks. These
software packages are mainly based on programming
languages like C, Python or R and require advanced expertise in programming or computer science for proper
implementation and use or they do not provide advanced analytical tools like gene network inference
methods, miRNA-target predictions and/or the integration of protein-protein interactions [11–16]. Additionally, the possibility of discovering alternatively spliced
genes or promoter activity would be desirable. Furthermore, there is no common RNAseq data analysis strategy, despite the obvious need for such a standardized
pipeline [17]. The increased dependence on computational approaches in life sciences has revealed grave concerns about the accessibility and reproducibility of the
computed results [5]. Galaxy is a free web-based platform for omics research that addresses the following
needs [18, 19]:
 Accessibility: Galaxy enables users to perform

integrative omics analyses by providing a unified, webbased interface for obtaining omics data and applying
computational tools to analyze these data. Learning a
programming language or the implementation details
is not necessary.
 Reproducibility: Galaxy produces metadata about
every possible analysis step and automatically tracks
descriptive information about datasets, tools, and
parameter values to ensure reproducibility. User
annotations and tagging is possible at each step of
the pipeline.
 Transparency: Galaxy includes a web based
framework for sharing models including datasets,
histories, workflows and repositories. It also allows
users to communicate and discuss their
experimental results in an online forum.

Implementation
Using Galaxy, we developed a comprehensive, Transparent, Reproducible and Automated analysis PipeLINE,
named TRAPLINE, for RNAseq data processing (optimized for Illumina FASTQ reads, but also suitable for
other sequencing platforms like SOLiD or Solexa), evaluation and prediction. The predictions are based on modules which are able to identify protein-protein interactions,
miRNA targets and alternatively splicing variants or promoter enriched sites. A schematic representation of the
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analysis pipeline is illustrated in Fig. 1. TRAPLINE can be
accessed via the published Galaxy page of TRAPLINE
(https://usegalaxy.org/u/mwolfien/p/trapline—manual) or
via www.sbi.uni-rostock.de/RNAseqTRAPLINE.
TRAPLINE implements the following tools and resources: (i) FASTQ quality trimmer, FASTXclipper and
FastQC for pre-processing and quality control, (ii)
TopHat2 for read mapping, (iii) Picard Toolkit for read
correction and SNP identification, (iv) Cufflinks2/Cuffdiff2 for DE analysis, splicing and promoter testing (v)
the Database for Annotation, Visualization and Integrated Discovery (DAVID) for gene annotation and functional classification, (vi) miRanda for miRNA target
prediction, (vii) BioGRID for protein-protein interactions
and, finally, a compiling module for ready to use network construction files. For detailed instructions regarding the usage of TRAPLINE please see the manual in
the Additional file 1.

Results
To show the effectiveness of our automated pipeline, we
exemplarily applied TRAPLINE to RNAseq data generated from our recently described antibiotic selected cardiac bodies (“aCaBs”), which are highly pure clusters of
mouse embryonic stem cell (mESC) derived cardiomyocytes generated via Myh6 promoter based antibiotic selection plus a standardized differentiation protocol
(Additional file 2: Figure S1) [20, 21]. Their RNA expression profiles were compared to control embryoid bodies
(EBs) derived from the same cell line without administration of the antibiotic.
TRAPLINE includes state-of-the-art quality control
processes

TRAPLINE analyses RNAseq reads obtained from Illumina, SOLiD and Solexa platforms with the help of
“FASTQ Groomer” [22] that converts the specific formats as a first step. In the following pre-processing step,
adapter sequences, which have been added to the 5’ and
3’ ends of the cDNA fragments during the sample preparation phase, are being clipped (no influence towards
other platforms). In the Illumina sequencing procedure,
sequences are extended on both ends by - 62 nucleotide
long adapters that may influence the results of the subsequent analysis [23]. These adapters are only used during the Illumina bridge amplification procedure to
immobilize the cDNA transcripts. In TRAPLINE we implemented the tool “FASTXClipper” (http://hannonlab.cshl.edu/fastx_toolkit/index.html) for this purpose.
It is necessary to discriminate sequencing errors from
biological variation by using quality scores (Q) [24].
Therefore, in the last pre-processing step uncalled and
wrongly called bases are removed (Quality Trimming).
Standard approaches rely on the associated quality
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Fig. 1 Scheme to illustrate TRAPLINE’s RNA sequencing analyses modules. * The target files are provided as Galaxy histories - miRNA Targets (usegalaxy.org/u/
mwolfien/h/trapline-mirna-targets-input) and Protein-Protein Interactions (usegalaxy.org/u/mwolfien/h/trapline-protein-protein-interaction-input)

scores to retain the read, or a portion of it, if the score is
above a predefined threshold [22]. As suggested by
Mbandi et al. [24] we excluded reads with a score Q < 20
to ensure reliable genome mapping results. For the purpose of discarding low quality reads, we implemented
the widely used tool “FASTQ Quality Trimmer” which
returns a quality control report for each dataset that was
analyzed. The effects achieved by quality trimming our
data are shown in Additional file 3: Figure S2.
We compared the fraction of mapped reads with and
without applying data pre-processing (Fig. 2a). Our observations confirm the findings of Chen et al. [25], who
demonstrated the necessity of applying the described
pre-processing steps in a read-mapping benchmark.
TopHat2 - the most accurate alignment tool in Galaxy

To select the most suitable read alignment tool, we analyzed the overall mapped transcript coverage on the genome (accuracy) of the most commonly used alignment
tools, which are based on the exon first approach. Figure 2b
shows the results of our comparison between BWA [26],

Bowtie [27], Bowtie2 [28], and TopHat2 [29], and their
average accuracy in the mapping of six different datasets.
The overall alignment accuracy of the mapped reads to the
reference genome is between 70 % and 85 %. Bowtie2 and
TopHat2, that share a similar algorithm, produce a significantly higher accuracy in comparison to the BWA and
Bowtie alignment tools (based on a significance level α =
0.05). In our case, the Bowtie2 alignment algorithm was
able to map in average 2.5 million more reads to the genome than the BWA/Bowtie algorithm (total amount reads:
24–26 million). Our observations are consistent with the
results of Kim et al. [30], who found that TopHat2 generates more accurate alignments than competing tools, using
fewer computational resources. Because of the significantly
superior mapping accuracy of TopHat2, in contrast to
Bowtie/BWA, and the additional functionality to find splice
junctions and promoter regions, we decided to include
TopHat2 into TRAPLINE. The outputs of TopHat2 are
BAM files which contain the aligned reads to the reference
genome and text files summarizing the accuracies of the
mapped reads for each FASTQ file.
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Fig. 2 (See legend on next page.)
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(See figure on previous page.)
Fig. 2 Evaluating the different analyses modules of TRAPLINE. a A fraction of mapped reads with and without applying pre-processing modules
(QT: quality trimming; C: clipping). TopHat2 was used for genome mapping. Error bars indicate the standard deviation. Asterisks indicate a significant
difference: # Welch’s t-test with α = 0.05; § ANOVA with α = 0.05; (n = 6). b Comparison of different genome mapping tools. The bars indicate the
transcript accuracy of the reads aligned to the genome in %, including the standard deviation. Marks indicate significant difference: # Welch’s t-test
with α = 0.05, Bonferroni test with α = 0.05; (n = 6). c and d Comparison of read correction procedure by Picard Toolkit, before (c) and after (d), to
visualize and correct for multiple RNA sequences in the experimental datasets. RSeQC shows the two specific read duplication correction possibilities:
"Sequence-base" reads have the same nucleotide sequence (blue), "Mapping-base" reads have the same mapped sequence, but are aligned to
different locations on the genome (red). e Comparison of three different DE analysis tools (edgeR, SAMseq and Cuffdiff2), after read mapping with
Bowtie (edgeR, SAMseq) TopHat2 (Cuffdiff2). The total number of significantly differentially expressed genes is based on FDR < 0.05 and divided into
upregulated and downregulated genes. f Vulcano plot illustrating significantly differentially expressed genes (red dots: FC≥2; p≤0.05)

Correction of reads is necessary for SNP detection

The presence of duplicates is a major issue in single/
paired short reads from NGS platforms. PCR amplification is one of the major sources of duplicates, which are
usually introduced during sequencing library amplification [31]. These duplicates might have a serious impact
on research applications, especially towards SNP detection, because they can confound the expression data of a
particular gene and, therefore, are usually removed [32].
A popular tool for this task is “MarkDuplicates” from
the Picard toolkit (https://github.com/broadinstitute/picard), which finds the 5’ coordinates and mapping orientations of each read pair and removes them. During this
procedure, the tool considers all clipping that has taken
place as well as any gaps or jumps in the alignment. To
investigate the influence of the duplicate removing step
with Picard tools, we determined the read duplication
rates and the number of reads mapped to the same location using the “RSeQC” Python module [33]. The results
are visualized in Fig. 2c and d. RSeQC uses two strategies to determine read duplication rates: (i) sequence
based (blue dots), which means reads with identical sequences are regarded as duplicated reads; (ii) mapping
based (red dots) which expresses reads that are mapped
to exactly the same genomic location. A comparison of
both figures clearly shows an elevation of the mappingbase. The red dots are refined in Fig. 2d in contrast to
Fig. 2c, meaning that there were many aligned reads
with a similar mapping sequence but with a different location on the genome, which was corrected by “MarkDuplicates”. The corrected bam-files can be further
investigated by a SNP calling analysis software such as
GATK [34] or CRISP [35].
Cuffdiff2 adds value to the standard DE analysis

The different DE analysis methods are based on (i) negative binomial models, such as edgeR, DEseq, baySeq, (ii)
non-parametric approaches, such as SAMseq, NOIseq
and (iii) transcript-based detection methods, such as
Cuffdiff2 and EBSeq [36]. We compared the performances of the most widely used DE tools from each
group, which are Cuffdiff2 [37], edgeR [38] and SAMseq
[39], to show how they compare and to underline the

DE analysis efficiency of TRAPLINE. Prior to the analysis reads were mapped to the reference genome with
different methods (Bowtie for edgeR/SAMseq and
TopHat2 for Cuffdiff2), because each tool has different
data input requirements. Figure 2e shows only slight differences between the applied DE methods. All tools
nearly identified the same amount of genes as significantly upregulated among in aCaBs compared to EBs
(~250), however different amounts of genes were classified as downregulated. In general, the statistical approaches used by edgeR and SAMseq are more liberal in
defining significant differences than the Cuffdiff2 algorithm [17]. In agreement with our results, these widely
used methods have recently been compared by several
research groups [17, 36, 40, 41]. Cuffdiff2 estimates expression at transcript-level resolution and controls the
variability and read mapping ambiguity by using a beta
negative binomial model for fragment counts [37]. Furthermore, the tool enhances the comparability between
experiments, because it uses the derived “reads per kilobase per million” (RPKM) mapped reads metric [3]
which normalizes for both gene size (more reads or fragments can be mapped to larger genes) and the total
number of reads or fragments (per million mapped).
Seyednasrollah et al. [17] stated Cuffdiff2 as the most
conservative DE method with the lowest false positive
rate. Therefore, we included Cuffdiff2 for RNAseq DE
analysis in TRAPLINE to retrieve precise results with
highly significant genes.
As default setting Cuffdiff2 considers genes as significant for p ≤ 0.05, and a fold change (FC) higher
than two. Another reason to integrate Cuffdiff2 into
TRAPLINE is the possibility to determine differential
splicing events and to perform differential promoter
testing [42]. This possibility qualifies the pipeline to investigate for genes with two or more splice variants
and genes producing two or more distinct primary
transcripts (multi-promoter genes). Multiple splice and
promoter isoforms are often co-expressed in a given
tissue [3].
We have performed a performance test between TRAPLINE and other tools. A summary of the ratio of mapped
reads, discarded reads and significantly differentially
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expressed genes obtained with the indicated tools is
shown in Additional file 4: Table S1.
Gene annotation, miRNA target prediction and proteinprotein interactions with TRAPLINE

Additionally, we included three data annotation and prediction steps into TRAPLINE. First, filtering modules
were implemented to scan the list of differentially
expressed genes and extract sets of upregulated and
downregulated genes. Additionally, users receive a link
to DAVID [43] to evaluate the functional influences of
the significantly upregulated/downregulated transcripts
within their data. In general, DAVID finds Gene Ontology terms (GO terms), signaling pathways (based on databases like Panther, KEGG, Biocarta, etc.) or protein
domains (e.g. based on InterPro) that are predominantly
associated with lists of genes (e.g. from a DE analysis).
Moreover, DAVID performs a functional annotation
clustering analysis that groups these terms into functionally related clusters which gives the user a first and quick
insight into the biological impact of the discovered differences [44]. Second, TRAPLINE includes modules for
miRNA target prediction that use significantly upregulated and downregulated miRNAs and automatically
spot possible targets among the downregulated or upregulated mRNAs in the analyzed datasets. For this purpose we provide formatted text files of conserved and
non-conserved miRNAs and their predicted targets for
different species (human, mouse, rat, fruitfly and nematode), based on the latest version of the microRNA.org
database (release 2010; [45]). The files can be obtained
via a Galaxy history and have to be uploaded as TRAPLINE “miRNA targets” input. Third, we implemented a
module which is able to identify verified interactions between proteins of significantly upregulated and downregulated mRNAs. The protein-protein interactions are
based on data from peer-reviewed publications deposited
in the BioGRID database (release 3.3.122; [46]). Similar
to the miRNA targets, we provide protein-protein interactions from five different species (human, mouse, rat,
fruitfly and nematode) in the form of Galaxy history files
and will continuously extend the species.
Identifying transcriptomic differences of EBs and aCaBs

A step by step description on how to use TRAPLINE is
provided in the Supplementary Material section. In
summary, users upload FASTQ files from a RNAseq experiment, select the reference genome for the species
under investigation and run the pipeline to obtain the
significantly differentially expressed transcripts. Optionally,
one can upload the provided miRNA target and protein
interaction files to use the full potential of TRAPLINE. Exemplarily, we applied the developed pipeline on RNAseq
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data from our murine ESC derived aCaBs [21] in comparison to control EBs.
We uploaded in total six datasets (as fastqsanger files),
the murine reference annotation (as gtf or gff3 that can
be obtained from http://geneontology.org/page/reference-genome-annotation-project), the mm9 miRNA targets file (from the provided Galaxy history), the mm9
protein interactions file (also from the history) and ran
TRAPLINE with the default parameter settings. After a
processing time of ~10 h we retrieved the results. We
found ~550 significantly differentially expressed transcripts, 260 of which were upregulated. The volcano plot
shown in Fig. 2f illustrates the results of the DE analysis.
It shows the ratio of the significantly differentially
expressed genes (red) against the non-significant genes
(black). At this point one might want to lower the cutoff
of the p-value to obtain less reads marked as significant,
which is easily possible by tuning the corresponding
Cuffdiff2 parameter. However, we took the 260 upregulated genes as input for the subsequent functional classification analysis with DAVID, which revealed several
annotation clusters. The first three annotation clusters
contain 160 genes in total and suggest a biological impact on the cytoskeleton, actin and the contractile fibers
(Additional file 5: Table S2). Based on the annotated biological processes described by GO terms, we created a
network to show the links and significance of each GO
term using the Cytoscape application ClueGo [47]. The
network is shown in Fig. 3 and illustrates the 260 upregulated genes that are associated with enriched biological
processes. The distribution of significant biological processes is illustrated in Additional file 6: Figure S3. These
genes could be a starting point for subsequent analyses.
We also predicted miRNA interactions of downregulated mRNAs. Their associated GO terms suggest an impact on cardiac cell differentiation. Exemplarily, we show
the significantly upregulated miRNA “mmu-mir369” with
5.522 predicted targets which include 57 genes that are
downregulated in aCaBs (Additional file 7: Table S3).
These 57 genes were functionally classified by DAVID and
reveal a high probability to affect the cell cycle and to support cell differentiation. Among these genes is “Atp1a2”
which is known to negatively regulate heart function [48].
Furthermore, we analyzed the ~550 significantly differentially expressed mRNAs and identified ~230 verified protein interactions, 10 splice variants and 12 multi promoter
regions (Additional file 8: Table S4).

Discussion
We developed TRAPLINE for RNAseq data analysis to
link differentially expressed transcripts to the corresponding phenotypic changes and biological phenomena.
There exist other tools such as the Bioconductor packages edgeR and DEseq [49], that are with no doubt
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Fig. 3 ClueGo visualization of a gene ontology interaction network obtained after functional classification analysis with DAVID. The network
shows interconnections among different biological processes of 350 enriched significantly upregulated genes. Subnetworks are grouped based
on GO superclasses (bold label). The colors range from red (less significant; pV = 0.05) to brown (highly significant; pV ≤ 0.05*10−3)

valuable resources to support the analysis of NGS data.
Our pipeline, however, includes pre-processing and genome mapping modules and, is furthermore, easily applicable. TRAPLINE mainly addresses researchers with
limited or no programming skills e.g. in R or Python.
We are confident that the graphical user interface of
TRAPLINE, which is implemented in the Galaxy platform, greatly supports the accessibility of our RNAseq
data analysis pipeline to users with no computational
background. Furthermore, we have carefully selected a
set of best performing interconnected modules that
evade compatibility or file formatting issues. The entire
RNAseq data analysis workflow can thus be performed in
one go without losing the flexibility that experienced users
appreciate when being enabled to adjust module parameters to their own needs. Different to other automated
workflows like MeV, Chipster, RobiNA or Grape our pipeline is additionally predicting spliced variants, enriched
promoter sites, miRNA targets and protein-protein interactions to enable users getting a comprehensive insight to

the analyzed samples [11–14]. There are several other
Galaxy pipelines available online, for example the widely
used Oqtans workbench [15]. Oqtans is a collection of
tools without a pre-defined pipeline. In contrast, our work
for the first time introduces an automated Galaxy workflow that includes detailed data analysis and data annotation on a public Galaxy server. TRAPLINE is using all
benefits of Galaxy and is independent of computational
resources (i.e. no need for high performance computers).
Researchers can access and share their data and the results
worldwide via the internet, however Galaxy also offers private accounts and the possibility to install a local Galaxy
instance on a private machine, which is beneficial in case
of limited internet connectivity. Moreover, Galaxy enables
a synchronous work, e.g. four read mapping tasks at a time
are possible. In our case study the time for the analysis was
reduced to 10 h in comparison to a desktop PC requiring
24 h (Additional file 9: Table S5). Additionally, to accomplish a transparent computing speed analysis, we performed a comparison between a standard TRAPLINE run
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at the public Galaxy instance and a local desktop PC based
on a randomly selected publicly available SRA dataset (BioProject:PRJNA292442; SRA study: SRP062238) [50].
The implementation of Cuffdiff2 for detecting differentially expressed genes enhances the comparability between
various RNAseq experiments, because the method is accompanied by RPKM normalization [37]. Nevertheless, it
has to be considered that the RPKM value for a gene from
a deep library may have more statistical meaning than an
equivalent value from a more shallow library [51].
It is known that spatial biases along the genome exist,
resulting in a non-uniform coverage of expressed transcripts [3]. Especially when using Cufflinks, it has been
shown that DE analysis attempting to correct for differences in gene length have the tendency of introducing a
bias in the per gene variances, in particular for lowly
expressed genes [52]. These spatial biases hinder comparisons between genomic regions and will therefore adversely affect any analysis where such a comparison is
integrated. To overcome this problem the current version of Cufflinks2 has an integrated bias correction algorithm [53]. In our investigated datasets there was no
need for a bias correction, therefore, we turned this feature off (Additional file 10: Figure S4). It can be reimported manually by setting the respective Cufflinks
parameter.
With respect to the biological reliability of the results,
the number of our above described 550 significantly differentially expressed genes could be further reduced
based on p-value and fold change adjustments. Please be
aware that the performance of our pipeline was evaluated based on the Illumina sequencing platform that was
used to generate the experimental data. Additionally, it
is possible to apply different multiple testing correction
method like Bonferroni or Benjamini-Hochberg [54].
Using the same parameters, all three applied methods
deliver similar results for differentially expressed genes.
With the default parameter values, the pipeline also considers genes which are only slightly up or downregulated
(|FC| ≥ 2). The gene annotation clustering approach enables enrichment in information and a pointer to the
biological relevance of the apparently large number of
differentially expressed genes. Gene Ontology terms and
especially the gene set enrichment analysis performed by
DAVID are established methods for gaining first insights
into phenotype variations between the tested experimental
conditions [43]. Interestingly, the first three enriched GO
term clusters in our case study relate to biological processes concerning the cytoskeleton and actin regulation
which are two core factors of cardiomyocytes and thus
provide a proof of principle for our pipeline (Additional
file 5: Table S2).
After successful DE analysis, there are several possibilities for further data evaluation and characterization of
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the transcripts. As we already showed, the GO terms
and differentially expressed mRNAs can be visualized as
interaction networks using Cytoscape. miRanda predictions have the largest relative overlap with other miRNA
prediction algorithms/tools [55], which is why we chose
to include miRanda predictions into TRAPLINE in the
first place. A SNP analysis with respective tools can also
be done by simply using the SNP output of TRAPLINE.
Additionally, a co-expression network analysis could be
performed to identify co-expressed mRNAs that are simultaneously dis-regulated [56].

Conclusion
Taken together, our proposed pipeline includes all relevant RNA sequencing data processing modules, is easily
applicable, and needs no time consuming installation
processes. TRAPLINE guides researchers through the
NGS data analysis process in a transparent and automated state-of-the-art pipeline. Experimentalists will be
able to analyze their data on their own without learning
programming skills or advanced computational knowledge. The data can be accessed worldwide and can optionally be shared among researchers. Gaining quickly
in-depth insights into the biology underlying the investigated data, our work for the first time introduces an automated Galaxy workflow including detailed data
processing, data evaluation and annotation modules
(www.sbi.uni-rostock.de/RNAseqTRAPLINE).
Availability and requirements
Project name: TRAPLINE
Project home page: https://usegalaxy.org/u/mwolfien/
p/trapline—manual
Operating system(s): Platform independent
License: Galaxy Web Portal Service Agreement (https://
usegalaxy.org/static/terms.html)
Materials and methods
Cell culture and aCaB-Generation

Murine ES cell lines described previously [57] were grown
in high glucose DMEM with stable glutamine (GIBCO)
containing 10 % FBS Superior (Biochrom), 100 μM nonessential amino acids (GIBCO), 1 % Penicillin/Streptamycin (GIBCO) and 100 μM β-Mercaptoethanol (Sigma) in
presence of 1000 U/mL of Leukemia inhibitory factor
(LIF, Milllipore). Differentiation of aCaBs was performed
in hanging drop culture for two days using 1000 cells as
starting material for one EB in Iscove’s basal medium
(Biochrom) containing 10 % FBS (Biochrom), 100 μM
non-essential amino acids (GIBCO), 1 % Penicillin/Streptamycin (GIBCO) and 450 μM 1-Thioglycerol. For additional 4 days, the cells were differentiated in suspension
culture, and at day 6 of differentiation consistently 15 EBs
were seeded on one well of a 24-well-plate. Antibiotic
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selection with 400 μg/mL G418 (Biochrom) was initiated
at day 8 post seeding. 4 days thereafter, aCaBs were isolated via treatment with 6000 U/mL Collagenase IV
(GIBCO) for 30 min. To obtain single cells for subsequent
experiments, the bodies were further dissociated with
100 % Accutase (Affimetrix) for 15 min. To ensure successful generation of aCaBs, potential mycoplasma contamination was routinely controlled twice a week using
the PCR based MycoSPY kit system (Biontex).
RNA-Sequencing

For library generation and sequencing, cultured adherent
cells were drained from the culture medium, washed
and directly lysed by addition of lysis buffer. 1 ul of this
lysate was used for cDNA Synthesis and amplification
with the SMARTer kit (Clontech, Mountain View CA,
USA) according to the manufacturer’s instructions. In
brief, cDNA synthesis was initiated by annealing a
polyA-specific primer and adding a reverse transcriptase
with terminal transferase activity. The newly synthesized
first strand cDNA is then tailed first with a homopolymer stretch by terminal transferase and then with a specific amplification tag by template switching. The
resulting double-tagged cDNA was amplified by PCR,
fragmented by sonication (Bioruptor, Diagenode, Liege
Belgium; 25 cycles 30 s on/30 s off ) and converted to
barcoded Illumina sequencing libraries using the NEBnext Ultra DNA library preparation kit (New England
Biolabs, Ipswich MA, USA). After PCR enrichment the
libraries were purified with AmpureXP magnetic beads
(Beckman-Coulter, Brea CA, USA) and quantified on a
Bioanalyzer 2100 (Agilent, Santa Clara CA, USA). Libraries were pooled at equimolar amounts and sequenced on
an Illumina GenomeAnalyzer IIx in single-read mode with
a read-length of 78 nucleotides and a depth of 21 million
to 32 million raw reads per replicate.

Additional files
Additional file 1: TRAPLINE manual: Step by Step instructions for
the usage. (DOC 35 kb)
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Additional file 5: Table S2. Example for DAVID functional gene
annotation clustering of significantly differentially expressed genes from
aCaBs and EBs. (DOC 48 kb)
Additional file 6: Table S3. Exemplarily we show a result of a miRNA
target prediction analysis of TRAPLINE. (TIF 84 kb)
Additional file 7: Figure S3. Pie chart illustrating enriched biological
processes of upregulated genes in the aCaB derived cardiomyocytes. The
chart presents the enriched GO superclasses. (DOC 26 kb)
Additional file 8: Table S4. Exemplarily results of protein-protein
interaction prediction, splice variants and multi promoter regions.
(DOC 37 kb)
Additional file 9: Table S5. Benchmarking results of TRAPLINE
performed on a public Galaxy server and on a local desktop PC (based
on computing speed). (DOC 31 kb)
Additional file 10: Figure S4. A comparison of experiments without
(A) and with (B) bias correction performed with the help of Cufflinks2.
The dots represent the dependency of the log ratio of two FPKM values
(M) and their mean average (A). The MA plot is a common method to
investigate the biases of datasets [53]. (PPTX 236 kb)
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represents the mean quality. (ZIP 81 kb)
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2.1.2 Customized workflow development and data modularization concepts
Lott, S.C., Wolfien, M., Riege, K., Bagnacani, A., Wolkenhauer, O., Hoffmann, S.,
and Hess, W.R. (2017).
Customized workflow development and data modularization concepts for RNA-Sequencing
and metatranscriptome experiments.
Journal of Biotechnology. IF: 3.142, Citations (December 14, 2020): 6

RNA-Seq has become a widely used approach to study ample quantitative and qualitative
aspects of transcriptome data. In this article, an overview is given about the variety of RNASeq protocols, experimental study designs, and to what extend the characteristic properties
of the organisms under investigation affect downstream and comparative analyses.
Here, I focussed on the increasing importance for well-suited developed scientific workflows,
as well as slecting the most appropriate data analysis frameworks. The reader learns
about the benefits, while using workflows in data analysis frameworks. In addition, it
includes a technical illustration what has to be done to develop better workflows as a
bioinformatician for the end user. Current computational technologies, such as Galaxy 4 ,
Docker5 , and BioConda6 , are introduced for a scientific use.
In summary, we explained the impact of structured pre-selection, classification, and
integration of best-performing tools within modularized data analysis workflows and readyto-use computing infrastructures. Examples for workflows and specific use cases were
highlighted; these contain analyses for prokaryotic, eukaryotic, and mixed dual RNA-Seq
(meta-transcriptomics) experiments. The authors are summarizing their expertise in the
German Network for Bioinformatics Infrastructure (de.NBI)7 about “Structured Analysis
and Integration of RNA-Seq experiments ” (de.STAIR)8 and their integration into the RNA
Bioinformatics Center.9

4

https://usegalaxy.org/
https://www.docker.com/
6
https://bioconda.github.io/
7
https://www.denbi.de/
8
https://www.sbi.uni-rostock.de/research/projects/detail/47
9
https://www.denbi.de/network/rna-bioinformatics-center-rbc
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RNA-Sequencing (RNA-Seq) has become a widely used approach to study quantitative and qualitative aspects of
transcriptome data. The variety of RNA-Seq protocols, experimental study designs and the characteristic properties of the organisms under investigation greatly aﬀect downstream and comparative analyses. In this review,
we aim to explain the impact of structured pre-selection, classiﬁcation and integration of best-performing tools
within modularized data analysis workﬂows and ready-to-use computing infrastructures towards experimental
data analyses. We highlight examples for workﬂows and use cases that are presented for pro-, eukaryotic and
mixed dual RNA-Seq (meta-transcriptomics) experiments. In addition, we are summarizing the expertise of the
laboratories participating in the project consortium “Structured Analysis and Integration of RNA-Seq experiments” (de.STAIR) and its integration with the Galaxy-workbench of the RNA Bioinformatics Center (RBC).

1. Introduction: RNA related sequencing experiments and
associated data analyses

and long non-coding RNAs (lncRNAs) in eukaryotes that often impact
epigenetic status and chromosome organization (Jégu et al., 2017).

1.1. The variety of transcript types and regulatory RNAs

1.2. RNA-Seq experiments may come in diﬀerent ﬂavours: RNA-Seq,
dRNA-Seq, dual RNA-Seq, ribosomal proﬁling, metaRNA-Seq

RNA is in the form of mRNAs, tRNAs and rRNAs the type of molecule that interconnects the mechanisms involved in the readout of genetic information from the genome to protein. However, diﬀerent types
of RNA participate in a wide variety of additional processes. These include RNAs involved in the regulation of multiple physiological processes, following similar principles, often through forming sequencespeciﬁc base pairings with cellular RNA or DNA targets (Gorski et al.,
2017). Among the types of RNAs fundamental to these RNA-based
systems are miRNAs in eukaryotic cells, small RNAs (sRNAs) in bacteria
and archaea, but also CRISPR RNAs (crRNAs), which are at the heart of
the prokaryotic immune mechanism. All these RNAs act by using seed
sequences that are presented through a particular ribonucleoprotein
complex.
Diﬀerent, yet highly relevant classes of regulatory RNA are antisense transcripts that often play gene expression modulating functions
(Georg and Hess, 2011; Yelin et al., 2003) in all three domains of life

⁎

1

Most RNA-Seq experiments are performed to measure diﬀerential
gene expression. For this, RNA-Seq targets the composition of the entire
transcriptome in a sample using next-generation sequencing techniques. By quantifying and comparing the transcriptome composition
between samples of a time series or from diﬀerent tissues or cell types,
diﬀerences in gene expression are detected (Wang et al., 2009).
Therefore, RNA-Seq can be applied to any kind of cell from any kind of
organism, even without prior knowledge about its genome sequence.
However, RNA-Seq is a powerful tool not only to analyze quantitative
changes in gene expression. With RNA-Seq exon/intron boundaries as
well as alternatively spliced transcript variants can be detected and
quantiﬁed or post-transcriptional modiﬁcations identiﬁed. In more
specialized RNA-Seq protocols, information is obtained about the suite
of active transcriptional start sites (TSSs) or particular RNA classes such
as sRNAs or miRNAs.
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One of the RNA-Seq variants targeting a particular fraction of the
transcriptome is Ribo-Seq, or Ribosomal proﬁling (Ingolia et al., 2012).
This approach targets speciﬁcally mRNA sequences protected by the
ribosome during the process of translation. Therefore, it provides information on the complement of actively translated mRNAs at a certain
moment, on the presence of signals for translation and on the regulation
of protein synthesis. Other RNA-Seq variants target a particular fraction
of the transcriptome, e.g., after size fractionation, speciﬁcally miRNAs
and other sRNAs (Aldridge and Hadﬁeld, 2011).
One widely applied specialized RNA-Seq protocol is called diﬀerential RNA-Seq (dRNA-Seq) (Sharma et al., 2010), a proliﬁc experimental approach for the identiﬁcation of all active TSSs at single-nucleotide resolution (Borries et al., 2012). As this method not only
identiﬁes TSSs linked to an mRNA but all TSSs, it is a superior approach
for the detection of bacterial sRNAs. The dRNA-Seq protocol was ﬁrst
applied to the human pathogen Helicobacter pylori (Sharma et al., 2010)
and rapidly applied to other bacteria, such as E. coli (Thomason et al.,
2015), Salmonella enterica serovar Typhimurium (Kröger et al., 2012),
Streptococcus pyogenes (Deltcheva et al., 2011), Xanthomonas
(Schmidtke et al., 2012) and various cyanobacteria (Mitschke et al.,
2011a; Mitschke et al., 2011b; Kopf et al., 2014; Kopf et al., 2015a;
Kopf et al., 2015b; Voss et al., 2013; Pfreundt et al., 2014; Voigt et al.,
2014). Whereas dRNA-Seq initially was primarily developed for bacteria, it has been applied to archaea (Jäger et al., 2009; Babski et al.,
2016) and to eukaryotic cells. In a variant of dRNA-Seq, called “dual
RNA-Seq”, the primary transcriptomes of a bacterial pathogen together
with that of its eukaryotic host cells are analyzed in parallel
(Westermann et al., 2016).
More recently, this methodology has been expanded for the analysis
of complex environmental assemblages of organisms belonging to diverse species from all three domains of life (Hou et al., 2016). Metatranscriptomic diﬀerential RNA-Seq (mdRNA-Seq) as well as metatranscriptomic RNA-Seq (metaRNA-Seq) are protocols to analyze the
highly complex transcript pools of entire biological communities or
microbiomes.

The German Bioinformatics Network Infrastructure (de.NBI) as well
as the European Network ELIXIR are aiming at supporting and training
scientists with respect to diverse bioinformatics questions. In particular,
the de.STAIR project focusses on the needs of the experimental researchers for robust data analysis tools and, therefore, develops tailormade workﬂows for RNA-Seq experiments and further downstream
data integration approaches to facilitate the accessibility of the latest
bioinformatic tools, the most suitable analysis approaches and ﬂexible
computing environments.
The de.STAIR service is highlighted in Fig. 1 and represents the data
analysis elements of the workﬂows (which are an extension of the recommendations by Conesa et al. (2016) that are developed within the
infrastructure of the RBC. We oﬀer workﬂows for pro-, eukaryotic and
mixed dual RNA-Seq (meta-transcriptomics) experiments for multiple
input layers, like raw fastq, quality controlled fastq, sam/bam ﬁles, etc.
The data analyses procedures cover preprocessing, alignment and further advanced downstream analyses such as alternative and non-linear
splicing, diﬀerential expression, epigenetic analyses and many more.
The output from the workﬂows includes quality reports, calculations
and predictions for novel transcripts, probabilities of diﬀerentially expressed transcripts and transcript characterizations like annotations,
such as GO, KEGG, Panther, wiki pathways, HMDB, DisGeNet, Reactome and methods to visualize the results (e.g. volcano plots, heatmaps, PCAs, networks, sashimi plots).
The following sections provide detailed insights towards the used
technology for the distribution and modularization of the workﬂows,
the necessity for integration of transcriptomic data and speciﬁc examples of the potential of our service.
2. Scientiﬁc workﬂows and modules for RNA-Sequencing
Reduced costs and increased accuracy of biological sequencing enabled the investigation of biological phenomena at a high resolution.
Unless the low entrance barriers and easy-to-use experimental protocols, the challenge of proper, transparent and reproducible data analyses are still a bottleneck (Spjuth et al., 2016). With respect to the
number of data analysis steps, the complexity of decisions on tool selection is increasing likewise, hence calling for systematic workﬂow
development and management frameworks (Lampa et al., 2013).

1.3. Too many good options? data analysis tools and algorithms for RNASeq experiments
The range of RNA related sequencing experiments and subsequent
data analyses are steadily increasing. Researchers have to weigh and
decide on speciﬁc technologies and combinations of experiments which
are getting more and more complex (Adiconis et al., 2013; Kukurba and
Montgomery, 2015; Podnar et al., 2014). Likewise, newly developed
tools, which are rapidly published for many sequencing data analysis
tasks, are also based on more sophisticated algorithms. A current collection of commonly used tools of any kind can be obtained at omic.tools and bio.tools (please see also Table 1 for the list of online resources and websites that are mentioned or discussed in this review).
Tools, which are no longer maintained or were never designed to
cope with evolving RNA-Seq protocols and the rapidly increasing
amount of available sequence data from ﬁrst (Sanger), second (454,
Solexa, Illumina) and third generation sequencing approaches
(IonTorrent, SOLiD, Nanopore, PacBio, SMRT) become outdated over
time. Another phenomenon is that data analysis tools being continuously maintained may change their behavior and parameters over
time. Therefore, the reuse of formerly generated workﬂows is frequently not simple or not possible at all to adapt towards certain analyses at the present time. Another major challenge is the comparison,
benchmarking, selection and integration of the most appropriate tools,
which is time-consuming and needs computational domain expertise.
Depending on the number of samples, the scale of time series and sequencing depth, computations may require heavy computational resources such as cluster, grid and cloud computing solutions. An adaptive management of available computing resources by load balancers
and queuing systems is often inevitable in creating analysis workﬂows.

2.1. Choosing the most appropriate workﬂow management framework
The de.NBI and ELIXIR initiatives are supporting the expansion and
further development of accessible workﬂow frameworks:
Galaxy (Afgan et al., 2016) and the Galaxy-RNA-Workbench
(Grüning et al., 2017): The Galaxy project is a framework that makes
advanced computational tools accessible without the need of prior extensive training. Galaxy seeks to make data-intensive research more
accessible, transparent and reproducible by providing a web-based
environment in which users can perform computational analyses and
have all of the details automatically tracked for later inspection, publication, or reuse.

• Applicable

for non-computational user's on a public server, explanatory interactive Galaxy tours, Galaxy “Tool Shed” for advanced
user’s (contains more than 3.500 tools), free to use (open-source),
broad community with over 80 public servers available for various
tasks, pre-build Docker/rkt images, international training network,
new tools need to be xml wrapped to be integrated

KNIME (Berthold et al., 2009; de la Garza et al., 2016): The Konstanz Information Miner is a modular environment, which enables easy
visual assembly and interactive execution of a data pipeline. It is designed as a teaching, research and collaboration platform, which enables simple integration of new algorithms and tools as well as data
manipulation or visualization methods in the form of new modules or
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Table 1
Web sites and resources that have been mentioned or discussed in this review (accessed at 17th Feb. 2017).
Organizations
Name

Web address

Bioconda
de.NBI
de.STAIR
Docker
Elixir
rkt
RNA Bioinformatics Center (RBC)

https://bioconda.github.io/
https://www.denbi.de/
http://destair.bioinf.uni-leipzig.de/
https://www.docker.com/
https://www.elixir-europe.org/
https://coreos.com/rkt
https://www.denbi.de/rbc

Tools
Name

Web address

Bcheck
BioConductor
bio.tools
Blast
Blat
Bowtie2
BWA
Chipster
ConDeTri
CopraRNA
CRT
Cuﬄinks/Cuﬀdiﬀ
Cutadapt
DESeq2
DNApi
edgeR
Emboss
FastQC
FASTX-Toolkit
featureCounts
Galaxy
Galaxy-RNA-Workbench
GLASSgo
Gorap
HiSat2
HTSeq-count
Infernal
IntaRNA
Kallisto
KNIME
Kraken package
NcDNAlign
NGS QC Toolkit
omic.tools
PAREsnip
PrinSeq
Prokka
RAST
Reapr
RNAlien
RNAcounter
RNAhybrid
RNAmmer
RNAplex
RNApredator
RNASEG
RNAz
Sailﬁsh
Salmon
Segemehl
Sickle
SILVA
SIPHT
Skewer
Snakemake
SortMeRNA
Star
TargetRNA2
TopHat2

http://rna.tbi.univie.ac.at/bcheck/
https://www.bioconductor.org/
https://bio.tools/
https://blast.ncbi.nlm.nih.gov/Blast.cgi
https://genome.ucsc.edu/cgi-bin/hgBlat
http://bowtie-bio.sourceforge.net/bowtie2/index.shtml
http://bio-bwa.sourceforge.net/
http://chipster.csc.ﬁ/
https://github.com/linneas/condetri
https://dx.doi.org/10.1093/nar/gku359
https://dx.doi.org/10.1186/1471-2105-8-209
http://cole-trapnell-lab.github.io/cuﬄinks/
https://github.com/marcelm/cutadapt
https://bioconductor.org/packages/release/bioc/html/DESeq2.html
https://github.com/jnktsj/DNApi
https://bioconductor.org/packages/release/bioc/html/edgeR.html
http://emboss.sourceforge.net/
http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
http://hannonlab.cshl.edu/fastx_toolkit/
http://subread.sourceforge.net/
https://usegalaxy.org
https://github.com/bgruening/galaxy-rna-workbench
http://rna.informatik.uni-freiburg.de/GLASSgo/Input.jsp
https://github.com/rna-hta-jena/gorap
https://ccb.jhu.edu/software/hisat2/index.shtml
http://www-huber.embl.de/HTSeq/doc/count.html
http://eddylab.org/infernal/
https://dx.doi.org/10.1093/bioinformatics/btn544
https://pachterlab.github.io/kallisto/
https://www.knime.org/
https://ccb.jhu.edu/software/kraken/
https://doi.org/10.1016/j.ygeno.2008.04.003
http://www.nipgr.res.in/ngsqctoolkit.html
https://omictools.com/
https://dx.doi.org/10.1093/nar/gks277
https://sourceforge.net/projects/prinseq/ﬁles/
https://dx.doi.org/10.1093/bioinformatics/btu153
https://dx.doi.org/10.1186/1471-2164-9-75
http://www.sanger.ac.uk/science/tools/reapr
http://rna.tbi.univie.ac.at/rnalien/
https://pypi.python.org/pypi/rnacounter
https://dx.doi.org/10.1093/nar/gkl243
https://dx.doi.org/10.1093/nar/gkm160
https://dx.doi.org/10.1093/bioinformatics/btn193
https://dx.doi.org/10.1093/nar/gkr467
https://dx.doi.org/10.1186/1471-2105-15-122
https://www.tbi.univie.ac.at/software/RNAz/
http://www.cs.cmu.edu/∼ckingsf/software/sailﬁsh/
https://combine-lab.github.io/salmon/
http://www.bioinf.uni-leipzig.de/Software/segemehl/
https://github.com/najoshi/sickle
https://www.arb-silva.de/
https://dx.doi.org/10.1007/978-1-61779-949-5_1
https://github.com/relipmoc/skewer
https://snakemake.readthedocs.io/en/stable/
https://dx.doi.org/10.1093/bioinformatics/bts611
https://github.com/alexdobin/STAR
https://dx.doi.org/10.1093/nar/gku317
https://ccb.jhu.edu/software/tophat/manual.shtml
(continued on next page)

87

51

2.1 Workflow development for RNA-Seq data analysis

Journal of Biotechnology 261 (2017) 85–96

S.C. Lott et al.

Table 1 (continued)
Tools
Name

Web address

Trapline
Trimmomatic
TriplexRNA
tRNAscan-SE
TSSAR
UPARSE
VSEARCH

https://www.sbi.uni-rostock.de/TRAPLINE
http://www.usadellab.org/cms/?page=trimmomatic
https://triplexrna.org/
http://lowelab.ucsc.edu/tRNAscan-SE/
https://dx.doi.org/10.1186/1471-2105-15-89
https://dx.doi.org/10.1038/nmeth.2604
https://dx.doi.org/10.7717/peerj.2584

nodes.

language and a powerful execution environment that scales from singlecore workstations to compute clusters without modifying the workﬂow.

• Modular, grid and user support environment, workﬂows are inter-

• Readable Python-based workﬂow deﬁnition language, eﬃcient re-

operable and represented as Petri nets, hierarchy of workﬂows
possible, e.g., meta nodes can wrap a sub-workﬂow into an encapsulated new workﬂow, framework enables “hiliting” (selecting
and highlighting several rows in a data table and the same rows are
also highlighted in all other views that show the same data table),
execution of workﬂows on high performance clusters only within
the commercial version

source usage, available on Linux, computationally advanced command line based framework, interoperates with any installed tool or
available web service, jobs can be visualized as directed acyclic
graph

In addition, a systematic search and evaluation of further workﬂow
management frameworks with a focus on RNA-Seq data analysis was
done by Poplawski et al. (Poplawski et al., 2016).

Chipster (Gentleman et al., 2004; Kallio et al., 2011): Chipster is a
user-friendly analysis software for high-throughput data (contains
currently more than 360 tools). Its intuitive graphical user interface
enables biologists to access a powerful collection of data analysis and
integration tools, and to visualize data interactively. Users can collaborate by sharing analysis sessions and workﬂows.

2.2. Technical illustration of cloud computing frameworks
After choosing and setting up the analysis workﬂow within an appropriate framework one has to decide on a reasonable computing
environment. In general, computing environments can be distinguished
between web-based (free of charge community cloud computing), oﬀline, and hybrid solutions (e.g., private and commercial cloud computing). According to the National Institute of Standards and
Technology cloud computing is deﬁned “as a model for enabling ubiquitous, convenient, on-demand network access to a shared pool of
conﬁgurable computing resources (e.g., networks, servers, storage,
applications, and services) that can be rapidly provisioned and released

• Desktop application user interface available (Java), strong support

and easy integration of R based tools (e.g. from BioConductor),
freely available and open source client-server system, about 25
diﬀerent visualizations (interactive and static)

Snakemake (Köster and Rahmann, 2012): Snakemake is a workﬂow
engine that provides a readable Python-based workﬂow deﬁnition

Fig. 1. Overview of possible data input formats (top), modularized workﬂow elements separated by certain tasks (middle; dark blue: in silico predictions; pink: linkage of epigenetic data;
light blue: integration of further databases) and examples of subsequently generated output (bottom).
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Fig. 2. Conceptualization of the de.STAIR project’s
recommendation system. The ﬁgure shows how the
use of our guided and modularized workﬂows allow
end users to achieve their goals by actively choosing
a trajectory path that optimizes their analysis. A recommendation system is responsible for the guidance
of the trajectory, leaving the user the choice of which
tool to operate with. Such a system lets researchers
carry out their analyses while providing the beneﬁts
of using a modularized workﬂow instead of developing data analysis pipelines from scratch.

and optimized to obtain the ﬁnal results.
In order to adapt workﬂows over time, we recommend keeping up
with the changes in the tools by a registration in bio.tools (Ison et al.,
2016), where they are described by means of the EDAM Ontology (Ison
et al., 2013). This ontology enables the characterisation of a tool's input
formats, output formats, and parameter types. Our proposed software
layer would therefore leverage on the EDAM Ontology to infer what
tool and parametrization can be used to carry out the desired task. This
approach is tool implementation agnostic, which means that if the tool
changes, its EDAM terms change, and therefore our recommendation
for the most appropriate tool can change accordingly. This software
layer implements a recommendation system, which empowers the user to
decide on speciﬁc modules of the workﬂow to run against the provided
input data. The result will be an expert driven, tailor-made workﬂow to
perform the most appropriate computational data analysis.
In order to enhance the usability, the workﬂows can be showcased
by means of a Galaxy Tour: an interactive guide that illustrates how the
main components of the workﬂow connect in relation to real-life user
tasks (Grüning et al., 2017).

with minimal management eﬀort or service provider interaction”. Due
to the vastly increasing amount of computational data being created,
large consortia, namely public-private-partnerships, are established to
share objectives, resources, costs, risks, and responsibilities between
academia and industrial partners (e.g., International Cancer Genome
Consortium, 100.000 Genomes Project) (Granados Moreno et al.,
2017). The most frequent used commercial cloud services are Google’s
and Amazon’s Web Services private cloud-computing infrastructures.
Due to concerns on data safety, security and privacy, cloud computing
is rather weakly adopted within the healthcare system (Griebel et al.,
2015). An emerging solution to deploy the workﬂows, including all
necessary tools and dependencies, are software channels and containers
like Bioconda, Docker or rkt. These containers are emerging as a possible solution for many of the formerly addressed concerns, as they
allow the packaging of workﬂows in an isolated and self-contained
system, which simpliﬁes the distribution and execution of tools in a
portable manner across a wide range of computational platforms such
as Galaxy and KNIME (Di Tommaso et al., 2015). The technology
combines several areas from systems research, especially operating
system virtualization, cross-platform portability, modular reusable
elements, versioning, and a “DevOps” philosophy (Boettiger, 2015).
Exemplarily, Wolﬁen et al. (2016) and Schulz et al. (2016) demonstrated successful implementations of a Galaxy/Docker based workﬂow
with discrete software applications for the analysis of NGS data (Schulz
et al., 2016; Wolﬁen et al., 2016).

3. Pitfalls of RNA-Seq data analyses
In this section we will showcase the importance of workﬂow development for diﬀerential gene expression analysis of standard RNASeq protocols (independent of rRNA depletion or poly-A selection
methods during library preparation). This workﬂow will be modularly
implemented by de.STAIR, taking care of parameter settings for different tools.

2.3. How to develop better workﬂows for end users
Workﬂow management frameworks and cloud computing services
are bridging the gap between tool developers and end users, aiming
towards an easy applicable and up-scalable computational data analysis. This in turn allows for an improved data reproducibility, process
documentation, and monitoring of submitted jobs. Finally, workﬂows
facilitate the use of state-of-the-art computational tools which would be
hard to access for non-experts without graphical user interface frameworks. However, the use of workﬂows could be even more simpliﬁed
for experimental researchers by strengthening the speciﬁc focus on the
addressed research hypothesis and lessening the eﬀort for the selection
of the most appropriate tool. The selection and benchmarking of new
tools by the bioinformatician is a crucial step for establishing and updating applicable data analyses workﬂows for non-computational experts with the help of modularized workﬂow development. Starting with
a hypothesis or research question, the user will be guided to the necessary input data type and the most suitable software solution will be
provided as a modularized workﬂow (Fig. 2). Therefore, the comparison and the selection of existing tools as well as their implementation
into the computing infrastructure will be omitted for the end-user,
which will save time and guarantees an expert driven data analysis.
With respect to our documentation, the parameters have to be adjusted

3.1. Draft of an RNA-Seq data processing workﬂow
Sequencing technologies that involve DNA ampliﬁcation steps, including RNA-Seq analyes, can cause asymmetric sequence ampliﬁcation
due to the inherent GC bias (Aird et al., 2011; Chen et al., 2013). A
highly eﬃcient approach to recalculate the initial real number of
transcripts after the ampliﬁcation and sequencing step, is called “digital
RNA sequencing” (Shiroguchi et al., 2012). This procedure combines
the speciﬁc tagging of sequences with unique barcodes with a distinct
strategy for post-processing analysis. The tagging takes place before the
ampliﬁcation is performed, whereas the unique barcodes are counted
after the sequencing to retrieve the original number of transcripts
(Shiroguchi et al., 2012).
Assuming demultiplexed RNA-Seq data, the processing usually
starts with raw reads provided in fastq format. In addition to the sequence of nucleotides, the fastq format also provides a quality value,
i.e. a Phred score, for each of the sequenced bases. In the ﬁrst step, an
evaluation of these quality values as well as the calculation of the GC
content, read duplication levels and contaminations are crucial for any
further analyses. The quality visualization tools FastQC (“Babraham
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Bioinformatics – FastQC A Quality Control tool for High Throughput
Sequence Data,” n.d.) or NGS QC Toolkit (Patel and Jain, 2012) calculate multiple quality statistics for read data which can be used to
adjust parameters for downstream analysis. For example, possible remaining adapter sequences can be detected from a basic k-mer analysis
or overrepresented sequences.
While the adapter sequence should always be documented and thus
known to anyone who works with a speciﬁc sequencing dataset, in
practice this is rarely the case. In such scenarios, adapters may also be
automatically predicted using DNApi (Tsuji and Weng, 2016). To clip
them oﬀ, various tools such as fastx_clipper from the FASTX-Toolkit,
Cutadapt (Martin, 2011), Skewer (Jiang et al., 2014) and Reaper from
the Kraken package (Wood and Salzberg, 2014) can be used. Often
adapter clippers are already integrated into trimming software like
PrinSeq (Schmieder and Edwards, 2011), Trimmomatic (Bolger et al.,
2014) and ConDeTri (Smeds and Künstner, 2011). After the removal of
adapters, a quality trimming step is recommendable. Removing low
quality parts of a read, such as homopolymers, improves the reliability
of downstream analysis. Despite the fact that most of the tools for
quality trimming use an almost similar approach, usually a sliding
window, they have been shown to perform quite diﬀerently. Thus, an
adjustment of parameters and thresholds is often necessary to obtain
optimal results. In a study performed with reads from Illumina sequencing experiments, the tools Trimmomatic, ConDeTri or Sickle
(najoshi, n.d.) perform best with loose cutoﬀs (average Phred score
∼20), whereas for others, e.g. PrinSeq, a more strict cutoﬀ (average
Phred score ∼25) needs to be used. The chosen quality threshold is
crucial for maximizing the relative number of trimmed reads alignable
to the reference and to increase speciﬁcity for, e.g., SNP calling (Del
Fabbro et al., 2013). In order to perform trimming and mapping, the
encoding of the Phred scores is necessary to be known. While classic
Sanger sequences, as well as Illumina sequences (CASAVA ≥ 1.8) are
usually encoded in the so called Phred + 33 scheme, Solexa (Phred
+ 59) and older Illumina sequences (Phred + 64) often need to be
transcoded (commonly known as conversion from Illumina to Sanger)
by fastq_quality_converter (“FASTX-Toolkit,” n.d.) or EMBOSS (Rice
et al., 2000) to work with today's software.
Over the last decade several read alignment algorithms were developed to replace traditional sequence aligners like BLAST (Altschul
et al., 1990) and BLAT (Kent, 2002), which are limited in dealing with
huge amounts of sequencing data. Furthermore, most of the state-ofthe-art mapping algorithms take care of intronic regions and allow splitread alignments. Some of the most popular tools are BWA (Li and
Durbin, 2009), Bowtie2 (Langmead and Salzberg, 2012), TopHat2 (Kim
et al., 2013) followed up by HiSat2 (Kim et al., 2015). All of them are
based on Burrows-Wheeler transform methods and seed-extend based
mapping techniques. Other aligners like STAR implement suﬃx arrays
as index of the reference for eﬃcient mapping (Dobin et al., 2013).
Using a similar approach, Segemehl is a multi-split-read aligner based
on enhanced suﬃx arrays, which is capable of processing InDels during
the seed search and thus is suitable for mapping also short or contaminated reads and can be subsequently used to detect circular RNAs
(Hoﬀmann et al., 2014, 2009). Therefore, reads with increased error
rates towards their 3′ ends or biases in the nucleotide composition can
still be mapped using Segemehl (Hansen et al., 2010). In an exhaustive
study 11 diﬀerent alignment programs were reviewed regarding accuracy/mismatch-frequency, splice site detection and performance. The
underlying algorithms were described to either truncate reads or allow
for mismatches and that mapping performance or accuracy in splice site
detection is lost for higher mapping rates and increased sensitivity
(Engström et al., 2013). More recent methods, including Kallisto (Bray
et al., 2016), Sailﬁsh (Patro et al., 2014) and Salmon (Patro et al., 2017)
for the quantiﬁcation of RNA-Seq reads follow the tendency to use
‘alignment free’ quantiﬁcation methods for faster and resource-sparing
RNA-Seq analysis. Such quasi-mapping techniques are based on lightweight-alignment- (Salmon) or pseudo-alignment-algorithms (Kallisto)

and eﬃciently use the structure of a reference sequence without performing full base-to-base alignments. This allows reporting of all potential alignments (multi-mappings) without increased running time as
compared to other modern mappers. To infer likely seed positions of
reads, fragment mapping information can be obtained from a reference
indexed only once, using suﬃx arrays or approximately matching paths
in a De Bruijn graph and other eﬃcient data structures like k-mer hashes (Srivastava et al., 2016). Quasi-mapping lends itself for coarsed
tasks like transcript quantiﬁcations, clustering and isoform prediction,
thereby performing with similar accuracy to traditional approaches
(Robert and Watson, 2015).
This variety of options underscores the need to choose appropriate
aligners for speciﬁc research questions. Aiming for non-coding transcript identiﬁcation, especially miRNAs, reads should preferably not
accumulate mismatches in seed regions, but can be truncated.
Furthermore, most mapping tools allow for a multiple or unique mapping strategy. Regarding the ﬁrst strategy, reads may be aligned to
multiple regions such as domain sharing paralogous genes and pseudogenes as well as regions of low complexity in genomic references or
numerous isoforms in transcriptomic references (Conesa et al., 2016).
While transcript quantiﬁcation based on multi-mapped reads for noncoding RNA (ncRNA) classes sharing similar sequences is advisable, it is
generally not for other genes because the quantiﬁcation becomes more
challenging and the base wise accuracy decreases.
Other important questions with consequences for the data analysis
arise from the species under investigation. de.STAIR aims to suggest
suitable tools and proper default parameter settings.
3.2. Diﬀerential gene expression analysis
Downstream analysis aims at solving a wide range of questions such
as the detection of diﬀerentially expressed genes, splice isoforms, and
identiﬁcation of up- and downregulated pathways or single nucleotide
variant (SNV) enrichments. Diﬀerential gene expression analysis tools
often start with (normalized) per gene read counts from diﬀerent RNASeq samples. Existing tools for read quantiﬁcation diﬀer in terms of
counting strategy, parametrization and runtime. For example, the
widely used software HTSeq-count (Anders et al., 2015) counts reads
and split read fragments in a rather static manner and oﬀers comparably few parameters. Other tools such as RNAcounter and featureCounts (Liao et al., 2014) have a higher level of ﬂexibility and are
usually faster.
To compare two or more samples, it is essential to take into account
varying library sizes and diﬀering transcript lengths caused by multiple
isoforms or SECIS element activity (Conesa et al., 2016). To remove
such biases, a number of diﬀerent measures for the normalized quantiﬁcations of reads such as the “reads/fragments per kilobase million
(R/FPKM)” or “transcripts per million (TPM)” have been introduced.
Meanwhile, a number of tools for the detection of diﬀerentially expressed genes have been published. The softwares edgeR (Robinson
et al., 2010) and DESeq2 (Love et al., 2014) are using a similar statistical approach for variance stabilization transformation. This transformation becomes necessary as the variance of read counts essentially
grows and thus depends on the number of counted reads. DESeq2 may
be adjusted to take higher variances of non-diﬀerentially expressed
genes into account as deduced from replicate samples collected from
diﬀerent species or patients. An alternative tool for the detection of
diﬀerentially expressed genes is Cuﬀdiﬀ (Trapnell et al., 2013). Rapaport et al. observed a reduced sensitivity compared to various other
tools and concluded that the Cuﬄinks speciﬁc normalization process,
including alternative isoform expression and transcript lengths, may be
a possible reason (Rapaport et al., 2013). In a recent study to investigate host-pathogen interactions with a special focus on expressed
long ncRNAs (lncRNAs), an additional ﬁlter for diﬀerentially expressed
genes was proposed (Klassert et al., 2017; Riege et al., 2017). The authors concluded that minimum TPM values ought to be used to obtain a
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good set of signiﬁcantly expressed genes, which are able to eliminate
potential biases due to transcript lengths in normalized read counts. To
further facilitate the integration of RNA-Seq experiments with other
data such as those derived from the analysis of epigenetic modiﬁcations
or transcription factor binding sites, de.STAIR is implementing tools
and workﬂows to quickly identify diﬀerentially methylated regions
even in larger datasets (Jühling et al., 2016) and to integrate these
regions with the results from RNA-Seq experiments, e.g., to obtain
correlated diﬀerentially methylated regions or signiﬁcant transcription
factor (binding site) alterations.

approaches are widely used to increase the reliability of a prediction
due to the underlying statistical possibilities. By considering this principle, e.g. SIPHT (Livny, 2012), Infernal (Nawrocki et al., 2009;
Nawrocki and Eddy, 2013a) and RNAlien (Eggenhofer et al., 2016)
have been developed. In this context, “comparative” does not only
mean the comparison of instantly generated sequences identiﬁed by an
alignment tool of choice, but can also relate to well-annotated knowledge as existing, e.g., in the Rfam database (Nawrocki et al., 2014).
The annotation of ncRNAs enables researchers to carry out extended
functional and diﬀerential expression studies. Therefore, new members
of RNA families as provided by the Rfam database (Nawrocki et al.,
2014) can be identiﬁed by secondary structure constrained homology
searches. For this task, the GORAP pipeline is being developed (rna-htajena, n.d.), which is mainly based on the Infernal package (Nawrocki
et al., 2009; Nawrocki and Eddy, 2013b) and uses multiple in-house
ﬁlters for taxonomic information, RNA family speciﬁc thresholds,
structure and sequence properties, which can be governed by the user.
GORAP comprises modular, specialized software for the detection of
speciﬁc RNA families: tRNAscan-SE (Lowe and Eddy, 1997) for tRNAs,
RNAmmer (Lagesen et al., 2007) for rRNAs, Bcheck (Yusuf et al., 2010)
for RNase P RNAs and CRT (Bland et al., 2007) for CRISPR RNAs. It was
successfully applied on diﬀerent whole genome assemblies for bacterial
species (Lechner et al., 2014; Möbius et al., 2015; Sachse et al., 2014)
and fungi (Linde et al., 2015; Schwartze et al., 2014).
The most powerful approach for the detection of bacterial sRNAs
relies on RNA-Seq and especially dRNA-Seq (Sharma et al., 2010). Here,
it is advantageous to generate dRNA-Seq data together with a parallel
classical RNA-Seq approach. Then, workﬂows such as the “TSS annotation regime” (TSSAR) (Amman et al., 2014) can be applied, which
utilizes both types of datasets and is considering the local expression
rate from RNA-Seq and associates peaks from dRNA-Seq to deﬁne TSSs.
With the aid of the corresponding genome annotation ﬁle, the TSSs then
can be classiﬁed as (1) gTSS (gene TSS: TSS of an annotated gene) and/
or (2) aTSS (antisense TSS: located on the reverse strand of an annotated gene) and/or (3) iTSS (internal TSS: located within an annotated
gene) or (4) oTSS or nTSS (for orphan or non-coding TSS: e.g., sRNAs
transcribed from an intergenic region) (Čuklina et al., 2016).
The majority of published bacterial genome sequences were automatically annotated by computational services like RAST (the Rapid
Annotation Server) (Aziz et al., 2008) or Prokka (Seemann, 2014).
These annotation regimes provide rapid insight into the composition
and arrangement of genes or regulatory elements for a given genome.
Additional information from dRNA-Seq can help to improve the existing
annotation by correcting the 5′ ends of modelled genes and adding
precise information on the TSSs (Čuklina et al., 2016). However, by
combining the information from dRNA-Seq and RNA-Seq it is possible
to deﬁne transcriptional units (TU) based on real expression data,
which is very advantageous for the identiﬁcation of operons, the full
lengths of sRNAs and asRNAs, as well as the identiﬁcation of divergent
but overlapping transcripts due to alternative TSSs or maturation
events. Such TUs can be eﬃciently identiﬁed using the software
package “RNASEG” (Bischler et al., 2014).
During computer-aided data analysis and the experimental setup,
several pitfalls should be kept in mind. So, a correct parameter adjustment to optimize estimation numbers of TSS, respectively TU prediction, is important for the discussed tools.

4. From the identiﬁcation of regulatory RNAs in bacteria and their
targets to the characterization of natural microbial communities
Bacterial regulatory small RNAs (sRNAs) are crucial for the posttranscriptional regulation of gene expression. Indeed, these are involved in almost all responses to environmental changes (Marchfelder
and Hess, 2012). Bacterial sRNAs mediate cross-regulation between
bacterial mRNAs because one mRNA can be targeted by multiple
sRNAs, as known for most sRNAs and most sRNAs have multiple targets
(Bossi and Figueroa-Bossi, 2016). However, sRNA genes are not commonly annotated during genome analysis and the identiﬁcation of their
targets requires substantial additional eﬀort. In this chapter, we describe state-of-the art approaches to deal with these issues.
4.1. The identiﬁcation of sRNAs in bacteria by computational prediction
within datasets generated by diﬀerential RNA-Seq (dRNA-Seq)
Major problems arise from the fact that regulatory RNAs in bacteria
are extremely heterogeneous. Their length varies between 40 nt for the
Escherichia coli sRNA tpke70 (Hershberg et al., 2003) and more than
800 nt long for the Salmonella sRNA STnc510 (Sittka et al., 2008). Even
the very conception of a regulatory RNA as being non-coding has been
challenged with the discovery of dual function sRNAs, i.e., sRNAs that
have a regulatory function and also encode a functional peptide or
small protein (Gimpel and Brantl, 2017). Examples include the RNAIII
of Staphylococcus aureus, which is a regulatory RNA of 514 nt and encodes the 26 amino acid δ hemolysin (Benito et al., 2000; Boisset et al.,
2007; Vandenesch et al., 2012) or the 227 nt SgrS sRNA of enteric
bacteria that encodes the 43 amino acid functional polypeptide SgrT
(Wadler and Vanderpool, 2007). Moreover, regulatory RNAs may derive by processing from larger mRNAs, UTRs as well as ncRNAs (Chao
et al., 2012; De Lay and Garsin, 2016; Lalaouna et al., 2015; Miyakoshi
et al., 2015) and include regulatory elements such as marooned riboswitches (De Lay and Garsin, 2016).
Computational approaches for the prediction of bacterial sRNAs and
their genes can be classiﬁed into de novo approaches and approaches
that utilize comparative information. De novo approaches may combine
the search for promoters, speciﬁc transcription factor binding sites and
Rho-independent terminators in intergenic regions (Argaman et al.,
2001; Chen et al., 2002; Lenz et al., 2004). For trans-encoded sRNAs,
comparative strategies start with a conserved sequence from an intergenic region. Then, homologs from closely related species are clustered
and compared in pairwise or multiple alignments, which are subsequently scored according to predicted RNA structural features. These
include thermodynamic stability values derived from the consensus
folding of aligned sequences, e.g. by using the tool RNAz (Washietl
et al., 2005; Washietl and Hofacker, 2004). Based on such strategies,
sRNAs were predicted for diﬀerent sets of closely related model cyanobacteria (Ionescu et al., 2010; Voss et al., 2009a), in Rhizobiales
(Madhugiri et al., 2012; Voss et al., 2009b), in the haloarchaeon Haloferax volcanii (Babski et al., 2011) and for picocyanobacteria of the
Prochlorococcus-Synechococcus lineage (Axmann et al., 2005). Using the
NcDNAlign algorithm (Rose et al., 2008) sRNAs were successfully
predicted in Pseudomonas (Sonnleitner et al., 2008), relying on the
usage of comparative information from 10 genomes. Comparative

4.2. Analysis of sRNAs in natural microbial communities
Metatranscriptomic diﬀerential RNA-Seq (mdRNA-Seq) as well as
metatranscriptomic RNA-Seq (metaRNA-Seq) are protocols to analyze
highly complex transcription compositions of biological communities.
Hou et al. (Hou et al., 2016) proposed a bioinformatic workﬂow for
mdRNA-Seq/metaRNA-Seq data to perform taxonomic assignments,
prediction of TSSs (including classiﬁcation into gTSS, iTSS, aTSS and
oTSS) and the analysis of associated promoter sequences and regulatory
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Fig. 3. Bioinformatic workﬂow for mdRNA-Seq analysis (modiﬁed from Hou et al., 2016). Step 1, the sampled data as mdRNA-Seq and metaRNA-Seq are used as input and both are
quality controlled in Step 2 using FastQC and in Step 3 become trimmed and barcode/adapter removed using Trimmomatic (Bolger et al., 2014). Step 4, the modiﬁed data are transferred
from FASTQ to FASTA and identical reads are clustered. Step 5 divides the sequences into two groups “non-rRNA” and “rRNA” by using SortMeRNA (Kopylova et al., 2012) and only the
“non-rRNA” reads are used for further analysis. Step 6, through the sequencing and quality ﬁltering, the two datasets (mdRNA-Seq/metaRNA-Seq) can diﬀer in the number of reads. The
subsampling procedure is tackling this problem to adjust the libraries to identical sizes. Step 7, taxonomy assignment – for further analysis the reads are assigned to their common lowest
ancestor (BLASTn/BLASTx). Step 8, the pre-grouped reads of interest, e.g., reads assigned to Prochlorococcus are used for a reassignment step against a well annotated version of a
Prochlorococcus model genome. Step 9, with the aid of the mdRNA-Seq information, a TSS prediction is performed as well as classiﬁed into gTSS, iTSS, aTSS and oTSS. Step 10, by
considering the TSS prediction and the complete sequencing information, a transcriptome plot can be drawn.

motifs that are ﬁnally complemented by further functional analyses
utilizing KEGG. This workﬂow was successfully applied to analyze data
coming from the northern Gulf of Aqaba in the Red Sea (Hou et al.,
2016). By using this workﬂow the authors located genome-wide TSS,
regulatory elements in the promoter regions and intergenic regions and
improved the genome annotation for several non-model organisms
belonging to all three domains of life. Fig. 3 shows a slightly modiﬁed
and updated workﬂow for this analysis. For example, “Cutadapt”
(Martin, 2011) was replaced by “Trimmomatic” (Bolger et al., 2014),
based on its enhanced usability and computational power (see also
Skewer for alternative) (Jiang et al., 2014). As input both types of datasets were used to perform a quality curation, followed by a global
read assignment approach (BLASTn/BLASTx) and a TSS prediction in
combination of all sequences is applied to draw a transcriptome plot.
In the metatranscriptomic analysis of natural microbial populations
(Pfreundt et al., 2016a) it is important to consider the community
structure, i.e., the numerical relationships among taxa. In this way it is
possible to diﬀerentiate “active” taxa with high transcriptional activity

from “non-active” community members, which are present but show
little-to-none gene expression. A workﬂow has been developed by
Pfreundt et al. (2016b) for the community composition analysis based
on 16S amplicon quantiﬁcation using the UPARSE pipeline (Edgar,
2013) and taxonomic classiﬁcation using the SILVA SSU taxonomy
database (Quast et al., 2013).

4.3. Approaches for the prediction of the regulatory targets of bacterial
sRNAs
In view of the high number of diﬀerent sRNAs in any given bacterial
genome, the identiﬁcation of their regulatory targets is critical for their
further characterization. Therefore, the reliable computational prediction of sRNA targets has become an important ﬁeld of research.
The main challenges for reliable predictions are the small number of
interacting sequence elements between a sRNA and its frequently distant target mRNA as well as imperfect complementarity, which can
reside in various sections of the sRNA. In addition, a few sRNAs have
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protein-binding rather than mRNA-binding functions, some targets are
recognized by the joint action of two diﬀerent modules in the interacting RNA molecules (kissing hairpins) and some sRNAs have single or
only very few targets whereas others control multiple diﬀerent mRNAs.
There are diﬀerent approaches to compute interactions between a given
sRNA and its target mRNAs. In the following, a selection of sRNA
prediction tools will be presented.
RNAplex (Tafer and Hofacker, 2008)

•

sRNA and mRNA target, hybridization energy between the interacting sRNA/mRNA
main features: freely available web server; identiﬁcation of transacting sRNA targets
CopraRNA (Wright et al., 2014, 2013)

• based on: Phylogenetic information, IntaRNA predictions
• main features: freely available web server; p-value; mRNA region

• based on: Energy folding algorithm; fast detection of possible hybridization sites
• main features: Extension of minimum energy folding algorithm to

plot; sRNA region plot; functional enrichment (DAVID annotation)

During the comparison of the most popular target prediction tools,
CopraRNA ranked on top from several perspectives (Pain et al., 2015).
CopraRNA is especially good with regard to the number of false-positives (Wright et al., 2013). This can be ascribed to the consideration of
multiple sRNA homologs instead of only a single sRNA. At the same
time, the need for multiple sRNA orthologs is also a major disadvantage
of CopraRNA because, in some cases, the sRNA of interest may be restricted to a single species or, more frequently, the potential homologs
are diﬃcult to ﬁnd. To overcome this disadvantage and to ﬁnd sRNA
homologs in a reliable way and avoiding descriptor based approaches
(Macke et al., 2001), the GLASSgo algorithm is being developed.
GLASSgo is currently integrated into the web server providing the
Freiburg RNA Tools and can be freely used without limitations.
GLASSgo provides an approach to detect, extract and evaluate potential sRNAs from scratch. This workﬂow works for sequences coming
from dRNA-Seq/RNA-Seq as well as mdRNA-Seq/metaRNA-Seq experiments (Fig. 4 – (a) “Input”). Followed by a preprocessing step,
which contains “Quality Control” with FastQC, “Adapter + Barcode
removal” with Trimmomatic (Bolger et al., 2014), “Sequence Trimming” with Trimmomatic (Bolger et al., 2014) and ﬁnally “Sequence
Mapping” with Segemehl (Hoﬀmann et al., 2009; Otto et al., 2014) or
VSEARCH (Rognes et al., 2016). The last step depends on the used sequencing protocol. For dRNA-Seq/RNA-Seq all transcripts are mapped
against a reference genome, whereas mdRNA-Seq/metaRNA-Seq needs
a preselection to assign the sequences with respect to their associated
genome. At the end of the “Preprocessing” step, a SAM ﬁle (Li et al.,
2009) is needed for the “TU-Prediction” tool RNASEG (Bischler et al.,

two sequences (Li et al., 2012); up to 10–27 times faster than
RNAhybrid (Krüger and Rehmsmeier, 2006)
IntaRNA (Busch et al., 2008)

• based on: Minimization of extended hybridization energy of two
interacting RNAs
• main features: Accessibility of binding sites; user-speciﬁed seed (Li
et al., 2012), freely available web server

RNApredator (Eggenhofer et al., 2011; Tjaden et al., 2006)

• based on: RNAplex
• main features: Target site accessibility (Li et al., 2012); at least three
orders of magnitude faster than RNAup or IntaRNA; freely available
web server
PAREsnip (Folkes et al., 2012)

• based on: transcriptome, degradome, sRNAome and genome data
• main features: applicable on large as well as on small-scale experiments

TargetRNA2 (Kery et al., 2014; Tjaden et al., 2006)

• based on: Conservation of the sRNA, secondary structure of the

Fig. 4. Workﬂow to predict intergenic located sRNAs from scratch. (a) The ﬁrst part of the workﬂow describes the data handling, Transcriptional Units (TU) prediction, extraction of
intergenic located TUs and the setup of the potential sRNAs list. (b) The second part focuses on the evaluation of the previously extracted sRNAs. It is based on a homology search to
enhance the evidence by using comparative approaches like RNAz (Gruber et al., 2009) and CopraRNA (Wright et al., 2014, 2013).
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2014). Under the condition that the reads are Poisson distributed,
Bischler et al. tried to deﬁne sharp borders between the start and end
site of a transcript. This is called a “Transcriptional Unit” (TU) and the
interval (genome coordinates + strand orientation) of a TU can be
extracted from the ﬁnal result table. The suggested workﬂow was designed to predict intergenic located sRNAs and therefore the “TU-Extraction” procedure takes only these types of TUs into account. The ﬁrst
part (a) of the workﬂow (Fig. 4) is available and the potential set of
sRNA TUs serve as input for the second part (b).
Each predicted potential sRNA TU is used as query to perform a
“Homology Search” with GLASSgo. It returns a trustworthy set of
homologs and the query sequence itself as FASTA format. These sets are
analyzed independently with RNAz (Gruber et al., 2009; Washietl et al.,
2005) as well as CopraRNA (Wright et al., 2014, 2013) and ﬁnally the
outcomes of both algorithms are correlated to set up a descend ranked
table (best to worst). The sRNA candidates with the highest ranked
potential among the “sorted sRNAs” can be used to carry out experimental tests.
5. The consortium
The members of the de.STAIR consortium “Structured Analysis and
Integration of RNA-Seq Experiments” aim at supporting the research
community with tools and workﬂows to enhance the overall integration
of transcriptomic data towards additional regulative, predictive and
annotation potential. To enable maximum suitability, interconnectivity,
and accessibility for the developed approaches and services, de.STAIR
provides dedicated training programs and materials for bioinformaticians and other life scientists and, ultimately, is lowering the bars to
RNA-Seq data analysis as a whole. These aims are supported by the
development of tools for the analysis of gene regulatory networks as
well as the prediction and identiﬁcation of miRNA-RNA interactions
(TriplexRNA) based on high throughput data (Amirkhah et al., 2015;
Khan et al., 2014; Lai et al., 2013; Schmitz et al., 2016; Schmitz and
Wolkenhauer, 2016), the development of transparent and automated
pipelines for RNA-Seq (Wolﬁen et al., 2016) and mdRNA-Seq analysis
(Hou et al., 2016) as well as the ongoing integration of speciﬁc tools
with the the existing RNA workbench of the RBC.
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2.1.3 A guide of best practices for RNA-Seq analysis in Galaxy
Gruening, B.A., ..., Wolfien, M., ..., Wolkenhauer, O., ...,
and Backofen, R. (2017).
The RNA workbench: best practices for RNA and high-throughput sequencing
bioinformatics in Galaxy.
Nucleic Acids Research. IF: 10.727, Citations (December 14, 2020): 21

RNA-based regulation has become a major research topic in molecular biology. The
analysis of epigenetic and expression data is therefore incomplete if RNA-based regulation
is not considered. Thus, it is increasingly important but not yet standard to combine
RNA-centric data and analysis tools with other types of experimental data, such as RNASeq or ChIP-Seq. Here, the authors present the RNA workbench, a comprehensive set of
analysis tools and consolidated workflows that enable the researcher to combine these two
worlds.
I contributed to this article by incorporating my experience gained during the development
of TRAPLINE (Section 2.1.1). In particular, I defined, revised, and tested workflows for
RNA-Seq data analyses and incorporated these into the underlying training material. Based
on the dockerized Galaxy framework, the RNA workbench guarantees simple access, easy
extension, flexible adaption to personal, and security needs, as well as sophisticated analyses
that are independent of command-line knowledge. Currently, it includes more than 50
bioinformatics tools that are dedicated to different research areas of RNA biology including
RNA structure analysis, RNA alignment, RNA annotation, RNA-protein interaction,
ribosome profiling, RNA-Seq analysis, and RNA target prediction.
The workbench is developed and maintained by experts in RNA bioinformatics and the
Galaxy framework. Together with the growing community evolving around this platform,
they are committed to keep the workbench up to date for future standards and needs,
providing researchers with a reliable and robust framework for RNA data analysis. The
code is continiously updated and publicly available for contribution at github (Fallmann
et al., 2019).10

10

https://github.com/bgruening/galaxy-rna-workbench

61

2.1 Workflow development for RNA-Seq data analysis

W560–W566 Nucleic Acids Research, 2017, Vol. 45, Web Server issue
doi: 10.1093/nar/gkx409

Published online 5 June 2017

The RNA workbench: best practices for RNA and
high-throughput sequencing bioinformatics in Galaxy

1

Bioinformatics Group, Department of Computer Science, University of Freiburg, Georges-Koehler-Allee 106,
D-79110 Freiburg, Germany, 2 Center for Biological Systems Analysis (ZBSA), University of Freiburg, Habsburgerstr.
49, D-79104 Freiburg, Germany, 3 Bioinformatics Group, Department of Computer Science, and Interdisciplinary
Center for Bioinformatics, University of Leipzig, Härtelstr. 16-18, D-04107 Leipzig, Germany, 4 Berlin Institute for
Medical Systems Biology, Max-Delbrück Center for Molecular Medicine, Robert-Rössle-Str. 10, D-13125, Berlin,
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ABSTRACT
RNA-based regulation has become a major research
topic in molecular biology. The analysis of epigenetic
and expression data is therefore incomplete if RNAbased regulation is not taken into account. Thus,
it is increasingly important but not yet standard to
combine RNA-centric data and analysis tools with
other types of experimental data such as RNA-seq
or ChIP-seq. Here, we present the RNA workbench,
a comprehensive set of analysis tools and consolidated workflows that enable the researcher to combine these two worlds. Based on the Galaxy framework the workbench guarantees simple access, easy
extension, flexible adaption to personal and security needs, and sophisticated analyses that are independent of command-line knowledge. Currently, it
includes more than 50 bioinformatics tools that are
dedicated to different research areas of RNA biology
including RNA structure analysis, RNA alignment,
RNA annotation, RNA-protein interaction, ribosome
profiling, RNA-seq analysis and RNA target predic-

tion. The workbench is developed and maintained
by experts in RNA bioinformatics and the Galaxy
framework. Together with the growing community
evolving around this workbench, we are committed
to keep the workbench up-to-date for future standards and needs, providing researchers with a reliable and robust framework for RNA data analysis.
Availability: The RNA workbench is available at https:
//github.com/bgruening/galaxy-rna-workbench.
INTRODUCTION
Since recent advances in high-throughput sequencing
(HTS) emphasized the importance and versatile role of
(non-coding) RNAs, there is high demand for integrated
computational analyses investigating RNA-mediated regulation. Previously existing workbenches (such as miARmaSeq (1) RAP (2) and the UEA Small RNA Workbench (3))
were focused on providing tools for the analysis of RNA
deep sequencing data and do not contain RNA centric
tools.
We addressed these needs by developing the RNA workbench. Based on the Galaxy framework (4) it combines a
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GOALS OF THE RNA WORKBENCH
The main driving force behind the development of the RNA
workbench is the goal to establish a central, redistributable
workbench for scientists and programmers working with
RNA-related data, and build a sustainable community
around it. This platform is unique in combining available
tools, worklows and training material, as well as providing
easy access for experimentalists. Simultaneously, it serves as
a central hub for programmers, which can easily integrate
and deploy their existing or novel tools and worklows. The
RNA workbench is based on three pillars: (i) a comprehensive set of RNA-bioinformatics tools, (ii) easy and stable
dissemination via Galaxy and Docker and (iii) a set of predeined worklows and associated descriptions/training material. The latter is needed for two reasons: irst, it facilitates
the use of the RNA workbench for researchers with limited
bioinformatics experience, and second, it allows to integrate
the workbench in the daily lab work by combining RNArelated analysis tasks with worklows for RNA-seq analysis.

Building on the shoulders of giants
In order to achieve long-term sustainability, we provide
the essentials of our work on BioConda (https://bioconda.
github.io) and BioContainers (8) (http://biocontainers.pro)
for reproducible deployments of tools into Galaxy. Using
easy-to-distribute packages for all tool dependencies also
enables automatic continuous integration tests for all developed tools and the workbench. After a tool passes the tests
and gets accepted it will be made available via an automatic
deployment into the Galaxy ToolShed (https://toolshed.g2.
bx.psu.edu) (9). From the ToolShed, Galaxy administrators
can easily install desired tools and worklows.

Easily accessible and reproducible analysis platform
For the fast dissemination of the RNA workbench, as well
as for an easy integration with other HTS analysis tasks,
we implemented the RNA workbench within the Galaxy
framework. A major advantage of relying on Galaxy as the
core framework is that it is possible to leverage its scalability, which enables the RNA workbench to run on single
CPU installations as well as on large multi-node high performance computing environments. Furthermore, Galaxy
provides researchers with means to reproduce their own
worklow analyses, enabling them to rerun entire pipelines,
or publish and share them with others. The RNA workbench is containerized, i.e., administrators can deploy it via
Docker. That makes it possible to have all tool installation
dependencies already resolved, while still keeping maintenance tasks to a minimum. The provided layer of virtualization also allows the handling of user-deined input data in
a secure and compartmentalized way, a key requirement for
researchers working on sensitive data (e.g. patient data in
clinics). Running the containerized RNA workbench simply requires installing Docker and starting the Galaxy RNA
workbench image. Furthermore, containerizing Galaxy enables a customized Galaxy instance with a selected subset of
tools dedicated to speciic data analysis tasks, while keeping
deployment and installation simple.
RNA-BIOINFORMATICS TOOLS
In its current state, the RNA workbench includes more
than 50 tools covering all aspects of RNA research. In a
community effort, these tools will be kept up-to-date and
adapted to future needs. New tools and new ways to visualize data provided to the user will also be integrated.
A current overview of tools available in the RNA workbench can be found at http://bgruening.github.io/galaxyrna-workbench/.
In the following, we will highlight a few of the integrated
tools.
The ViennaRNA package (5) consists of a suite of tools
centered around the prediction of secondary structures of
RNAs based on the thermodynamic Turner energy model.
Thus, it covers prediction of optimal and suboptimal structures from single sequences as well as alignments, prediction of ensemble base pair probabilities, accessibility of sequences, and RNA–RNA interaction prediction. Importantly, predictions can be lexibly controlled by hard and
soft structure constraints; the latter enables the inclusion of
structure probing data.
AREsite2 (10) is a resource for the investigation of AU,
GU and U-rich elements (ARE, GRE, URE) in human
and model organisms. It provides information on genomic
location, genomic context, RNA secondary structure context and conservation of annotated motifs in the whole gene
body including introns. It is integrated into the RNA workbench via its REST interface, which provides search results
directly in Galaxy for further analysis.
LocARNA (6,7) provides a comparative analysis of multiple (unaligned) RNAs by simultaneous folding and alignment, implementing a fast variant of the Sankoff algorithm.
Beyond pairwise and multiple alignments, it computes reliabilities of alignment columns and provides very fast analysis
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comprehensive set of tools for the analysis of RNA structures, RNA alignments, RNA–RNA and RNA–protein interactions, RNA sequencing, ribosome proiling, genome
annotation and many more. So far, we integrated more than
50 RNA-related tools, including suites like the ViennaRNA
package, covering this broad variety of use-cases (a complete list of tools can be found on GitHub). Every available tool works as a single building-block that can be connected with other tools to create computational pipelines.
Datasets can be incorporated in a similar manner, facilitating an intersection of diverse data sources such as DNA
methylation with RNA-seq experiments. Input and output
datasets can be deined by the user, and can be as diverse
as the adapted set of tools. Established data types for sequence and/or structure information are accepted as input.
Output data types follow the same principle, can be converted to different formats, or ultimately used to draw plots
and create igures. The workbench provides tools for visualizations of RNA structure datasets, such as dot-bracket
strings, and RNA 2D or 3D structures. The workbench also
covers a broad range of RNA secondary structure prediction and analysis tools such as RNAfold (5) or LocARNA
(6,7).

2.1 Workflow development for RNA-Seq data analysis

W562 Nucleic Acids Research, 2017, Vol. 45, Web Server issue

WORKFLOWS
One of the core concepts of the RNA workbench is the definition of standard worklows as a minimal set of building
blocks around which a researcher can compose and tailor
speciic pipelines. For example, a researcher wants to analyze the effects of an RNA-binding protein (RBP) in regard to expression levels in wild-type compared to knockout or knockdown of the RBP of interest. In this case, one
needs to combine the detection of differentially expressed
genes in the two conditions with the information of publicly available CLIP-data, as provided for example by the
doRiNA (11) database, to differentiate between direct and
indirect targets. Worklows for the analysis of differentially
expressed genes are part of the RNA workbench, as well as
an interface to doRiNA, such that it becomes an easy task
to design a new worklow combining these analysis steps.
In Galaxy, worklows are typically created in two different ways: (i) from an existing history, which stores all
tools applied in a previous analysis together with all pertinent parameters, or (ii) from scratch, using a graphical
editor via drag-and-drop of tools from the tool panel into
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the worklow editor. Within worklows, tools can be freely
combined to ensure a maximum of lexibility in their usage and connectivity between different analysis steps, e.g.
RNA structure analysis tools and RNA-seq data analysis.
Various format converters embedded in Galaxy allow combining diverse analysis outputs. Easy sharing of worklows
with other Galaxy users guarantees highly reproducible and
transparent research. In other words, the worklows ensure
that all analysis steps, tools and parameters of an experiment are documented and visible to researchers, readers and
reviewers. Worklows can also be submitted to the Galaxy
ToolShed or myexperiment.org (15) for further distribution.
The RNA workbench currently includes publicly available
standard worklows for RNA data analysis, e.g. for RNAseq. These worklows contain all required steps such as
quality control, mapping, differential expression analysis,
and visualization of results. Provided worklows can easily be extended or modiied, e.g. to use other read mappers
available in Galaxy.
In the following, we will describe two sample worklows,
one closely related to the detection of ncRNAs, which is
a common task in RNA-related research. The other worklow is related to the analysis of RNA-seq data and is often
needed as a subworklow for more complex analysis tasks.
These worklows are well annotated and described in the
RNA workbench and extended by interactive Galaxy tours.
Analysis of (unaligned) non-coding RNAs
An important task is to test for the existence of a functional structure in a non-coding RNA. However, the secondary structure of structured non-coding RNAs is not signiicantly more stable compared to random sequences (16).
Thus, putative functional structures can only be detected
using information about conservation. Our worklow for
non-coding RNAs performs the typical analysis steps required to detect conserved secondary structures, given a
set of unaligned RNA sequences. It computes a sequence
and a structure-based alignment by MAFFT (17) and LocARNA, respectively, and analyzes them with RNAcode
(18) and RNAz (19) with appropriate parameter settings.
RNAz and RNAcode both work on a given alignment. RNAz
tests whether a consensus secondary structure is signiicantly conserved, whereas RNAcode differentiates coding
from non-coding RNAs. Together these tools provide information, whether the RNAs are related and conserve a common secondary structure. In addition, a covariance model is
built from the LocARNA alignment and subsequently used
to search the given sequence database for RNAs with similar sequence- and structure-conservation. This worklow
resembles the core of RNAlien (20), which is based on the
same tools and is integrated into the RNA workbench. Going beyond the presented worklow, RNAlien automatically
gathers sequences via homology search starting from a single sequence and constructs RNA family models in an iterative process.
To give an other example, in the context of ORFs detection, RNA-seq analysis, the identiication of non-coding
RNAs with RNAcode and RNAz and the detection of transcription start sites can be used to determine new, short
transcripts that are expressed and do not exhibit secondary
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by simultaneous folding and matching. Finally, LocARNA
supports anchor and structure constraints, which improve
its applicability in practice.
doRiNA (11) is a database of RNA interactions in posttranscriptional regulation. The combined action of RNAbinding proteins (RBPs) and microRNAs (miRNAs) is believed to form the backbone of post-transcriptional regulation. doRiNA is implemented as data source tool inside the
RNA workbench. This means that the Galaxy user is redirected to the post-transcriptional interaction database and
can make selections using the optimized doRiNA interface.
Once the selection is done, the data is streamed directly to
Galaxy and can be freely analyzed with other tools.
The Infernal (12) tool suite can construct probabilistic
models, also called covariance models (CM), that represent
the sequence and structure of an RNA family from a multiple sequence alignment with consensus secondary structure.
The covariance model can be used to ind more members of
this RNA family via homology search.
PARalyzer (13) generates a high resolution map
of interaction sites between RNA-binding proteins and
their targets. The algorithm utilizes the deep sequencing reads generated by the PAR-CLIP (PhotoactivatableRibonucleoside-Enhanced Crosslinking and Immunoprecipitation) protocol. The use of photoactivatable nucleotides in the PAR-CLIP protocol results in more eficient crosslinking between the RNA-binding protein and
its target relative to other CLIP methods; in addition a nucleotide substitution occurs at the site of crosslinking, providing for single-nucleotide resolution binding information.
PARalyzer utilizes this nucleotide substitution in a kernel
density estimate classiier to generate the high resolution set
of protein-RNA interaction sites.
FuMa (14) can generate an integration report on predicted fusion genes from most RNA-seq fusion gene detection software. It automatically orders the result based on
the frequencies of the fusion genes such that frequently predicted fusion genes can be extracted.

2.1 Workflow development for RNA-Seq data analysis
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RNA-seq analysis: trimming, mapping and read count
As mentioned before, the analysis of RNA-centric data like
CLIP-seq requires the combination with other type of data,
and very often RNA-seq. For that reason, we provide a
standard RNA-seq worklow that can easily be combined
with other worklows. The RNA-seq worklow (as shown
in Figure 1) takes a list of RNA-seq datasets as input and
successively executes a series of analysis steps - adapter &
quality trimming, mapping to a reference genome and read
count per annotated gene. The input allows two conditions,
e.g. treatment versus control and it also accepts single-end
and paired-end reads for each condition. At the trimming
step, the worklow employs Trim Galore! (21,22) to perform adapter trimming. Then, TopHat2 (23) is used to map
the trimmed reads against the reference sequences, which
should be provided by the user. As last step, the worklow executes HTSeq-count (24) to generate read counts per
annotated gene for each condition and for each sequencing type. A reference annotation in Gene Transfer Format
(GTF), e.g. provided by Ensembl (25) is required at this step.
The inal read counts can be used for the downstream assessment of differential expression using tools like DESeq2
(26). The current worklow can serve as a template that can
be modiied by the user according to different needs, for instance, replacement of tools or modiication of the wrapping strategy.

in a continuous integration setup (CI) at different levels:
Galaxy itself, tool integration in Galaxy (IUC, galaxytools
channels), dependencies (BioConda) and at the workbench
level. Together with a strict version management on all levels, this contributes to a high degree of error-control and
reproducibility. The RNA workbench started in January
2015 - with constant development over 2 years, and extensive testing in local and public Galaxy instances, such as
the Freiburg Galaxy instance, the MDC instance in Berlin
and Erasmus MC’s Galaxian. More than 500 users accessed
the RNA tools during the last two years and the virtualized Docker instance was already downloaded >500 times.
Moreover, due to an open and transparent development
process, there is a growing community that contributes to
our workbench, which guarantees the sustainability of the
RNA workbench project and maintenance of the underlying Docker/rkt images.
USING THE RNA WORKBENCH
Installation: The RNA workbench can be installed under OSX and Windows using the graphical tool Kitematic
(https://kitematic.com), or with the following Linux command:
docker run -d -p 8080:80 bgruening/galaxy-rnaworkbench
This installation is production-ready and can be conigured to use external computer clusters or cloud environments. Due to the very modular system, it is also possible
to install all or only a few tools of the RNA workbench on
available Galaxy servers. Just get in contact with your local Galaxy administrator. When using the RNA workbench
Docker image, the user has full administration rights, which
enables customization independent of potential user restrictions.

IMPLEMENTATION
The workbench is implemented as portable virtualized container based on Galaxy. The Galaxy framework allows
for reproducible and transparent scientiic research which
makes it easy to access, deploy and scale––conceptualized
as a web service. The foundation of the workbench
container is a generic Galaxy Docker instance (http://
bgruening.github.io/docker-galaxy-stable/). On-top of this,
pre-conigured Galaxy tools can be automatically installed
from the Galaxy ToolShed using the Galaxy API BioBlend
(27). In Galaxy, tool dependencies are automatically resolved via BioConda, which is the bioinformatics channel
for the Conda package manager. BioConda facilitates software packaging and enables installation at a user level,
keeping track of different versions of the same software
in virtual environments. These features are in line with
the scope of Galaxy; maintaining large numbers of dependencies in a reproducible way. Therefore, all available
tools within the RNA workbench are also distributed as
BioConda packages and BioContainers, which are persistent, frozen, containerized versions of Conda packages. The
RNA workbench ships with a variety of tools, tours, documentation, worklows and data that have been added as additional layers on top of the generic Docker instance. During development, the software has been tested extensively

Training
For self-empowering the user, documentation and training
of the RNA workbench are important. We included an extensive set of documentation in traditional formats, e.g. tool
descriptions and ‘README’ iles.
We also provide training sessions around HTS data
analyses and RNA-seq data analysis. The training materials ranging from the introduction to Galaxy, to usage
and maintenance of Galaxy and the RNA workbench are
freely accessible for self-paced studies at the Galaxyproject
Github repository (http://galaxyproject.github.io/trainingmaterial). This training material is constantly improved and
extended in an international community effort, including
ELIXIR and EMBL. For HTS data analyses we provide
training as a speciic introduction to the topic with selfexplanatory presentation slides, a hands-on training documentation describing the analysis worklow, all necessary
input iles ready-to-use via Zenodo, a Galaxy Interactive
Tour, and a tailor-made Galaxy Docker image for the corresponding data analysis.
To provide an even more intense training experience
within the RNA workbench, we also included interactive
training such as the Galaxy Interactive Tours. Such tours
guide users through an entire analysis in an interactive
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structure conservation (i.e. are likely not functional ncRNAs). Subsequent analysis of Ribo-seq data can then provide additional evidence for a new transcript that may code
for a small protein. For all these tasks, partial worklows
and required tools are already integrated in our RNA workbench, which implies that it is easy to set up a new worklow
for a more complex task.

2.1 Workflow development for RNA-Seq data analysis
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and explorative way. It combines advantages from training
videos and detailed protocols. Production of training videos
is very time-consuming and tend to become outdated very
soon, due to tool version changes or renewed worklows.
In contrast to conventional screencasts, a Galaxy Interactive Tour can be easily updated and improved to guide the
Galaxy user step-by-step, e.g. through a whole HTS analysis
starting from uploading the data to using complex analysis
tools. Exemplary, the RNA workbench currently integrates
two Galaxy Interactive Tours. The irst one introduces a new
user to the Galaxy interface and its usage with an RNAseq example dataset. The second one illustrates secondary
structure prediction of RNA molecules using parts of the
ViennaRNA package. To show how Galaxy Interactive Tours
can interactively guide users through the necessary steps of
HTS analyses, the tours are also provided as online screencasts.
Visualization
Following data reduction as a key element of explorative research, there is a need for meaningful igures and visualizations that summarize results. The RNA workbench includes
standard interactive plotting tools to draw bar charts and
scatter plots from all kinds of tabular data and allows for
connections to Integrated Genome Browser (29) and UCSC
(30) like any other Galaxy instance. On top of this, we included three visualizations speciic to RNA research. An interactive DotPlot visualization for secondary structures in
EPS format (Figure 2b), a 2D visualization for the common
dot-bracket format (Figure 2a) and a 3D visualization capable of visualizing PDB, SDF and MOL iles containing
three-dimensional coordinates (Figure 2c).
COMMUNITY
The RNA workbench project is an open source project that
strives to create a community interested in accessible and
reproducible RNA-related research. Knowing that real sustainability can only come true with a strong community we
are aiming at more open participation, reward, and inclusion. We are working together with Galaxy, BioConda, BioContainers and BioJS and coordinating efforts to not reinvent the wheel but joining forces to create the new generation of bioinformatics infrastructure together. In the RNA
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workbench community, we practice the organizations on
GitHub, IRC, and Gitter and welcome everyone to contribute on every level to improve the entire stack from documentation to tools and scientiic worklows. Support will
be provided through the same channels.
DISCUSSION
In this work, we present the RNA workbench, maintained
and developed by a constantly growing community. The
presented workbench is unique as it allows to easily combine RNA-centric analysis with other types of experiments.
It provides a set of tools, each one being available as BioConda package as well as a Docker/rkt container (BioContainers). Based on the Galaxy Docker project, the proposed
web server is more than the sum of its parts. It offers a
comprehensive virtualized RNA workbench that can be deployed on every standard Linux, Windows and OSX computer, but can at the same time employ high-performanceor cloud-computing infrastructure.
Major advantages of our approach to deliver a dockerized workbench for RNA centric analysis are the ease of
installation, the high number of pre-included tools, the lexibility in regard to extension with other tools and worklows
and the high reproducibility and transparency of worklows. All tools that are available on the Galaxy Toolshed
can be installed along with their automatically resolved dependencies with a single click in the Galaxy interface. Best
practice pipelines for the analysis of RNA-seq data are
provided with the Docker image and can easily be modiied, extended or combined with other analysis pipelines via
Galaxy’s worklow editor GUI.
The RNA workbench was designed as a community
project, and as such it is easy for users to contribute to the
workbench with worklows, new tools and training material, keeping the workbench up-to-date and valuable for research. Moreover, all components such as tools, worklows,
visualizations, interactive tours and training material can
be easily integrated into any available Galaxy instance for
teaching, learning or exploratory purposes.
The main difference to existing solutions such as
miARma-Seq (1), RAP (2) and the UEA Small RNA Workbench (3) is that our RNA workbench combines the realm
of RNA-centric analysis on sequence and structure level
with modern high-throughput sequence analysis. In this re-
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Figure 1. The worklow for analyzing RNA-seq data. The worklow tolerates single-end and paired-end reads derived from different conditions. It employs
TopHat2 for mapping and HTSeq-count to create the read counts. The inal outputs contain read count per annotated gene for each condition and for each
sequencing type.
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gard we provide well established tools for RNA structure
prediction, analysis and visualization together with read
mappers and expression analysis tools for HTS analysis.
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Viewer.
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20. Eggenhofer,F., Hofacker,I.L. and Honer Zu Siederdissen,C. (2016)
RNAlien––unsupervised RNA family model construction. Nucleic
Acids Res., 44, 8433–8441.
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2.1.4 Linking workflow development and the annotation of ncRNAs
Wolfien, M., Brauer, D. L., Bagnacani, A., and Wolkenhauer, O. (2019).
Workflow development for the functional characterization of ncRNAs.
Methods in Molecular Biology. Downloads: 1,000; Citations (December 14, 2020): 2

The functional role of ncRNAs is not yet entirely understood but intensively investigated
and, thus, already revealed interesting regulatory potential in various biological processes
and clinical use cases. Research efforts have identified numerous ncRNAs and multiple RNA
subtypes, which are attributed to diverse functionalities known to interact with different
functional layers ranging from DNA and RNA to proteins. These diverse functionalities
strongly hamper the functional prediction for newly identified ncRNAs. However, current
bioinformatics and systems biology approaches show promising results to facilitate an
identification of these diverse ncRNA functionalities.
In this book chapter, I developed an experimental and computational strategy to identify and functionally characterize ncRNAs by using RNA-Seq data, as well as further
databases (e.g., STRING, Reactome, GO, LncRBase). This strategy includes analyses
from transcriptome-wide association studies, GBA, molecular network analyses, and artificial intelligence guided predictions. These integration of diverse tools is summarized as
“connective workflows” because a combination of single data analysis workflows is needed
for a proper characterization of such diverse ncRNAs.
In summary, we show current experimental NGS protocols for an identification of ncRNAs,
give an overview of sequencing data analysis workflows, as well as available computational
environments, and provide state-of-the-art approaches to functionally characterize ncRNAs.
A strategy is presented to cover the identification and functional characterization of
unknown ncRNA transcripts by using connective workflows.
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2.1.5 Reproducible analyses to understand RNA interactions
Bagnacani, A., Wolfien, M., and Wolkenhauer, O. (2019).
Tools for Understanding miRNA-mRNA Interactions for reproducible RNA Analysis.
Methods in Molecular Biology. Downloads: 1.1k, Citations (December 14, 2020): 0

MicroRNAs (miRNAs) are an integral part of gene regulation at the post-transcriptional
level. In particular, miRNA-mRNA interactions in gene expression analyses became increasingly important to gain insights into the underlying regulatory mechanisms. As a result,
we are confronted with a growing landscape of tools, while standards for reproducibility
and benchmarking lag behind. This work identifies the challenges for reproducible RNA
analysis and highlights best practices on the processing and dissemination of scientific
results and connects it to new information. Here, we exemplarily use the TriplexRNA
database11 to show the importance of tools embedded into a larger processing framework,
such as Galaxy.
In this work, I defined use cases for miRNA-mRNA interactions, as well as selections
of relevant tools or combinations of RNA-Seq analyses into workflows. We think that
the success of a tool does not solely depend on its performances: equally important is
how a tool is received and supported in a community. For this reason, I graded different
workflows based the achieved results, their accessibility, ease-of-use, and applicabilty for an
RNA-Seq test case scenario. Our basis of such a transparent computational platform for
sharing workflows and processing tools around RNA-centric data analysis was the Galaxy
framework. Since there is currently no tool for miRNA cooperativity on mRNA integrated
into Galaxy, we chose the TriplexRNA as a well suited candidate to test our hypotheses.
In summary, we used the community guidelines to extend the Galaxy portfolio of RNA tools
with the integration of the TriplexRNA database to identify miRNA-mRNA relationships.
Our findings are also providing a staring point for the development of a recommendation
system, to guide users in the choice of tools and workflows.

11

https://triplexrna.org
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2.1.6 Identification of rare cardiac cell types from single-nuclei RNA-Seq
Wolfien M., Galow A.M., Müller P., Bartsch M., Brunner R.M., Goldammer T.,
Wolkenhauer O., Hoeflich A., David R. (2020).
Single Nuclei Sequencing of an entire Mammalian Heart: Cell Type Composition and
Velocity.
Cells. IF: 5.656, Citations (December 14, 2020): 1

In-depth analyses on the cellular level are indispensable to expand our understanding of
complex tissues, such as the mammalian heart, because often a small amount of cells can
determine the cell fate of a whole tissue. Single-nucleus sequencing (snRNA-Seq) allows
for the exploration of cellular compositions and, with respect towards the cardiac tissue,
it overcomes major hurdles of single-cell RNA-Seq in terms of size restriction and cell
viability. In this study, we used snRNA-Seq to investigate for the first time an entire, adult
mammalian heart to characterize its overall cell composition and RNA kinetics.
I developed the computational workflow for the analysis of the snRNA-Seq data with
respect to the basic data processing (via Kallisto and Bustools), rare cell type identification
(Harmony), and RNA-velocity analysis (velocyto.R). In particular, a customized, genomic
index for the murine genome mm10 (Ensembl build 98) was build and uploaded on Zenodo
(Downloads: 816, accessed at December 14, 2020)12 to be able to utilize the RNA-velocity
analysis. After further genomic alignment and quantification of the .fastq files, I integrated
the data into R and performed further downstream analyses with Seurat. The nuclei were
clustered, annotated, and ultimately the RNA-velocity approach was applied to investigate
the RNA kinetics between the spliced and unspliced RNA transcripts. I supported the
generation of Fig.1 and Fig.2, as well as the development of the supplementary online
material at the publicly available iRhythmics FairdomHub instance. 13
In summary, we present the first report of sequencing an entire, adult mammalian heart,
providing realistic cell-type distributions combined with RNA-velocity kinetics to characterize cellular interrelations. Interestingly, mature CM appeared to originate not only
from a single lineage but also from an additional endothelial direction. We found a cell
population (CM-like endothelial cells) that comprises endothelial markers, and markers
clearly related to CM function.
12
13

https://zenodo.org/record/3623148
https://doi.org/10.15490/fairdomhub.1.study.713.1
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Abstract: Analyses on the cellular level are indispensable to expand our understanding of complex
tissues like the mammalian heart. Single-nucleus sequencing (snRNA-seq) allows for the exploration
of cellular composition and cell features without major hurdles of single-cell sequencing. We
used snRNA-seq to investigate for the first time an entire adult mammalian heart. Single-nucleus
quantification and clustering led to an accurate representation of cell types, revealing 24 distinct
clusters with endothelial cells (28.8%), fibroblasts (25.3%), and cardiomyocytes (22.8%) constituting the
major cell populations. An additional RNA velocity analysis allowed us to study transcription kinetics
and was utilized to visualize the transitions between mature and nascent cellular states of the cell types.
We identified subgroups of cardiomyocytes with distinct marker profiles. For example, the expression
of Hand2os1 distinguished immature cardiomyocytes from differentiated cardiomyocyte populations.
Moreover, we found a cell population that comprises endothelial markers as well as markers clearly
related to cardiomyocyte function. Our velocity data support the idea that this population is in a
trans-differentiation process from an endothelial cell-like phenotype towards a cardiomyocyte-like
phenotype. In summary, we present the first report of sequencing an entire adult mammalian
heart, providing realistic cell-type distributions combined with RNA velocity kinetics hinting
at interrelations.
Keywords: snRNA-seq; RNA velocity; cluster analysis; cardiomyocytes; seurat

1. Introduction
Single-cell sequencing allows for an in-depth characterization of complex tissues and their cell
types [1]. However, there are two major issues when it comes to the cardiovascular system, namely,
Cells 2020, 9, 318; doi:10.3390/cells9020318
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(i) the difficulty of dissociating the adult mammalian heart tissue without damaging constituent cells
and (ii) technical limitations regarding cell capture techniques leading to an underrepresentation
of individual cell types (i.e., cardiomyocytes) due to their large cell size and irregular shape [2].
Whereas research efforts aim to avoid these issues by relying on embryonic and neonatal murine
hearts or focusing on non-myocyte populations in adult mouse hearts, we desisted from single-cell
Ribonucleic acid sequencing (RNA-seq) and instead conducted single-nucleus RNA-seq (snRNA-seq),
which has been shown to present similar transcriptomic results [3]. Currently, existing studies on
adult mammalian hearts concentrate only on selected substructures such as the ventricle [4] or the
conduction system [5]. To our knowledge, we present the first snRNA-seq analysis of an entire adult
mammalian heart.
Recently, a method was established to predict even future states of individual cells using single-cell
or single-nucleus data. The relative abundance of nascent (unspliced) and mature (spliced) mRNA in
these datasets is exploited to predict the rates of gene splicing and degradation. The time derivative of
the gene expression state is calculated on the basis of these gene splicing events and is referred to as
RNA velocity [6]. The RNA velocity analysis of our snRNA-seq data allowed us to study transcription
kinetics and revealed details about the dynamics and interconnectedness of our identified cell clusters.
2. Materials and Methods
2.1. Isolation of Nuclei
To avoid potential aberrations due to inbreeding, we relied on an outbred mice strain (Fzt:DU) [7].
Mice were handled in accordance with Directive 2010/63/EU on the protection of animals and with the
Scientific Committee supervising animal experiments in the Leibniz-Institute for Farm Animal Biology
(FBN), Dummerstorf, Germany. Whole hearts were harvested from 4 male mice (12 weeks) after
cervical dislocation. The hearts were pooled and nuclei isolated using the Nuclei PURE Prep isolation
kit (Sigma-Aldrich, Darmstadt, Germany) according to the manufacturer’s protocol. All work was
carried out on ice. In brief, hearts were rinsed with ice cold PBS, minced thoroughly, and preincubated
in 10 mL freshly prepared lysis buffer for 10–15 min before the tissue was further homogenized using
a gentleMACS dissociator (Miltenyi Biotec, Bergisch Gladbach, Germany). Cell debris and clumps
were removed by using 40 µm strainers. To purify the nuclei, lysate samples were mixed with 18 mL
chilled sucrose cushion solution, layered on 10 mL pure 1.8 M sucrose cushion solution in a 50 mL
Beckman ultracentrifuge tube, and centrifuged for 45 min at 30,000× g and 4 ◦ C. Nuclei pellets were
resuspended in 5 mL chilled PBS containing 1% BSA and 0.2 U/µL RNase inhibitor and cell debris was
removed by a final filtration step. After centrifugation for 8 min at 600× g and 4 ◦ C, the supernatant
was carefully removed and nuclei were resuspended in 3 mL Nuclei PURE storage buffer. The samples
were transferred to cryotubes, snap-frozen in liquid nitrogen, and stored at −80 ◦ C until processing.
Sequencing was conducted by Genewiz (Leipzig, Germany) on the 10xGenomics system (Carlsbad,
CA, USA). Single nuclei were captured in droplet emulsions and snRNA-seq libraries were constructed
as per the 10x Genomics protocol using GemCode Single-Cell 30 Gel Bead and Library V3 Kit (Carlsbad,
CA, USA). RNA was controlled for sufficient quality on an Agilent 2100 Bioanalyzer system (Santa
Clara, CA, USA) and quantified using a Qubit Fluorometer (Waltham, MA, USA). Libraries were
subsequently sequenced on the NovaSeq 6000 Sequencing System (Illumina, San Diego, CA. USA).
2.2. Computational Data Analysis
The snRNA-seq fastq data files were aligned with kallisto (v.0.46) to the generated mm10 genome
(Ensembl release 98) index. The UNIX source code containing the detailed steps of the generation is
provided at our FairdomHub/iRhythmics instance (https://doi.org/10.15490/fairdomhub.1.study.713.1).
Additionally, the latest version of the complete index build was shared at Zenodo for further reuse
(https://doi.org/10.5281/zenodo.3623148). This index contains the spliced and unspliced transcript
annotations of the mm10 murine needed for RNA velocity analysis. The kallisto alignment files were
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3. Results and Discussion
3. Results and Discussion
Single-nucleus analysis included a total of 8635 nuclei and 22,568 genes in which each cell exhibits
Single-nucleus analysis included a total of 8635 nuclei and 22,568 genes in which each cell
an average total expression of 2662.6 reads. The analysis revealed 24 distinct clusters as a UMAP
exhibits an average total expression of 2662.6 reads. The analysis revealed 24 distinct clusters as a
representation showing a global connectivity among the groups (Figure 1). The largest clusters can be
UMAP representation showing a global connectivity among the groups (Figure 1). The largest
attributed to populations of endothelial cells (28.8%), fibroblasts (25.3%), and cardiomyocytes (22.8%)
clusters can be attributed to populations of endothelial cells (28.8%), fibroblasts (25.3%), and
containing ~2500, ~2200, and ~2000 nuclei, respectively.
cardiomyocytes (22.8%) containing ~2500, ~2200, and ~2000 nuclei, respectively.
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Our additional RNA velocity analysis of the snRNA-seq allowed us to study transcription
Our additional RNA velocity analysis of the snRNA-seq allowed us to study transcription kinetics
kinetics (Figure 1). The indicated arrows show the direction and the velocity for future cell states.
(Figure 1). The indicated arrows show the direction and the velocity for future cell states. For example,
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immune cells undergo intense transformation processes upon maturation and activation and, therefore,
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cardiomyocyte populations (Figure 2). Besides the mature, atrial, and ventricular cardiomyocytes,
there is another Hand2os1 high cardiomyocyte population with a 1.5-fold expression enrichment
apparently originating from the Hand2os1 low population. Based on very recent findings of de Soysa
et al. [14], who identified Hand2 as a specifier of outflow tract cells but not right ventricular cells during
embryonal development, we assume that this population represents cells of the outflow tract.
Interestingly, mature cardiomyocytes appeared to originate not only from a single lineage but also
from an additional endothelial direction (Figure 1). We found a cell population (cardiomyocyte-like
endothelial cells) that comprises endothelial markers (e.g., Flt1, Dach1) as well as markers clearly
related to cardiomyocyte function (e.g., Ryr2, Tpm1, Ttn, Gja1, and Myh6). The dual role of this
population can also be recognized in the dot plot (Figure 2). Although the population lacked other
typical cardiomyocyte markers (e.g., Tnnt2), together with the velocity data our results suggest a
trans-differentiation process from an endothelial cell-like phenotype towards a cardiomyocyte-like
phenotype, supporting previous findings [15].
As our data apparently include the findings of other studies, we are confident that our whole
heart single-nucleus analysis of the outbred Fzt:DU mouse strain at present provides the most accurate
representation of cell types in an adult mammalian heart and can be used as a reference for further
comparative studies.
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2.1.7 Community-driven data analysis training with Galaxy
Batut, B., Hiltemann, S., Bagnacani, A., ..., Wolfien, M., ..., and Gruening, B.A. (2018).
Community-driven Data Analysis Training for Biology.
Cell Systems. IF: 8.640, Citations (December 14, 2020): 7

One of the major challenges resulting from the numerous biomedical datasets is neither the
amount of data itself, nor the computational resources, or the required storage space, but
the general lack of trained and skilled researchers to analyze these large amounts of data.
Eliminating this problem requires the development of easy accessible and comprehensive
educational resources. Here, a community-driven framework is presented that enables
modern, interactive teaching of data analytics in life sciences and facilitates the development
of training materials.
To achieve this goal of a comprehensive collection of well-suited and informative trainings,
example workflows and datasets, including a wide range of expertise, are needed. I
contributed to the trainings about RNA-Seq data analyses, as well as “ Quality control ”
and “Mapping”. The training material is accessible at Galaxy training14 and open for
contributions of any kind. The key feature of this material represents a continuously
improved collection of self-driven tutorials. In addition, these tutorials are tought person
to person at international conferences and workshops. A list of the eight RNA-Seq data
analysis trainings that I jointly gave with the de.STAIR project members in Freiburg,
Jena, and Rostock can be assed at the de.STAIR training page15 or in the Appendix.
In summary, we integrated numerous data analysis tutorials into a unified web-based
analysis framework, in which biomedical researchers learn to utilize complex computations
themselves through an interactive interface without the need to install software or search
for example datasets. The ultimate goal is to expand the breadth of training materials to
include fundamental statistical and data-science topics to be able to precipitate a complete
re-engineering of undergraduate and graduate curricula in life sciences.

14
15

https://training.galaxyproject.org
https://github.com/destairdenbi/trainings
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SUMMARY

The primary problem with the explosion of biomedical datasets is not the data, not computational
resources, and not the required storage space, but
the general lack of trained and skilled researchers to
manipulate and analyze these data. Eliminating this
problem requires development of comprehensive
educational resources. Here we present a
community-driven framework that enables modern,
interactive teaching of data analytics in life sciences
and facilitates the development of training materials.
The key feature of our system is that it is not a static
but a continuously improved collection of tutorials.
By coupling tutorials with a web-based analysis
framework, biomedical researchers can learn by
performing computation themselves through a web
browser without the need to install software or search
for example datasets. Our ultimate goal is to expand
the breadth of training materials to include funda-

mental statistical and data science topics and to precipitate a complete re-engineering of undergraduate
and graduate curricula in life sciences. This project
is accessible at https://training.galaxyproject.org.

INTRODUCTION
Rapid development of DNA-sequencing technologies has
made it possible for biomedical disciplines to rival the physical
sciences in data production capability. The combined output of
today’s genomics studies has already surpassed the data
acquisition rate of entire scientific domains such as astronomy
or Internet platforms such as YouTube or Twitter (Stephens
et al., 2015). Yet biology is different from astronomy (and other
quantitative disciplines) in one fundamental aspect: the lack of
computational and data analysis training in standard biomedical curricula. Many biomedical scientists do not possess the
skills to use or even access existing analysis resources.
Such paucity of training also negatively affects the ability of
biological investigators to collaborate with their statistics and
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mathematics counterparts because of the inability to speak
each other’s language. In addition, an estimated one-third of
biomedical researchers do not have access to proper data
analysis support (Larcombe et al., 2017). The only way to
address these deficiencies is with training. The need for such
training cannot be overstated: while the majority (>95%) of researchers work or plan to work with large datasets, most
(>65%) possess only minimal bioinformatics skills and are not
comfortable with statistical analyses (Larcombe et al., 2017)
(Williams and Teal, 2017) (Barone et al., 2017). This overwhelming need drives the demand, which, at present, greatly
exceeds supply (Attwood et al., 2017). In a recent survey
(Community Survey Report, 2013), over 60% of biologists
expressed a need for more training, while only 5% called for
more computing power. Thus one can assume that the true
bottleneck of the current data deluge is not storage or processing power but the knowledge and skills to utilize already existing resources and tools. It is necessary to point out that there
are great existing sources of training, such as online teaching
materials provided by Johns Hopkins, University of Utah,
Rosalind, and others. These are valuable entry points to the
field of biomedical data analysis. The type of learning we are
describing in this report is complementary to these resources
and provides an interactive environment allowing researchers
to learn and ‘‘play’’ using pre-configured, data, tools, and
computational resources. Importantly, our approach is community driven and thus does not rely on a particular principal
investigator, research group, or institution making it potentially
more robust and sustainable.
Since 2006, our team has been pondering the question of how
to enable computationally naive users to perform complex data
analysis tasks. We attempted to solve this problem by creating a
platform, Galaxy (http://galaxyproject.org; Afgan et al., 2016),
that provides access to hundreds of tools used in a wide variety
of analysis scenarios. It features a web-based user interface
while automatically and transparently managing underlying
computation details. It can be deployed on a personal computer,
heterogeneous computer clusters, as well as computation systems provided by Amazon, Microsoft, Google, and other clouds,
such as those running OpenStack. Over the years, a community
has formed around this project, providing it with an evergrowing, up-to-date set of analysis tools and expanding it
beyond life sciences.
These features of Galaxy attracted many biomedical researchers, making it well suited for use as a teaching platform.
Here we describe a community-driven effort to build, maintain,
and promote a training infrastructure designed to provide
computational data analysis training to biomedical researchers
worldwide.
RESULTS AND DISCUSSION
Our goal is to develop an infrastructure that facilitates data analysis training in life sciences. At a minimum, it needs to provide an
interactive learning platform tuned for current datasets and
research problems. It should also provide means for community-wide content creation and maintenance, and, finally, enable
trainers and trainees to use the tutorials in a variety of situations,
such as those where a reliable Internet access is not an option.

Interactive Learning Tailored to Research Problems
We produced a collection of hands-on tutorials that are
designed to be interactive and are built around Galaxy. The
hands-on nature of our training material requires that a trainee
has two web-browser windows open side by side: one pointed
at the current tutorial and the other at a Galaxy instance. We
build most tutorials around a ‘‘research story’’: a scenario
inspired by a previously published manuscript or an interesting
dataset (with the caveat that some more technical materials do
not lend themselves to this goal). To make training comprehensive, we aim to cover major branches of biomedical big-data
applications, such as those listed in Table 1. Please note
that, while we are using Galaxy as an analysis platform, it is
not the only way to analyze biomedical data. Thus we design
tutorials to teach underlying concepts that will be useful
outside Galaxy.
As an example, suppose that a researcher is interested
in learning about metagenomic data analyses. The category
‘‘Metagenomics’’ at https://training.galaxyproject.org presently
contains a set of introductory slides, two hands-on tutorials,
and HTML-based slides designed as a brief (10–20 min) introduction to the subject. In addition, every hands-on tutorial contains background information and explains how it influences
data analysis (e.g., Figure 1). This background story is included
to account for situations when tutorials are used for self-teaching
in the absence of an instructor who would provide a formal introduction. After the introduction, the hands-on part of the tutorial
begins and is laid out in a step-by-step fashion with explanations
(boxes in Figure 1) of what is being done inside Galaxy,
which parameters are critical, and how modifying parameters
affects downstream results. The first step in this progression is
usually a description of the datasets and how to obtain them.
We invested a large effort in creating appropriate datasets by
downsampling original published data, which is necessary since
real-world datasets are usually too big for tutorials. Our goal was
to make datasets as small as possible while still producing an
interpretable result. We use Zenodo (http://www.zenodo.org),
an open data archiving and distribution platform, to store the
tutorial datasets and to provide them with stable digital object
identifiers (DOIs) that can be used to credit their authors and
for citation purposes.
Tutorials start with a list of prerequisites (typically other tutorials within the site) to account for the variation in trainees’ backgrounds, a rough time estimate, questions addressed during the
tutorial, learning objectives, and key points. These components
help trainees and instructors to keep track of the training goals.
For example, the learning objectives are single sentences
describing what a trainee will be able to do as a result of the
training (Via et al., 2013). Throughout the tutorials, question
boxes (Figure 1) are added as an effective way to motivate the
trainees (Dollar et al., 2007; Scheines et al., 2005) and guide
self-training. The training material is distributed under a Creative
Commons BY 4.0 (https://creativecommons.org/licenses/by/4.
0/) license: its contents can be shared and adapted freely as
long as appropriate credit is given. Efforts have been made
also in the direction of ensuring website accessibility to disabled
persons by regular evaluation with WAVE (http://wave.webaim.
org), a web accessibility evaluation tool, and by automatic
checking for alternative text for the images.
Cell Systems 6, 752–758, June 27, 2018 753
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Table 1. Topics Available in the Galaxy Training Material Website
(https://training.galaxyproject.org) with Their Target Users and
Available Tutorials
Topic

Target

Tutorials

Galaxy Server
administration

Admin

Galaxy database schema; Docker and
Galaxy; advanced customization of a
Galaxy instance

Assembly

Biol

Introduction to genome assembly,
De Bruijn graph assembly, Unicycler
assembly

ChIP-seq
data analysis

Biol

Identification of the binding sites of
the T cell acute lymphocytic leukemia
protein 1, identification of the binding
sites of the estrogen receptor

Development
in Galaxy

Dev

Contributing with GitHub, tool
development and integration into
Galaxy, Tool Shed: sharing Galaxy
tools, Galaxy interactive tours,
Galaxy interactive environments,
visualizations: charts plugins,
Galaxy Webhooks, visualizations:
generic plugins, BioBlend module,
a Python library to use Galaxy API,
tool dependencies and Conda,
tool dependencies and containers,
Galaxy code architecture

Epigenetics

Biol

DNA methylation

Introduction
to Galaxy

Biol

Galaxy 101, from peaks to genes,
multisample analysis, options for
using Galaxy, IGV introduction,
getting data into Galaxy

Metagenomics

Biol

16S microbial analysis with mothur,
analyses of metagenomics data - the
global picture

Proteomics

Biol

Protein FASTA database handling,
metaproteomics tutorial, label-free
versus labelled - how to choose
your quantitation method,
detection and quantitation of
N termini via N-TAILS, peptide and
protein ID, secretome prediction,
peptide and protein quantification
via stable isotope labeling

Sequence
Analysis

Biol

Quality control, mapping, genome
annotation, RAD-seq reference-based
data analysis, RAD-seq de novo
data analysis, RAD-seq to construct
genetic maps

Train the trainers

Inst

Creating a new tutorial - writing content
in Markdown; creating a new
tutorial - defining metadata; creating
a new tutorial - setting up the
infrastructure; creating a new
tutorial - creating Interactive
Galaxy Tours; creating a new
tutorial - building a Docker flavor for
a tutorial; good practices to run
a workshop
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Table 1.

Continued

Topic

Target

Tutorials

Transcriptomics

Biol

De novo transcriptome reconstruction
with RNA-seq, reference-based
RNA-seq data analysis, differential
abundance testing of small RNAs

Admin, Galaxy administrators; Biol, biomedical researchers; Dev, tool
and software developers; Inst, instructors and tutorial developers;
RAD-seq, restriction site-associated DNA sequencing; RNA-seq, RNA
sequencing. The scripts for the extraction of such information are available in GitHub (https://github.com/bebatut/galaxy-training-materialstats). This table displays content current as of 28th Sep, 2017.

Keeping trainees engaged is critical, particularly for selftraining. To this end, we aim to provide interactive tours for each
tutorial: using instruction bubbles, each tutorial step can be performed by the user directly inside Galaxy, guiding learners to the
needed tools while also allowing exploration of the framework’s
functionalities. Tours can be created directly in the browser using
our tour creator plugin (https://zenodo.org/record/830481).
Infrastructure to Facilitate Community-Led Content
Development
To build a comprehensive collection of training materials
covering the spectrum of topics in the life sciences, we must
leverage community expertise, as no single group can possibly
know it all. To achieve this goal, we built an infrastructure that
makes tutorial creation a convenient, hassle-free process and
enables transparent peer-review and curation to guarantee
high-quality and current content. In implementing these
requirements, we took inspiration from the Software and Data
Carpentry (SDC) projects (Wilson, 2014). In SDC, materials are
openly reviewed and iteratively developed on GitHub (https://
github.com/) to capture the breadth of community expertise.
SDC delivers training via online tutorials with hands-on sections,
which offer better training support than videos because trainees
who are actively participating learn more (Dollar et al., 2007). This
format is also adapted to face-to-face courses and self-training,
as the content is openly accessible online. The content of these
web pages is easy to edit, thus reducing the contribution
barrier. The tutorials are developed in Markdown, a plain text
markup language, which is automatically transformed into
web-browser-accessible pages. Using these strategies, we
created a GitHub repository (https://github.com/galaxyproject/
training-material) to collect, manage, and distribute training materials. The architecture of this infrastructure is shown in Figure 2
(center), with the process for developing a tutorial illustrated at
the bottom of the figure. To create a new tutorial, the main repository is ‘‘forked’’ (duplicated into a user-controlled space) within
GitHub by an individual developing the tutorial. The developer
then proceeds to write the content using Markdown, as explained in our guide at https://training.galaxyproject.org/topics/
contributing (itself consisting of several tutorials). The guide contains detailed information on technical and stylistic aspects of
tutorial development. After settling on a final version of the tutorial (circles 1–10, bottom of Figure 2), a ‘‘pull request’’ is created
against the original repository. When a new pull request is
issued, this is an indication that a new tutorial is ready to be
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Figure 1. Key Elements of an Interactive Tutorial
(A) A fragment of introductory material within a tutorial.
(B) A ‘‘hands-on’’ element in the upper box contains instructions for running a tool inside Galaxy. The question box at the bottom contains an answer field that
can be toggled.
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Figure 2. Structure and Development of Content in GitHub (http://github.com/galaxyproject/training-material)
The material is organized in different topics, each topic in a dedicated directory. Inside each topic’s directory, the structure is the same: a metadata file, a directory
with the topic introduction slide decks, a directory with the tutorials, and a directory with the Dockerfile describing the details to build a container for the topic that
would contain a dedicated Galaxy instance with all tools relevant for the tutorials. Inside the topic directory, each tutorial related to the topic has its own
subdirectory with several files: a tutorial file written in Markdown with hands-on, an optional slides file to support the tutorial, a directory with Galaxy interactive
tours to reproduce the tutorial, a directory with workflows extracted from the tutorial, a file with the links to the input data needed for the tutorial, and a file with the
description of needed tools to run the tutorial. The process of development of new content is shown at the bottom.

reviewed by the editorial team. The team then makes suggestions on the new contents, these suggestions are discussed,
and the content is edited accordingly. A decision is then made
whether to accept the pull request. At the same time the pull
request is first created, the newly added content is automatically
tested for HTML generation and all links and images are verified.
When the pull request is accepted, the new tutorial becomes a
part of the official training material portfolio, and the entire site
is regenerated. This open strategy for content creation started
paying off early as we already have over 60 individuals contributing and editing content within the GitHub repository.
This infrastructure has been developed in accordance with the
FAIR (findable, accessible, interoperable, reusable) principles
(Wilkinson et al., 2016). Each tutorial, slide deck, and topic is
complemented by numerous metadata described in a standard,
accessible, interoperable format (YAML; http://yaml.org/). The
metadata are used to automatically populate the TeSS training
portal at the European Life Sciences Infrastructure for Biological
Information (ELIXIR; https://tess.elixir-europe.org), ensuring
global reach (Beard et al., 2016). Each topic, tutorial, and slide
deck has as metadata a reference to a topic in the EDAM
756 Cell Systems 6, 752–758, June 27, 2018
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ontology (Ison et al., 2013), a comprehensive catalog of wellestablished, familiar concepts that are prevalent within bioinformatics and computational biology. These references can be
used to represent relationships among the materials and make
them more findable and searchable.
Using the framework described above, we relaunched
the Galaxy Training Network (GTN; https://galaxyproject.org/
teach/gtn). This growing network currently consists of 33 scientific groups (https://galaxyproject.org/teach/trainers) invested in
Galaxy-based training. The GTN regularly organizes training
events worldwide (Figure S1) and offers best practices for
developing Galaxy-based training material, advice on computer
platform choice to use for training, and a catalog of existing
training resources for Galaxy (Table 1).
As of writing (March 2018) 64 individuals contributed
to development of infrastructure and tutorials (http://bit.ly/
gxy_tr_people). Of these, only 18 individuals are associated with
the two largest Galaxy Project installations in the United States
(http://usegalaxy.org) and Germany (http://usegalaxy.eu). This
ratio (46/18 z 2.5) is an indicator of community engagement
and our goal is to increase it.

2.1 Workflow development for RNA-Seq data analysis

Ensuring Accessibility of Tutorials
Most training materials hosted within the GTN resource are intended to be used side by side with the Galaxy framework.
However, the main public Galaxy instances (e.g., https://
usegalaxy.org or https://usegalaxy.eu) are occasionally subject
to unpredictable load, may be inaccessible due to network
problems in remote parts of the world, or may not have all
the tools necessary for completing the tutorials. To account
for these situations, we have developed a Docker-based framework for creating portable, on-demand Galaxy instances specifically targeted for a given tutorial. Docker (https://www.
docker.com) is a container platform that provides lightweight
virtualization by executing "images" (files that include everything needed to run a piece of software) isolated from the
host computer environment. An individual creating a new tutorial lists all tools that are required to complete it in a dedicated
configuration file (tools file, Figure 2). For example, a metagenomics tutorial uses the mothur (Schloss et al., 2009) set of
tools as well as visualization applications such as Krona (Ondov
et al., 2015). The corresponding Galaxy tools are listed in a
configuration file that is a part of the metagenomics tutorial.
This file is used to install these Galaxy tools and their dependencies into a base Galaxy Docker image (containing essential
Galaxy functionality and a core set of tools) to create a dedicated ‘‘on-demand’’ Galaxy instance that can then be used
on any trainer’s or trainee’s computer. The Docker image
also contains input data, tours, and workflows.
A Vision for the Future
Life sciences are on a trajectory toward becoming an entirely
data-driven scientific domain. A growing understanding that
biomedical curricula must be modernized to reflect these
changes is gaining attention (Hitchcock et al., 2017). Our project
represents one of the first fully open, ‘‘grass-roots’’ attempts at
unifying and standardizing heterogeneous training resources
around the Galaxy platform. While it may not be appropriate to
all, our multi-year experience with teaching workshops at various
skill levels can be summarized as the following set of recommendations, which we use as guiding principles. These recommendations may also be useful for the development of alternative
frameworks as well as for curriculum planning:
1. Require quantitative training. No one expects biomedical
researchers to rival their colleagues in departments of
mathematics or statistics. However, background level statistical reasoning must be included in all training materials
and general statistical courses must become a part of
undergraduate and graduate education. This would have
an enormous positive impact on the quality of biomedical
research because researchers with basic understanding
of quantitative concepts will not, for example, perform
an RNA sequencing experiment without a sufficient number of replicates. While our current set of tutorials lacks
in-depth statistical analyses of the data, we are planning
to change this. Our integration with Jupyter is the first
€ning et al., 2017).
step in this direction (Gru
2. Demystify computational methodologies. Fundamental
principles, limitations, and assumptions of molecular
experimental techniques are typically well understood by

biomedical researchers even when proprietary reagent
kits are used. This is not the case with software tools,
which are often treated as black boxes. We argue
that fundamental principles of bioinformatic techniques
(e.g., read mapping, read assembly) must be understood
by experimentalists as this will also lead to an increase
in overall quality of research output.
3. Advocate the fundamental virtues of open and transparent
research. Open and transparent data analysis (e.g.,
through the use of open-source software) promotes
replication and validation of results by independent investigators. It also speeds up research progress by facilitating
reuse and repurposing of published analyses to different
datasets or even to other disciplines. We advocate openness as a basic principle for computational analysis of
biomedical data.
The infrastructure presented here has been developed to
support training using Galaxy, a powerful tool for teaching bioinformatics concepts and analysis, but such a model is not only
limited to Galaxy. It could be applied to bioinformatics training
more generally (and to other disciplines as well) to support
learners and instructors in this ever-changing landscape that is
the life sciences.
STAR+METHODS
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and include the following:
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is licensed under the Creative Commons Attribution 4.0 International License.
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No experiments have been performed in the framework of this study.
METHOD DETAILS
Training materials are developed using Markdown markup language and served from the GitHub platform. Extensive description of
the development process and content structure can be found at https://github.com/galaxyproject/training-material/blob/master/
CONTRIBUTING.md.
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No quantification or statistical analyses have been performed in this study.
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All tutorials are available from http://galaxyproject.github.io/training-material/.
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2.2 Application and validation of workflows via network analysis
and modeling
This section contains the detailed results and further applications of the RNA-Seq
analysis workflows that were developed. The focus is the integration of RNA-Seq data and
network analysis approaches to investigate and evaluate the interaction between RNA
transcripts. The results and validation experiments include the identification of
significantly differentially expressed genes, gene annotation clustering, and the gene
expression interaction network generation of important genes for cardiomyocyte
differentiation. In addition, the results obtained from TRAPLINE are the basis for a
WGCN analysis that was conducted to investigate the co-expression of a transcript of
interest. The analysis thus gives insights into the SA node and the influence in relation to
the heart rate. Finally, another community effort to generatw a large scale whole-cell
model is presented.
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2.2.1 Evaluation of cardiomyocyte subtypes for cardiac regeneration
Hausburg, F., Jung, J.J., Hoch, M., Wolfien, M., Yavari, A., Rimmbach, C.,
and David, R. (2017).
(Re-)programming of subtype specific cardiomyocytes.
Advanced Drug Delivery Reviews. IF: 16.361, Citations (December 14, 2020): 6

Adult CM possess a highly restricted intrinsic, regenerative potential. They yield a major
barrier to the effective treatment of a range of chronic, degenerative cardiac disorders,
which are characterized by cellular loss and/or irreversible dysfunctions underliying the
majority of deaths in developed countries. In this article, we highlight both stem cell
programming and direct cell reprogramming that hold promise as novel, potentially curative
approaches to address this therapeutic challenge. We also reflect on the advent of induced
pluripotent stem cells that started other stem cell source investigations beside embryonic
stem cells to enable an autologous CM production. Different clinical scenarios will require
the generation of highly-pure, specific cardiac subtypes.
Here, I applied and transfered the RNA-Seq data analysis workflow TRAPLINE to a
cardiac use case, in which different stem cell-derived CM subtypes are compared. Likewise
data analysis and systems-based network approaches are used to enhance nodal cell
programming. I developed this systems-based data analysis workflow in Cytoscape 16 to
identify enriched subnetworks. The molecular information (e.g., gene expression data)
of these subnetworks are subsequently linked to characterize phenotypic processes (e.g.,
contraction, electrophysiology, metabolism) of CM cell types via integrating external
databases (e.g., STRING, BioGrid), and text mining tools.
In summary, we discuss the cardiovascular stem cell and programming field, including a
focus on the emergent topic of pacemaker cell generation for the development of biological
pacemakers and in vitro drug testing.

16

https://cytoscape.org/
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a b s t r a c t
Adult cardiomyocytes (CMs) possess a highly restricted intrinsic regenerative potential — a major barrier to the
effective treatment of a range of chronic degenerative cardiac disorders characterized by cellular loss and/or irreversible dysfunction and which underlies the majority of deaths in developed countries. Both stem cell programming and direct cell reprogramming hold promise as novel, potentially curative approaches to address
this therapeutic challenge. The advent of induced pluripotent stem cells (iPSCs) has introduced a second pluripotent stem cell source besides embryonic stem cells (ESCs), enabling even autologous cardiomyocyte production.
In addition, the recent achievement of directly reprogramming somatic cells into cardiomyocytes is likely to become of great importance. In either case, different clinical scenarios will require the generation of highly pure,
speciﬁc cardiac cellular-subtypes. In this review, we discuss these themes as related to the cardiovascular stem
cell and programming ﬁeld, including a focus on the emergent topic of pacemaker cell generation for the development of biological pacemakers and in vitro drug testing.
© 2017 Elsevier B.V. All rights reserved.
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1. Introduction
The advent of regenerative medicine has opened up new perspectives for so far insoluble clinical problems. Recent progress in understanding the biology of stem cell pluripotency and endogenous repair
mechanisms has fostered a deeper understanding of its remarkable
therapeutic potential for tissue repair or replacement. Such novel approaches are urgently required to effectively treat the growing burden
of disorders characterized by irreversibly damaged or diseased tissue
resulting in loss of organ/tissue function associated with a rapidly ageing
population. Furthermore, through the production of autologous pluripotent stem cells, regenerative strategies hold promise in providing truly
patient-speciﬁc therapies for structural and functional repair in disease.
Cardiovascular disease (CVD) is the leading cause of death
worldwide (accounting for 31.3% in 2015) and is projected to rise
further (WHO 2017). CVD encompasses a range of chronic disease
states, including ischemic, rheumatic and hypertensive heart disease, in addition to extra-cardiac disorders such as stroke. Heart failure represents the ﬁnal common phenotype resulting from a diverse
range of inherited and acquired cardiac insults and affects ~ 26 million individuals worldwide [1]. Individuals with severe heart failure
have a dismal prognosis with a worse 5-year adjusted mortality than
many cancers [2]. To date, allogeneic heart transplantation remains
the only available treatment option for patients with end-stage
heart failure who are symptomatic despite optimal medical and device (cardiac resynchronization) therapy [3,4]. Despite advances in
surgical technique, perioperative management and immunomodulation, a major limitation to its wider application is donor
organ scarcity: in Europe in 2015, only 604 donor organs were successfully engrafted, while 1140 patients are on the active
Eurotransplant waiting list [5]. An additional 209 recipients died before they could undergo heart transplantation [5]. Even for those
transplanted, while symptomatic improvement and survival are in
general markedly improved, outcomes (median ~ 11 year survival)
are limited by long-term complications, in part associated with immunosuppression, including malignancy, infection, renal dysfunction and allograft vasculopathy [6]. In view of such limitations,
highly innovative approaches are under exploration with the ultimate goal of establishing safe, durable cellular replacement and repair of injured or diseased myocardium, in addition to in vitro
disease modeling and drug development applications [7–9]. A key
requirement for these approaches is to ensure highly reliable and robust generation of fully functional cardiomyocytes with physiological properties as close as possible to their natural counterparts.
Partially or terminally differentiated cells offer a relevant alternative
to somatic stem cell transplantation, given that the latter are still a
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matter of controversial debate regarding their moderate therapeutic
outcomes [10,11]. Pluripotent stem cells (PSC) and their derivatives
offer an attractive source for both cell replacement and studying key
cellular and molecular processes involved in cardiovascular disease.
Equally, resident cells (e.g. ﬁbroblasts) may also represent a readily
accessible source of cells to study cell fate transition not only within,
but even across, germ layers.
2. Tissue regeneration and repair for cardiovascular disease
Normal cardiac function and physiological homeostasis is achieved
through the complex interaction of a diverse range of cell types broadly
constituting myocyte, vascular and stromal compartments. Even among
speciﬁc cell types, such as cardiomyocytes (CM), there exist different
phenotypes (e.g. sinoatrial, atrial, nodal, Purkinje and ventricular). Disease processes do not affect all these cell types uniformly, with relatively
greater impact on speciﬁc tissue components such as ﬁbrosis or vascular
insufﬁciency.
The human heart does exhibit some regenerative potential, albeit
very low, with an annual cardiomyocyte turnover rate of 1% at age
25 years, reducing further to 0.45% by 75 years [12]. As a corollary,
adult human cardiomyocytes are long-lived cells, such that b50% will
be replaced over a life-span of 75 years. In contrast, the proportion of
CM situated in mitosis and cytokinesis is highest in infancy and contributes to developmental growth, suggesting signiﬁcant cardiac regenerative potential in children and adolescents [13]. Other studies, including
data from animal models, have highlighted that CMs, upon transition
from the mononucleate to a mature binucleate state, exit the cell cycle
and lose their proliferative potential during a short postnatal period
[14–16]. In the setting of common CVD such as acute myocardial infarction (MI), leading to the abrupt loss of up to ~1 billion CM, this intrinsic
regeneration potential is vastly inadequate, resulting in structural (i.e.
scar) rather than functional (i.e. contractile) repair, and potentially to
progressive deleterious ventricular remodeling and post-MI heart failure. However, the identiﬁcation of adult CM repopulation raises the possibility that either normally resident cell populations such as cardiac
progenitor cells (CPCs), or pre-existing CM may represent sources for
myocardial repair post-injury [13,17,18].
Accordingly, development of experimental protocols to robustly
generate distinct cardiac cell types and deﬁne their speciﬁc clinical/preclinical applications is required. We will address the progress made recently with attempts at stem cell and somatic cell-based programming,
detailing their therapeutic potential and current stage of development.
A major contribution to these has been provided by applying insights
gained from the study of cardiovascular developmental biology to
which we turn our attention next.
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3. Cardiogenesis during development and its regulation
Cardiac development occurs during the early stages of the embryonic phase, and is crucial to ensure adequate nutrient and oxygen supply
to, as well as removal of waste from, the growing organism. The mature
mammalian heart is highly complex in structure, divided macroscopically into four chambers macroscopically and constituting speciﬁc muscle and non-muscle cell types, including left and right atrial CM, left and
right ventricular CM, and cells forming the conduction system, sinoatrial
pacemaker, vascular smooth muscle, endo- and epicardium [19–23].
The generation of such developmentally diverse cell fates are achieved
via spatiotemporally stringent molecular regulation, with clear evidence that myocardial cells derive from Brachyury+ (Bry+) mesodermal progenitor cells of the primitive streak during gastrulation
through the impact of Wnt signaling [24–26].
Thereafter, two crucial transcription factors (TF) are regarded as cardiovascular fate-determining factors: the bHLH TF MesP1 (mesoderm
posterior 1) [27–30] and the surface molecule Flk1 (also known as
VEGFR2: vascular endothelial growth factor receptor 2) [31,32]. Further
development is achieved from multipotent cardiac progenitor cells [33]
and can be distinguished mainly in two origins: i) the ﬁrst (primary)
heart ﬁeld (FHF) demarcating an Nkx2-5+/Hcn4+ cell population
which forms the cardiac crescent [34–41], and ii) the second heart
ﬁeld (SHF) demarcating a Nkx2-5+/Isl1+ cell population derived from
the pharyngeal mesoderm and lying medially and posterior to the FHF
[41–46]. In avians, a decisive role for the tertiary heart ﬁeld (THF) in
pacemaker development of the sino-atrial (SA) node has also been reported [47,48]. Primary heart ﬁeld progenitor cells will yield the myocardium of the left ventricle as well as a limited portion of the right
ventricle, the right and left atria and large parts of the conduction system (CS), such as the atrioventricular (AV) node and the ventricular
CS [20,42]. Multipotent progenitor cells of the SHF will yield myocardium of the right and left atria, the right ventricle and the outﬂow tract, as
well as cardiac vascular smooth muscle and the endocardium [31,46,
49]. In addition to these, epicardial progenitor cells give rise to cardiac
ﬁbroblasts, vascular smooth muscle, atrial and venous endothelial cells
[20,50–52]. Moreover, pro-cardiogenic factors and signaling pathways
play a decisive role during development and are distributed from the
surrounding endoderm and mesoderm. These include bone

morphogenetic proteins [53–57], notch [58], nodal and ﬁbroblast
growth factors [59–61], in addition to canonical and non-canonical
Wnt/JNK [62–66].
A highly coordinated signaling network determines early cardiac
progenitor as well as late speciﬁc cell fates, whose disruption can lead
to abnormal embryonic development and congenital heart disease
(CHD) characterized by malformation of speciﬁc cardiac structures
[67]. CHD is the most common major congenital defect worldwide
with a birth prevalence of between 0.58 and 0.9% [68,69]. Thus, dysregulation of TFs (e.g. Nkx2-5 [70–78], Gata4 [77,79–82] or members of the
forkhead family [83]) is associated with various abnormalities including
atrioventricular block, septal defects or pulmonary stenosis [84–86]. Exemplifying this, smoking-associated cardiac defects have been linked to
promotor DNA hypermethylation of Tbx5 and Gata4 caused by maternal
nicotine exposure [87]. In contrast, mutations in genes encoding cardiac
ion channels are largely associated with phenotypes associated with
sudden cardiac death (SCD) resulting from lethal arrhythmias [88].
4. Programming strategies for cardiovascular lineages
Insights into cardiac development and the potential serious sequelae
arising from its disruption are a critical prerequisite for furthering disease modeling, drug development and cell replacement strategies.
In this chapter, we address approaches to enhance cardiovascular
cell differentiation from adult stem cells (ASCs) (“directed differentiation”; Subsection 4.1) and from ESCs and iPSCs (“forward programming”; Subsection 4.2), in addition to discussing attempts to convert
terminally differentiated somatic cell types into cardiac cells (“direct
reprogramming”; Subsection 4.3) (Fig. 1).
The overriding aim of all programming strategies should be the generation of cells as physiologically close as possible to their natural counterparts. Moreover, to enable technology transfer from bench to
bedside, procedures will have to be xeno-, serum-, feeder- and DNAfree. Accordingly, the approaches described below address potential options to overcome hurdles associated with the purity, yield and safety of
physiologically functional CM subtypes (Fig. 1). As an exemplar of this,
we describe approaches aimed at the generation of biological pacemaker cells for both therapeutic replacement and in vitro drug testing
(Subsection 4.4), including our own recent progress in global

Fig. 1. Common programming strategies for cardiovascular lineages.
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Table 1
Overview of recently published programming strategies of ASCs towards diverse cardiovascular subtypes.
Cell
origin

Host

CMPC

In vivo/
in vitro

Factor/substances

Target cell
type

Special features

Literature

Human Synthetic nucleoside
protein

In vitro

5 μmol/L 5-AZA
following
1 ng/mL TGF-β1

CM-like

Goumans et al.,
2007 [117]

ADSC

Rat

In vitro

10 ng/mL TGF-β1

CM-like

Spontaneously beating myocytes;
gap-junctional communication and
action potentials of maturing
cardiomyocytes
Actin, cMhc

ADSC

Human Synthetic nucleoside

In vitro

CM-like

Highest expression in direct contact
co-culture with RNCM:
Actin, Gata4, Nkx2-5, cTnT
Spontaneous contractions
Synchronous Ca2+ transient

CMPC

Human miRNA

In vitro

10 μmol/L 5-AZA
or
100 ng/mL TSA
or
co-culture with RNCM
or
modiﬁed cardiomyogenic medium
miR-1 and miR-499

CM-like

CMPC

Human miRNA

miR-499

CM-like

Sluijter et al., 2010
[118]
Hosoda et al., 2011
[116]

ADSC

Rat

Synthetic nucleoside

In
vitro/in
vivo
In vitro

Repression of HDAC4 and Sox6
Enhanced cardiomyogenesis
Repression of Sox6 and Rod1
Enhanced cardiomyogenesis

CM-like

No spontaneous contraction
Actn2, Cx-43

Carvalho et al.,
2012 [105]

BMSC

Mouse

miRNA
(Lentiviral)

In vitro

Planat-Bérnard
or
5 μmol/L 5-AZA
miR-1

CM-like

Huang et al., 2013
[102]

BMSC

Human Synthetic nucleoside

In vitro

6 μmol/L 5-AZA
or
10 ng/mL TGF-β1

CM-like

EPC

Human Synthetic nucleoside

In vitro

5-AZA

CM-like

BMSC

Pig

In vitro

Rabbit

BMSC

Mouse

In
vitro/in
vivo
In vitro

10 μmol/L 5-AZA
IGF-1
GATA4, Nkx2-5
Extracellular environment co-culture
with RNCM
0.3 mm-thick hcECM

CM-like

BMSC

Downregulation of Hes-1
Expression of: Nkx2-5, GATA-4, cTnT,
and Cx43
Expression of: GATA-4, Nkx2-5,
Mlc-2a, actin
Higher expression in AZA-group to
control:
Mlc-2a, Mlc-2v, cTnT
Expression of: Actn2, cTnT, cTnI and
desmin
Expression of: GATA-4, Nkx2-5,
β-MHC and MEF2c
In combination with co-culture:
signiﬁcantly effective and enhance
the ability to repair MI
No evidence of CM differentiation

BAT

Mouse

In
vitro/in
vivo

1% methylcellulose/
Iscove's Modiﬁed Dulbecco's Medium
containing hematopoietic cytokines

CCS-like

BMSC

Rat

Synthetic nucleoside

10 μmol/L 5-AZA

CM-like

BMSC

Canine

Lentiviral

In
vitro/in
vivo
In vitro

Shox2
Co-culture with RNCMs

SAN-like

Medium suppl. with:
- for vascular smooth muscle cell
differentiation:
TGF-β
- for endothelial differentiation:
hFGF, hVEGF, hIGF, AA, hEGF
- for cardio-myocyte differentiation:
PMA
10 μM SAHA in ADMEM media;
following continuous culture in media
containing 1 μM of SAHA

CM-like,
endothelial
cells,
vascular
smooth
muscle cells

10 μmol/L 5-AZA
or
ESRRG, GATA4, MEF2C,
MESP1, MYOCD, TBX5, ZFPM2

CM-like

SC-ADSC Mouse
VL-ADSC
CA-ADSC
SS-ADSC

Delivery system

Protein

Synthetic nucleoside
lentiviral
DNA plasmid

Speciﬁc culture and
substrate conditions
Speciﬁc culture
conditions

Speciﬁc culture
conditions

In
vitro/in
vivo

DFC

Human Small molecule

In
vitro/in
vivo

E-ADSC
P-ADSC
O-ADSC

Human Synthetic nucleoside
retroviral

In vitro

CM-like

CM-like

CM-like

Gwak et al., 2009
[107]
Choi et al., 2010
[109]

Mohanty et al.,
2013 [100]

López-Ruiz et al.,
2014 [112]
Li et al., 2015 [99]
Li and Zhang, 2015
[98]
Oberwallner et al.,
2015 [119]
Takahashi et al.,
2015 [110]

Regular beating
Expression of:
Nkx2-5,
GATA6,
Mef2c,
ANF, α-MHC,
β-MHC,
MLC2a,
MLC2v, but not GATA4
Expression of: desmin, actin and cTnT Yang et al., 2015
[97]

High levels of: Tbx3, HCN4, Cx45
Feng et al., 2016
Low levels of: Nkx2-5, Cx43
[101]
Able to pace RNCMs with a faster rate
Highest potential with: CA-ADSC
Nagata et al., 2016
[108]

In vitro:
expression of: α-SMA, TnnT2,
desmin, Actc1
In vivo homing:
5.6 ± 1.0% heart
3.6 ± 1.1% liver
11.6 ± 2.7% kidney
With differences in IL-2 and IL-10
5-AZA:
No increased expression of Actn2 or
cTnT
7-factor-group:
E-ADSC: increased Actn2 and cTnT

Sung et al., 2016
[111]

Wystrychowski et
al., 2016 [106]

(continued on next page)
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Table 1 (continued)
Cell
origin

Host

BMSC
BMSC

Delivery system

In vivo/
in vitro

Factor/substances

Target cell
type

Special features

Human Synthetic nucleoside

In vitro

10 μmol/L 5-AZA

CM-like

Mouse

In vitro

10 μmol/L 5-AZA
Braveheart
hypoxia/reoxygenation treatment

CM-like

Upregulation of: Notch1, Gata4,
Yu et al., 2016 [103]
Nkx2-5, α-actin, cTnT
Expressions of: α-actin, cTnT, Nkx2-5, Hou et al., 2017
Gata4, Gata6, Isl-1, EMT-associated
[104]
genes (Snail, Twist, N-cadherin)

lncRNA

Literature

AA: ascorbic acid; Actc1: cardiac muscle alpha actin; Actn2: sarcomeric alpha-actinin; ADSC: adipose tissue-derived mesenchymal stem cells (E: epicardium, P: pericardium, O: omentum,
SC: subcutaneous white adipose tissue, VL: visceral white adipose tissue; CA: cardiac brown adipose tissue, SS: subscapular brown adipose tissue); α-SMA: alpha-smooth muscle actin;
BAT: brown adipose tissue derived stem cells from interscapular area; BMSC: bone marrow mesenchymal stem cells; CCS: cardiac conduction system; CM: cardiomyocyte; CMPC: cardiomyocyte progenitor cells; CPC: cardiac progenitor cells; cTnT: cardiac Troponin T; Cx43/45: Connexin43/45; DFC: dental follicle-derived mesenchymal stem cells; hcECM: human cardiac
extracellular matrix; HDAC4: histone deacetylase 4; hEGF: human epidermal growth factor; hFGF: human ﬁbroblast growth factor; hIGF: human insulin-like growth factor; hVEGF: human
vascular endothelial growth factor; IL-2/10: interleukin-2/10; lncRNA: long noncoding RNA; miR: microRNA; Mlc: myosin light chain; PMA: phorbol myristate acetate; RNCM: rat
neonatale cardiomyocytes; SAHA: suberoylanilide hydroxamic acid; TGF-β: transforming growth factor-β; TnnT2: cardiac muscle troponin T; TSA: trichostatin A; 5-AZA: 5-azacytidine.

transcriptome network analysis of “induced sino-atrial bodies (iSABs)”
[89–91].
4.1. Forward programming of multipotent stem cells
4.1.1. Cardiac programming of adult stem cells
Early attempts at introducing adult (marrow) stem cells for transplantation therapy were performed in 1957 by E. Donnall Thomas between identical twins, with the recipient suffering from leukemia. This
ushered in a phase of experimental work and clinical trials in hematopoietic transplantation which ultimately led to the award of Nobel
Prize in Physiology or Medicine in 1990, for Thomas together with Joseph Murray “for their discoveries concerning organ and cell transplantation in the treatment of human disease” (http://www.nobelprize.org/
nobel_prizes/medicine/laureates/1990/).
While the use of stem cell transplantation for cardiovascular disorders is a promising concept approaching clinical translation [10,92,93],
based on neovascularization and improved endothelial function [94],
its clinical efﬁcacy has been the subject of repeated debate in view of
the modest outcomes [10]. A small study of intramyocardial delivery
of puriﬁed CD133+ bone marrow SC demonstrated an encouraging
but marginal improvement in left ventricular ejection fraction (LVEF)
by ~ 6% after coronary artery bypass graft (CABG) surgery: CABG-only
— preoperative 37.9 ± 10.3% to 41.3 ± 9.1% after 6 months; CABG
with CD133+ cell injection — preoperative 37.4% ± 8.4% to 47.1% ±
8.3% after 6 months [95]. Comparable results have been reported in
studies of patients following acute myocardial infarction (AMI). Given
the challenges in patient recruitment to cardiac regenerative trials
[10], meta-analysis has been used to better discern the size of the potential therapeutic effect. A recent systematic review of 8 prospective randomized clinical trials containing 449 participants found no overall
signiﬁcant improvement in LVEF (1.47%, CI −4.5 to 7.45) in the setting
of AMI following mesenchymal SC (MSC) transplantation [96]. However, exploratory subgroup analysis revealed a signiﬁcant improvement in
LVEF in those transplanted in the ﬁrst week and also dependent upon
cell dose administered (up to 3.3%).
(Re-)programming of ASCs may enable greater beneﬁt from these
multipotent cells. The sources of adult SC for potential cell fate alteration
include MSC from bone marrow [97–104], adipose-tissue [105–110] or
dental follicles [111], in addition to endothelial progenitor cells (EPCs)
isolated from peripheral blood of patients with AMI or umbilical cord
blood [112]. At least partial cardiogenic differentiation of these can be
induced using a variety of exogenous manipulation strategies (Table
1) including: i) treatment with methylation inhibitors, such as 5azacytidine and histone deacetylase inhibitors, such as trichostatin A
[97,99,100,103–106,109,112]; ii) co-culture with isolated neonatal
cardiomyocytes [98,101,109]; iii) forced exogenous overexpression of
either TFs, such as Shox2 [101] and Gata4, Nkx2-5 [98], or use of a TF-
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cocktail [106], or non-coding RNAs, including miRNAs [102] and
lncRNAs [104]; or iv) stimulation via media supplemented with various
growth factors [100,107,108] or small molecules such as ascorbic acid
[108] or suberoylanilide hydroxamic acid [111].
Recently published reports on cardiomyogenic differentiation suggest that cardiac marker expression of MSC- and CD34+ progenitor
cell-derivatives are actually based on fusion with endogenous
cardiomyocytes of the recipient rather than on trans-differentiation in
vivo [113,114]. To clarify the relative roles of secreted factors versus direct cell-cell contact, indirect-co-culture using cell culture inserts has
been tested, identifying that direct cell-cell contact improves results
and can even lead to human adipose tissue-derived mesenchymal
stem cell (ADSC)-originating spontaneously beating CM-like cells
[109]. Future studies should deﬁne the cardiogenic differentiation potential of ASC by entirely excluding cell fusion as a mechanism, e.g. via
speciﬁc labeling of the neonatal CM used, or employment of different
species. However, if cell fusion is consistently demonstrated to exert a
positive inﬂuence on myogenic and functional regeneration of the affected tissue, this approach should not be abandoned. The large number
of studies using the epigenetic modiﬁer 5-azacytidine highlights the potential for harnessing epigenetic modulation to modify cell fate decisions to drive regeneration. While the outcomes reported are highly
variable, expression of speciﬁc cardiac markers such as desmin, cardiac
actin and Troponin has been demonstrated, in association with Notch
signaling. The beneﬁts of MSC pre-conditioning modiﬁcation such as
improved cell survival and proliferation, stimulation of paracrine factor
secretion and increased angiogenesis – thereby promoting cardiac repair – have been described in detail elsewhere [115].
4.1.2. Forward programming of CM progenitor cells
Another promising approach is the support of pre-existing precursor
cells: cardiomyocyte progenitor cells (CMPC) can be efﬁciently isolated
from fetal hearts, as either c-kit+ [116] or Sca-1+ [117,118] cell populations. Overexpression of miR-1 and miR-499 in such cells has been
shown to enhance their differentiation into cardiomyocytes via repression of histone deacetylase 4 and Sox6 [118], conﬁrmed with overexpression of miR-499 in another CMPC population resulting in similar
effects (repression of Sox6 and Rod1) by Hosoda and colleagues [116].
The cardiogenic potential of CMPC can also be efﬁciently enhanced
using the methylation inhibitor 5-azacytidine in combination with
TGF-β [117].
4.2. Programming of pluripotent stem cells
Pluripotent stem cells, encompassing embryonic and induced pluripotent stem cells, represent an attractive platform to study key cellular
and molecular programs of early heart development. The Human Pluripotent Stem Cell registry (hPSCreg) listed a total of 1281 cell lines in
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August 2017 (hESC: 707, hiPSC: 574) (http://hpscreg.eu/). Worldwide,
the majority of hESC lines are recorded in the U.S.A., while in Europe
the highest numbers are in the U.K.. The number of hiPSC lines is constantly increasing, with a dramatic increase from 120 lines in January
2016.
Since their ﬁrst successful differentiation towards cardiomyocytic
phenotypes was demonstrated in 1991, ESCs have grown to become
an invaluable in vitro model to study cardiac development [120]. Currently, the number of publications relying on murine and human ESCs
is increasing daily — a selected portion of these published over the
past ﬁve years is shown in Table 2. Importantly, gene expression analysis has revealed a unique proﬁle for each individual hESC line [121,122],
which obviously results in variable self-renewal behavior and differentiation preferences [123,124]. Moreover, even the in vitro “micro-environment” of each laboratory can exert a strong impact on the cell
line's gene expression signature [125].
To overcome ethical concerns as well as the poor accessibility of
ESCs, iPSCs have become a major focus of interest since their seminal
description a decade ago [126,127]. Representative recent studies
using murine and human iPSCs for cardiogenic differentiation are
outlined in Table 3.
The starting cell types for iPSC generation are available on a large
scale from various easily accessible sources. Furthermore, autologous
material enables the production of patient-speciﬁc iPSCs which can be
expected to become highly relevant for personalized therapy as well
as in vitro drug testing. The retained epigenetic memory of such cells,
demonstrated by the incomplete reprogramming of non-CG methylation as well as differences in CG methylation and histone modiﬁcations
[128] are important considerations. They represent a drawback on the
one hand, by leading to intra-line variability within clones from a single
subject, but can also be construed as advantageous with respect to the
cells' enhanced ability to differentiate preferentially into their cell type
of origin [129,130]. Thus, iPSCs derived from murine neonatal ventricular myocytes display a higher propensity towards spontaneous differentiation into beating CM compared to iPSCs derived from other somatic
cells (e.g. tail-tip ﬁbroblasts) [131]. In addition, the re-programming
strategy towards the iPS cell stage itself has both substantial inﬂuence
on programming efﬁciency, and affects the genetic proﬁle of iPSCs
themselves, resulting in high line-to-line variability. To date, the application of synthetic modiﬁed mRNA has the highest programming efﬁciency (~ 4.4%) using the TFs Oct4, Sox2, Klf4, c-Myc, Lin28 in
combination with valproic acid [132]. Moreover, another study claimed
“foot-print free” non-integrative mRNA-based reprogramming of somatic cells and subsequent effective differentiation towards a CM-like
phenotype including sarcomeric marker expression and appropriate
speciﬁc responses to pharmacological modulation [133]. In this regard,
it has been shown that iPS-derived CMs can exhibit residual transgene
expression of Oct4 and Nanog after lentiviral-mediated transduction
[134], which has the potential to lead to tumor formation.
The multifaceted powerful potential of iPSC-derived cells has
helped foster numerous preclinical studies, with the therapeutic effect
of their derivatives largely ascribed to their paracrine effects in
supporting ischemic tissue [135]. With regard to ESC, at present only
a single phase I clinical trial using human ESC-derived CD15+ Isl1+
progenitors for transplantation in severe heart failure is actively
recruiting (ESCORT).
Apart from the cellular origin, concepts regarding differentiation of
various PSCs are highly dependent on insights gained from study of natural embryonic development, to enable the driving of cell fate alongside
time-, space- and signaling-dependent patterns in order to overcome
hurdles associated with species-speciﬁcation and inter-personal variations. The direct application of PSCs as purely undifferentiated cells is
unfeasible due to their high teratogenic potential in vivo [136,137]. Despite experimental progress with PSC-derived CMs, achieving functional maturation of these cells has so far proved elusive in vitro [138]. This is
likely to reﬂect the current infeasibility of precisely mimicking the

147

entire natural microenvironment, including topographical, electrical,
adhesive, mechanical, biochemical, and cell–cell interaction cues [139].
In this chapter we will discuss the two main emerging strategies for
efﬁcient forward programming towards CM-like cells: i) molecular programming using forced exogenous overexpression of lineage-speciﬁc
TFs and miRNAs (Subsection 4.2.1); and ii) targeted differentiation via
provision of optimized culture conditions (Subsection 4.2.2). Furthermore, speciﬁc concepts will be considered regarding selection
(Subsection 4.2.3) – as well as maturation – (Subsection 4.2.4) strategies to enhance the quality of the ﬁnal cell product.
4.2.1. Molecular programming
Early molecular programming studies using ESCs have demonstrated MesP1 to be an essential cardiac fate determinant [140–143]. Recent
in vivo studies have conﬁrmed the positive effect of MesP1 CPCs in promoting cardiovascular repair of murine hearts [144]. Moreover, gainand-loss-of function experiments have disclosed a major role for miR322/-503 in a MesP1 progenitor population in regulating early cardiac
fate decision by negatively effecting neuroectoderm differentiation
[145]. Thus, MesP1+ mesodermal progenitors represent a heterogeneous population bearing a context-dependent potential to differentiate into cardiac, hematopoietic and skeletal myogenic progenitors
[146–148], which is also the case for Flk1+ mesodermal cells [149]. Numerous factors affect MesP1 and subsequent cardiac TF expression, such
as Bry+ [141], Cited2 [150], CIBZ (BTB domain-containing zinc ﬁnger
protein) [151] and Fndc5 (Fibronectin type III domain-containing 5 protein (also known as: peroxisomal protein (PEP)) [152]. Another group
of RNAs, the so called long noncoding RNAs (lncRNAs) play a still incompletely understood role during cardiac development; for instance,
the lncRNA Braveheart has been demonstrated to act as an epigenetic
modulator upstream of MesP1 using multiple ESCs [153].
Forced overexpression of key fate-determining factors has also been
applied to the generation of SAN-like cells from ESCs, using the TFs Tbx3
[89], Shox2 [154] and Isl1 [155], thereby directing cell fate towards a
pacemaker-like phenotype. This topic is discussed in more detail
below (Subsection 4.4).
Data on molecular programming using forced exogenous overexpression of lineage-speciﬁc TFs are so far restricted to ESCs — to date;
no attempts have been described in the literature for iPSCs.
4.2.2. Targeted differentiation
There are currently numerous direct programming protocols using
PSCs which include a focus on continual optimization and reﬁnement
of the targeted differentiation process with respect to time- and dosedependent application of cardiogenic modulators (Fig. 2). This may
allow precise manipulation of PSCs through activation or inhibition of
diverse implicated molecular pathways. While the protocols schematically presented in Fig. 2 have some similarities in common such as respective pathway activation or inhibition, they differ with respect to
speciﬁc timeframes and overall duration of cell culture required.
Such approaches start, after preliminary ROCK inhibition [156–160],
with initial activation of Wnt signaling using via Wnt activators such as
CHIR99021 or direct application of Wnt3 in order to induce a mesodermal CPC population [144,156,157,160–162], together with the addition
of Activin A and BMPs (bone morphogenetic proteins) [144,158,159,
161,163–166]. Substances administered in the second step depend
upon the desired lineage speciﬁcation to either a working myocardial
or a conduction system cellular phenotype. CM-like induction requires
the inhibition of Wnt signaling via Wnt inhibitors [156,159–161], such
as IWR1 and IWP2, as well as the addition of various growth factors
(GFs), such as FGF (ﬁbroblast GF) and VEGF (vascular endothelial GF)
[157,159,161,163,165]. In addition, modulation of MAPK signaling,
using SB203580 [133] and PD98059 [167] (both MAPK inhibitors), or
Rho-kinase inhibitors (H1152) [158] is utilized. In contrast, differentiation towards SAN-like cells mandates inhibition of GF-, including
Activin- and Nodal-signaling using inhibitors such as PD 173074 (FGF
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Host

Human

Human

Mouse/human

Mouse

Mouse

Mouse

Human

Human

Mouse

Mouse

Human

Mouse

Mouse

Mouse

Human

Mouse

Cell origin

ESC (HES-2, H1, H9)

ESC (H7)

ESC (m: J1; h:H1)

ESC

ESC

ESC

ESC

ESC (H9)

ESC (GSES)

ESC

ESC (H7, ESI-017)

ESC

ESC (R1)

ESC (CGR8, αPIG44)

ESC (H7)

ESC (α-PIG)

Speciﬁc puriﬁcation
method
Speciﬁc culture and
substrate conditions

Speciﬁc culture conditions

Adenoviral

Lentiviral

Speciﬁc culture and
substrate conditions

Lentiviral

Speciﬁc substrate
mechanics
Dna-Plasmid speciﬁc
puriﬁcation method

Speciﬁc culture conditions

Speciﬁc culture conditions

Speciﬁc culture conditions

In vitro

In vitro

In vitro

In vitro

In
vitro/in
vivo

In vitro

In vitro

In vitro

In vitro

In vitro

In vitro

In vitro

In
vitro/in
vivo
In vitro

In vitro

In vitro

In vivo/in
vitro

Target cell
type

0.3 mm-thick hcECM

CM-speciﬁc MBs

100 μM AA

Shox2

Matrix-free, scalable, and GMP-compliant process
Culture: including ﬁrst CHIR and second IWP-4
induction
Nkx2-5
Isl1

Fndc5

1) TCPS
2) PA hydrogel substrate
Tbx3
Myh6-promoter-based antibiotic selection

2% O2 preconditioning (3 passages) of ESCs
Diff as EBs in 20% O2

2% O2 preconditioning (3 passages) of ESCs
Diff as EBs in 20% O2

44 cytokines/signaling molecules on day 3 of diff

GSK3 inhibitor
P38 MAPK inhibitors
CaMKII inhibitors
ERK activators

CM-like

CM-like

CM-like

SAN-like

CM-like
SAN-like

CM-like

CM-like

SAN-like

CM-like

CM-like

CM-like

CPC
(Nkx2-5+)

CM-like

CM-like
Day 0–1: 0.5 ng/mL of BMP-4
Day 1–4: 10 ng/mL BMP-4, 5 ng/mL human bFGF, and 6
ng/mL Activin A
Day 4–8: basal medium containing 10 ng/mL VEGF, 150
ng/mL Dkk-1
Day 8-end: basal medium with 10 ng/mL VEGF, 10
ng/mL human bFGF
MEF-free and serum-free hESC adherent culture under
cGMP and cGLP conditions
1) MEF and SNL feeder cell layers + conventional SC
CM-like
culture medium containing ko-SR
2) bFGF
3) Matrigel matrix + commercial mTeSR1 medium
CM-speciﬁc MBs
CM-like

Factor/substances

Literature

hcECM supported proliferation
Signiﬁcantly increased expression of: Myh6, Tnnt2, Nkx2-5
Matrigel or Geltrex use did not induce cardiac-speciﬁc markers

Sign. expression of: Flk1, Isl1, Nkx2-5, Gata4, Mef2C, α-MHC, cTnT,
α-actinin, SM22α, α-SMA
N90% pure CM; 1.5 to 2 × 109 CM/L (up to 1 L spinner ﬂasks)
ESI-017: 6 μM CHIR — ~91% cTnT+
H7: 12 μM CHIR — ~92% cTnT+
Overexpression of Nkx2-5: inhibition of Isl1 expression
Overexpression of Isl1: enhanced speciﬁcation of cardiac progenitors,
earlier cardiac differentiation, and increased cardiomyocyte number,
upregulation of nodal-speciﬁc genes (e.g. Hcn4), downregulation of
transcripts of working myocardium
Increase in Cx45, decrease in Cx43, Nkx2-5
SHOX2-EBs beat spontaneously (83 ± 7% versus 15 ± 6%)
Pacemaker-like AP proﬁle (62%)
AA application from day 0 to 2 increases cardiogenesis 2–4-fold
Day 5: increased expression of genes associated with angiogenesis, blood
vessel development, hematopoiesis/erythropoiesis, Bry, Mef2c, Myl7
NPPA-MB: ~92% α-actinin+ cells

Most efﬁcient protocol: MEF and SNL feeder cell layers + conventional SC
culture medium containing ko-SR
Least efﬁcient protocol: Matrigel matrix + commercial mTeSR1 medium;
neural lineage induction
In vitro: myosin heavy chain-MB: ~97% cTnT+ cells
In vivo: improved cardiac function, without tumor formation after 4
weeks
ERK activators, CaMKII inhibitors: proliferative effects only on CMs in
early developmental stage
GSK3 inhibitor (BIO, CHIR), ERK activator (5 μM SU1498), CaMKII
inhibitor (5 μM KN93): induced cell cycle progression in CM, resulting in
CM proliferation
IGF1, IGF2, insulin, Wnt3a: signiﬁcantly increase CPC formation
IGF, insulin: promote Bry+ mesodermal cell proliferation
Activin A, BMP2 or BMP4: decrease CPC formation
Signiﬁcant increased expression of early differentiation markers FGF5,
Eomes
Increased gene expression of Eomes, Goosecoid, Bry, AFP, Sox17, FoxA2,
and protein expression of Bry, Eomes, Sox17, FoxA2 — diff into
mesodermal and endodermal lineages
Decreased expression of early differentiation markers FGF5, Eomes
increased gene expression Nestin, β3-tubulin — diff into ectodermal
lineage
Intermediate stiffness of PA hydrogel yielded slightly higher cTnT+ cells
without signiﬁcant difference to TCPS
N80% physiologically and pharmacologically functional pacemaker cells
with highly increased beating rates (300–400 bpm)

Oberwallner et al.,
2015 [119]

Jha et al., 2015 [175]

Ivanyuk et al., 2015
[169]

Ionta et al., 2015
[154]

Dorn et al., 2015
[155]

Hazeltine et al., 2014
[188]
Jung et al., 2014 [89]
Rimmbach et al.,
2015 [90]
Rabiee et al., 2014
[152]
Chen et al., 2015
[157]

Fynes et al., 2014
[185]

Fynes et al., 2014
[185]

Engels et al., 2014
[162]

Uosaki et al., 2013
[168]

Ban et al., 2013 [174]

Ojala et al., 2012
[190]

27% cTnT+
Chen et al., 2012
Expression of: sMHC, βMHC, Isl-1, Nkx2-5, MYH6, Tnnt2, Myl2, and Myl7 [163]
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Speciﬁc culture conditions

Speciﬁc puriﬁcation
method

Speciﬁc culture conditions

Speciﬁc culture conditions

Delivery system

Table 2
Overview of recently published programming strategies of ESCs towards diverse cardiovascular subtypes.

2.2 Application and validation of workflows via network analysis and modeling

F. Hausburg et al. / Advanced Drug Delivery Reviews 120 (2017) 142–167

S p e ci ﬁ c c ult u r e c o n diti o n s

S p e ci ﬁ c c ult u r e c o n diti o n s

M o us e

M o us e

M o us e

H u ma n

M o us e

M o us e

H u ma n

E S C (i n - h o u s e a n d
E 1 4t g 2 a )

ES C

E S C ( E 1 4 T)

E S C ( H 7 a n d H 9)

E S C ( 5)

ES C

ES C

ES C
H u ma n
( H E S 3 - N k x 2- 5 gf p/ w ,
H E S 2)
In
vitr o /i n
vi v o

I n vitr o

I n vitr o

I n vitr o

In
vitr o /i n
vi v o
I n vitr o

In
vitr o /i n
vi v o

I n vitr o

I n vitr o

I n vitr o

E B f o r m ati o n, 5 % O 2 ( d 0 – 1 2 )
G e n er ati o n of V L C M s:
D a y 0 – 3: 1 0 n g/ m L r h B M P 4, 6 n g/ m L r h A cti vi n A, 5
n g/ m L r h b F G F
D a y 3 – 5: 0. 5 μ M I W P 2, 1 0 n g/ m L r h V E G F
D a y 5 – 1 2: 5 n g/ m L r h V E G F
D a y 1 2 – 2 0: wit h o ut a d diti o n al f a ct or s
D a y 2 0: F A C S s o rti n g ( N K X 2 - 5: G F P + SI R P A + C D 9 0 )
G e n er ati o n of S A N L P C s:
D a y 0 – 3: 3 n g/ m L r h B M P 4, 2 n g/ m L r h A cti vi n A, 5
n g/ m L r h b F G F
D a y 3 – 6: 2. 5 n g/ m L r h B M P 4, 5. 4 μ M S B - 4 3 1 5 4 2, 0. 2 5
μ M R eti n oi c A ci d ( H E S 3: 4 8 0 – 9 6 0 n M P D 1 7 3 0 7 4 at
d a y 4, H E S 2 at d a y 3 )
D a y 6 – 2 0: 5 n g/ m L r h V E G F
D a y 2 0: F A C S s o rti n g ( N K X 2 - 5: G F P SI R P A + C D 9 0 )

M o n ol a y e r - di r e ct e d diff e r e nti ati o n p r ot o c ol
Diff e r e nt c o n c e nt r ati o n s of A cti vi n A a n d B M P 4

mi R - 3 2 2/ - 5 0 3

CI T E D 2

1 ) D a y 0 – 1. 5: B M P 4, F G F 2, A cti vi n g A, L Y 2 9 4 0 0 2
D a y 1. 5 – 5: B M P 4, F G F 2, R A, I W R 1/I W P 2
D a y 5 – 9: B M P 4, F G F 2
2 ) D a y 0 – 2: C HI R 9 9 0 2 1, d a y 2 – 4: I W P 2

S el e cti o n b a s e d o n V E - c a d h e ri n p r o m ot e r

M o n ol a y e r c ult u r e wit h o ut f e e d e r c ell s
D a y 0 – 1: I M D M/ H a m' s F 1 2, N 2 s u p pl e m e nt
B 2 7 s u p pl e m e nt,
0. 5 m M A A, 4. 5 × 1 0 4 M M T G
D a y 1 – 3: 8 n g/ m L A cti vi n A, 0. 5 n g/ m L B M P 4, 5 n g/ m L
h V E GF
d a y 3 – 1 3: St e m Pr o - 3 4 S F m e di u m, 0. 5 m M A A, 5 n g/ m L
h V E G F, 1 0 n g/ m L b F G F, 5 0 n g/ m L h F G F 1 0
2 5 n g/ m L A cti vi n, 2 0 n g/ m L B M P 2, 2 0 n g/ m L B M P 4,
1 0 0 n g/ m L D L L 1, 1 0 n g/ m L b F G F, 1 0 n g/ m L F G F 8, 2 0
n g/ m L T gf b, 1 0 0 n g/ m L W nt 3 a, 5 μ M I W R 1, 5 μ M
SB431542

CI B Z

1 0 μ M r e s v e r at r ol

C M -li k e
S A N -li k e

C M -li k e
E C -li k e

C M -li k e

C M -li k e

C M -li k e

CE DP

M es P 1- C P C

C M -li k e

C M -li k e

C M -li k e

W N T 3, W N T 8: r e g ul ati o n of B r y e x p r e s si o n a n d m e s o d e r m i n d u cti o n ( vi a
F Z D 7 + c a n o ni c al W nt si g n ali n g )
W N T 5 A/ 5 B: r e g ul ati o n of M e s P 1 e x p r e s si o n a n d c a r di o v a s c ul a r
d e v el o p m e nt ( vi a R O R 2 + n o n c a n o ni c al W nt si g n ali n g )
W N T 2, W N T 5 A/ 5 B, W N T 1 1: r e g ul ati o n of l at e f u n cti o n al C M diff ( vi a
F Z D 4, F Z D 6 + n o n c a n o ni c al W nt si g n ali n g )
Cit e d 2 d e pl eti o n: si g ni ﬁ c a ntl y d e c r e a s e d e x p r e s si o n of B r a c h y u r y, M e s p 1,
I sl 1, G at a 4, T b x 5
Cit e d 2 o v e r e x p r e s si o n: sti m ul ati o n of B r a c h y ur y, M e s p 1, I sl 1, G at a 4, T b x 5,
M y h 6, c T n T; p r ot ei n i nt e r a cti o n wit h I sl 1
Hi g h e st e n ri c h e d mi R N A i n M e s p 1 li n e a g e ( mi R - 3 2 2/ - 5 0 3 )
C elf 1 i s a di r e ct t a r g et of mi R - 3 2 2/ - 5 0 3
mi R - 3 2 2/ - 5 0 3 s el e cti v el y i n hi bit s n e ur o e ct o d e r m diff e r e nti ati o n
G e n e r ati o n of di sti n ct C V P p o p ul ati o n s f oll o wi n g d e ri v ati o n of
c a r di o g e ni c v er s u s h e m o g e ni c m e s o d e r m
N 9 0 % C D 3 1 + / V E - c a d h e ri n + E C s
F G F p at h w a y bl o c k s t h e d e v el o p m e nt of N K X 2 - 5 + C M
M a r k e r e x p r e s si o n of t h e S A N li n e a g e ( T B X 1 8, S H O X 2, T B X 3 ), t y pi c al
p a c e m a k e r a cti o n p ot e nti al s ( 9 0 % ), i o n c u r r e nt p r o ﬁ l e s a n d c h r o n ot r o pi c
r es p o ns e

B M P 4 e x p o s u r e: d a y 0 – 4 hi g h e st i m p r o v e m e nt of M e s P + c ell s ( 2 9. 6 % )
B M P 4 + I W R 1: M e s P + c ell s ( 1 3. 8 % ), h o w e v e r diff e r e nti at e m o r e
ef ﬁ ci e ntl y i nt o c a r di a c m y o c yt e s
I n vi v o: i nj e cti o n of d a y 5 M e s P 1 - C P C s l e d t o i m pr o v e d s u r vi v al of MI mi c e
a n d d e c r e a s e d s c a r f o r m ati o n
Diff e r e nti ati o n i nt o: ~ 4 7 % c T n T + a n d ~ 2 8 % V E - c a d h e ri n + c ell s

P r o m ot e s m E S C diff e r e nti ati o n t o w a r d s C M
E n h a n c e d b e ati n g p r o p e rti e s of E B s
Si g ni ﬁ c a ntl y hi g h e r e x p r e s si o n of: N k x 2 - 5, M ef 2 c, T b x 5, d H a n d 2, α M H C,
C x 4 3, c T n C 1
CI B Z d e pl eti o n: i n d u c e d e x p r e s si o n of B r y, M e s P 1, G at a 6, S o x 1 7
CI B Z o v e r e x p r e s si o n: d e c r e a s e d e x p r e s si o n of B r y, M e s P 1, Fl k 1 I sl 1, G at a 4,
M h c, c T nI;
Si g ni ﬁ c a nt s u p p r e s si o n of b e ati n g E B s
60% C M
3 5 – 4 0 % c T n T + / M F 2 0+
E 1 4t g 2 a: m o r e ef ﬁ ci e nt C M -li k e c ell yi el d wit h 5 n g/ m L A cti vi n A

P r ot z e et al., 2 0 1 7
[ 1 5 9]

P al p a nt et al., 2 0 1 7
[ 1 6 4]

S h e n et al., 2 0 1 6
[ 1 4 5]

P a c h e c o - L e y v a et al.,
2 0 1 6 [ 1 5 0]

M a z z ott a et al., 2 0 1 6
[ 1 6 1]

M alt a b e et al., 2 0 1 6
[ 1 7 3]

Li u et al., 2 0 1 6 [ 1 4 4]

K o k ki n o p o ul o s et al.,
2 0 1 6 [ 1 6 5]

K ot o k u et al., 2 0 1 6
[ 1 5 1]

Di n g et al., 2 0 1 6
[ 2 0 2]

A A: a s c or bi c a ci d; β M H C: β m y o si n h e a v y c h ai n; b F G F: b a si c ﬁ br o bl a st gr o wt h f a ct or; B M P: b o n e m or p h o g e n eti c pr ot ei n; b p m: b e at s p er mi n ut e; Br y: Br a c h y ur y; C A M KII: C a 2 + / c al m o d uli n- d e p e n d e nt pr ot ei n ki n a s e II; C E D P: c ar di a c a n d e n d ot h eli al
d u al- pr o g e nit or p o p ul ati o n; C HI R: C HI R 9 9 0 2 1, W n t a cti v at or; CI B Z: B T B d o m ai n- c o nt ai ni n g zi n c ﬁ n g er pr ot ei n; C M: c ar di o m y o c yt e s; C P C: c ar di a c p r o g e nit or c ell; c T n C 1: c ar di a c tr o p o ni n C 1; C V P: c ar di o v a s c ul ar pr o g e nit or c ell; diff: diff er e nt i ati o n;
E B: e m br y oi d b o di e s; E C: e n d ot h eli al c ell; E R K: e xtr a c ell ul ar si g n al-r e g u l at e d ki n a s e; E S C: e m br y o ni c st e m c ell s; F n d c 5: Fi br o n e cti n t y p e III d o mai n - c o nt ai ni n g 5 pr ot ei n ( al s o k n o w n a s: p er o xi s o m al pr ot ei n ( P E P ) ); G S K 3: gl y c o g e n s y nt h a s e ki n a s e3; h c E C M: h u m a n c a r di a c e xt r a c ell ul a r m at ri x; I W P: W N T i n hi bit o r; k o - S R: k n o c k o ut s e r u m r e pl a c e m e nt; L Y 2 9 4 0 0 2: p h o s p h oi n o siti d e 3 - ki n a s e i n hi bit o r; M A P K: p 3 8 mit o g e n - a cti v at e d p r ot ei n ki n a s e; M B: m ol e c ul a r b e a c o n; M T G:
m o n ot hi o gl y c er ol; P A: p ol y a cr yl a mi d e; P D 1 7 3 0 7 4: F G F si g n ali n g i n hi bit or; S A N: si n o atri al n o d e; S B- 4 3 1 5 4 2: A cti vi n/ N o d al/ T G F β si g n ali n g i n hi bit or; s M H C: s ar c o m eri c m y o si n h e a v y c h ai n; T C P S: ti s s u e c ult ur e p ol y st yr e n e; T n nt 2: c ar di a c tr o p o ni n
T 2; V E G F: v a s c ul ar e n d ot h eli al g r o wt h f a ct or; ( x ): n u m b er of c ell li n e s u s e d.

mi R N A l e nti vi r al

D N A - Pl a s mi d

S p e ci ﬁ c c ult u r e c o n diti o n s

S p e ci ﬁ c p u ri ﬁ c ati o n
m et h o d

S p e ci ﬁ c c ult u r e c o n diti o n s

S p e ci ﬁ c c ult u r e c o n diti o n s

D N A - Pl a s mi d

M o us e

ES C

S p e ci ﬁ c c ult u r e c o n diti o n s

M o us e

E S C ( d e ri v e d f r o m
C 5 7 B L/ 6 m o u s e
st r ai n )

2. 2 A p pli c ati o n a n d v ali d ati o n of w or k ﬂ o ws vi a n et w or k a n al ysis a n d m o d eli n g

F. H a u s b ur g et al. / A d v a n c e d Dr u g D eli v er y R e vi e ws 1 2 0 ( 2 0 1 7 ) 1 4 2 – 1 6 7
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Mouse

Mouse

Mouse

Human

iPSC

iPSC (Duanqing Pei,
Chinese
Academy of Sciences)

iPSC (from: MEFs)

iPSC (from foreskin
tissue)

Speciﬁc culture conditions
Metabolic selection
(lactate)

Retroviral
Speciﬁc culture conditions

Speciﬁc selection method

Lentiviral

Speciﬁc culture and
substrate conditions

In vitro

In vitro

In vitro

In vitro

In vitro

In vitro

In vitro

In vitro/in
vivo

In vitro

CM-like

0.001–0.2 μmol/L EPI
10 μmol/L phentolamine
5 μmol/L propranolol
10 μmol/L phenylephrine
10 μmol/L clonidine
1 μmol/L isoproterenol
10 μmol/L PD98059
EB formation
Medium containing: DMEM, 15% fetal bovine serum,
0.2 mmol/L L-glutamine, 0.1 mmol/L nonessential
amino acids, and 0.1 mmol/L β-mercaptoethanol
Chemical-deﬁned and albumin-free medium
CM-like
Day 0–1: S12 without insulin medium, 4–8 μM CHIR Atrial-like
Day 1–3: S12 without insulin medium
Day 3–5: S12 without insulin medium, 5 μM IWR-1
Day 5-end: S12 with insulin medium, atrial diff: 1 μM
RA, ventricular diff: 1 μM BMS493

CM-like

CM-like

CM-like

CM-like

CM-like

CM-like

CM-like

Telomerase-competent cell lines (TRF1 expression)
AA

EB-formation
Diff after EB: transfection with CIR RNA
0.3 mm-thick hcECM

DL-lactate solution
αMHC-GFP
EB formation
Diff. after EB: 1 week treatment with 1% DMSO
and/or 100 ng/mL NRG-1β
100 μM AA

Day 1–13: 5% O2 and 7% CO2
Day 1–2: 50% mTeSR, 45% DMEM (low glucose), 5%
FBS, 1 μM H1152, 100 ng/mL bFGF
Day 2: 2/3 medium change to: DMEM (low glucose),
10% FBS, 50 ng/mL bFGF
Day 3–7: DMEM (low glucose), 10% FBS, 50 ng/mL
bFGF, 6 ng/mL Activin A, 10 ng/mL BMP4
Day 8–13: DMEM (low glucose), 10% FBS
Day 14–end: 20% O2 and 7% CO2
Day 16–18: DMEM (no glucose), 1% sodium

After EB formation: expression of Flk1, α-actinin, α-MHC, cTnT, Cx43,
Nkx2-5
Active beating: 360 bpm
Incompletely differentiated iPS cells: teratoma formation after
transplantation into a SCID mouse model of MI
Highly homogenous atrial and ventricular
Myocytes in a scalable fashion with normal electrophysiological
properties

Spindle-shaped cells with characteristic
Expression of: cTnT, tropomyosin, α-actinin
hcECM supported the proliferation
Signiﬁcantly increased expression of: Myh6, Tnnt2, Nkx2-5
Matrigel, Geltrex: did not induce cardiac-speciﬁc markers
iPSCshighTRF1: differentiate earlier and more efﬁciently into CMs
iPSClowTRF1: differentiate very efﬁciently to the ectoderm lineage
AA: increase CM yield with iPSChighTRF1
EPI and activation of α1-AR: enhancement of CM differentiation via
MEK-ERK1/2 signaling

Signiﬁcantly higher expression of: Gata4, Gata6, αMhc, Myhl7, Myl3,
cTnnc1, Ryr2, Serca2a
Ventricular-like AP
Preserves cardiac function in mouse model
AA application from day 0 to 2 increases cardiogenesis 2–4-fold

Before selection: 30–45% CM, expression of cTnT and MLC2v
After lactate selection: 90% CM, electrophysiological characterization:
ventricular, atrial and nodal-like action potentials

Pei et al., 2017 [160]

Wang et al., 2016 [209]

Li et al., 2016 [167]

Aguado et al., 2016
[170]

Ivanyuk et al., 2015
[169]
Kochegarov et al., 2015
[208]
Oberwallner et al., 2015
[119]

Iglesias-García et al.,
2015 [207]

Fuerstenau-Sharp et al.,
2015 [158]

AA: ascorbic acid; AP: action potential; AR: adrenergic receptor; BCT: bioartiﬁcial cardiac tissue; bpm: beats per minute; BMS493: RA inhibitor; Bry: Brachyury; CHIR: CHIR99021 (GSK-3 inhibitor, Wnt activator); CIR: speciﬁc fetal cardiac-inducing
RNA (fragment of N-sulfoglucosaminesulfohydrolase and the caspase recruitment domain family member 14 precursor); Cx43: connexin 43; clonidine: selective α2-AR agonist; cTnT: cardiac troponin T; DMSO: dimethyl sulfoxide; EPI: epinephrine;
hcECM: human cardiac extracellular matrix; hPBMC: human peripheral blood mononuclear cells; H1152: Rho-kinase (ROCK) inhibitor; IRX4: iroquois-class homeodomain protein IRX-4; isoproterenol: β-AR agonist; IWP-4: WNT inhibitor; IWR-1:
WNT inhibitor; MEF: mouse embryonic ﬁbroblast; MLC2a: myosin regulatory light chain 2, atrial isoform; MLC2v: myosin regulatory light chain 2, ventricular/cardiac muscle isoform; NRG-1β: Neuregulin-1β; PC: progenitor cells; PD98059: MEK1/2
inhibitor; MI: myocardial infarction; phenylephrine: selective α1-AR agonist; phentolamine: α-AR antagonist; propranolol: β-AR antagonist; RA: retinoic acid; SB203580: MAPK signaling inhibitor; SCID: severe combined immunodeﬁciency; TNNI3:
cardiac troponin I; Tnnt2: cardiac troponin T2; TRF1: shelterin-complex protein; T3: Tri-iodo-L-thyronine.
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signaling inhibitor) and SB-431542 (Activin/Nodal/TGFβ signaling inhibitor) [159].
The ﬁnal cellular product varies among protocols with respect to
marker gene expression, however, each approach results in expression
proﬁles partly speciﬁc for CM-like or SAN-like cells, including a reported
N90% cTnT+ cells [157], N 90% CD31+/VE-cadherin+ ECs [164] or 35–
40% double positive cTnT+/MF20+ cells [165]. In addition, targeted differentiation-derived pacemaker-like cells exhibit speciﬁc action potential proﬁles [159]. Enhanced proliferation (up to 14-fold) of ESCderived CM-like cells has been obtained through the addition of speciﬁc
GSK3 and CaMKII inhibitors, as well as ERK activators [168]. Furthermore, epigenetic modulators have been used such as ascorbic acid
[169–171], which, when applied during a speciﬁc time-frame from
day 0 to day 2 of differentiation, leads to a 2–4-fold increase in
cardiogenesis [169].
Such in vitro differentiation protocols approximate the highly sensitive and ﬁnely-tuned interplay of signaling pathways required for
healthy embryonic development. Their success is critically dependent
upon careful, albeit protracted, step-by-step protocol optimization.

4.2.3. Selection-strategies
Notwithstanding the existence of in vitro approaches described
above, purity of PSC-CMs is still a major issue, with the choice of suitable and highly reliable surface marker for use in standard ﬂow cytometry or magnetic isolation procedures for differentiating CMs
still under debate. Accordingly, puriﬁcation strategies based on cardiac speciﬁc intra-cellular marker expression remain an important
approach.
Stable PSC lines containing: i) αMHC (99% MHC+ cells) [171,172] or
VE-cadherin (47% cTnT+ cells) [173] promotor-linked antibiotic resistance genes have been used to efﬁciently select αMHC+ cells or a cardiac and endothelial dual-progenitor population; ii) αMHC promotorlinked green ﬂuorescence protein (GFP) gene [168], enabling GFP+
ﬂow cytometric selection. Both methods have the disadvantage of requiring stable exogenous DNA introduction. iii) Another approach, applied by Bao's group, enables the puriﬁcation of CMs through speciﬁc
molecular beacons (MBs) which target mRNAs, such as MBs targeting
myosin heavy chain 6/7 (97% cTnT+ cells) [174] or NPPA (92% αactinin+ cells) [175] mRNA. Additional approaches used include the selection of CM-like cells via: iv) mitochondria-speciﬁc ﬂuorescent dyes
(99% α-actinin+ cells) [176]; or v) antibodies against partially cardiomyocyte-speciﬁc markers, e.g. SIRPA (signal-reduced protein alpha)
(98% cTnT+ cells) [177], EMILIN2 (elastin microﬁbril interface 2) (no
qualitative statement about α-actinin+ or cTnT+ cell yield) [178], or
VCAM1 (vascular cell adhesion molecule 1) (95% cTnT+ cells) [179]. A
consequence of the increasing mitochondrial-to-cell volume ratio during CM development is the metabolic substrate shift from glucose and
lactate in early developmental stages to the primary reliance on fatty
acid oxidation characterizing adult mature CMs [180]. These changes
have been applied in non-genetic metabolic puriﬁcation strategies
(98% α-actinin+ cells) [158,160,181,182]. Initial approaches used glucose-deplete/lactate-enriched media, achieving quite homogenous
populations and increased purity [158,160]. In this regard, Kuppusamy
et al. demonstrated a positive impact on cardiac maturation exerted
by the let-7 family of microRNAs which are associated with metabolic
energetics in maturing CM [183]. Overall, at present, other than standard promotor-linked selection approaches, the remaining novel selection strategies still require further evidence of reproducibility in
independent laboratories using different PS cell lines.
An important consideration is that current PSC-derived CMs represent a mixture of nodal-, atrial-, ventricular-like and early-intermediate
immature phenotypes, as evident from electrophysiological and pharmacological studies [89,134]. Transplantation of such CM mixtures
could induce signiﬁcant arrhythmia [184], thus further puriﬁcation
will be an indispensable prerequisite for clinical translation.
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4.2.4. Maturation-strategies
In general, all published reports have – to a greater or lesser extent –
generated an immature and physiologically incomplete CM phenotype,
reﬂecting the heterogeneity of PSCs used as well as the distinction between human and murine cell lines [138]. A variety of substrates and
protocol modiﬁcations are under close scrutiny with the goal of
obtaining improvements in cardiogenic differentiation during culture
to enable safe bench-to-bedside implementation.
Differential effects can arise from the cultivation procedure itself, including an important inﬂuence of cultured temperature and distinctions
between use of 2D monolayer or 3D EB formation. Low oxygen preconditioning (2% O2) can impact on lineage commitment [185], with murine ESCs displaying signiﬁcantly increased expression of the early
differentiation markers FGF5 and Eomes consistent with preferred differentiation towards mesodermal and endodermal lineages. In contrast,
culturing human PSCs under low oxygen tension prior to spontaneous
differentiation in EBs primes commitment to an ectodermal lineage, indicated by signiﬁcant induction of β3-tubulin and Nestin [185].
An important but contentious issue is the use of either diverse coculture systems or an adjusted material surface. PSC-derived CMs cultured on ﬁbronectin-coated micro-grooved polydimethylsiloxane
(PDMS) scaffolds exhibit a more organized sarcomeric structure, together with a more homogenous alignment and improved sarcoplasmic
reticulum-based Ca2+ cycling [186]. Angelo's group introduced a biomimetic aligned nanoﬁbrous cardiac patch which resembles the extracellular matrix of decellularized myocardium from rats [187]. The
material used, namely polylactide-co-glycolide (PLGA), is an FDA approved therapeutic device due to its biodegradability and biocompatibility and has great potential to form the basis of an implantable
cardiac patch. Moreover, this anisotropic environment additionally results in symmetric alignment of iPSC-derived CMs. ESC differentiation
on intermediate stiffness polyacrylate (PA) hydrogel substrate resulted
in only a slight enhancement of differentiation in comparison to common (rigid) polystyrene tissue culture [188]. Promising approaches
using matrix-free, GMP-compliant culture protocols have yielded 94%
cTnT+ cells [157], which may facilitate advance towards clinical use.
hESCs co-cultured with AKT-activated endothelial cells led to an improvement in Nkx2-5+ cell yield as well as faster beating frequencies
compared to hESCs cultured on Matrigel alone [189]. These ﬁndings
concur with observations of other groups exploiting the beneﬁts of coculture [119,171,190]. Co-culture with MEF or SNL feeder cells has
yielded better results than Matrigel for the majority of cell lines investigated [190]. Other approaches rely on matrix-cell-composites, such as
BCTs (bioartiﬁcial cardiac tissue: cells plus liquid collagen type I plus
Matrigel) [171], or the application of cardiac extracellular matrix
[119]. In order to mimic endogenous tissue with blood capillary networks, Akashi's group have developed a vascularized 3D-iPSC-CM tissue, which may provide more comprehensive data in the ﬁeld of drug
screening [191]. Another technique relies on the co-culture of human
cardiac microvascular endothelial cells (hCMVECs) and hMSCs in combination with induced pluripotent stem cell-derived embryonic cardiac
myocytes (hiPSC-ECMs) which also aims at generating in vitro
vascularized cardiac tissue scaffolds [192]. The considerable potential
importance of culturing hiPSC-CMs as human 3D heart tissues to overcome species-dependent discrepancies of CM behavior has also been
highlighted, particularly with respect to preclinical drug screening
[193].
To ensure valid comparisons between techniques, a standard characterization procedure is essential. However, to date the expression of
a multitude of TF or surface markers have been interrogated at quite diverse time points. However, consistency with respect to both time and
marker information is very important, substantiated by recently published data revealing time-dependent morphological and electrophysiological alterations of iPSC-derived CMs [194]. Reliance on 2D
morphological analysis alone to determine CM growth and maturation
has been suggested to be insufﬁcient, with clear volume differences
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Fig. 2. Schematic timescale for targeted differentiation of human PSCs. This cartoon summarizes various strategies and protocols of pluripotent stem cell (ESC, iPSC) differentiation towards
cardiomyocytic cells, relying on time- and dose-dependent application of cardiogenic modulators without any nucleic acid introduction or factor overexpression.

apparent with hypertrophic stimulation or long-term culture using 3D
z-stack myoﬁlament analysis [195]. In addition, the success of engraftment will be dependent on the state of the applied CMs, as has been
demonstrated using an ischemic heart model in immuno-deﬁcient
mice [196].
To minimize risk of off-target effects attributable to incomplete
knowledge of iPSC-derived CM behavior, their response to pharmacological manipulation is of central importance. Measurement on MultiElectrode-Arrays (MEAs) are increasingly used for cell characterization
and drug screening [197–199]. The use of voltage-sensitive ﬂuorescent
dyes (VSDs), such as di-4-ANEPPS, will also likely facilitate the investigation of action potential characteristics as has been demonstrated for
commercially available hiPSC-derived cardiomyocytes (“iCells” and
“Cor.4U”) post-substance administration [200]. Monitoring of iPSCCMs under conditions simulating ischemia is a prerequisite to correctly
evaluate the impact of hypoxia and nutrient deprivation on future cell
replacement therapies. In this regard, Brodarac et al. demonstrated
poorer tolerance of murine iPSC-CMs to hypoxia and nutrient deprivation compared to neonatal murine cardiomyocytes, with a signiﬁcantly
higher proportion of poly-caspase-active, 7-aminoactinomycin D-positive and TUNEL-positive cells [201].
In summary, much remains to be done before safe cardiac cell replacement therapy based on PSC strategies becomes a clinical reality,
in particular the introduction of GMP-compliant standards underlying
precise DNA-, viral- and xeno-free protocols for the generation of mature functional CMs.
4.3. Direct reprogramming of somatic cells
Another ambitious approach to cell replacement therapy aims to
avoid the relatively uncontainable pluripotent state, instead choosing

to elicit a cell fate switch through the direct conversion of terminally differentiated somatic cells towards mature cell types of interest
representing the same germ layer, or even across germ layers. Such an
approach has a number of prerequisites for efﬁcient and feasible
reprogramming, including epigenetic modulation and lineage-speciﬁc
intervention.
As early as 1987, murine ﬁbroblasts were successfully converted into
skeletal muscle cells using only a single key TF, namely MyoD [210].
Subsequently, numerous publications have reported direct conversion
– with one or a number of TFs combined – into several somatic cell
types, such as insulin+ β-cells, hepatocytes, osteoblasts, hematopoietic
lineage cells, neurons and cardiomyocytes (summarized in [211]). However, the quality of the cells obtained was highly variable. While, thus
far, no single master regulator has been discovered to efﬁciently induce
the switch of fully differentiated somatic cells towards a mature induced
cardiomyocyte (iCM) lineage, promising results in the ﬁeld of direct
reprogramming have been made and will be discussed in this section.
The concept of patient-speciﬁc lineage-conversion holds enormous
potential for future clinical applications including: i) elucidating individual disease pathogenesis; ii) lower risk of tumorigenesis and inﬂammation after cell transplantation compared with PSCs; iii) avoiding the
need for transplantation through the possibility to directly convert resident cells; and iv) avoidance of ethical concerns regarding cellular
source. Despite the many advantages, the actual consequences of massive ﬁbroblast-to-myocyte programming in situ remain unknown and
may potentially be detrimental to cardiac function [212].Contemporary
research efforts focus on readily available murine cell types, with murine neonatal cardiac ﬁbroblasts (CFs) currently the most efﬁcient somatic cell source for direct reprogramming based on their
heterogeneity and plasticity, as well as their resistance to the hypoxic
environment of the injured myocardium [213–215]. Another important
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source are murine embryonic ﬁbroblasts [216–220]. However, neither
of these two cell types are readily accessible from humans with few results so far reported using such human cell types [221,222]. In contrast
to iPSC strategies, a cell fate switch is largely achieved through forced
exogenous overexpression of lineage-speciﬁc TFs, with Gata4, Tbx5
and Mef2c the most frequently used TFs in combination [219,
223–229], or at least a critical part of a more complex composition
[216,217,220,221,230,231] (Table 4). However, the reported marker
gene expression patterns obtained vary widely between different laboratories and starting material; e.g. 30% [227] or 35% [223] cTnT+ cells,
10–15% iCM [224], 3% [225] or 20% [229] αMHC+ cells. Moreover, the
cells display only marginal similarity to mature CM based on their molecular and electrophysiological phenotype [223]. Such low efﬁciencies
may reﬂect insufﬁcient construct design with respect to expression stoichiometry, with a tailored ratio of protein expression – constituting
higher protein levels of Mef2c in combination with lower levels of
Gata4 and Tbx5 – shown to enhance programming efﬁciency [228]. Several approaches now aim to improve reprogramming efﬁciency as well
as maturation of iCMs by adding further TFs of the cardiac lineage such
as Hand2 [216,217,219,220,222], together with signaling modulators
such as inhibitors of TGF-β (A83-01, SB431542) [217,230], WNT
(XAV939) [230] or ROCK (SR-3677, Thiazovivin, Y-27632) [217].
A number of pro-cardiogenic microRNAs have been identiﬁed
[232–234] and applied in combination with TFs [217,222] or as sole
modulators [235–237] for direct re-programming. MicroRNAs, for example microRNA-1, can interact with myogenic TFs such as SRF
(serum response factor), Mef2c, MyoD or Nkx2-5 in a regulatory loop
as repressors and cooperators [238–240]. MicroRNA-1 negatively impacts the Notch signaling pathway via direct repression of Dll1 [241]
and its downstream factor Hes1 [102], resulting in expression of
Gata4, Nkx2-5 and Myogenin. A combination of miR-1/-122/-208/499
and JAK inhibitor I has been demonstrated to induce a cell fate switch
towards a cardiac-like phenotype with 28% αMHC+ cells in vitro and
improved cardiac outcomes in vivo [235–237].
One approach focuses on the use of a chemical cocktail to convert
murine embryonic ﬁbroblasts to iCMs with spindle, rod and round
shaped morphologies [218]. The cells generated manifest action potentials of atrial- and ventricular-like cells. Notwithstanding the heterogeneity of the cells obtained, this method offers a potential alternative to
genome integrative methods which may prove safer. However, the effective time windows for each chemical modulator, which include signaling pathway activators/inhibitors or epigenetic regulators, has to be
clearly deﬁned to achieve optimal results [220].
While progress has been made, so far the iCMs obtained are still immature in phenotype and inhomogeneous as a population, lacking the
terminal structural and electrophysiological characteristics of authentic
adult CMs.
4.4. Programming of cardiac conduction system cells
As outlined earlier, the availability of highly speciﬁc cardiomyocyte
subtypes is critical for future tailored cell therapy of cardiovascular disease. The treatment of rhythm disorders by cardiac cell therapy will require a highly pure population of cells belonging to the cardiac
conduction system [89,244–247]. As a corollary, while a mixture of cardiomyocyte subtypes is capable of coupling to working myocardium
and setting the pace in vivo in a porcine model of complete atrioventricular block, the resulting rhythms are neither stable nor reliably exceed
junctional escape rhythm rates [248].
4.4.1. Composition of the cardiac conduction system
Automaticity of the heart beat is crucial for life: the heart's regular
contractile activity results from electrical impulses initiated and conducted by highly specialized cells within the heart which form the cardiac conduction system (CCS) [249–251].
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The initial impulse is generated in a small number (~10,000) of highly specialized pacemaker myocytes which form the sinoatrial node
(SAN) [242]. The SAN is located at the junction of the right atrium and
the superior vena cava [249,250]. SAN cells differ from working myocardial cells in their content of ion channels and gap junction proteins [252,
253]. In particular they are rich in hyperpolarization-activated cyclic nucleotide-gated cation channel 4 (HCN4) and t-type calcium channel
(Cav3.1). SAN cells lack natriuretic factor (ANF) and the gap junction
proteins connexin43 (Cx43, predominant in ventricular and atrial
cells) and connexin40 (Cx40, expressed in atrial working myocardium)
[249,252,253]. In contrast, the main gap junction protein in the SAN is
connexin45 (Cx45). The membrane voltage clock (cyclic activation
and deactivation of membrane ion channels, resulting in part from fchannel conductance of the “funny current”) and the subsarcolemmal
Ca2+ clock (resulting from rhythmic spontaneous sarcoplasmic reticulum Ca2+ release) function synergistically to generate SAN automaticity
[251]. An illustration of the major differences between these cells is that
the upstroke of the action potential (AP) in SAN results from Ca2 +channels as opposed to voltage-gated Na+-channels typical of working
myocardial cells [253].
The impulse that emerges then propagates rapidly and anisotropically through atrial myocardium until it reaches the atrioventricular
node (AVN) where the signal is delayed. Atrial and ventricular myocardium are electrically isolated from each other, allowing the atria to contract ﬁrst, a physiological requirement for optimal ventricular ﬁlling
prior to ventricular systole [249,250].
The electrical impulse then proceeds through the ventricular conduction system (VCS). The latter consists of a fast-conducting atrioventricular bundle (AVB) (or His bundle), left and right bundle branches
(BBs) and the Purkinje ﬁber network. The AVB commences at the AVN
and proceeds through the ventricular septum, where it subdivides
into the right and left BBs. The BBs themselves divide into Purkinje ﬁbers, which are spread over the entirety of the left and right ventricles,
enabling synchronous biventricular contraction [249,250,254].
While AVN cells resemble those of the SAN, cells of the VCS differ signiﬁcantly from both SAN and ventricular working myocardial cells. In
particular, while depolarization involves voltage-gated Na+-channels,
the “funny current” is still present in the VCS [253]. Similarly, the gap
junction proteins are different, with Cx40 required in VCS cells to facilitate high conduction velocity from Purkinje ﬁbers to ventricular cells
[252].
Overall, a high degree of coordination is required between all these
different cell types to ensure normal stability of cardiac rhythm and
rate. One manifestation of a primary disturbance in cardiac pacemaker
function is the so called “sick sinus syndrome” (SSS) [255].
4.4.2. Manifestations of sick sinus syndrome
SSS, or sinoatrial disease, refers to a chronic clinical syndrome
reﬂecting SAN dysfunction which has a variety of causes [255]. It results
in a variety of abnormalities, including sinus bradycardia, sinus pauses,
sinus arrest and sinoatrial exit block and may result in chronotropic incompetence, i.e. insufﬁcient augmentation of heart rate to meet physiological requirements during exercise or other stress [256]. In up to half
of cases, SSS may be accompanied by paroxysmal atrial tachycardia
and AVN conduction disturbance, as part of the tachycardia-bradycardia
syndrome [255–259]. The rhythm disturbances can result in a variety of
symptoms, including palpitations, lightheadedness, shortness of breath,
exercise intolerance, fatigue and frank syncope [255].
While SSS occurs predominantly in the elderly, it is prevalent at all
ages [255,257–259]. In young adults and children, SSS commonly results from post-operative atrial trauma or inherited disease. In the elderly, SSS may reﬂect progressive age-related attrition in SAN cell
number [258], or result from a distinct disease process such as atherosclerosis. The sinus node is supported by the right coronary artery
whose compromise transiently with ischaemia or through actual infarction can result in permanent SAN dysfunction [255,259]. Familial SSS
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has been described to arise from genetic mutations, characteristically
originating from alterations in one of three genes [255]: two of these,
HCN4 and SCN5A (sodium channel, voltage-gated, type V, alpha subunit), are crucial for transmembrane ion exchange and thus highly relevant for action potential generation. The third gene implicated, MYH6
(myosin, heavy chain 6, cardiac muscle, alpha) plays an essential role
in myosin formation to support cardiomyocyte contractility [255].
At present, symptomatic SSS is treated by implantation of an electrical pacemaker device, regardless of underlying etiology, and constitutes
one of the major indications for permanent pacemaker implantation
globally (30–50% of all cases) [255,257–260].
While the advent of implantable permanent pacemakers has revolutionized the management of life-threatening or highly symptomatic
bradycardias, dramatically improving symptoms, quality of life and, in
speciﬁc cases, prolonging survival [261] it bears some limitations.
These can include the possibility of device infection (which can necessitate removal of the entire pacing system), limited battery lifespan (necessitating intermittent generator changes in those who are
pacemaker dependent at speciﬁc intervals), lead damage or vessel
thrombosis, dyssynchronous electromechanical activation and incomplete recapitulation of physiological heart rate increments and interference with external electromagnetic devices [262]. While many of these
are theoretical or of small consequence at the individual patient level,
their occurrence (particularly device infection) can be serious and can
pose a relevant cumulative risk in certain groups, e.g. the pediatric pacing-dependent population.
To circumvent the concerns inherent to implantable electronic devices, a number of quite promising approaches towards engineering a
biological pacemaker have recently appeared. These employ two principle strategies [260]: virus-based gene transfer aimed at converting resident cardiac cells into cells with pacemaker properties [242,243,263];
or, a cell-based strategy, in which in-vitro pre-processed cells are
transplanted into the heart as pacemakers [89,159,154,264]. Of note,
when generated from patient-derived iPSCs, such cells may become of
great importance for personalized in vitro drug testing.
4.4.3. Modiﬁcation and direct reprogramming of working myocardial cells
Generation of CCS cells follows similar principles to those used for
working cardiomyocyte (re-)programming. However, the programming
factors need to be carefully selected for this highly speciﬁc purpose. TFs
such as T-box 3 (Tbx3), T-box 18 (Tbx18), short stature homeobox 2
(Shox2) or ISL LIM homeobox 1 (Isl1) play critical roles in the intrinsic
development of PCs, but are absent or highly downregulated in the
other cardiomyocyte subtypes [155,265–268]. The expression of ion
channel components such as HCN4, calcium voltage-gated channel subunit alpha1 D (Cacna1d, Cav1.3), or the calcium voltage-gated channel
subunit alpha1 G (Cagna1g, Cav3.1) also differs between PCs and the
working myocardium, as do gap junction proteins such as Cx45 and
Connexin30.2 (Cx30.2), both expressed instead of Cx43 [269–276].
The TF Tbx3 functions as transcriptional repressor during embryonic
development, preventing expression of TFs typical for the working
myocardium and thereby formation of working myocardial CMs.
While Tbx3 is not solely responsible for SAN formation, it imposes a
pacemaker gene program [268]. Accordingly, use of Tbx3 for direct
reprogramming of resident myocardium cells appears attractive and
has been evaluated in two different studies of Tbx3 overexpression in
murine hearts. However, neither Tbx3 expression in atrial myocardium
[266], nor tamoxifen-induced expression of Tbx3 in whole working
myocardium [263] leads to fully functional PCs. While both reports
demonstrate that Tbx3 can partially induce a number of pacemaker-related genes, the resulting cells still differ signiﬁcantly from native pacemaker cells (PMCs) with regard to their overall expression patterns. In
the ﬁrst study, SAN speciﬁc markers were found to be upregulated
such as Hcn4, Cx30.2 and Lbh. Similarly, atrial speciﬁc markers were
downregulated, including natriuretic peptide A (Nppa), Cx40, Cx43
and sodium voltage-gated channel alpha subunit 5 (Scn5a, Nav1.5)
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[266]. The second study recapitulated the expression of some of these
genes in isolated atrial cells (e.g. Lbh, Nppa, Cx43 and Cx40), but others
reacted differently, such as Hcn4 which exhibited an unaltered expression pattern. Further, in the atrium another member of the cyclic nucleotide gated potassium channel family (Hcn1) was upregulated, while
Hcn4 was actually downregulated in ventricular cells. Remarkably, the
expression level of the TF NK2 homeobox 5 (Nkx2-5), which plays a pivotal role in working myocardium, was not modiﬁed by Tbx3 expression
in these cells [263]. Overall, these ﬁndings suggest that Tbx3 alone is insufﬁcient to convert working myocardium into PCs.
A related SAN-speciﬁcation factor, Tbx18, has been tested after
initial experiments with rat neonatal ventricular myocytes [242]. In
contrast to other TFs tested (Shox2, Tbx3, Tbx5 and Tbx20), only
Tbx18 transduction has been shown to signiﬁcantly increase the
number of spontaneously beating cultures. The resulting cells exhibit a more pacemaker-like morphology, as well as enhanced HCN4 expression and pacemaker-like cellular automaticity. Although the
beating frequency of the transduced cells was double that of control
cells, it was still far lower than that observed in vivo in rat hearts
(95 bpm vs. 350 bpm) [242]. Importantly, the effect of Tbx18 has
not only been demonstrated in vitro, but also reported in a large-animal model in vivo using adenoviral gene transfer. After pilot experiments in guinea pig hearts [242], a consecutive study evaluated the
ability of Tbx18-expressing adenovirus injected into the interventricular septum of pigs to rescue induced complete heart block
[243]. Examination of both animal models revealed evidence of partial transformation into pacemaker-like cells after transduction, as
reﬂected by upregulation of Hcn4 and downregulation of working
myocardial genes (Cx43 and Nkx2-5). In addition, ventricular ectopic beats were induced in both guinea pig and pigs hearts [242,243],
with automaticity of the pig heart largely independent of the backup
implanted electronic pacemaker for the short duration of the study
[243]. Single cell analysis of the transducted guinea pig heart indicated the effect of Tbx18-expression to be only very transient: after
6 weeks, less than one third of transduced cells retained their pacemaker-like-morphology. However, due to limitations with respect to
the recovery of single cells from the pig heart, insights into in situ
reprogramming that could be gained from single cell analysis were
lacking. Consistent with the temporal time course of expression of
adenoviral vectors, SAN functional testing using electronic burst
ventricular pacing revealed a rapid recovery in Tbx18-transduced
animals at day 8, which increased to levels comparable with the control group (percutaneous GFP injected) by 2 weeks [243]. While the
study describes the ﬁrst partially successful in situ reprogramming
towards a biological pacemaker in a clinically relevant large animal
model, the long term effects of Tbx18-based reprogramming of
working myocardium remain to be determined [242,243]. In this regard, a recent study used two independent Cre/loxP-mediated conditional transgenic mouse models to express Tbx18 in the atrial
and ventricular myocardium during fetal development to further investigate the ability of Tbx18 to convert working myocardium into
pacemaker cells [277]. Ectopic expression of Tbx18 was discernible
from E12.5 or E14.5 and caused right ventricular hypoplasia, atrial
dilatation and ventricular septal defects. In contrast to the
experiments of the Marban group, no upregulation in expression of
SAN-related genes was found in working myocardium, despite
downregulation in chamber speciﬁc genes such as Cx40 and
Nav1.5. Notably, Tbx18 expression also induced ectopic expression
of atrial and ventricular marker genes, including Nppa in the ventricles and myosin, light polypeptide 2, regulatory, cardiac, slow (Myl2,
Mlc2v) and myosin, heavy polypeptide 7, cardiac muscle, beta
(Myh7) in the atria [277]. It remains to be seen whether the contrasting outcomes of the two studies arise from application of
Tbx18 in different species [243,277], or from differing expression
time points in the heart (fetal [277] vs. adult [243]). Such considerations will need to be carefully addressed to obviate potential side
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Retroviral

Adenoviral

Mouse

Human

Mouse

Rat

Human

Pig

Neonatal cardiac ﬁbroblasts

Fibroblasts (from hESCs; H9)

Tail tip and embryonic
ﬁbroblasts (B6;129S4)

NRVM

Neonatal foreskin and
adult ﬁbroblasts
CM

Adenoviral

Retroviral

Retroviral

Lentiviral
MicroRNA
speciﬁc culture
conditions

Retroviral or lentiviral

Mouse

Delivery system

Host

Neonatal cardiac ﬁbroblasts

In vitro/in vivo

In vitro

In vitro/in vivo

In vitro

In vitro

In vitro/in vivo

In vitro/in vivo

In vivo/in vitro

Gata4, Hand2, Tbx5, myocardin, miR-1/-133
Culture time: 4–11 weeks
Tbx18

Tbx18

M3 domain of mouse MyoD fused on
carboxy-terminus of Mef2c, Gata4, Hand2, Tbx5
GSK126 (day 1–4), UNC0638 (day 3–7)

EGFP, ESRRG, GATA4, MEF2C, MESP1, TBX5,
MYOCD, ZFPM2
SIS3

miR-1/-122/-208/499
JAK inhibitor I

Gata4, Mef2c, Tbx5

Factor/substances

Target cell type

SAN-like

CM-like

SAN-like

CM-like

CM-like

CM-like

CM-like

Hu et al., 2014 [243]

Nam et al., 2013 [222]

Kapoor et al., 2013 [242]

Hirai et al., 2013 [219]
and 2014 [220]

Fu et al., 2013 [221]

Jayawardena et al., 2012
and 2014 [235,236]

Literature
Ieda et al., 2010 [227]

Special features
30% cTnT+ cells (to a lesser extent in tail-tip
ﬁbroblasts)
Upregulation of: Myh6, Actc1, Actn2, Nppa
Day 3: 2- to 3-fold upregulation of Mef2c, Tbx5, Hand2,
Nkx2-5, Gata4
Day 6: expression of cTnT, cTnI, sarcomeric actinin
Reprogramming efﬁciency: 1.13–5.28% in non-JAK
inhibitor I-treated cells
With JAK inhibitor I: 28% αMHC+ cells
Enhanced cardiac function in mouse model
20% functional Ca2+ transients
Cardiac marker expression of: cTnT, α-Actinin, ACTC1,
ACTN2, MYH6, MYL2, MYL7, TNNT2, NPPA, PLN, and
RYR2
SIS3 signiﬁcantly decreases αMHC+ cells
Reprogramming efﬁciency:
MM3-GHT: 3.5% (N 15-fold increase)
MM3-GHT + GSK126: further increase to control
2.1-fold (most efﬁcient combination)
MM3-GHT + UNC0638: further increase to control
2-fold
Downregulation of Cx43
pacemaker-like AP proﬁle (9.2%)
~35% tropomyosin+ cells
~20% cTnT+ cells
Mean HR was higher in TBX18-transduced animals
Sympathetic predominance in the TBX18-transduced
group
TBX18-transduced animals had persistent and stable
activity
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Cell origin

Table 4
Overview of recently published direct reprogramming strategies of somatic cells towards diverse cardiovascular subtypes.
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Mouse

Mouse

Mouse

Mouse

Mouse

Cardiac ﬁbroblasts

Embryonic ﬁbroblasts

Embryonic, adult
cardiac, tail tip

Neonatal cardiac
ﬁbroblasts

Neonatal cardiac
ﬁbroblasts

TFs
Speciﬁc culture conditions

Retroviral (TFs) and
lentiviral (shRNA)

Retroviral

Retroviral

Retroviral
Antibiotic selection

Chemical cocktail

In vitro/in vivo

In vitro

In vitro

In vitro

In vitro

In vitro

Gata4, Mef2c, Tbx5
shRNA of 35 selected components of chromatin
modifying or remodeling complexes
Gata4, Mef2c, Tbx5
SB431542
XAV939

Gata4, Hand2, Mef2c, Tbx5, Akt1

Gata4, Hand2, Mef2c, Tbx5, miR-1/-133,
Y-27632, Thiazovivin, SR-3677, A83-01

On Matrigel
2-Stage protocol:
Day 0–16: CRM (knockout DMEM, 15% FBS, and
5% KSR, 0.5% N2, 2% B27, 1% Glutamax, 1%
NEAA, 0.1 mM β-mercaptoethanol, 50 μg/mL
AA, 100 units/mL penicillin, 100 μg/mL
streptomycin) + CRFVPT (10 μM CHIR (C), 10
μM RepSox (R), 50 μM Forskolin (F), 0.5 mM
VPA (V), 5 μM Parnate, (P), 1 μM TTNPB (T))
Day 17–end: CMM (DMEM medium, 15% FBS, 2i
(3 μM CHIR, 1 μM PD0325901), 1000 units/mL
LIF, 50 μg/mL AA, and 1 μg/mL insulin)
Gata4, Mef2c, Tbx5

CM-like

CM-like

CM-like

CM-like

CM-like

CM-like

8-Fold increased reprogramming efﬁciency
Beating cells 1 week after reprogramming
Enhanced cardiac function in mouse model

Stoichiometry of G, M, T protein expression inﬂuences
reprogramming efﬁciency
High Mef2c and low Gata4, Tbx5 most efﬁcient
Spontaneously beating activity without signaling
inhibitors: GHMT N day 21, GHMT + miR-1/-133 N day
8
ROCK inhibitors enhance reprogramming of MEFs
TGF-β inhibitors enhance reprogramming of MEFs
most efﬁciently
Spontaneously beating activity: MEFs N day 7 (50% N
day 21), CFs N day 14, TTFs N day 21;
Responsive to β-adrenoreceptor pharmacologic
modulation, polynucleated, and hypertrophic
Bm1 downregulation signiﬁcantly enhanced CM
generation

Morphology: spindle shape, rod shape or round shape
Spontaneously beating activity: increases from day 8
Cardiac marker expression of: Mef2c, α-Actinin, Gata4,
cTnT, Nkx2-5, α-MHC, N-cadherin, Cx43, cTnI
Action potential of atrial- and ventricular-like CMs

Mohamed et al., 2017 [230]

Zhou et al., 2016 [231]

Zhou et al., 2015 [216]

Zhao et al., 2015 [217]

Wang et al., 2015 [228]

Fu et al., 2015 [218]

AA: ascorbic acid; Actc1: cardiac α-actin; Actn2: actinin α2; AP: action potential; Akt1: Akt1/protein kinase B; A83-01: TGF-β inhibitor; CHIR: CHIR99021 (GSK-3 inhibitor, Wnt activator); CM: cardiomyocytes; GSK126: Enhancer of Zeste Homolog 2
(Ezh2) inhibitor; KSR: knockout serum replacement; Myh6: α-myosin heavy chain; NEAA: non-essential amino acid; Nppa: natriuretic peptide precursor type A; NRVM: neonatal rat ventricular myocytes; PD0325901: MEK1/2 inhibitor; RepSox:
TGF-β1 inhibitor; SAN: sino-atrial-nodal cells; SB431542: TGF-β inhibitor; shRNA: small hairpin RNA; SIS3: SMAD3 inhibitor (activated downstream of TGFβ signaling); SR-3677: ROCK inhibitor; TF: transcription factor; Thiazovivin: ROCK inhibitor;
TTNPB: analog of retinoic acid; UNC0638: G9a and GLP inhibitor; VPA: valproic acid (histone deacetylase inhibitor); XAV939: WNT inhibitor; Y-27632: ROCK inhibitor.

Mouse

Embryonic ﬁbroblasts
(C57BL/6)
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effects before Tbx18 overexpression can be used to generate a biological pacemaker in patients.
Based on the experience with directly reprogramming ﬁbroblasts
into spontaneously beating cells, it seems likely that such an approach
can be further developed to generate distinct cardiomyocyte subtypes,
including pacemaker cells [278]. To identify possible TFs for such
reprogramming, a study examined an initial group of 20 candidates by
transducing them into embryonic ﬁbroblasts of a mouse line expressing
GFP under the control of Hcn4 regulatory promoter regions. An iterative
process of successive omission of candidates expendable for EGFP expression led to the deﬁnition of the smallest group of factors promoting
reporter expression, namely: Tbx5, Tbx3, Gata6 and either Retinoic acid
receptor, gamma (Rarg) or Retinoid X receptor, alpha (Rxra). However,
induction of signiﬁcant Hcn4 expression alone does not seem sufﬁcient
to generate functional pacemaker cells as no spontaneous beating activity was observed, nor were the cells excitable via depolarization stimuli
[278]. Moreover, in further experiments ﬁbroblast transduction experiments using the “classical” cardiomyocyte reprogramming factors
Gata4, Hand2, Mef2C and Tbx5, some of the reprogrammed cells
expressed Hcn4-GFP. More detailed analysis revealed that this approach yielded multiple potential cardiac cell types: atrial-like, pacemaker-like and ventricular-like. Together, these data suggest that
reprogramming of ﬁbroblasts into PMC may be feasible in principle,
but is still currently far from being reliably established.

4.4.4. Nodal cell programming of adult stem cells
Several studies have described diverse modiﬁcations of adult stem
cells for pacemaker cell generation. These have primarily employed
mesenchymal stem cells [101,279–290] derived from canine [101,
280–283], rat [284,291], rabbit [288–290] or human [279,285,286] tissue. Additional reports describe using adipose tissue-derived stem
cells [287,292]. Most groups using ASCs chose to overexpress an Hcnfamily member [279,281–286,288–290] to drive cell fate towards a
nodal phenotype, while others used TFs such as Shox2 [101,280].
These have been combined with other treatments such as 5-Azacytidine
[287] or electric-pulse current stimulation (EPCS) [280,281]. While utilizing divergent experimental setups, the scientiﬁc ﬁndings are quite
comparable. Depending on the respective experiment, the resulting
cells have displayed some nodal cell properties, for example measurable
funny current (If) which could be enhanced with EPCS or with isoproterenol and blocked with cesium [280–282,286,289]. Moreover, expression of typical pacemaker genes like Cx45, Hcn4, Tbx3 are observed to
increase, while genes associated with working myocardium, such as
Cx43 and Nkx2-5, are downregulated [101,280,281]. Furthermore, a
change in cell morphology towards a more pacemaker-like phenotype
has been reported [101,280,287]. Co-culture of the modiﬁed ASCs
with myocytes from newborn mice, regardless of origin, has led to increased beating frequency of the neonatal myocytes when compared
to co-cultures with unmodiﬁed ASCs [101,286,289].
For in vivo testing, cells have been transplanted preferentially into
canine hearts [282,286]. After induction of heart block, two publications
describe the appearance of ventricular escape rhythms observed via
ECG recordings [282,286]. However, this required vagal stimulation to
induce sinus arrest to be apparent [282], and was associated with higher
escape frequencies than control cell transplantation [286]. In all of these
studies the lack of resulting cellular autonomous activity is strikingly
consistent [101,279–291].
One report describes spontaneous activity of transformed ASCs derived from brown fat: interestingly, this phenomenon seems to reﬂect
a reaction of the cells to the cultivation media as no genetic modiﬁcation
was applied [292]. While analysis of ultrastructural, proteomic, electrophysiological and pharmacological parameters of the resulting beating
cells indicated the presence of some pacemaker-like features, further investigation is required, particularly over more prolonged culture periods [292].
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In summary, signiﬁcant further efforts are required to enable
reprogramming of true nodal cells from ASCs.
4.4.5. Forward programming of pluripotent stem cells into nodal cells
PSCs represent a suitable source for any desired distinct cell type
based on their unlimited differentiation potential. Concomitantly, this
same unlimited differentiation potential represents a major obstacle
to obtaining only a particular cell type. Thus a key challenge for the
ﬁeld is how to force PSCs exclusively towards a desired lineage.
The spontaneous differentiation rate of nodal cells from murine PSCs
typically does not exceed ~ 1%. While great improvements have been
made recently with regard to the differentiation of human PSCs into cardiac cell phenotypes using speciﬁc culture conditions [161,188,190,293,
294], the typical proportion of rare nodal cell types elicited still needs to
be accurately deﬁned.
Since the ﬁrst description of mouse embryonic stem cells being differentiated into cardiomyocytes for the ﬁrst time in 1991 [120], studies
have examined the composition of different beating cells and attempted
to speciﬁcally direct fate during differentiation. Besides considering cellular morphology and canonical marker expression patterns, the importance of recapitulating electrophysiological properties has been
increasingly recognized. If one uses classical random differentiation protocols, the cells obtained represent a variety of cardiomyocyte cell
types: nodal, atrial, ventricular and immature cardiomyocytes [245]. Accordingly, a key focus of interest has been how to reliably inﬂuence cell
fate during differentiation. At present, there are three main strategies to
enhance the proportion of nodal cell types within culture: stimulation
via intrinsic culture conditions, enrichment via selection and forced
overexpression of speciﬁc TFs.
With respect to the ﬁrst strategy, the small molecule compound
EBIO (1-ethyl-2-benzimidazolinone), a small-/intermediate-conductance Ca2+-activated potassium channel modulator, has been postulated to increase the formation of nodal cells from murine ES cells. While
application of EBIO to ES cells has been reported to lead to induction
of sino-atrial and reduction in chamber-speciﬁc myocardial programs,
the resultant cells had low beating frequencies, with no conﬁrmation
of ability to pace myocardium, or electrophysiological discrimination
between mature pacemaker cells and those of an early/intermediate
cell type which also spontaneously contract [295]. Interestingly, a recent
study addressed the inﬂuence of EBIO on human PSC differentiation,
shedding light on a mechanism of action via lineage-speciﬁc effects.
While addition of EBIO resulted in dose-dependent enrichment of
cardiomyocytes, with increased nodal- and atrial-like phenotypes, the
effect was mainly attributable to a EBIO-induced severe reduction in
cell survival, thereby favoring cardiac progenitor cell preservation [296].
Recently, a promising study described the generation of hPSC-derived pacemaker cells using a speciﬁc differentiation protocol combined
with surface marker selection based on SIRPA (signal-regulatory protein
alpha) [159]. SIRPA represents a cell-surface marker suitable to isolate
populations of cardiomyocytes from hPSCs [177]. In combination with
a transgene-independent differentiation protocol [159], the resulting
hPSC-derived SAN-like cardiomyocyte cells fulﬁll a number of typical
pacemaker features; in particular they are capable of pacing host tissue
post-transplantation into the apex of rat hearts. However, further points
will need to be addressed to better understand the cell generated: early/
intermediate cell types were not taken into account despite the fact that
the funny channel densities reported resemble those of immature cells,
with action potential curves revealing clear plateau phases; an investigation of the characteristic Ca2+ release from sarcoplasmic reticulum;
an examination of the speciﬁc morphology of single cells, speciﬁcally
for typical spindle- or spider-shaped cells. An additional concern is the
observed atypical expression of Cx43 and Cx40 [159].
A separate study [297] based on surface marker puriﬁcation to isolate SAN progenitors used the activated leukocyte cell adhesion molecule (Alcam, CD166 antigen) during murine ESC differentiation. While
the cells obtained display some pacemaker characteristics, selection
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Fig. 3. Properties of iSAB derived single cells. (A) Cardiac subtype distribution based on single cell patch clamp analysis and funny channel density measurements. Morphology of iSAB
derived representative (B) spindle and (C) spider cells; scale bar 100 μm.

via Alcam appears to be extremely dependent on time point and species.
Thus, cell sorting at different differentiation time points yielded different degrees of sarcomeric α-actinin expression, a marker of cardiaccommitted cells [297]. An earlier study using ALCAM as an expression
marker in human embryonic stem cells revealed that the enriched
cells manifested an embryonic cardiomyocyte phenotype [298]. Notably, only about 10% of Alcam-selected cells retained Hcn4 expression
after 3 weeks in culture, a ﬁnding which may reﬂect a maturation process of initially Hcn4 positive early/intermediate CMs towards principally working myocardial cells over this timeframe [297].
In a further setting, the transcription factor Shox2 has been used with
the goal of generating nodal cells from murine ESCs. Hashem and
Claycomb transfected cells with a plasmid bearing a neomycin resistance
gene controlled via the Shox2 promoter. Subsequent neomycin application during differentiation led to an almost pure population of Shox2
positive cells. Analysis of expression signatures revealed intrinsic nodal
characteristics (Tbx3, HCN4, Cx45, Cav1.3, Cav3.1) as well as expression
of other cardiac marker genes (Tbx5, Mlc2v, Cx43). however, while the
cells were spontaneously active, no additional functional data were
shown [299]. In a similar approach, Ionta et al. used Shox2 overexpression in mouse embryonic stem cells to force cells into a nodal cell lineage
[154]. However, while the resulting cells were spontaneously active, the
beating frequencies were below 80 bpm and therefore did not exceed
those of WT-ES cell derived CM [154]. Consequently, it is unclear whether these cells represent functional pacemaker cells.
Our group has combined overexpression of the highly conserved key
nodal cell inducer, Tbx3, with a neomycin resistance gene under controlled of the well-established αMHC-promoter. This approach leads to
small aggregates consisting of ~300–500 cells, which we term “induced
sino-atrial bodies” (iSABs). iSABs exhibit high beating frequencies of between 400 and 500 bpm in vitro, thereby for the ﬁrst time truly corresponding to those of a murine heart and even exceeding in vitro
cultivated nodal cells derived from mouse SAN. Evidence from extensive
analysis of these cells, including confocal laser scanning microscopy,
FACS, single-cell patch clamping (Fig. 3A), funny channel density measurements and Ca2+ imaging reveals that iSABs consistently represent
over 80% mature functional nodal cells, with the remainder constituting
immature nodal cells. Additional single cell analysis identiﬁes characteristic spindle (Fig. 3B) and spider (Fig. 3C) cell morphology. To further address the pacing potential of iSABs, we employed the ex vivo model

system of cultivated mouse ventricular slices. Remarkably, iSABs were capable of integrating into these slices, retaining their spontaneous activity
and pacing the heart slices to result in robust contraction. We conﬁrmed
functional coupling to the slices using calcium-transient analysis, which
revealed synchronization between iSABs and slices. Therefore, we have
introduced, for the ﬁrst time, highly pure PSC-derived nodal tissue
which is functional on the physiological level in vitro, as well as in an ex
vivo model [89]. Recently, we utilized iSABs as an in vitro model system
to help decipher the role of the γ2 subunit of AMP-activated protein kinase (AMPK) in the regulation of SAN biology and infer a role for AMPK
in control of mammalian intrinsic heart rate [300]. An important next
step will be to determine the ability of iSABs to pace cardiac tissue in
vivo and to prove whether this approach can be extended to human PSCs.
4.4.6. Systems-based network approaches to enhance nodal cell
programming
Further improvement of nodal cell programing will require an in
depth understanding of underlying gene regulatory mechanisms.
Given the complexity of the cardiovascular system and cardiovascular
diseases, systems-based approaches play an increasingly important
role in elucidating interactions between underlying traits and processes
by using multiple ‘omics’ layers [301]. Such systems-based approaches
are global analyses in which the different molecular levels are investigated and then integrated into qualitative and quantitative mathematical models (e.g. Boolean models, ordinary differential equations,
network analysis concepts, etc.), providing an additional layer of understanding for cardiomyocyte dynamics [302]. Hence we used our recently developed iSABs, representing the ﬁrst highly pure, stem cell
programming-derived nodal cell tissue, to deﬁne the pacemaker transcriptome [91]. We highlight up-to-date systems-based approaches
and compare our ﬁndings with the existing literature on a multi-level
scale to verify the overall quality of the iSAB model system and address
its potential transferability towards the human SAN (Fig. 4).
The ﬁrst step in such a systems-based data analysis procedure is to
deﬁne the model system and available experimental input data (e.g. different SC-derived cardiomyocyte subtypes characterized by RNA-Seq
data). Recent advances in high-throughput sequencing (HTS) have emphasized the important and versatile roles of coding and non-coding
RNAs, including quantiﬁcation of splice variants or identiﬁcation of
novel ncRNAs, during cardiac development. We used our RNA-Seq
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Fig. 4. Systems-based data analysis procedure for the identiﬁcation of molecular functionalities, interactions and phenotypic associations applied to stem cell-derived cardiac cell types by using
RNA-Seq data. (A) Calculation of overrepresented GO terms using the Cytoscape applications BiNGO and ClueGo. (B) Identiﬁed subnetworks obtained after KeyPathwayMiner analysis of the
former constructed interactome network. Red represents the upregulated transcripts within iSABs and green represents the downregulated transcripts. The edges (lines between encircled
genes) are experimentally veriﬁed interactions obtained from String and BioGrid. (C) Summary of the upregulated factors identiﬁed in the data and the literature for processes within
contraction, electrophysiology, metabolism and differentiation.

workﬂow, called TRAPLINE, to deﬁne the differences in transcriptomes
between iSABs and randomly distributed mESC-derived cardiomyocyte
subtypes [89,91]. Using the Galaxy framework, the numerous embedded data analysis workﬂows guarantees simple access, easy extension
and ﬂexible adaption of computational tools to individual needs, as
well as sophisticated analyses that do not require in-depth commandline knowledge [303,304]. Data analysis with TRAPLINE results in a set
of differentially expressed genes, their corresponding protein-protein
interactions, splice variants, promoter activity and predicted miRNAtarget interactions [91].
A central concept in systems biology is that networks, rather than classic linear pathways, underlie biological processes. The concept of biological networks arose when classic signaling pathways were represented as
graphs in which the components (i.e. expressed gene transcripts) were
termed nodes and their interactions (i.e. genes encoding transcription factors or protein-protein interactions) were called links or edges [305].
Demonstrating the general cellular differences between the two cell
types through analysis of the transcriptome, we used the Biological Networks Gene Ontology tool (BiNGO) to determine the Gene Ontology
(GO) terms signiﬁcantly overrepresented in a set of signiﬁcantly upregulated transcripts in iSABs (Fig. 4A) [306]. These GO terms represent the accumulated biological processes of the signiﬁcantly overexpressed
transcripts. While the underlying statistical p-value, false discovery rate
and family-wise error rate provide a good ﬁrst impression of a speciﬁc
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functional category, it is important to also check the functional categories
in the entire GO hierarchy. Thus it is highly likely that when a whole
branch of the GO hierarchy is highlighted as being signiﬁcantly overrepresented, the most intensely colored nodes furthest down the hierarchy can
be expected to be the most biologically relevant ones.
The second step of the analysis characterizes the relevant components of the system (e.g. the actual set of signiﬁcant differentially
expressed gene transcripts driving the enhanced cardiac rhythm). A
prominent method is that of gene set enrichment analysis (GWAS), performed by ClueGo [307]. The gene sets are analyzed on the basis of prior
biological knowledge, such as use of GO or signaling pathways such as
Wikipathways. Using statistical tests like the Fisher exact test, one can
then ask whether the genes are enriched within a collection of pathways.
Such analyses are highly dependent on using current versions of curated
sets of GO annotations. Only annotated transcripts and ncRNAs can be integrated through GWAS analyses. Newly discovered transcripts or
ncRNAs have to be characterized beforehand by other experiments or
in silico prediction simulations [308,309]. One approach to overcome
this limitation and independently link coding and non-coding transcripts
without using annotations is the use of weighted correlation network
analysis to identify clusters of highly correlated genes or an intramodular
hub gene [310]. As described earlier, in using iSABs to deﬁne a function
for AMPK in intrinsic heart rate regulation [300], we constructed a gene
co-expression network from the iSAB transcriptome and identiﬁed
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Prkag2 in a module highly interconnected with known pacemaker-relevant genes. Hierarchical clustering and classical multi-dimensional scaling revealed, in common with the SAN transcriptome, that this Prkag2containing module signiﬁed an important signaling hub with signiﬁcant
connectivity to genes vital for normal SAN function [300].
The third analysis step is to determine how the identiﬁed gene transcripts interact with each other or regulate other relevant interaction
partners. This can be done by using data mining approaches [311] and databases such as BioGrid and String to incorporate resulting proteinprotein interactions (PPTs) into the network, which is subsequently investigated for underlying dynamics and the molecular enrichment
among genes within the network mathematically (i.e. how it responds
to various perturbations and interconnects with other data layers).
Based on the combined use of the BioGrid and String databases, we
have obtained a network with 8120 nodes and 55,720 edges,
representing the interactome. After applying the tool KeyPathwayMiner
[312], we were able to identify the most important subnetworks within
the constructed interactome model to demonstrate known molecular interactions between signiﬁcantly upregulated genes (Fig. 4B). Once such a
network is developed and available for the researcher, more sophisticated mathematical models can be applied to the network. Based on the
input datatype available, one can employ ordinary differential equations
(ODE), discrete modeling or hybrid modeling (composed of ODE and
logic sub-modules) as a strategy to handle large scale, non-linear biochemical networks [313]. It has been shown that these kinds of network
approaches are able to identify a speciﬁc regulatory core within a large
gene network and, moreover, to predict receptor signatures associated
with certain diseases [314]. Nevertheless, such in silico simulations and
subsequent signature predictions still need experimental validation.
Ultimately, the information obtained at each analysis step is combined to draw conclusions about the complex behavior of the stem
cell-derived cardiac pacemaker model and compared to current knowledge about the human SAN (Fig. 4C). The results we have obtained for
phenotypic associations such as contraction, electrophysiology, metabolism and differentiation factors, are in line with the current literature
about the SAN. The knowledge gained from such systems-based analyses will be crucial for further optimization of cell programming and puriﬁcation [91].
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2.2.2 Comparison of gene expression for reprogrammed cardiac cell types
Müller P., Wolfien M., Ekat K., Lang C.I., Koczan D., Wolkenhauer O., Hahn O., Peters
K., Lang H., David R., Lemcke H. (2020).
RNA-Based Strategies for Cardiac Reprogramming of Human Mesenchymal Stromal Cells.
Cells. IF: 5.656, Citations (December 14, 2020): 0

The differentiation of adult mesenchymal stromal cells (MSCs) into a cardiac lineage is
challenging compared to embryonic stem cells or induced pluripotent stem cells because
they either bear tumorigenic risk due to genome modification or provoke ethical concerns.
Here, it was investigated if MSCs derived from different sources, including bone marrow,
dental follicle, and subcutaneous adipose tissue, can be driven into a cardiac lineage. The
applied transient cell reprogramming strategy, which is based on miRNA and mRNA
transfection for the generation of patient-specific cardiomyocytes, can be in turn used for
regenerative medicine, cardiovascular research, and pharmacological studies.
In this manuscript, I analyzed and visualized the gene expression microarray data and
performed the gene set and pathway enrichment analyses for the investigated cell types.
It was discovered that adipose tissue-derived MSCs are the most susceptible cell type
for the investigated reprogramming approaches, as confirmed by an enhanced expression
of cardiac markers. Transcriptomic pathway analyses revealed an enrichment in cardiac
progenitor development and heart development after mRNA treatment.
In agreement with published studies about MSCs overexpressing transcription factors, our
results demonstrate the general feasibility of mRNA-based cardiac reprogramming of MSCs.
Although we did not observe the formation of fully mature cardiomyocytes (i.e., sarcomere
formation), our data suggest that adult MSCs have the capability to acquire a cardiac-like
phenotype after receiving a mRNA treatment coding for transcription factors that are
known to regualte regulate heart development (Gata4, Mesp1, Mef2c, Tbx5 ). Yet, further
optimization of the reprogramming process is mandatory to increase the reprogramming
efficiency.
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Abstract: Multipotent adult mesenchymal stromal cells (MSCs) could represent an elegant source for
the generation of patient-specific cardiomyocytes needed for regenerative medicine, cardiovascular
research, and pharmacological studies. However, the differentiation of adult MSC into a cardiac
lineage is challenging compared to embryonic stem cells or induced pluripotent stem cells. Here we
used non-integrative methods, including microRNA and mRNA, for cardiac reprogramming of adult
MSC derived from bone marrow, dental follicle, and adipose tissue. We found that MSC derived from
adipose tissue can partly be reprogrammed into the cardiac lineage by transient overexpression of
GATA4, TBX5, MEF2C, and MESP1, while cells isolated from bone marrow, and dental follicle exhibit
only weak reprogramming efficiency. qRT-PCR and transcriptomic analysis revealed activation of a
cardiac-specific gene program and up-regulation of genes known to promote cardiac development.
Although we did not observe the formation of fully mature cardiomyocytes, our data suggests
that adult MSC have the capability to acquire a cardiac-like phenotype when treated with mRNA
coding for transcription factors that regulate heart development. Yet, further optimization of the
reprogramming process is mandatory to increase the reprogramming efficiency.
Keywords: mesenchymal stromal cells (MSC); mRNA; miRNA; cardiac reprogramming; cardiac
differentiation
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1. Introduction
Mesenchymal stromal cells (MSC) represent a multipotent cell population capable to differentiate
into different cell types [1]. They are an easily-accessible cell source as they can be isolated at high
yields from various kinds of human tissue, such as umbilical cord, bone marrow, dental pulp, adipose
tissue, placenta, etc. [1]. The common mesenchymal cell types that emanate from MSC are osteocytes,
chondrocytes, and adipocytes [2]. Due to their plasticity, MSC are considered as one of the most
important cell types for the application in regenerative medicine as demonstrated by a huge number
of pre-clinical studies and several clinical trials [3,4]. In addition, MSC mediate immunomodulatory
and immunosuppressive effects that promote wound healing and tissue repair, while showing no
teratoma formation post transplantation [5]. Nowadays, it is commonly accepted that the observed
therapeutic impact induced by MSCs is mainly based on the secretion of paracrine factors rather than
on the differentiation into cardiomyocytes.
In recent years, MSC have also been utilized for the generation of mesenchymal as well as
non-mesenchymal cell lineages, including neuron-like, hepatocyte-like, and cardiac-like cells [6–10].
Despite these promising results, the differentiation of human MSC into fully mature cardiomyocytes
bearing all their respective phenotypical and functional characteristics is difficult [11–15]. As MSC
are located in various tissues, they represent a heterogeneous progenitor cell population dependent
on the tissue source and the individual donor [16]. This heterogeneity could explain the variety
in differentiation characteristics [17–19]. Therefore, it remains to be investigated which type of
MSC favorably undergoes cardiac trans-differentiation, thus, is a suitable candidate for cardiac
reprogramming strategies. Detailed knowledge about the cardiac differentiation potential of specific
MSC populations is even more important as some studies showed enhanced therapeutic effects
following cardiovascular lineage commitment of MSC [12].
The development of an approach to efficiently control the cardiac differentiation of MSC would be a
crucial step for the production of patient-derived cardiomyocytes without any ethical concerns. As such,
they can also serve as a model system, beneficial for basic cardiovascular research, drug screening,
and translational applications. Currently, several re/programming strategies exist to guide the
mesenchymal and non-mesenchymal differentiation of MSC, such as treatment with small molecules
and cytokines, exposure to metabolic stress, co-culture experiments, or overexpression of regulatory
proteins [20–24]. For the potential clinical use, transient, non-integrative reprogramming approaches
are preferred to prevent permanent alterations of the genome and to reduce tumorigenic risk.
Small non-coding RNAs, like microRNAs (miRNA) and chemically modified messenger RNA (mRNAs)
allow the manipulation of cell behavior for a limited period of time, e.g., triggering (trans)-differentiation
by activation of lineage-specific molecular pathways. Some studies have already shown that alteration
of gene expression using selected miRNAs can induce cardiac differentiation of MSC to a small
extent [15,25,26], while data about mRNA-based cardiac reprogramming is still lacking.
Unlike multipotent MSCs, pluripotent stem cells (PSCs) have been demonstrated to efficiently
differentiate into cardiomyocytes, characterized by a profound sarcomere organization and spontaneous
beating behavior [27]. Yet, these PSC-derived cardiomyocytes typically still represent an immature cell
type, resembling a neonatal cell stage rather than an adult phenotype [28,29]. The common cardiac
programming approaches used to guide cardiac differentiation of PSCs mainly relies on the application
of cytokines and small molecules [30,31]. However, PSCs bear tumorigenic risk due to genome
modification (induced pluripotent stem cells, iPSC) and provoke ethical concerns (embryonic stem
cells, ESC). Therefore, increasing the efficiency of cardiac programming of MSC would be beneficial for
cardiovascular research, including their therapeutic use.
Here, we examined whether MSC derived from different sources, including bone marrow (BM),
dental follicle and subcutaneous adipose tissue can be driven towards a cardiac lineage using a transient
reprogramming strategy based on miRNA and mRNA transfection. According to our results, adipose
tissue-derived MSC (adMSC) were found to be the most susceptible cell type for this reprogramming
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approach, as shown by enhanced expression of cardiac markers. At the same time, we observed the
activation of transcriptome pathways involved in cardiac development following mRNA treatment.
2. Material and Methods
2.1. Cell Culture
BM-derived MSC (BM MSC) were obtained by sternal aspiration from donors undergone coronary
bypass graft surgery. Anticoagulation was achieved by heparinization with 250 i.E./mL sodium heparin
(Ratiopharm, Ulm, Germany). Mononuclear cells were isolated by density gradient centrifugation
on 1077 Lymphocyte Separation Medium (LSM; PAA Laboratories, Pasching, Germany). MSC were
enriched by plastic adherence and sub-cultured in MSC basal medium supplemented with SingleQuot
(all Lonza, Cologne, Germany) and 1% Zellshield (Biochrom, Berlin, Germany).
Isolation of adMSC was performed by liposuction of healthy individuals. The extracted tissue was
treated with collagenase for 30 min, followed by several filtrations and washing steps. The detailed
process of adMSC isolation has been already described previously [32].
Dental follicle stem cells (DFSCs) were isolated from dental follicles of extracted wisdom teeth
before tooth eruption. Following tooth removal, the follicle was removed and subjected to enzymatic
treatment as presented earlier [33]. Upon tissue digestion, cells were seeded on tissue flasks and
obtained by plastic adherence. DFSCs were maintained in DMEM-F12 (Thermo Fisher, Waltham, USA)
supplemented with 10% FCS and 1% Zellshield.
All three types of stromal cells were maintained at 37 ◦ C and 5% CO2 humidified atmosphere.
Medium was changed every 2–3 days. Sub-cultivation was performed when cells reached a confluency
of ~80–90%.
All donors have given their written consent for the donation of their tissue according to the
Declaration of Helsinki. The study was approved by the ethical committee of the Medical Faculty of
the University of Rostock (registration number: bone marrow A2010-23; renewal in 2015; adipose
tissue: A2013-0112, renewal in 2019, dental tissue: A 2017-0158).
2.2. Fluorescence-Activated Cell Sorting
The expression of cell surface markers was quantified by flow cytometric analysis. Stromal cells
were labelled with antibodies CD29-APC, CD44-PerCP-Cy5.5, CD45-V500, CD73-PE, CD117-PE-Cy7,
PerCP-Cy5.5 CD90 (BD Biosciences, San Jose, USA), and CD105-AlexaFluor488 (AbD Serotec, Oxford,
UK). Respective isotype antibodies served as negative controls. A measurement of 3 × 104 events was
carried out using BD FACS LSRII flow cytometer (BD Biosciences).
To evaluate miRNA and mRNA uptake efficiency, cells were treated with different amounts
of Cy3-labeled Pre-miRNA Negative Control #1 (AM17120, Thermo Fisher) or GFP-mRNA (Trilink,
San Diego, USA) and analyzed by flow cytometry 24 h post transfection. To detect cytotoxicity,
cells were labelled with Near-IR LIVE/DEAD fixable dead cell stain kit (Molecular Probes, Eugene,
USA). Analysis of flow cytometry data, including gating, was conducted with the FACSDiva software,
Version 8. (Becton Dickinson).
2.3. Cardiac Reprogramming
For cardiac reprogramming, 1 × 105 cells/well were seeded on 0.1% gelatin-coated 6 well
plates and cultured to 80% confluency. We transfected 40 pmol of each miRNA (Pre-miR™ hsa-miR-1,
Pre-miR™hsa-miR-499a-5p, Pre-miR™hsa-miR-208a-3p, Pre-miR™hsa-miR-133a-3p, all Thermo Fisher)
with Lipofectamine® 2000 according to the manufacturer’s instructions (Thermo Fisher). Transfection
of custom-made mRNA (Trilink) was performed with Viromer Red® transfection reagent (Lipocalyx,
Halle, Germany). Cells were either transfected with 2 µg MESP1 or with a combination of 1 µg GATA4,
1 µg MEF2C and 1 µg TBX5. One day after transfection of miRNA or mRNA, cells were subjected to
two different medium conditions. For cardiac induction medium I (card ind. I), cells were incubated in
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RPMI, supplemented with B27 without insulin (Thermo fisher) for 7 days, followed by incubation
in RPMI containing B27 +insulin/- vitamin A (Thermo Fisher) for another 21 days. Additionally,
culture medium was supplemented with ascorbic acid (Sigma Aldrich, St. Louis, USA) and Wnt
pathway targeting small molecules, including 6 µM CHIR99021 (days 1–2), and 5 µM IWP-2 (days
4–5) (both Stemcell Technologies). For cardiac induction II (card ind II), a commercially available
cardiomyocyte differentiation kit was used according to the instructions given by the manufacturer
(Thermo Fisher, A2921201).
2.4. IF Staining and Calcium Imaging
To verify multipotency, BM-MSC, DFSC and adMSC were subjected to in vitro differentiation
towards osteogenic, chondrogenic and adipogenic lineages using the Mesenchymal Stem Cell Functional
Identification Kit (R & D). Differentiation was induced by maintaining cells under different culture
conditions according to the manufacturer instructions for 20 days. Subsequently, cells were fluorescently
labelled to detect fatty acid-binding protein 4 (FABP4), Aggrecan and Osteocalcin to visualize successful
differentiation into adipocytes, chondrocytes, and osteocytes.
For labelling of cardiac markers, cells were seeded on coverslips and fixed with 4% PFA. Antibody
staining was performed as described elsewhere [34]. Cells were labelled with anti sarcomeric α-actinin
(abcam, ab9465), anti-NKX2.5 (Santa Cruz, sc-8697), anti-TBX5 (abcam, ab137833) and anti-MEF2C
(Santa Cruz, sc-313).
To visualize intracellular calcium, cells were cultured on 8 well chamberslides (Ibidi). Three days
after seeding, cells were incubated with the calcium sensitive dye Cal520 (AATBioquest) for one hour
at 37 ◦ C and subjected to fluorescence microscopy. All fluorescence images were acquired using Zeiss
ELYRA LSM 780 (Zeiss, Oberkochen, Germany).
2.5. RNA Isolation and Quantitative Real-Time Polymerase Chain Reaction
Isolation of cellular RNA was performed using the NucleoSpin® RNA isolation kit (MachereyNagel, Düren, Germany) according to the manufacturer instructions. The concentration and purity
of isolated RNA was assessed with NanoDrop 1000 Spectrophotometer (Thermo Fisher Scientific).
Subsequently, cDNA synthesis was performed with a High-Capacity cDNA Reverse Transcription
Kit (Thermo Fisher Scientific). The reverse transcription reaction was conducted using the MJ Mini™
thermal cycler (Bio-Rad).
Quantitative real-time PCR for cardiac marker genes was carried out using the StepOnePlus™
Real-Time PCR System (Applied Biosystems, Foster City, USA) with following reaction parameters
(StepOne™ Software Version 2, Applied Biosystems, Germany): start at 50 ◦ C for 2 min, initial
denaturation at 95 ◦ C for 10 min, denaturation at 95 ◦ C for 15 s and annealing/elongation at 60 ◦ C
for 1 min with 40 cycles. A qPCR reaction contained: TaqMan® Universal PCR Master Mix (Thermo
Fisher), respective TaqMan® Gene Expression Assay, UltraPure™ DNase/RNase-Free Distilled Water
(Thermo Fisher), and 30 ng of the respective cDNA. The following target gene assays were used:
ACTN2 (Hs00153809_m1); MYH6 (Hs01101425_m1) TBX5 (Hs00361155_m1); TNNI3 (Hs00165957_m1),
GJA1 (Hs00748445_s1); HPRT (HS01003267_m1) (all Thermo Fisher). Obtained CT values were
normalized to HPRT and data were calculated as fold-change expression, related to untreated
control cells.
2.6. Microarray Analysis
RNA integrity was analyzed using the Agilent Bioanalyzer 2100 with the RNA Pico chip kit
(Agilent Technologies). 200 ng of isolated RNAs were subjected to microarray hybridization as
described in [35]. Hybridization was performed on Affymetrix ClariomTM D Arrays according to the
manufacturer’s instructions (Thermo Fisher).
Analysis of the microarray data was conducted with the provided Transcriptome Analysis Console
Software from Thermo Fisher (Version 4.0.1, Waltham, USA). The analysis included quality control,
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MSC characteristics were further confirmed by a functional assay that demonstrated the
multilineage differentiation capability of all three cell types. Upon incubation in lineage-specific
induction medium, the cells were capable to differentiate into adipocytes, chondrocytes, and osteocytes,
as shown by fluorescence labelling of specific differentiation markers (Figure 1B). As expected,
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adMSC were found to profoundly express FABP4, if compared to osteocalcin and aggrecan labelling.
Cells 2020,
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The success of myo-miRNA-based cardiac reprogramming was determined by qRT-PCR analysis
of cardiac specific marker genes four weeks post transfection. Compared to control cells, cardiac
induction medium II was found to be the most effective treatment leading to an induction of α-actinin,
TBX5, GJA1, and cardiac Troponin I. While the level of α-actinin mRNA was strongly increased in all
three cell types, a less pronounced effect was observed for cardiac Troponin I (Figure 3C). Notably,
adMSCs showed the highest expression levels of cardiac marker genes after the treatment with
cardiac induction medium II, when compared to MSCs obtained from dental follicle as well as BM,
and therefore have been identified as the preferred candidate for our cardiac programming approach.
Surprisingly, our data also revealed that transfection with myo-miRNAs did not provoke an
additional, beneficial effect on the expression of cardiac markers. Likewise, the cardiac induction
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medium containing RPMI and small molecules (Figure 3C, card induction I) did not promote the
cardiac differentiation of MSC.
3.3. mRNA-Based Reprogramming of adMSC
As the transfection of miRNA did not further improve cardiac differentiation, we asked whether
the application of modified mRNAs might boost the reprogramming efficiency in adMSC, which had
been found to be the most promising cell type for the differentiation towards the cardiac lineage
(Figure 3).
For mRNA-based programming of adMSC, cells were either transfected with single MESP1 mRNA
or with a combination of GATA4, MEF2C, and TBX5 mRNA (GMT). First, mRNA transfection and
translation efficiency were determined with mRNA encoding GFP to evaluate the optimal amount
of mRNA showing strong expression while causing minimal cytotoxic effects. As demonstrated by
flow cytometry and fluorescence microscopy, approximately 80% of cells express the GFP protein 24 h
post transfection with 1 µg of mRNA (Figure 4A–C). Considering the increasing cytotoxicity when
higher amounts of mRNA are transfected, reprogramming experiments were performed with 1–2 µg
of individual mRNA (Figure 4D).
Analysis by qRT-PCR showed that both MESP1 and GMT transfection resulted in elevated levels
of selected cardiac marker genes, compared to untreated control cells (Figure 4E). The most prominent
incline of gene expression was observed for α-actinin, which was confirmed on the protein level by
immunostaining showing a faint signal in cells treated with MESP1 and GMT mRNAs (Figure 4F).
Additional antibody staining of early cardiac transcription factors demonstrated the expression of
MEF2C and NKX2.5 on the protein level in GMT treated cells (Figure 4G and Figure S1). Interestingly,
a profound increase of the expression level was also found for TBX5 that has been used for mRNA
transfection in the GMT-treated group, verified by fluorescence microscopy (Figure S1).
Moreover, we observed differences of the intracellular Ca2+ concentration between treated groups.
Following labelling of intracellular Ca2+ , GMT transfected cells demonstrated a more intensive
fluorescence signal than observed for MESP1 treated cells and the control group (Figure S2).
To obtain a deeper understanding of the mRNA-induced effects on the gene expression profile of
treated adMSC, we conducted a microarray analysis of cells that underwent cardiac reprogramming.
The signal intensity values detected on each microarray had a similar spread after normalization,
indicating a well-suited data quality for further downstream data analysis (Figure 5A). The PCA plot
visualizes the differences in gene expression among treated groups, showing that control cells (blue)
share a high similarity regarding their transcription profile (Figure 5B). In contrast, reprogramming
with cardiac induction medium II (red), MESP1 (green), and GMT (purple) mRNA induced a
strong donor-dependent alteration of gene levels, however, the treatment specific groups remain
distinguishable from each other.
The numbers of significant total up-regulated and down-regulated transcripts are represented in
Figure 5C, indicating a distinct change of gene expression following cardiac reprogramming. The highest
number of genes differentially expressed was found in MESP1 (6669 transcripts) and GMT (5649) treated
cells. Interestingly, more transcripts are down-regulated than up-regulated in most of the comparisons.
The corresponding Venn diagram (Figure 5D) compares the significantly expressed genes of the
three different reprogramming approaches related to untreated control cells. The largest amount of
transcripts (2828 transcripts, 33.6%) was found to be commonly regulated by all three treatments.
The second largest proportion of differentially expressed genes is shared by GMT vs. Control and
MESP1 vs. Control (1816 transcripts, 21.6%). Notably, the largest unique set of transcripts was found in
cells transfected with MESP1 mRNA (1660 transcripts, 19.7%). A detailed comparison of up-regulated
(Figure 5E, red) and down-regulated (Figure 5E, green) genes among these three reprogrammed groups
indicates that the differences between MESP1 and GMT treatment vs. cardiac induction medium
II are more profound (189 up-regulated, 276 down-regulated transcripts), while MESP1 and GMT
only showed one differentially up-regulated transcript that was not previously up-regulated in other
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comparisons (Figure 5E). A detailed list of differentially expressed genes found in all reprogrammed
groups is shown in in Table S1.
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Taken together, the results obtained by microarray analysis clearly indicate that reprogramming
with cardiac induction medium II and mRNA induced a strong alteration of the transcription patterns
with high similarity in mRNA transfected cells compared to cells cultured in cardiac induction
medium solely.
4. Discussion
In vitro generated cardiomyocytes are an important tool for cardiovascular research, as they can
be utilized for disease modelling or for the development of drug screening assays to assess the cardiac
toxic risk of established or newly synthesized drugs [37–39]. Moreover, promising preclinical data
suggests the therapeutic potential of generated cardiomyocytes for the treatment of cardiac diseases to
overall improve heart regeneration and function [40,41]. Although several stem cell types are available
to produce cardiac cells, the ideal source of stem cells remains elusive as each has its own advantages
and drawbacks. Adult MSC can be easily isolated from human donors in large quantities, possess
immunomodulatory properties and can be propagated in vitro [12]. Further, they can overcome certain
limitations that have been attributed to PSCs, including ESC and iPSC. In contrast to ESC, MSC do not
provoke any ethical concerns [12,37,38]. Moreover, pre-clinical studies demonstrated a tumorigenic
potential of ESC and iPSC-derived cell products that has not been observed for MSC to date [42–45].
However, other pre-clinical and clinical trial data showed that the transplantation of iPSCs-derived
cardiomyocytes did not result in teratoma formation [46–48]. These different outcomes might be
associated with the transplantation of residual undifferentiated cells along with the PSC product that
increases the possibility of tumorigenesis. In this regard, the therapeutic use of PSC requires the
establishment of differentiation protocols allowing the generation of highly pure PSC-derived cell
types, e.g., cardiomyocytes [49]. The major advantage in comparison to adult stem cells is the cardiac
differentiation potential of ESCs and iPSCs. So far, PSC have been found to be the only stem cell type
capable to differentiate into functional, premature cardiomyocytes showing pronounced sarcomere
organization, contraction capacity, and subtype specific ion channel composition [50,51]. Thus, for the
generation of cardiomyocytes applied in regenerative medicine PSC are currently superior to MSC as
no efficient cardiac reprogramming strategies have been developed for adult stem cells yet.
The successful cardiac differentiation of human MSC into fully mature cardiomyocytes is by
far more challenging. Adult cardiomyocytes are characterized by a specific cell shape, structural
organization, ion channel composition and mechanical properties; important features that need to be
addressed when generating stem cell-derived cardiac cells [52]. Former reports led to contradictory
results about the programming efficiency of MSC. While some reports described spontaneous beating
associated with the formation of sarcomeric protein structures, other studies failed to generate
cardiac-like cells from adult MSC [53–57].
One reason for this might be attributed to the fact that MSC may represent a heterogeneous
stem cell population with different functional and phenotype-related properties as well as varying
therapeutic potential [58]. A notion that is supported by our microarray data, indicating a high
diversity of the expressed transcripts among MSC obtained from BM, dental pulp and adipose tissue
(Figure 2). Likewise, our functional data revealed cell type-dependent differentiation capacity of
tested MSC (Figure 1). Previous studies have also reported distinct characteristics between MSC
from different sources regarding surface marker expression, proliferation rate, and differentiation
potency [17,19,58,59]. For example, adMSC were observed to favor osteogenic differentiation and
demonstrate higher proliferation when compared with DSFCs [18,60]. Moreover, our results suggest
that these different biological characteristics of MSC could have an impact on the selected strategy
and efficiency of cardiac programming as adMSC demonstrated a more pronounced incline of cardiac
marker expression than BM MSC and DFSCs (Figure 3). In line with these data, Kakkar et al. recently
described human adMSC to be a better choice for cardiac programming using a combination of
small molecules and cytokines. Compared to BM MSC, adMSC exhibited a higher expression of
α-actinin, troponin and connexin43 following cardiac induction with 5-Azacytidine and TGF-β1 [61].
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Similarly, a comparative study revealed that adMSC expressed significantly more cardiomyocyte
specific biomarkers as DFSCs following cardiac programming with cytokine supplemented culture
medium [11]. The impact of MSC origin on programming capability was also shown for non-cardiac
cell lineages like hepatocytes and smooth muscle cells [59,62].
Myo-miRNA based programming has been successfully applied for the conversion of cardiac
fibroblasts, into cardiomyocytes [36]. For MSCs, cardiac induction by miRNA is less efficient as shown
by different groups [25,63,64]. For example, it was demonstrated that transfection with miRNA-1-2
promote the expression of GATA4, NKX2.5 and cardiac Troponin in BM MSCs [15]. Similarly, miR-149
and miR-1 were found to slightly trigger myocardial differentiation, albeit without formation of
sarcomere structures or beating activity [25,65]. We did not observe any additional effects on the
expression of selected cardiac marker genes following miRNA treatment. This might be attributed to
the fact that the miRNA concentrations used in this study are not sufficient to significantly increase the
expression level of cardiac-specific genes, although uptake efficiency for miRNA was about 80%. In this
regard, some studies have used viral vectors to ensure constitutive overexpression of miRNA [25,64].
Given that miRNAs have a very short half live, transient transfection approaches, as used in our study,
might be less effective.
Proper cardiac development requires the activation and inhibition of many different pathways
modulated by several transcription factors [66]. MESP1 was shown to drive cardiovascular fate
of stem cells during embryonic development, while the combination of GATA4, MEF2C and TBX5
was described to induce the cardiac differentiation of murine and human fibroblasts, leading to
spontaneously contracting cells with cardiomyocyte-like expression profile [67–70]. Therefore, we have
concluded that this approach might be applicable to reprogram human adMSC. Using an mRNA-based
setting we induced the overexpression of GATA4, MEF2C, and TBX5 as well as MESP1, which provoked
an incline of genes involved in cardiac differentiation (Figure 4). To our knowledge this combination of
transcription factors has not been applied before to induce cardiac differentiation of human adMSC.
In contrast to our strategy, most of the previous studies performed overexpression of transcription factors
by application of retro- or lentiviral systems. For example, in a study by Wystrychowski et al., adMSC
from cardiac tissue were treated with seven transcription factors, including GATA4, MEF2C, MESP1,
and TBX5, that resulted in an elevated number of cells positive for α-actinin and troponin [71]. However,
no clear sarcomere structures have been observed, suggesting a premature cardiac progenitor state.
Similarly, forced expression of another factor of the T-box family, TBX20, provokes an up-regulation of
sarcomeric proteins, without cardiomyocyte specific sarcomere organization [72]. These data are in
line with our observations as we could also detect a moderate signal for α-actinin, albeit without the
presence of sarcomere structures (Figure 4).
Yet, our programming approach leads to a strong induction of the key cardiac transcription
factors GATA4, MEF2C, MESP1 and TBX5, which corresponds to the transfected mRNAs used for
programming. However, it is known that mRNAs underlie fast turnover, suggesting that mRNA
transfection activated the expression of its endogenous counterparts [73,74]. At the same time,
the current study demonstrates that mRNA transfection boosts the cardiac programming effects
induced by culture conditions targeting important signaling pathways such as the WNT cascade.
The manipulation of signaling pathways by cytokines and small molecules is the most common
methodology to generate large amounts of PSC-derived functional cardiomyocytes [30,31]. In addition,
the overexpression of transcription factors, like Tbx3 and MESP1, can influence cell fate decision
in PSCs [75,76]. While these techniques allow highly efficient programming of ESCs and iPSCs,
we observed significantly less programming efficiency for MSCs in the current study. However,
the comparison of programming protocols used for PSCs and multipotent stem cells is difficult due
to their different developmental stages and resulting culture conditions prerequisites. Yet, it was
shown that cytokines like BMP4, IL and TGF improve cardiac development of human and non-human
MSCs [57,77]. However, the cardiomyocyte-like cells derived from these programmed MSCs lack
profound sarcomere formation, beating activity and physiological maturation [78,79]. This is in
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accordance to our data indicating that mRNA transfection could promote the expression of early
cardiac proteins, while differentiation efficiency and elaboration of a terminal cardiac phenotype is
profoundly limited when compared to PSC differentiation protocols [27,31].
Together with previous studies of adMSC overexpressing transcription factors, our results
demonstrate the feasibility of mRNA-based cardiac reprogramming of MSC. However, the absence of
sarcomere structures and spontaneous cell beating suggests a yet quite incomplete reprogramming,
leading to an immature cardiac cell type. Hence, there is an urgent need for further optimization.
Since mRNAs are degraded over time, multiple transfection steps might increase the reprogramming
efficiency, a strategy that is already applied for the generation of iPSCs from adult cells [74,80].
Moreover, proportions of GATA4, MEF2C, and TBX5 protein expression has been described to play a
crucial role for the quality of cardiac reprogramming [81], thus, different ratios of transfected mRNA
could positively influence the outcome of reprogrammed adMSC. This will have to be addressed in
future studies as the impact of mRNA ratios and mRNA concentration on cardiac programming might
be affected in a donor specific manner. Former data already demonstrated donor-to-donor variability of
MSC functional potential, including differentiation capacity [82,83]. Beside age and gender, underlying
diseases are known to influence cellular properties of MSCs [82]. This is supported by our microarray
results, showing a large variety of the transcription profile of BM MSCs that have been obtained
from patients suffering from cardiovascular diseases. On the contrary, adMSCs and DFSCs derived
from healthy donors shared similar transcription patterns, suggesting same programming conditions
required to induce cardiac development. Nevertheless, it is recommended to adapt mRNA conditions
for each individual patient to obtain maximum programming efficiency.
In addition, more comparative studies are required to identify and characterize MSC subtypes
most susceptible for specific transdifferentiation towards the respective desired target cells, including
non-mesodermal and mesodermal cell types such as cardiomyocytes.
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2.2.3 RNA co-expression analysis supports findings about AMPK
Yavari, A., ..., Wolfien, M., ..., Wolkenhauer, O., ..., and Ashrafian, H. (2017).
Mammalian 2 AMPK regulates intrinsic heart rate.
Nature Communications. IF: 11.880, Citations (December 14, 2020): 10

The adenosine monophosphate activated protein kinase (AMPK) is a conserved serine/threonine kinase, whose activity maintains cellular energy homeostasis. Eukaryotic
AMPK exists as
complexes, in which the regulatory subunit confers an energy sensor
function by binding adenine nucleotides. Humans bearing activating mutations in the 2
subunit exhibit a phenotype including unexplained slowing of heart rate (bradycardia).
Here, it is shown that 2 AMPK activation downregulates fundamental SA cell pacemaker
mechanisms to lower heart rate, including sarcolemmal hyperpolarization activated current
(If ) and ryanodine receptor-derived diastolic local subsarcolemmal Ca 2+ release. In contrast,
loss of 2 AMPK induces a reciprocal phenotype of increased heart rate and prevents the
adaptive intrinsic bradycardia of endurance training.
In this study, I applied TRAPLINE on murine SA cells and visualized the differentially
expressed transcripts as a network. The outcome of this investigation was cross-validated
with cardiac qPCR and a SA-node microarray. Furthermore to investigate the co-expression
of 2 AMPK, I conducted a WGCN analysis, which included hierarchical clustering,
construction of the topological overlap matrix via the soft-thresholding method, multidimension analysis, and a network-screening analysis to distinguish between signal and noise
transcripts. The identified co-expression cluster, including 2 AMPK, was subsequently
checked for hub genes and characterized via GO and pathway enrichment analyses.
In summary, our results reveal that in mammals, for which heart rate is a key determinant
of cardiac energy demand, AMPK functions in an organ-specific manner to maintain
cardiac energy homeostasis and determines cardiac physiological adaptation to exercise by
modulating intrinsic SA cell behavior.
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Fig. 1 Generation of the R299Q γ2 AMPK knock-in mouse and enrichment of γ2 AMPK in WT SA nodes. a Mean 24-h heart rate (HR) of human
heterozygous R302Q γ2 mutation carriers (age 41.2 ± 2.8 years) vs genotype-negative sibling controls (age 38.9 ± 2.3 years) (n = 10–15). All subjects had
any anti-arrhythmic drugs or β-adrenoceptor blockers discontinued for 5 days prior to ECG and none were on amiodarone. b Schematic of gene-targeting
strategy to generate the R299Q γ2 AMPK knock-in. Neo, neomycin selection cassette; FRT, Flp recombinase recognition target; red asterisk denotes
mutation in exon 7 of Prkag2. c γ2 AMPK-speciﬁc activity of freeze-clamped ex vivo perfused hearts measured by SAMS peptide phophorylation assay
in the absence or presence of AMP (n = 18–22). d Representative western blot of whole heart tissue from R299Q γ2 and WT mice for phospho-(p) ACC
(n = 11–15). e–g Cine MRI analysis of left ventricular (LV) mass (e), end-diastolic volume (EDV) (f) and ejection fraction (EF) (g) in R299Q γ2 and WT
mice aged 2 months (n = 8–19). h Cardiac tissue glycogen content from 12 month R299Q γ2 and WT mice together with a positive control heart from a
homozygous Gaa (encoding acid α-glucosidase) knockout mouse (n = 12–15). i, j Periodic acid-Schiff (PAS) staining (i) (scale bar, 5 µm) and quantiﬁcation
of glycogen content (j) (as %PAS-positive cells/ﬁeld) of SA node (SAN) sections (n = 12). k, l Quantitative real-time PCR (qRT-PCR) of γ2 and γ1 AMPK
isoform relative gene expression levels (normalized to β-actin) from normal murine SA node and LV (SAN, n = 4; LV, n = 10). m–o Western blot (m) and
densitometry (n, o) of γ2 and γ1 AMPK in normal murine SA node and LV, together with SA node positive (HCN4) and loading (GAPDH) controls
(n = 6–8). Uncropped western blots are shown in Supplementary Fig. 10. a, k, l, n, o Student’s t-test was performed. c Kruskal–Wallis test followed by
Dunn’s multiple comparisons test was performed. e–h, j One-way analysis of variance (ANOVA) followed by Holm–Sidak’s multiple comparisons test was
performed. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. RE relative expression, AU arbitrary units. a, c, e–h, j–l, n, o Data are shown as means
± s.e.m.
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accounting by AMPK activity in cell populations beyond such
central neuronal circuits has not been reported.
The heart exhibits the highest organ-speciﬁc resting metabolic
rate of any organ10 and remarkable energetic stewardship, with
the highest work increment of any organ, achieving dynamic
workload of 5000–50,000 mmHg beats/min, typically at very
high heart rates (HRs), without any increase in free ADP levels.
HR scales linearly with myocardial oxygen consumption, with
the latter further increased by the enhanced contractility

of hypothalamic AMPK to the central effect of hormones inﬂuencing feeding behavior, such as ghrelin6, leptin7, and thyroid
hormone8. In both mice and humans, activating mutations in γ2
AMPK that alter hypothalamic orexigenic neuronal excitability
and drive caloric surfeit9 suggest that AMPK activity, inﬂuenced
by the nucleotide sensing γ subunit, has adapted in these highly
specialized cells to function as a systemic energy sensor,
defending the metabolic requirements of the entire organism.
However, a role for regulation of organ-speciﬁc caloric
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accompanying an increased HR11. As the background HR is set
by the intrinsic automaticity of the cardiac pacemaker—a population of highly specialized sinoatrial (SA) cells—these observations suggest a direct link between SA cell ﬁring rate and cardiac
energy homeostasis.
In humans, activating mutations in the gene encoding the
γ2 subunit of AMPK (PRKAG2
) result in an autosomal dominant
disorder whose heterogeneous phenotypic spectrum includes left
ventricular hypertrophy (LVH) and prominent electrophysiological disturbances12,13. Cardiac-restricted transgenic
mouse models overexpressing human PRKAG2
mutations recapitulate major aspects of this spectrum, including severe LVH,
ventricular pre-excitation, and propensity to sudden death14,15.
Histological analyses of hearts from these models and human
mutation carriers have identiﬁed cardiomyocyte glycogen accumulation and suggested a direct role for glycogen in the pathogenesis of pre-excitation14. However, the prominent sinus
bradycardia, which contributes to the substantial requirement for
early pacemaker implantation, remains poorly understood13,16,17.
Here, we use a combination of genetic, electrophysiological,
transcriptomic, and cellular approaches applied to genetic models
of altered AMPK function to examine its role in the regulation of
the mammalian cardiac pacemaker. Our results reveal an
important organ-speciﬁc function for γ2 AMPK in the regulation
of intrinsic SA cell ﬁring rate in health and disease, linking this
conserved cellular energy sensor to the control of mammalian SA
node and thereby myocardial energy homeostasis through its
inﬂuence on HR.
Results
2 AMPK activon induces sinu bradyci
. The majority
of cardiomyopathy-causing PRKAG2
mutations are missense
substitutions of highly conserved residues within or in close
proximity to the CBS motifs of the γ2 subunit of AMPK18. Studies of transgenic mice and acute viral transduction experiments19 suggest that the primary effect of these γ2 mutations to
be basal activation of the enzyme complex, likely due to a failure
to adequately sense inhibitory ATP. Furthermore, the relative
proportions of the different γ subunits appear to be important; for
example, even overexpression of wild-type (WT) γ2 has been
associated with a cardiac phenotype in mice, including LVH and
glycogen excess14. This may reﬂect altered γ isoform stoichiometry (i.e., the γ1/γ2 ratio, with γ1 representing the physiologically predominant cardiac isoform)20.
We observed that humans carrying the R302Q mutation in
PRKAG2
(the most frequently described) exhibit sinus bradycardia with a signiﬁcantly lower resting HR compared with
genotype-negative sibling controls (Fig. 1a). To gain insights into
the pathogenesis of PRKAG2
-related sinus bradycardia free of
confounders inherent to overexpression transgenesis, we used

gene-targeted mice with the R299Q mutation (orthologous to
R302Q in humans) introduced into murine Prkag2
, permitting
the expression and regulation of mutant protein under endogenous control mechanisms (Fig. 1b)9. Mice heterozygous (Het) for
the R299Q γ2 mutation were interbred to generate WT and
homozygous (Homo) mice. Competitive multiplex PCR conﬁrmed expression of R299Q γ2 transcripts in mutant but not WT
mice (Supplementary Fig. 1a). Western blotting conﬁrmed
comparable cardiac γ2 and γ1 expression across genotypes
(Supplementary Fig. 1b–d). Cardiac γ2-speciﬁc basal AMPK
activity was increased in R299Q γ2 mice compared with WT
(Fig. 1c). Consistent with its proximity to the nucleotide-binding
site2 and previous reports18,21, activation of R299Q γ2 AMPK
complexes by AMP was limited compared with WT (Fig. 1c). In
R299Q γ2 hearts, a corresponding increase in the phosphorylation of acetyl-CoA carboxylase at Ser79, a canonical AMPK
target, was observed (Fig. 1d; Supplementary Fig. 1e), consistent
with a basal gain-of-function of γ2 AMPK complexes in vivo.
Cine MRI revealed no evidence for LVH or LV dilatation, but
R299Q γ2 mice exhibited a subtle reduction in contractile
performance at 2 months of age (Fig. 1e–g), with no progression
at 10 months (Supplementary Fig. 1f–i). Cardiac energetics, as
determined by in vivo 31P-MRS measurement of the phosphocreatine/γ-ATP ratio, was unaltered at 2 months (Supplementary
Fig. 1j). Cardiac histology and ultrastructure of R299Q γ2 mice
appeared indistinguishable from WT mice (Supplementary
Fig. 2a, c). We found a small increase in biochemical cardiac
glycogen content in homozygous R299Q γ2 mice at 12 months
(Fig. 1h), associated with upregulation of several genes involved
in glucose transport (Slc2a1
, Slc2a4
) and glycogen metabolism
(Gyg
, Pygm) (Supplementary Fig.
2b).
In contrast to ﬁndings in whole heart, detailed regional
histological analysis of SA node sections revealed a striking excess
of glycogen in R299Q γ2 mice (Fig. 1i, j; Supplementary
Fig. 2h–j), with increased maximal SA node thickness (Supplementary Fig. 2e) but otherwise unremarkable histological
appearances (Supplementary Fig. 2d, f, g), including no evidence
of apoptosis on TUNEL staining, suggesting correspondingly
greater AMPK activation22 in the SA node. Accordingly, we
assessed γ isoform transcript expression in normal murine SA
nodes compared to left ventricles (LVs) and found Prkag2
, but
not Prkag1
, to be enriched in SA nodes (Fig. 1k, l). We observed
corresponding SA node enrichment of γ2 protein, but a striking
paucity of γ1, suggesting that γ2 is the predominant γ isoform in
this tissue (Fig. 1m–o; Supplementary Fig. 1k–m). We also
observed signiﬁcantly lower expression of α2 AMPK in the SA
node compared to the LV (Supplementary Fig. 1n, o).
Reminiscent of the sinus bradycardia of human R302Q
PRKAG2
mutation carriers (Fig. 1a), invasive electrophysiology
studies performed under isoﬂurane general anesthesia revealed a
reduction in sinus HR of homozygous R299Q γ2 mice in vivo

Fig. 2 γ2 AMPK activation lowers intrinsic HR by downregulating SA cell If and Ca2+ clock pacemaker mechanisms. a HR in beats per minute (bpm) of
R299Q γ2 and WT mice under anesthesia (n = 7–12). b HR during ex vivo-isolated cardiac perfusion (n = 6–11). c Representative action potentials from SA
cells isolated from R299Q γ2 and WT mice. d Mean beating rate of SA cells from groups illustrated in c (n = 17 cells). e qRT-PCR validation of differentially
expressed genes on SA node microarray (n = 3). FC fold-change. f, g Representative western blot (f) and analysis (g) of HCN4 levels in SA nodes from
R299Q γ2 and WT mice. h Representative SA cell If traces during steps to 125 mV. i Mean fully activated I/V curves (If density plotted against membrane
voltage) recorded in WT and R299Q γ2 SA cells. Linear data ﬁtting yielded signiﬁcant differences (P < 0.0001) in If slope conductance (648 and 333 pS/pF
for WT and homozygous R299Q γ2 SA cells, respectively) (n = 8–10 cells/2–6 mice). j Mean voltage dependence of If activation of WT and R299Q γ2 SA
cells (n = 6 per genotype). Half-activation voltages (V1/2, mV) and inverse-slope factors (s, mV) depicted. k Representative confocal line-scan images and
Ca2+ transients of isolated, single, permeabilized WT, and homozygous R299Q γ2 SA node cells bathed in 50 nmol/L free [Ca2+]. l–n Mean spontaneous
local Ca2+ release (LCR) amplitude (l) expressed as peak value (F) normalized to minimal (F0) ﬂuorescence, size (m), and duration (n). o, p Ca2+ signal of
individual LCR (o) and LCR ensembl (p) (n = 15–17 cells/3 mice per genotype). Uncropped western blots are shown in Supplementary Fig. 10. a, b, d
One-way ANOVA followed by Holm–Sidak’s multiple comparisons test was performed. i Comparison of the slopes of linear regression lines was
performed. e, g, l–p Student’s t-test was performed. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. a, b, d, e, g, l–p Data are shown as means ± s.e.m.
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(Fig. 2a). The PR interval and anterograde atrioventricular
conduction parameters were not signiﬁcantly different to WT,
with no evidence of ventricular pre-excitation either at baseline or
with programmed atrial stimulation (Supplementary Table 1).
Ambulatory HR recordings conﬁrmed invasive ﬁndings, with
marked sinus bradycardia in homozygous R299Q γ2 compared
with WT mice (416 ± 13 bpm vs 549 ± 15 bpm, respectively,
P < 0.0001, Student’s t-test; Supplementary Fig. 3a, b).
γ2 AMPK activation reduces SA cell automaticity. Assessment
of isolated perfused hearts from R299Q γ2 mice demonstrated a
lower intrinsic HR (Fig. 2b). As a corollary, isolated SA cells from
R299Q γ2 mice exhibited reduced basal ﬁring rate but unaltered
maximum diastolic potential (MDP) (Fig. 2c, d; Supplementary
Fig. 3c). We next measured SA cell rate responses to catecholamine and muscarinic stimulation. We observed signiﬁcant
increases in SA cell ﬁring rates in response to the β-adrenergic
receptor agonist isoproterenol in homozygous R299Q γ2 mice,
with a magnitude of change from baseline comparable to WT
mice, thereby reaching a marginally lower maximal rate (Supplementary Fig. 3e). Both genotypes exhibited profound reductions in SA cell ﬁring rates in response to the endogenous
muscarinic receptor agonist acetylcholine (ACh) (Supplementary
Fig. 3f). These data indicate that the activating R299Q γ2 AMPK
mutation, in the context of a broadly healthy SA node with
chronotropic competence, induces intrinsic sinus bradycardia in
mice by reducing the basal SA cell ﬁring rate while retaining high
responsivity to catecholamine and cholinergic rate modulation.
γ2 AMPK activation reprograms the SA node transcriptome.
To delineate the molecular mechanisms contributing to the
intrinsic sinus bradycardia of R299Q γ2 mice, we obtained SA
node gene expression proﬁles and identiﬁed signiﬁcant differences in gene expression (Supplementary Fig. 4; Supplementary
Tables 2 and 3). These included: changes suggestive of a transition of the SA node to a less nodal phenotype (upregulation in
Myl2, Myl3, Nppb, and Tnnt3); downregulation of transcriptional
regulators critical to SA node development and function (Isl1 and
Tbx3)23,24; alterations in constituents of the sarcolemmal membrane voltage clock (upregulation in Kcna5 and Kcnv2); genes
involved in Ca2+ homeostasis or regulation of the sarcoplasmic
reticulum (SR) Ca2+ clock (upregulation in Parv, Pln, and
downregulation in Atp2a1, Calr, Casq1, and Ppp1r1b); and genes
related to AMPK’s canonical function (i.e., altered expression of
genes involved in glucose homeostasis and glycogen metabolism
with upregulation in Fbp2, Ganc, Pfkfb2, Phkb, Pgm3, and
downregulation in Pygm and Hk1). These genes were observed to
cluster around and interact with (Supplementary Figs. 5–7) a
network of key regulators of pacemaker clock function, including
genes encoding cAMP-activated protein kinase (Pka) (Supplementary Fig. 5, network 2; Supplementary Fig. 6, network 5),
short stature homeobox 2 (Shox2) (Supplementary Fig. 6, network 2), the cardiac ryanodine receptor (Ryr2), and the calcium
and calmodulin-dependent protein kinase II (CamkII) (Supplementary Fig. 6, network 6). Quantitative real-time PCR (qRTPCR) of SA nodes conﬁrmed many of these changes (Fig. 2e),
suggesting that γ2 AMPK activation has a transcriptional inﬂuence to remodel the coupled-clock and accounting for the
observed changes in SA node function.
γ2 AMPK activation downregulates SA If and spontaneous
LCRs. The transcription factors ISL1 and TBX3 critically promote
the SA cell-speciﬁc gene program23,24, including expression of
Hcn4. HCN4, highly expressed in the mammalian SA node, is one
of four hyperpolarization-activated cyclic nucleotide-gated
NATURE COMMUNICATIONS | 8: 1258

channel isoforms constituting f-channels which are responsible
for the sarcolemmal hyperpolarization-activated “funny” current,
If, critically contributing to the spontaneous depolarization of
pacemaker cells, and whose reduced expression is associated with
sinus bradycardia25. We measured SA node HCN4 protein
expression and found a marked reduction in homozygous R299Q
γ2 mice (Fig. 2f, g; Supplementary Fig. 3d). Patch-clamping of
isolated homozygous R299Q γ2 SA cells revealed a reduction in If
density with a substantial and signiﬁcant reduction in whole-cell
If conductance compared with WT (Fig. 2h, i), but no alteration
in the If voltage-dependence of activation (Fig. 2j), supporting the
contribution of lower f-channel density to reduced SA node If. SA
cells from both genotypes exhibited similar shifts in the If activation curve upon β-adrenoceptor or muscarinic stimulation
using isoproterenol (Iso) or acetylcholine (ACh), respectively,
suggesting unperturbed If modulation by these agonists
(Supplementary Fig. 3g, h).
Spontaneous rhythmic SR local Ca2+ release (LCR) also
crucially inﬂuences SA cell automaticity26. Given the gene
expression proﬁle ﬁndings, we undertook confocal imaging of
LCRs in individual permeabilized WT and R299Q γ2 SA cells (in
which the impact of HCN4 and other sarcolemmal electrogenic
molecules constituting the membrane clock are uncoupled from
the Ca2+ clock) bathed in ﬁxed physiologic free [Ca2+]. We found
signiﬁcantly lower mean LCR amplitude, size, and duration in
R299Q γ2 vs WT SA cells (Fig. 2k–n), resulting in a >50% lower
spontaneous Ca2+ signal of individual and ensemble LCRs
(Fig. 2o, p), which activate the Na+/Ca2+ exchanger current
(Incx) in intact SA cells during diastolic depolarization. Consistent
with the transcriptome data, immunohistochemistry of isolated
SA cells from homozygous R299Q γ2 mice revealed signals for
greater phospholamban (PLN) protein expression (Supplementary Fig. 3i), a key negative modulator of LCR periodicity via its
inhibitory effects on the SR Ca2+ uptake pump, sarco(endo)
plasmic reticulum Ca2+-ATPase (SERCA)26. We veriﬁed this
ﬁnding quantitatively using western blotting, conﬁrming
increased phospholamban content in homozygous R299Q γ2
SA nodes compared with WT SA nodes, both in absolute terms
and when expressed relative to its cognate protein, SERCA
(Supplementary Fig. 3j, l), consistent with reduced SR Ca2+
replenishment. However, we identiﬁed no signiﬁcant effect of the
R299Q γ2 mutation on levels of other key constituents of
spontaneous intracellular Ca2+ cycling contributing to pacemaker
function, including SERCA itself, calsequestrin (CASQ1), the
cardiac ryanodine receptor (RYR2), the Na+/Ca2+exchanger
(NCX1), or L-type Ca2+ channels (LTCC) (Supplementary Fig. 3k,
m–p). Altogether, these data indicate that γ2 AMPK activation
co-ordinately reduces two fundamental components of the SA cell
intrinsic pacemaker mechanism: If and LCRs.
WGCN analysis links Prkag2 to a network of pacemaker genes.
To conﬁrm AMPK’s ability to acutely and reversibly
alter intrinsic SA nodal automaticity free from the potential
confounding of a constitutive transgenic setting, we ﬁrst examined the role of AMPK and its modulation using induced murine
pacemaker cell aggregates: terminally differentiated induced
sinoatrial bodies (iSABs). These are highly pure, spontaneously
contracting aggregates consisting substantially of physiologically
functional pacemaker cells derived through forward programming with the nodal inducer TBX3 and Myh6-promoter-based
antibiotic selection of murine pluripotent stem cells27,28.
Sequencing (RNASeq) of iSABs’ gene expression proﬁles, when
compared to control antibiotic-selected cardiac bodies (aCaBs, a
heterogeneous mixture of cardiomyocyte subtypes)27, revealed
increased expression of γ2, but not γ1 transcript, and signiﬁcant
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enrichment of gene ontologies related to AMPK-mediated
and Ca2+-mediated signaling, the type 1A regulatory subunit of
PKA (Prkar1a), striated muscle contraction, fatty acid β-oxidation, and glycogen metabolism (Fig. 3a–d). We then constructed a
weighted gene co-expression network (WGCN) and identiﬁed
Prkag2 in a module (green) of the most highly interconnected
genes (corr = 0.74), including Tbx3, Tbx18, Hcn4, Prkar1a,
Prkar2b, Camk2, Camkk2, Camk4, and Calml4 (Fig. 4a–c).
Comparison of iSABs and aCaBs within the module (1,500 and
200 genes, respectively) conﬁrmed that genes expected to be
co-expressed in endogenous pacemaker cells were found only in
iSABs (Fig. 4d). Hierarchical clustering and multi-dimensional
scaling revealed, in commonality with the SA node transcriptome,
6
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that the Prkag2-containing module represents a major signaling
hub with signiﬁcant connectivity to genes critical to SA node
pacemaker function, including Tbx3, Isl1, and Hcn4 (Fig. 4e–g).
Having identiﬁed signiﬁcant co-expression and correlation
of Prkag2 with known pacemaker-relevant factors in iSABs
(Supplementary Table 4), we tested whether pharmacological
activation of AMPK (Fig. 5a) could lower iSAB-beating
frequency. We observed a reversible, dose–response reduction
in beating rate using both an AMP-mimetic agent (AICAR) and a
small-molecule cyclic benzimidazole derivative (compound 991),
the latter binding speciﬁcally to the β subunit of AMPK to cause
direct allosteric activation29,30 (Fig. 5b–e; Supplementary
Movies 1 and 2).

NATURE COMMUNICATIONS | 8: 1258

| DOI: 10.1038/s41467-017-01342-5 | www.nature.com/naturecommunications

2.2 Application and validation of workflows via network analysis and modeling

ARTICLE

NATURE COMMUNICATIONS | DOI: 10.1038/s41467-017-01342-5

(Ad-WT γ2), or empty vector (Ad-mCherry) in primary SA cells
isolated from WT (adult C57BL/6J) mice31. Whole-cell currentclamp recordings from cultured C57BL/6J SA cells infected with
Ad-WT γ2 revealed no detectable effect on spontaneous SA cell
beating rate of WT γ2 overexpression (300 ± 15 bpm) over that of
Ad-mCherry (293 ± 16 bpm) (Fig. 6a). In contrast, C57BL/6J SA

Adenovirus-mediated γ2 AMPK gain-of-function reduces SA
cell ring. We next tested whether acute γ2 AMPK-speciﬁc
activation could alter the ﬁring rate of individual fully differentiated mammalian WT SA cells. Given the absence of γ isoform-selective AMPK activators, we used adenoviral gene transfer
to acutely overexpress R299Q γ2 (Ad-R299Q γ2), WT γ2
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cells infected with adenovirus carrying the activating R299Q γ2
mutation displayed a signiﬁcantly slower (>30%) beating rate
(192 ± 22 bpm, P < 0.01 compared with Ad-mCherry or Ad-WT
γ2, one-way ANOVA; Fig. 6a). We then asked whether these
ﬁndings were consistent in a larger mammalian species with
electrophysiological properties closer to humans. Adult rabbit SA
cells are recognized as excellent models for studying pacemaker
mechanisms and exhibit action potentials with signiﬁcantly closer
ﬁdelity to human than rodent species32. Congruent with our
observations in WT murine SA cells, adenoviral transduction of
stable cultured (72 h) adult rabbit SA cells with Ad-R299Q
γ2 signiﬁcantly reduced spontaneous cell beating rate to ~50% of
that observed with either empty vector or Ad-WT γ2 (P < 0.0001,
one-way ANOVA; Fig. 6b, c).
We next applied a similar gene transfer approach in an attempt
to rescue the reduced beating rate phenotype of SA cells isolated
from homozygous R299Q γ2 mice. Transfection with Ad-WT γ2
vector, through competing out of the mutant allele, completely
restored the reduced ﬁring rate of homozygous R299Q γ2 SA cells
to that of primary C57BL/6J SA cells treated with empty vector
(Fig. 6d).
Collectively, these data establish that (i) acute speciﬁc
activation of γ2 AMPK is sufﬁcient to substantively reduce the
intrinsic ﬁring rate of WT SA cells from two distinct mammalian
species, and (ii) the phenotype of reduced SA cell automaticity
observed in R299Q γ2 mice can be fully reversed postnatally with
short-term gene transfer, arguing against abnormal developmental SA node patterning as a substantial driver of the phenotype
in vivo.

signiﬁcant increase in If density from Homo ﬂ Cre+ isolated SA
cells or changes in fractional activation (Fig. 7h–j). In response to
isoproterenol, SA cells from Homo ﬂ Cre+ mice reached a similar
maximal rate to WT Cre+ but, having starting from a higher
baseline rate, reﬂected a smaller proportional increase from
baseline (Supplementary Fig. 9e). SA cells from both genotypes
exhibited marked reductions in beating rate in response to acetylcholine, and similar mean shifts in the If activation curve following isoproterenol or acetylcholine stimulation (Supplementary
Fig. 9f–h). Measurement of SA cell LCR revealed non-signiﬁcant
trends to greater spontaneous Ca2+ signals in Homo ﬂ Cre+ mice
compared with WT Cre+ (Supplementary Fig. 9i–m).

γ2 AMPK has a physiological role in limiting resting HR. In
view of the ﬁnding of lower sinus rate associated with the activating R299Q γ2 mutation, we investigated whether tonic γ2
AMPK activation has a physiological role in limiting HR. To
address this, we developed a γ2 knockout model by crossing the
R299Q γ2 line with Sox2cre transgenic mice to allow global
embryonic deletion of the ﬂoxed-mutated exon 7 of Prkag2
(Supplementary Fig. 8a). We conﬁrmed absence of R299Q γ2
transcript, and loss of γ2 AMPK protein and activity, without
signiﬁcant effect on γ1 in these mice (Homo ﬂ Cre+) (Fig. 7a;
Supplementary Fig. 8b–f). We also observed no differences in
gross cardiac structural or functional phenotype compared with
WT Cre+ controls (Supplementary Fig. 8g–j). In contrast to
R299Q γ2 mice, and supporting a physiological role for γ2 AMPK
activation in regulating HR, we found that γ2 loss led to small but
signiﬁcant increases in HR, both in vivo under anesthesia
(Fig. 7b) and during ambulatory telemetric recordings (Supplementary Fig. 9a, b), as well as ex vivo (Fig. 7c). Consistent with
greater intrinsic HR, SA cells from Homo ﬂ Cre+ mice displayed
enhanced automaticity (Fig. 7d, e), but equivalent MDP and cell
capacitance to WT Cre+ (Supplementary Fig. 9c, d). Homo ﬂ Cre
+ mice displayed greater cardiac Hcn1 and Hcn4 expression than
WT Cre+ (Fig. 7f, g); however, we did not identify a statistically

γ2 AMPK is required to develop intrinsic resting bradycardia
of endurance exercise. To determine whether γ2 AMPK has a
broader role in physiological HR regulation, we investigated its
involvement in the widely recognized phenomenon of intrinsic
resting bradycardia, which follows endurance exercise training34.
Exercise is known to activate AMPK in skeletal muscle35,36,
with AMPK in turn having a major role in this tissue’s
adaptive response. We examined the effect of 10 weeks of
voluntary wheel running exercise (Ex), sufﬁcient to activate cardiac AMPK in resting mice after exercise training (Fig. 8a), on
intrinsic HR in comparison to sedentary controls (S). WT Cre+
and Homo ﬂ Cre+ mice ran comparable distances (6.30±0.51 vs
6.72±0.64 km/24 h, P = 0.58), durations, and average speeds
(Fig. 8b–d). We determined intrinsic HR using ex vivo intact SA
node/atrial preparations37 and found those of Ex WT Cre+ to
display a signiﬁcantly lower spontaneous beating rate than those
from S WT Cre+ mice (364 vs 412 per min, P < 0.01, one-way
ANOVA)—consistent with training-induced intrinsic resting
bradycardia; however, critically, no corresponding training effect
was observed on the intrinsic atrial rate of Homo ﬂ Cre+ mice
(Fig. 8e). We conﬁrmed these ﬁndings in isolated SA cells,
observing reduced automaticity of SA cells from trained WT Cre+
but not from trained Homo ﬂ Cre+ mice (Fig. 8f, g). Consistent

Loss of γ2 AMPK rescues bradycardia in FNIP1-deﬁcient mice.
Given the relatively subtle increment in sinus HR observed in the
γ2 AMPK knockout, we considered whether the impact of γ2 loss
may be more clearly substantiated in a model characterized by
severe sinus bradycardia that was likely to be AMPK-dependent.
FNIP1 (encoding folliculin-interacting protein 1) is a negative
modulator of AMPK. As such it represents an alternative genetic
strategy to powerfully activate AMPK. FNIP1 homozygous null
mice, through activating AMPK, manifest marked sinus bradycardia33. We generated mice deﬁcient in both FNIP1 and
γ2 AMPK by crossing FNIP1 null mice with Sox2cre-driven
γ2 knockout mice and found that loss of γ2 AMPK was sufﬁcient
to rescue FNIP1-deﬁcient bradycardia (Supplementary Fig. 9n).
This observation reinforces the conclusions that AMPK activation
is sufﬁcient to cause sinus bradycardia, and that the HR effect is
directly attributable to the γ2 subunit.

Fig. 4 WGCN analysis identiﬁes Prkag2 in a central hub of pacemaker regulating genes. a Weighted gene co-expression network (WGCN) analysis-derived
visualization of the iSAB–aCaB gene network by heat map plot. The heat map shows the topological overlap matrix (TOM) among all genes in the analysis.
Light yellow represents low overlap and darker red represents higher overlap. Blocks along the diagonal are modules. Dendrograms and module color
assignments are shown at the top and along the left side, respectively. b Reﬁnement of the gene modules showing the gene dendrogram (average linkage)
and module color assignment based on dynamic hybrid TOM clustering. c Plot of gene signiﬁcance and intra-modular connectivity illustrating high
correlation within the green module containing Prkag2. d Plot of co-expressed genes in the green module vs gene signiﬁcance subdividing iSABs and aCaBs.
e Further investigation of the relationship and connectivity among the investigated modules illustrated by (upper portion) a hierarchical clustering
dendrogram (average linkage) and (lower portion) eigenvalue adjacency heatmap. f Multi-dimensional scaling plot identifying the green module as a major
signaling hub connecting multiple genes critical to pacemaker functionality. g Heat map illustrating the TOM among genes depicted in e. Each column and
row refers to a single gene. Light yellow represents low overlap and darker red represents higher overlap
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with a previous report38, we observed a clear reduction in SA
whole-cell If density in trained WT Cre+ mice, but no effect of
training on Homo ﬂ Cre+ mice or fractional activation
(Fig. 8h–j). Altogether, these ﬁndings indicate a critical gatekeeper function for γ2 AMPK activation to enable the intrinsic
bradycardic adaptation to endurance exercise.
Discussion
By characterizing a murine model of a human AMPK-dependent
monogenic bradycardic disorder, we identify a crucial function
for γ2 AMPK, traditionally regarded as a minority AMPK
subunit, as a major SA isoform with a role in regulating SA
node automaticity, and thereby resting HR. This effect is
mediated through inﬂuencing the major signaling networks of
SA cell-autonomous factors regulating pacemaker functionality
(e.g., TBX3 and ISL1) and core sarcolemmal (If) and subcellular
(SR-derived LCRs)-coupled pacemaker mechanisms (Fig. 8k).
We observe an opposite HR phenotype resulting from the loss of
γ2 AMPK, and describe an indispensable role for this energy
sensor in the genesis of intrinsic endurance bradycardia, implicating a non-redundant function for AMPK in mammalian
physiological HR regulation and exercise adaptation. The relatively subtle impact of γ2 AMPK loss at baseline, but its obligatory requirement to develop intrinsic endurance bradycardia,
exemplify AMPK’s primary function as a sensor that is quiescent
at rest but exquisitely responsive to stress.
The R299Q γ2 AMPK gene-targeted mouse model is notable
for its relatively restricted cardiac phenotype—contrasting with
both the uniformly malignant phenotype of transgenic mice
overexpressing mutant human γ2 under a powerful cardiacrestricted promoter and the full expression of the human
phenotype—speciﬁcally the lack of ventricular pre-excitation or
signiﬁcant LVH. Human PRKAG2 cardiomyopathy is now
NATURE COMMUNICATIONS | 8: 1258

recognized to be highly heterogeneous, variably penetrant, and
generally milder than initially reported, an observation typical of
how our understanding of monogenic disorders evolves. We have
previously evaluated a series of 20 patients with the R302Q
PRKAG2 mutation, orthologous to the knock-in mutation carried
by R299Q γ2 knock-in mice. Although 18 of these patients (90%)
had sinus bradycardia, only 2 (10%) had LVH and none had
WPW syndrome. Other clinical reports document the absence of
LVH with this or other PRKAG2 mutations39,40, suggesting that
neither LVH nor pre-excitation are universal features of human
PRKAG2 cardiomyopathy.
The phenotype of transgenic mice often differ from humans. In
addition to recognized functional differences between mice and
humans in terms of allometric scaling, prominent in the cardiovascular system and predisposing humans to a more marked
bradycardia per se, an additional difference accounting for the
subtlety of the heterozygote (and indeed homozygote) murine
phenotype is likely to be the relative difference in the cardiac
expression of γ2 in mouse vs human. Use of more penetrant
mutations and an overexpression transgenic approach are likely
to be required to consistently generate the more extreme end of
the phenotypic spectrum in mice. Substantiating these gene
dosage and stoichiometric considerations, other recently generated gene-targeted γ2 AMPK-mutant mice bearing mutations
with severe biochemical consequences exhibit a remarkably
consistent sinus bradycardia but otherwise subtle cardiac
phenotype41.
AMPK, by virtue of being at the intersection of systemic energy
sensing and caloric regulation9, appears well placed to determine
the established coupling between basal metabolic rate and
HR, and is likely to contribute to various allometric scaling
phenomena, which seem to have empirical validity, albeit
imperfect, over a diverse range of organisms42. Activation of
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γ2 AMPK complexes remodels SA cell gene expression and
electrophysiology, reducing intrinsic resting HR to diminish
myocardial work. A central inference of our study is that, with its
co-option at the metazoan divergence, AMPK has transitioned
from being a purely cell-autonomous regulator of energy charge
to co-ordinating organ-speciﬁc and systemic-caloric accounting.
An example of this broader inﬂuence is its indispensable role in
the regulation of exercise-related changes in HR.
Akin to the similarly highly conserved clock genes that regulate
circadian biology at multiple hierarchical levels, ranging from
cell-autonomous regulation, through entrainment of organspeciﬁc time cues at different developmental stages, to the
systemic control of both the persistence and periodicity of
10
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circadian rhythms43, γ2 AMPK regulates the ﬁring frequency of
individual pacemaker cells, thereby gating basal cardiac
contractile rate to ensure medium- to long-term myocardial
energy homeostasis and to inﬂuence whole-mammal energy
expenditure9.
Athletes’ hearts need to remain parsimonious at rest, yet retain
the capacity to perform optimally during vigorous physical
activity. In the context of an increased stroke volume due to
cardiac chamber enlargement, a reduced intrinsic sinus rate—
mediated by intermittent physiologic SA node γ2 AMPK activation—maintains basal cardiac energy expenditure, yet leaves
substantial chronotropic reserve to accommodate peak activity
demands; loss of γ2 AMPK speciﬁcally abrogates this adaptation.
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mi c e ( H o m o ﬂ Cr e +) a n d W T S o x 2 cr e c arr yi n g c o ntr ol s ( W T Cr e +). b H R of H o m o ﬂ Cr e + a n d W T Cr e + mi c e u n d er a n e st h e si a ( n = 7 – 1 2). c H R d uri n g e x
vi v o-i s ol at e d c ar di a c p erf u si o n ( n = 8 – 9). d R e pr e s e nt ati v e a cti o n p ot e nti al s r e c or d e d fr o m i s ol at e d S A c ell s. e M e a n b e ati n g r at e of S A c ell s fr o m
g e n ot y p e s ill u str at e d i n d (n = 1 8– 2 0 c ell s / 3 – 5 mi c e). f, g R el ati v e g e n e e x pr e s si o n ( b y q R T- P C R) of H c n1 a n d H c n 4 fr o m w h ol e h e art s (n = 5 – 6).
h R e pr e s e nt ati v e If tr a c e s d uri n g st e p s t o 1 2 5 m V. (i) M e a n If d e n sit y at 1 2 5 m V (n = 2 8 – 31 c ell s / 7 – 8 mi c e). j M e a n v olt a g e d e p e n d e n c e of If a cti v ati o n
of i s ol at e d S A c ell s ( n = 7 – 9). U n cr o p p e d w e st er n bl ot s ar e s h o w n i n S u p pl e m e nt ar y Fi g. 1 0. b , c , e – g , i St u d e nt ’s t-t e st w a s p erf or m e d. *P < 0. 0 5,
**P < 0. 01. b , c , e – g , i D at a ar e s h o w n a s m e a n s ± s. e. m.

I n n or m al p h ysi ol o g y, S A n o d e γ 2 A M P K a cti v ati o n a cts as a
br a k e t o c hr o ni c all y i n cr e as e d H R, miti g ati n g a g ai nst s u bst a nti al
c ar di a c e n er g y e x p e n dit ur e. C o n v ers el y, p at h ol o gi c al P R K A G 2
m ut ati o ns r es ult i n i n a p pr o pri at e a n d p ersist e nt el e v ati o n i n S A
n o d e γ 2 A M P K a cti vit y, eff e cti v el y t o ni c all y a cti v ati n g t h e si g n al
dri vi n g t h e i ntri nsi c r esti n g br a d y c ar di c r es p o ns e t o e n d ur a n c e
e x er cis e. I n a bi dir e cti o n al w a y, t h er ef or e, o ur ﬁ n di n gs e x pl ai n t h e
d el et eri o us S A n o d e p at h ol o g y o bs er v e d i n P R K A G 2 m ut ati o n
c arri ers a n d pr o vi d e a m ol e c ul ar s u bstr at e f or i n cr e asi n gl y
r e c o g ni z e d, al b eit i nfr e q u e nt, p ot e nti al l o n g-t er m s e q u el a e of t h e
at hl eti c h e art, w hi c h c a n i n cl u d e i n cr e as e d ris k of s y m pt o m ati c
S A n o d e dis e as e wit h n e e d f or p a c e m a k er i m pl a nt ati o n i n l at er
lif e4 4 . T h e s p e ciﬁ c a bilit y of γ 2- c o nt ai ni n g A M P K c o m pl e x es t o
r e g ul at e i ntri nsi c S A n o d e ﬁ ri n g a n d H R r ais e t h e p ossi bilit y t h at
its s el e cti v e m o d ul ati o n m a y h ol d t h er a p e uti c p ot e nti al i n b ot h
st at es.
M et h o d s

H u m a n R 3 0 2 Q γ 2 h et er o z y g o u s c arri er s a n d H R m e a s ur e m e nt . Ass ess me nt of
H R i n h u m a n s u bj ects w as a p pr o ve d b y t he l oc al R es e arc h Et hi cs C o m mitt ee ( C o mitê
d e Étic a e m Pes q uis a, F ac ul d a de Ci ê nci as M é dic as, Mi n as G er ais, Br a zil). All st u d y
s u bj ects pr o vi d e d writt e n i nf or me d c o nse nt pri or t o p artici p ati o n. All s u bj ects
u n d er we nt ge n ot y pi n g f or t he R 3 0 2 Q γ 2 m ut ati o n b y P C R a m pli ﬁ c ati o n a n d ﬂ u oresc e nt di d e o x y se q u e nci n g of e x o n 7 of P R K A G 2 . M e a n H R w as o bt ai n e d fr o m 1 5
h eter o z y g o us R 3 0 2 Q γ 2 c arriers a n d 1 0 g e n ot y pe- n e g ati v e si bli n g c o ntr ols ( 4 1. 2 ± 2. 8
vs 3 8. 9 ± 2. 3 ye ars, me a n ± s. e. m.) usi n g 2 4- h H R m o nit ors ( D M S C ar di osc a n Premier 1 1 R ec or d er D M S 3 0 0- 8). I n s u bj ects wit h i n d welli n g per m a ne nt p ac e m a kers
( 6 R 3 0 2 Q γ 2 c arriers a n d n o c o ntr ols), H R w as assesse d b y pr o gr a m mi n g t he g e ner at or t o V VI m o de a n d m e as uri n g t h e H R aft er a w aiti n g p eri o d of 1 0 mi n. A ntiN A T U R E C O M M U NI C A TI O N S
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arr h yt h mi c dr u gs (i ncl u di n g β - bl oc kers) were disc o nti n ue d f or at l e ast 5 d a ys b ef or e
H R assess me nt. N o s u bj ect h a d atri al ﬁ brill ati o n or w as o n a mi o d ar o ne.
A ni m al s . A ni m al st u di es w er e p erf or m e d i n a c c or d a n c e wit h t h e 1 9 8 6 Britis h
H o m e Of ﬁ c e A ni m als S ci e nti ﬁ c Pr o c e d ur es A ct ( U K) i n c or p or ati n g E ur o p e a n
Dir e cti v e 2 0 1 0/ 6 3/ E U, t h e E ur o p e a n Dir e cti v e ( 8 6/ 6 0 9/ C E E) o n t h e c ar e a n d
us e of l a b or at or y a ni m als, a n d t h e G ui d e f or t h e C ar e a n d Us e of L a b or at or y
A ni m als p u blis h e d b y t h e N ati o n al I nstit ut es of H e alt h ( NI H P u bli c ati o n n o.
8 5 – 2 3, r e vis e d 1 9 9 6). All e x p eri m e nt al pr ot o c ols i n v ol vi n g a ni m als w er e
ass ess e d a n d a p pr o v e d b y t h e l o c al et hi c al r e vi e w c o m mitt e e: U ni v ersit y of O xf or d
A ni m al W elf ar e a n d Et hi c al R e vi e w B o d y; A ni m al W elf ar e c o m mitt e e of t h e
U ni v ersit y of Mil a n a n d t h e It ali a n Mi nist er of H e alt h (It ali a n D.l gs 1 1 6/ 9 2 a n d D.
L gs n o. 2 0 1 4/ 2 6); t h e NI H I nstit uti o n al A ni m al C ar e a n d Us e C o m mitt e e; a n d t h e
U ni v ersit y of C ol or a d o D e n v er — A ns c h ut z M e di c al C a m p us I nstit uti o n al A ni m al
C ar e a n d Us e C o m mitt e e ( pr ot o c ol n u m b er 8 4 8 1 4( 0 6) 1 E). E x p eri m e nt al a ni m al
w or k w as u n d ert a k e n bli n d t o g e n ot y p e.
R 2 9 9 Q γ 2 mi c e h a v e b e e n pr e vi o usl y d es cri b e d 9 . G e n e t ar g eti n g w as us e d t o
i ntr o d u c e t h e R 2 9 9 Q p oi nt m ut ati o n ( e q ui v al e nt t o t h e h u m a n R 3 0 2 Q m ut ati o n)
i nt o e x o n 7 of m uri n e Pr k a g 2 . T h e g e n e-t ar g eti n g v e ct or c o nt ai n e d a s h ort er 5′
h o m ol o g y ar m (i n i ntr o n 6 a n d e x o n 7) a m pli ﬁ e d b y P C R fr o m g e n o mi c D N A
is ol at e d fr o m 1 2 9 S v e m br y o ni c st e m ( E S) c ells. T h e p oi nt m ut ati o n w as i ntr o d u c e d
b y P C R a n d t h e p ositi v e s el e cti o n c ass ett e ( ne o ), ﬂ a n k e d b y F R T ( Fl p r e c o m bi n as e
r e c o g niti o n t ar g et) sit es t o e n a bl e e x cisi o n of t h e n e o c ass ett e, w as i ns ert e d i n fr o nt
of e x o n 7. T h e t ar g eti n g str at e g y i n cl u d e d i ns erti o n of l o x P sit es wit hi n i ntr o n 6
u pstr e a m a n d wit hi n i ntr o n 7 d o w nstr e a m of t h e m ut ati o n, r es p e cti v el y. T h e
l o n g er 3′ h o m ol o g y ar m w as o bt ai n e d fr o m a B A C cl o n e ( S a n g er I nstit ut e,
C a m bri d g e, U K), wit h a Di p ht h eri a T o xi n A ( D T A) c ass ett e att a c h e d t o t h e 3 ′
h o m ol o g y ar m f or n e g ati v e s el e cti o n. T h e h o m ol o g y ar ms wit h t h e m ut ati o n w er e
cl o n e d i nt o a s uit a bl e t ar g eti n g v e ct or i n o ur l a b or at or y; s el e cti o n c ass ett es a n d
g e n o mi c D N A w er e pr o vi d e d b y G e n O w a y ( L y o n, Fr a n c e). Tr a nsf e cti o n of 1 2 9 S v
e m br y o ni c st e m ( E S) c ells, s el e cti o n, is ol ati o n a n d c o n ﬁ r m ati o n of p ositi v e cl o n es
b y S o ut h er n bl ot a n al ysis, i nj e cti o n of p ositi v e cl o n es i nt o C 5 7 B L/ 6 e m br y os a n d
i n vi v o e x cisi o n of t h e p ositi v e s el e cti o n c ass ett e w er e p erf or m e d b y G e n O w a y.
C orr e ct h o m ol o g o us r e c o m bi n ati o n i n t h e p ositi v e E S cl o n es w as c o n ﬁ r m e d b y

w w. n at ur e. c o m / n at ur e c o m m u ni c ati o n s
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Southern blot analysis. The presence of the point mutation and the distal loxP site
were validated by sequencing. Positive clones were injected into C57BL/6 embryos.
Highly chimeric males were then bred with Flp-expressing mice and the FRTﬂanked neo cassette deleted, resulting in a ﬂoxed knockin Prkag2 allele. Mice
heterozygous for the R299Q γ2 knockin mutation were initially on a mixed C57BL/
6/129/Ola genetic background and subsequently backcrossed to C57BL/6 for at
least seven generations. R299Q γ2 mice were genotyped by PCR from earnotch
tissue-derived gDNA using primers (Supplementary Table 5) hybridizing either
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side of the loxP-FRT sequence in intron 6 to distinguish the WT Prkag2 locus from
the recombined, Flp-excised Prkag2 allele.
Sox2cre transgenic mice45 that had been backcrossed for six generations onto a
C57BL/6 genetic background were crossed with R299Q γ2 mice to achieve global
γ2 deletion via the conditional deletion of the ﬂoxed exon 7 of Prkag2. Mice
deﬁcient in both alleles, representing a global knockout of γ2 (termed Homo
ﬂ Cre+), were compared with control mice hemizygous for the Sox2cre transgene
but wild-type for Prkag2 (termed WT Cre+). Sox2cre γ2 knockout mice were

0.0
–20

M clock activity
PRKAG2
mutations

ISL1
TBX3

Stimulus

SA cell
γ2 AMPK
activation

Downregulation
sarcolemmal /f
(HCN4, HCN1)

Response

Cross
talk

SA cell
intrinsic
automaticity

Sinus
bradycardia

PLN
Endurance
training

Reduced SR-derived
spontaneous local
Ca2+ release

Ca2+ clock activity

12

186

NATURE COMMUNICATIONS | 8: 1258

Cardiac energy
consumption

| DOI: 10.1038/s41467-017-01342-5 | www.nature.com/naturecommunications

2. 2 A p pli c ati o n a n d v ali d ati o n of w or k ﬂ o ws vi a n et w or k a n al ysis a n d m o d eli n g
A R TI C L E
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g e n ot y p e d fr o m g D N A usi n g s e p ar at e P C Rs t o ass ess f or t h e R 2 9 9 Q γ 2 m ut ati o n
( as a b o v e), t h e S o x 2 cr e tr a ns g e n e, a n d d et e cti o n of i nt a ct a n d e x cis e d e x o n 7 fr o m
Pr k a g 2 ( pri m er s e q u e n c es d et ail e d i n S u p pl e m e nt ar y T a bl e 5 ).
T h e g e n er ati o n a n d p h e n ot y p e of F ni p 1 n ull m ut a nts is as pr e vi o usl y
d es cri b e d 3 3 ( M GI I D: 5 8 0 6 4 5 9).
All eli c di s cri mi n ati o n . C o m p etiti v e m ulti pl e x P C R of c ar di a c c D N A f or s p e ciﬁ c
d et e cti o n of R 2 9 9 Q γ 2 tr a ns cri pt w as u n d ert a k e n usi n g T a q M a n M G B ﬂ u or o g e ni c
pr o b es s p e ci ﬁ c f or t h e wil d-t y p e ( 5 ′- F A M- A G T C C G T G C A G C G C- M G B- 3′) or
m ut a nt ( 5 ′- VI C- A G T C C A A G C A G C G C- M G B- 3′) Pr k a g 2 s e q u e n c e a n d c o m m o n
e x o n-s p a n ni n g pri m ers ( S u p pl e m e nt ar y T a bl e 5 ) ﬂ a n ki n g t h e sit e of t h e m ut ati o n
o n e x o n 7. Pri m ers w er e d esi g n e d ( Pri m er E x pr ess 3. 0) a n d r e a cti o ns w er e
u n d ert a k e n i n a c c or d a n c e wit h p u blis h e d g ui d a n c e 4 6 o n a St e p O n e R e al- Ti m e P C R
s yst e m ( A p pli e d Bi os yst e ms). D at a a n al ysis a n d vis u ali z ati o n w er e wit h St e p O n e
s oft w ar e ( v 2, A p pli e d Bi os yst e ms).
W e st er n bl otti n g . Pr ot ei n e xtr a cti o n a n d w est er n bl otti n g w er e u n d ert a k e n l ar g el y
as pr e vi o usl y d es cri b e d 4 7 . Bri eﬂ y, s n a p-fr o z e n c ar di a c tiss u e ali q u ots w er e gr o u n d
i n li q ui d nitr o g e n a n d h o m o g e ni z e d i n i c e- c ol d b uff er c o m prisi n g 5 0 m M Tris
b as e, 2 5 0 m M s u cr os e, 1 m M E D T A, pr ot e as e a n d p h os p h at as e i n hi bit or c o c kt ail
t a bl ets ( R o c h e, W est S uss e x, U K), 5 0 m M N a F, 5 m M s o di u m p yr o p h os p h at e,
1 m M dit hi ot hr eit ol ( D T T), 1 m M b e n z a mi di n e, 0. 1 m M p h e n yl m et h yls ul p h o n yl
ﬂ u ori d e ( P M S F), a n d 1 m M s o di u m ort h o v a n a d at e. E xtr a cts w er e t h e n c e ntrif u g e d
at 1 3, 0 0 0 × g f or 1 5 mi n at 4 ° C. Pr ot ei n c o n c e ntr ati o n w as d et er mi n e d fr o m dil ut e d
ali q u ots of t h e s ol u bl e fr a cti o n b y B C A pr ot ei n ass a y ( T h er m o Fis h er S ci e nti ﬁ c)
wit h s a m pl es t h e n dil ut e d i n fr es h l ysis b uff er t o yi el d e q ui v al e nt ﬁ n al pr ot ei n
c o n c e ntr ati o ns. L ys at es w er e mi x e d wit h lit hi u m d o d e c yl s ulf at e s a m pl e b uff er wit h
D T T ( 5 0 m M) ( n u P A G E, I n vitr o g e n) a n d b oil e d at 9 5 ° C f or 5 mi n. F or w est er n
bl otti n g of S A n o d es, e a c h s a m pl e w as p o ol e d fr o m t hr e e i n di vi d u al S A n o d es a n d
h o m o g e ni z e d a n d l ys e d i n RI P A b uff er ( T h er m o Fis h er S ci e nti ﬁ c: 2 5 m M Tris- H Cl
( p H 7. 6), 1 5 0 m M N a Cl, 1 % N P- 4 0, 1 % s o di u m d e o x y c h ol at e, 0. 1 % S D S) s u ppl e m e nt e d wit h H alt pr ot e as e i n hi bit or c o c kt ail ( T h er m o Fis h er S ci e nti ﬁ c), H alt
p h os p h at as e i n hi bit or c o c kt ail ( T h er m o Fis h er S ci e nti ﬁ c) a n d 1 m M p h e n yl m et h yl
s ulf o n yl ﬂ u ori d e, usi n g a Pr e c ell ys 2 4 h o m o g e ni z er ( B erti n I nstr u m e nts) wit h tiss u e
h o m o g e ni z ati o n kit at 4 ° C. L o a di n g c o ntr ols w er e r u n o n t h e s a m e bl ot.
S D S- P A G E w as u n d ert a k e n o n pr e- c ast p ol y a cr yl a mi d e g els ( N u p a g e 4 – 1 2 % Bis
Tris g el, N o v e x, I n vitr o g e n) a n d tr a nsf er e d o nt o p ol y vi n yli d e n e di ﬂ u ori d e
m e m br a n es (I m m u n- Bl ot, Bi o- R a d) usi n g a n el e ctr o p h or eti c tr a nsf er c ell ( Mi ni
Tr a ns- Bl ot, Bi o- R a d). Bl o c k e d m e m br a n es ( 5 % mil k/tris- b uff er e d s ali n e wit h
T w e e n- 2 0, T B S T) w er e i n c u b at e d wit h pri m ar y a nti b o d y, f oll o w e d b y T B S T w as h es
a n d s e c o n d ar y h ors er a dis h p er o xi d as e ( H R P)- c o nj u g at e d a nti b o d y d et e cti o n.
B a n ds w er e vis u ali z e d usi n g E C L r e a g e nts ( G E H e alt h c ar e, B u c ki n g h a ms hir e, U K),
a n d ﬁ l ms s c a n n e d wit h s u bs e q u e nt a n al ysis of di git al i m a g es usi n g I m a g eJ ( NI H).
U n cr o p p e d w est er n bl ots a c c o m p a ni e d b y t h e l o c ati o n of m ol e c ul ar w ei g ht
m ar k ers ar e s h o w n i n S u p pl e m e nt ar y Fi g. 1 0 .
T h e f oll o wi n g a nti b o di es w er e us e d: a nti- p h os p h o- A C C ( # 3 6 6 1) at 1: 1, 0 0 0
w or ki n g c o n c e ntr ati o n, a nti- A C C ( # 3 6 7 6) at 1: 1, 0 0 0, a nti- p h os p h o- A M P K T hr 1 7 2
( # 2 5 3 5) at 1: 1, 0 0 0 fr o m C ell Si g n ali n g ( N e w E n gl a n d Bi o L a bs, H ertf or ds hir e, U K);
a nti- γ 1 A M P K ( a b 3 2 5 0 8) at 1: 1, 0 0 0 a n d a nti- β -t u b uli n ( a b 6 0 4 6) at 1: 4, 0 0 0 fr o m
A b c a m ( C a m bri d g e, U K); a nti- γ 2 A M P K (s c- 1 9 1 4 1) at 1: 5 0 0 a n d a nti- α 2 A M P K
(s c- 1 9 1 3 1) fr o m S a nt a Cr u z Bi ot e c h n ol o g y ( T X, U S A); a nti- H C N 4 ( A P C- 0 5 2) at
1: 2 0 0 fr o m Al o m o n e L a bs (Isr a el); a nti- G A P D H ( M A B 3 7 4) at 1: 4, 0 0 0 fr o m M er c k
Milli p or e ( H ertf or ds hir e, U K); a nti- P L N ( a b 8 6 9 3 0) at 1: 2, 0 0 0, a nti- S E R C A 2
A T P as e ( a b 9 1 0 3 2) at 1: 2, 0 0 0, a nti- N C X 1 ( a b 1 7 7 9 5 2) at 1: 2, 0 0 0 fr o m A b c a m
( C a m bri d g e, M A, U S A); a nti- C A S Q at 1: 2, 0 0 0 ( P A 1- 9 1 3), a nti- R Y R 2 at 1: 1, 0 0 0
( M A 3- 9 1 6) a n d a nti- D H P R 1 al p h a (f or L T C C, P A 5- 2 3 0 1 0) at 1: 1, 0 0 0 fr o m
T h er m o Fis h er S ci e nti ﬁ c ( W alt h a m, M A, U S A). H R P- c o nj u g at e d s e c o n d ar y
a nti b o di es us e d w er e a nti-r a b bit I g G ( N A 9 3 4) fr o m G E H e alt h c ar e a n d a nti- g o at
I g G ( a b 6 7 4 1) fr o m A b c a m.
A M P K a cti vit y a s s a y . C ar di a c A M P K a cti vit y w as m e as ur e d fr o m i m m u n o pr eci pit at e d A M P K c o m pl e x es b y S A M S p e pti d e p h os p h or yl ati o n ass a y ess e nti all y as
pr e vi o usl y d es cri b e d 1 5 . I n bri ef, pr ot ei n e xtr a cts w er e pr e p ar e d as p er s a m pl es f or

w est er n bl otti n g, i n cl u di n g a d diti o n of p h os p h at as e i n hi bit ors. A M P K γ s u b u nit
is of or m-s p e ciﬁ c a nti b o d y w as pr e- b o u n d t o a 5 0 % pr ot ei n G-s e p h ar os e b e a d sl urr y
o n a n or bit al s h a k er (I K A Vi br a x V X R) at 4 ° C f or 2 h. T h es e w er e t h e n g e ntl y
c e ntrif u g e d a n d w as h e d i n i c e- c ol d P B S/ 1 % trit o n, f oll o w e d b y a f urt h er i c e- c ol d
P B S w as h. Tiss u e l ys at e w as a d d e d t o pr e- b o u n d pr ot ei n G- a nti b o d y mi x i n i c ec ol d 1 % trit o n/ H B A b uff er ( 5 0 m M H E P E S, 5 0 m M s o di u m ﬂ u ori d e, 5 m M s o di u m
p yr o p h os p h at e, 1 m M E D T A, 1 0 % gl y c er ol [ v/ v], 1 m M D T T, 1 m M b e n z a mi di n e,
0. 1 m M P M S F, s u p pl e m e nt e d wit h a pr ot e as e i n hi bit or c o c kt ail t a bl et ( R o c h e), p H
t o 7. 4 at r o o m t e m p er at ur e). I m m u n o pr e ci pit ati o n (I P) w as p erf or m e d o n a n
or bit al s h a k er at 4 ° C f or 2 – 3 h (t y pi c all y I P 3 0 μ L pr ot ei n G- S e p h ar os e/ a nti b o d y
sl urr y a n d 2 5 0 μ g of s a m pl e l ys at e, m a d e u p t o 5 0 0 μ L i n H B A/ 1 % trit o n wit h fr es h
pr ot e as e i n hi bit ors).
I n- h o us e a nti b o di es w er e us e d f or i m m u n o pr e ci pit ati o n of γ 2 (r a b bit
p ol y cl o n al, C-t er mi n us dir e ct e d) a n d γ 1 (r a b bit p ol y cl o n al) A M P K. A M P K a cti vit y
fr o m i m m u n e c o m pl e x es w as d et er mi n e d b y m e as uri n g t h e i n c or p or ati o n of [γ 3 2 P]- A T P i nt o t h e S A M S s y nt h eti c p e pti d e s u bstr at e, wit h/ wit h o ut 0. 2 m M A M P,
b y s ci ntill ati o n c o u nti n g ( Tri- C ar b 2 8 0 0 T R, P er ki n El m er, U K).
I n vi v o ci n e m a g n eti c r e s o n a n c e i m a gi n g. Hi g h-r es ol uti o n i n vi v o ci n e M RI w as
p erf or m e d o n a c o h ort of R 2 9 9 Q γ 2 mi c e a n d W T litt er m at e c o ntr ols at 2 a n d
1 0 m o nt hs of a g e, t o a c c ur at el y ass ess l eft v e ntri c ul ar v ol u m es, f u n cti o n, a n d m ass
wit h hi g h s p ati al r es ol uti o n. A n est h esi a w as i n d u c e d i n a n a n est h eti c c h a m b er
usi n g 4 % is o ﬂ ur a n e i n 1 0 0 % o x y g e n. El e ctr o d es w er e p ositi o n e d s u b c ut a n e o usl y,
a n d mi c e w er e p ositi o n e d pr o n e o n a d e di c at e d m o us e cr a dl e a n d m ai nt ai n e d at
1. 5 – 2 % is o ﬂ ur a n e at 2 L/ mi n o x y g e n ﬂ o w. T e m p er at ur e w as m ai nt ai n e d at ~ 3 7 ° C
usi n g a h o m e ost ati c all y c o ntr oll e d w ar m air bl a n k et. C ar di a c a n d r es pir at or y si gn als w er e c o nti n u o usl y m o nit or e d a n d us e d f or c o m bi n e d E C G g ati n g a n d
r es pir at or y g ati n g. E y es w er e pr ot e ct e d wit h a p etr ol e u m- b as e d o p ht h al mi c oi ntm e nt. Ci n e M RI e x p eri m e nts w er e c arri e d o ut usi n g a h ori z o nt al 2 1 0 m m b or e
9. 4 T m a g n et wit h V N M R S Dir e ct Dri v e c o ns ol e a n d 6 0 m m i. d. 1, 0 0 0 m T/ m
a cti v el y s hi el d e d gr a di e nt s yst e m ( A gil e nt T e c h n ol o gi es, U S A). A 3 3 m m i nt er n al
di a m et er, q u a dr at ur e- dri v e n bir d c a g e r es o n at or ( R a pi d Bi o m e di c al, G er m a n y) w as
us e d f or si g n al tr a ns missi o n/r e c e pti o n. Ci n e i m a gi n g w as c arri e d o ut as d es cri b e d
pr e vi o usl y 4 8 . M ulti-fr a m e l eft v e ntri c ul ar-s h ort a xis sli c es w er e a c q uir e d ( 7– 1 0
c o nti g u o us sli c es, 1 m m t hi c k n ess, 1 8 – 3 2 fr a m es p er c ar di a c c y cl e) c o v eri n g a p e x t o
b as e. I m a g es w er e r e c o nstr u ct e d off-li n e as TI F F ﬁ l es usi n g c ust o m- writt e n s oftw ar e. E n d- di ast oli c a n d e n d-s yst oli c fr a m es w er e s el e ct e d f or e a c h sli c e a c c or di n g
t o m a xi m al a n d mi ni m al v e ntri c ul ar c a vit y si z e a n d s e mi- a ut o m at e d i m a g e s e gm e nt ati o n p erf or m e d b y a si n gl e o p er at or usi n g A MI R A s oft w ar e ( Vis a g e I m a gi n g)
bli n d t o m o us e I D/ g e n ot y p e.
I n vi v o c ar di a c 3 1 P m a g n eti c r e s o n a n c e s p e ctr o s c o p y . M R s p e ctr os c o p y
e x p eri m e nts w er e c arri e d o ut usi n g a 9. 4 T m a g n et as a b o v e wit h 1 2 0 m m i. d.
6 0 0 m T/ m a cti v el y s hi el d e d gr a di e nt s yst e m ( A gil e nt T e c h n ol o gi es, U S A). A n
a cti v el y d e c o u pl e d v ari a bl e t u n e/ m at c h 1 4 m m di a m et er 3 1 P s urf a c e c oil w as p urp os e b uilt i n- h o us e a n d us e d i n c o nj u n cti o n wit h a d o u bl e t u n e d 1 H/ 3 1 P v ol u m e
r es o n at or ( R a pi d Bi o m e di c al, G er m a n y) f or a c q uisiti o n. A ni m als w er e pr e p ar e d as
d es cri b e d a b o v e. S hi m mi n g a n d s c o uti n g w er e c arri e d o ut usi n g t h e 1 H c h a n n el of
t h e v ol u m e c oil. A r e m o v a bl e 4 m m p oi nt s p h er e ﬁ ll e d wit h 1 5 M H3 P O 4 w as
pl a c e d o utsi d e t h e a ni m al cr a dl e t o all o w f or a c c ur at e a n d r a pi d p uls e c ali br ati o n
usi n g a n u nl o c ali z e d p uls e- a c q uir e e x p eri m e nt. 2 D a c q uisiti o n w ei g ht e d ( H a n ni n g)
C SI ( c h e mi c al s hift i m a gi n g) d at a w er e a c q uir e d f or W T, h et er o z y g ot e R 2 9 9 Q γ 2,
a n d h o m o z y g ot e R 2 9 9 Q γ 2 m al e mi c e a g e d ~ 1 0 w e e ks ( n = 7, 1 8, 9, r es p e cti v el y)
fr o m a 5 m m t hi c k mi d- v e ntri c ul ar s h ort a xis sli c e (i n- pl a n e v o x el si z e of 2. 3 1 ×
2. 3 1 m m, 1 3 × 1 3 P E st e ps, 3 0 × 3 0 m m F O V, 5 m m sli c e t hi c k n ess, 8 1 9 1 s c a ns,
T E = 0. 8 7 ms). A c q uisiti o ns w er e c ar di a c g at e d a n d a T R of ~ 2 5 0 ms (t w o c ar di a c
c y cl es) w as us e d wit h a 3 0° ﬂ i p a n gl e. T ot al s c a n ti m e f or t h e e x p eri m e nt w as
~ 3 5 mi n. M ulti-sli c e 1 H a n at o mi c al i m a g es c o v eri n g t h e ﬁ el d of vi e w of t h e C SI
e x p eri m e nt w er e a c q uir e d t o c o n ﬁ r m t h e p ositi o n a n d tiss u e c o nt e nt of t h e C SI
v o x els. F ull y s a m pl e d d at a w er e z er o ﬁ ll e d t o 6 4 × 6 4 P E st e ps, a n d r e c o nstr u ct e d as
d es cri b e d pr e vi o usl y 4 9 .
F or e a c h m o us e, a 3 × 3 gri d of s p e ctr a fr o m v o x els l o c at e d at t h e s e pt u m of t h e
h e art w as ﬁ tt e d usi n g a V oi gt li n es h a p e (i n- h o us e s oft w ar e), a n d t h e P Cr, γ - A T P,
a n d 2, 3- di p h os p h o gl y c er at e ( D P G) si g n al a m plit u d es esti m at e d. T h e s p e ctr u m

Fi g. 8 γ 2 A M P K i s criti c all y r e q uir e d f or t h e i ntri n si c br a d y c ar di c a d a pt ati o n t o e n d ur a n c e e x er ci s e. a R e s ult s of w e st er n bl ot a n al y si s of α A M P K T hr1 7 2
p h o s p h or yl ati o n i n w h ol e h e art ti s s u e fr o m s e d e nt ar y ( S) a n d e x er ci s e d ( E x, 1 0 w e e k s of v ol u nt ar y w h e el r u n ni n g) W T Cr e + mi c e ( n = 8 – 1 0). b – d A v er a g e
d ail y di st a n c e ( b ), ti m e ( c ), a n d s p e e d ( d ) of v ol u nt ar y w h e el r u n ni n g d uri n g a 1 0 – w e e k tr ai ni n g p eri o d of W T Cr e + a n d H o m o ﬂ Cr e + mi c e ( n = 1 7– 2 6).
e S p o nt a n e o u s b e ati n g r at e of i s ol at e d i nt a ct S A n o d e / atri al pr e p ar ati o n s fr o m S a n d E x W T Cr e + a n d H o m o ﬂ Cr e + mi c e ( n = 1 0– 2 2). f R e pr e s e nt ati v e
a cti o n p ot e nti al s r e c or d e d fr o m i s ol at e d S A c ell s. g M e a n b e ati n g r at e of i s ol at e d S A c ell s fr o m S a n d E x gr o u p s ( n = 1 2– 2 7 c ell s). h R e pr e s e nt ati v e S A c ell
If tr a c e s d uri n g st e p s t o 1 2 5 m V. i M e a n f ull y a cti v at e d I/ V c ur v e s r e c or d e d i n S A c ell s. Li n e ar d at a ﬁ tti n g yi el d e d st ati sti c all y si g niﬁ c a nt diff er e n c e s
(P < 0. 0 0 01) i n If sl o p e c o n d u ct a n c e of S A c ell s fr o m e x er ci s e d W T Cr e + mi c e o nl y, wit h c o n d u ct a n c e v al u e s of 4 81 ( S W T Cr e +), 4 4 7 ( S H o m o ﬂ Cr e +),
2 7 2 ( E x W T Cr e +) a n d 4 4 7 p S / p F ( E x H o m o ﬂ Cr e +) ( n = 6 – 1 4 c ell s / 4– 8 mi c e p er gr o u p). j M e a n v olt a g e- d e p e n d e n c e of If a cti v ati o n of S A c ell s fr o m
b ot h S a n d E x gr o u p s ( n = 6 – 1 5). k S c h e m ati c d e pi cti n g t h e c e ntr al f u n cti o n of S A c ell γ 2 A M P K i n o v er all c ar di a c e n er g y a c c o u nti n g. a – d St u d e nt ’s t-t e st
w a s p erf or m e d; e , g , o n e- w a y A N O V A f oll o w e d b y (e ) H ol m– Si d a k ’s m ulti pl e c o m p ari s o n s t e st or ( g ) Fi s h er’s l e a st si g ni ﬁ c a nt diff er e n c e t e st w a s
p erf or m e d. * P < 0. 0 5, ** P < 0. 01, ξ P < 0. 0 0 01 f or b ot h E x W T Cr e + v s S H o m o ﬂ Cr e + a n d E x W T Cr e + v s E x H o m o ﬂ Cr e + c o m p ari s o n s. a – e , g D at a ar e
s h o w n a s m e a n s ± s. e. m.
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with the lowest γ-ATP/DPG ratio was selected as the nominal blood spectrum, and
its PCr and γ-ATP amplitudes, normalized to DPG amplitude, were subtracted
from those of the remaining eight myocardial spectra. Finally, T1 saturation
correction for residual PCr and γ-ATP amplitudes was carried out using the mean
TR for the CSI experiment, and published T1 values50. The mean PCr/γ-ATP ratio
was then calculated for the myocardium.
Cardiac histology. Hearts were rinsed in ice-cold PBS and immerse-ﬁxed in 10%
neutral buffered formalin (VWR, Leicestershire, UK) for 24 h, then processed in an
automated tissue processor (Bavimed Histomaster, Germany) overnight. Crosssections (5–7 µm) were obtained using a microtome (Leica RM 2155), spread onto
polysine-coated glass slides (VWR), and allowed to dry. Sections were stained with
hematoxylin and eosin (Sigma-Aldrich, Dorset, UK), periodic acid-Schiff (SigmaAldrich) or Picrosirius red (Polysciences, Germany). Images were acquired with a
Nikon light microscope (Nikon Eclipse TE2000U) coupled to a digital camera
(Nikon Digital Sight DS-5M).
Transmission electron microscopy. Hearts were extracted, cut ﬁnely into small
(~1 mm3) blocks and ﬁxed overnight in 4% glutaraldehyde in 100 mM phosphate
buffer, followed by post-ﬁxation in 2% osmium tetroxide in 100 mM phosphate
buffer. Specimens then underwent en bloc treatment with uranyl acetate, dehydration in ethanol, and transferred to propylene oxide, prior to embedding. Ultrathin sections (50–70 nm) were cut and stained with uranyl acetate and lead citrate,
and examined in a JEOL 1200EX electron microscope.
Biochemical glycogen content. Cardiac glycogen was quantiﬁed in R299Q γ2 and
WT mice aged 12 months essentially as described15. In brief, snap-frozen tissue
samples ground under dry ice were homogenized in lysis buffer (50 mM Tris,
0.25 M mannitol, 1 mM DTT, 0.1 mM PMSF adjusted to pH 7.4 and supplemented
with protease inhibitor tablets [Roche]) and sonicated prior to syringe-and-needle
homogenization. A total of 2 M KOH at 70 °C was used to solubilize glycogen
followed by amyloglucosidase digestion overnight to release glucose. Glucose
content was then determined using an enzyme coupled assay (Roche) to generate
glucose-6-phosphate (G6P) by hexokinase, followed by oxidation of G6P by G6P
dehydrogenase in the presence of NADP+, with spectrophotometric measurement
of NADPH after 30 min.
Cardiac qPCR. RNA extraction, cDNA synthesis, and RT-PCR were performed as
previously described47. qRT-PCR using inventoried TaqMan gene expression
assays was used to determine relative gene expression of the following: γ2 and γ1
AMPK in wild-type C57BL/6 murine SA nodes and LVs (Prkag2,
Mm00513977_m1; Prkag1, Mm00450298_g1); and cardiac expression of Slc2a1
(Mm00441480_m1), Slc2a4 (Mm00436615_m1), Gyg (Mm00516516_m1), and
Pygm (Mm00478582_m1) in R299Q γ2 and WT mice. Relative expression of the
target gene was quantiﬁed using the 2 ΔΔCt method using Actb (Mm00607939_s1)
as the endogenous control (where ΔCt is the difference in cycle threshold value
between the target transcript and the endogenous control). Samples were analyzed
in at least duplicate, and samples minus reverse transcriptase enzyme and samples
minus cDNA template were used as negative controls (to exclude gDNA contamination or reagent cross-contamination, respectively) and checked to ensure
they failed to reach threshold by 40 cycles.
SA node histology. SA nodes were harvested using an operating microscope and
12 consecutive 5 μm parafﬁn-embedded sections obtained. SA node sections were
stained with the following: Masson’s Trichrome (Masson’s Trichrome stain kit,
American MasterTech, Lodi, CA); reticulum plus picric red stains to determine
collagen and outline atrial myocytes (Chandler’s precision reticulum stain kit,
American MasterTech); and Periodic acid-Schiff (PAS kit, American MasterTech).
High-resolution digital images of cross-sections were acquired using a Leica
microscope. Morphometric evaluation was performed using a computerized imaging analysis system (Metamorph, University Imaging) blind to genotype
according to a modiﬁed prior method51. Quantiﬁcation of PAS-stained areas and
cells (clusters of small, round, homogeneous PAS-positive granular structures) was
taken from images at ×400 magniﬁcation.
Invasive electrophysiology. Conduction parameters were assessed in 3-monthold R299Q γ2 and WT littermate controls based on modiﬁcations of a published
EPS protocol for mice52. Under 1.5% isoﬂurane anesthesia, a 1.1F electrophysiology
catheter (EPR-801, Millar Instruments) was introduced into the right atrium and
ventricle via the right internal jugular vein. High-ﬁdelity intracardiac electrograms
were ﬁltered at 0.5–500 Hz and continuously recorded using PowerLab and LabChart software (ADInstruments, Oxford). After obtaining a baseline surface ECG,
programmed stimulation protocols were performed as described53 using a pacing
stimulator with output set at twice diastolic threshold (s88 Grass stimulator, Grass
technologies, USA). Sinus cycle length (SCL) and sinus node recovery time (SNRT)
were determined by delivering an atrial pacing train at a cycle length of 100 ms for
15 s. SNRT was calculated as the maximum interval from the last-paced atrial
complex to the ﬁrst spontaneous complex after cessation of pacing. All
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measurements were repeated in triplicate. Atrioventricular (AV) Wenckebach cycle
length (AVW) and AV 2:1 cycle length were determined using burst atrial pacing
by progressively reducing pacing cycle length from baseline in decrements of 10 ms
(incremental atrial pacing) until 1:1 AV conduction was reliably lost (Wenckebach
cycle length), or resulted in failure of conduction of every other pacing stimulus to
the ventricle (2:1 cycle length). AV nodal effective refractory period (AVNERP)
was determined using programmed atrial extrastimulus pacing with an eight stimuli atrial drive train (S1) delivered at 100 ms, followed by a single premature
stimulus (S2) progressively decremented until ventricular conduction was lost.
AVNERP was deﬁned as the longest S1–S2 coupling interval where S2 failed to
capture the ventricle. Right atrial programmed electrical stimulation was used in an
attempt to induce an atrioventricular re-entrant tachycardia (AVRT) as evidence
for the existence of an accessory pathway. An atrial double extrastimulus technique
was used with an eight stimuli primary drive train (S1) delivered at a ﬁxed cycle
length of 100 ms, followed by premature stimuli (S2 and S3) coupled at 80 ms and
decremented to refractoriness. Further provocation for AVRT included atrial-burst
pacing at ﬁxed cycle length, including following β-adrenoceptor stimulation by
isoproterenol administration (1 ng/g IV). All recordings were analyzed off-line,
blind to genotype, using LabChart software (ADInstruments).
ECG biotelemetry. Data were recorded using biotelemetry sensors (HDX-11 or
ETA-F20 from Data Sciences International, St. Paul, MN) recorded at 1000 Hz. All
recordings were taken during the light cycle with mice held in a standard 12 h
light–dark cycle with constant temperature and humidity.
Ex vivo cardiac perfusion and HR. Ex vivo cardiac perfusion was performed as
previously described47 with minor modiﬁcations. Brieﬂy, following pentobarbitone
anesthesia (140 mg/kg IP) and systemic heparinization (150 IU), hearts were
removed, cannulated, and retrogradely perfused at 37 °C in Langendorff mode at a
constant perfusion pressure of 80 mmHg with a modiﬁed Krebs–Henseleit buffer
that contained the following (in mmol/L): NaCl, 118.5; NaHCO3, 25; KCl, 4.75;
KH2PO4, 1.18; MgSO4, 1.19; CaCl2, 1.41; D-glucose, 11; pyruvate, 5; pH 7.4;
saturated with 95% O2 and 5% CO2. Inclusion criteria used were: time interval to
aortic cannulation of under 3 min and absence of persistent arrhythmias during
stabilization. For measurement of AMPK activity in the context of preserved cellular energetic status, hearts were freeze-clamped after a 25 min stabilization period
of perfusion as previously described21. For ex vivo HR, we used Krebs–Henseleit
buffer without supplemental pyruvate. A ﬂuid-ﬁlled polyvinylchloride ﬁlm balloon
was introduced into the LV and connected to a pressure transducer (ADInstruments). The reading was digitally processed to provide a ventricular pressure
recording from which HR was subsequently derived blinded to genotype. Intrinsic
HR was recorded as the average measured rate over 30 s, 5 min after cannulation.
SA node isolation and RNA extraction. The heart with lungs was quickly
removed and immersed at 4 °C to wash out the blood in an external solution that
contained the following (in mmol/L): NaCl, 137; KCl, 4.9; NaH2PO4, 1.2; glucose,
15; HEPES, 20; MgCl2, 1; pH 7.4. The heart–lung block was pinned to the tissue
bath to excise the right atrium (RA) and SA node under a stereomicroscope. The
tissue bath was perfused with the external solution at a rate of 10 mL/min. After
removal of both ventricles and the left atrium, the RA was opened to expose the
crista terminalis, the intercaval area and the interatrial septum. This preparation
was pinned by small stainless steel pins to the chamber with the endocardial side
exposed up and trimmed carefully to extract the SA node region correctly. The SA
node region was delimited by the borders of the crista terminalis, the interatrial
septum, superior and inferior vena cava. All tissues were snap-frozen in liquid
nitrogen and stored at 80 °C for subsequent RNA extraction. Four mouse SA node
tissues were pooled and processed together for the extraction of one sample of total
RNA. RNA was extracted with an RNeasy Mini Kit (Qiagen) using DNase oncolumn digestion according to the manufacturer’s protocol.
SA node gene expression proﬁling and microarray analysis. R299Q γ2 and WT
littermate controls (four homozygote R299Q γ2, four heterozygote R299Q γ2, and
three WT) were hybridized to Illumina MouseRef-8 v2 bead chips. BeadArrays
were scanned by the Illumina BeadStation 500X. All data were log2-transformed
and normalized by Robust Spline Normalization using the lumi software package
in Bioconductor54. Overall, 18,185 nucleotide probes were ﬁltered from 25,697 total
using an Illumina detection P value of α = 0.05. Signiﬁcant genes were selected by a
one-way ANOVA or t-test (FDR = 0.05) for further analysis. GSEA software55 was
used to select differentially expressed (DE) genes by calculating out a “score” using
the Kolmogorov–Smirnov (KS) test. The score indicates how a gene relates with
genotype, where positive values relate to upregulation and negative values relate to
downregulation. Only transcripts with a KS score > |0.15| were considered DE.
Transcripts demonstrating greater than 1.2-fold change in expression were processed using Ingenuity Pathway Analysis software (Ingenuity Systems Inc., CA,
USA) to identify networks and canonical pathways overrepresented in enriched
genes.
SA node microarray validation. Total RNA (850 ng) were used for cDNA preparation in a 40 µL reaction volume with MMLV reverse transcriptase (RT, Life
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2. 2 A p pli c ati o n a n d v ali d ati o n of w or k ﬂ o ws vi a n et w or k a n al ysis a n d m o d eli n g
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T e c h n ol o gi es, C A, U S A) wit h r a n d o m h e x a m ers. All c D N A s y nt h esis r e a cti o ns
w er e a c c o m p a ni e d b y n o t e m pl at e c o ntr ols f or t h e d et e cti o n of p ossi bl e c o nt a mi n ati o n a n d n o R T c o ntr ols t o d et e ct p ot e nti al g e n o mi c D N A. q R T- P C R w as
p erf or m e d usi n g a n A BI Pris m 7 9 0 0 H T S e q u e n c e D et e cti o n S yst e m ( A p pli e d
Bi os yst e ms) wit h a 3 8 4- w ell pl atf or m. R e a cti o ns w er e p erf or m e d wit h F ast St art
U ni v ers al S Y B R Gr e e n M ast er mi x wit h R O X ( R o c h e) usi n g m a n uf a ct ur er
r e c o m m e n d e d c o n diti o ns. F or w ar d a n d r e v ers e pri m ers us e d ar e d et ail e d i n S u ppl e m e nt ar y T a bl e 5 .
Pr eli mi n ar y r e a cti o ns w er e r u n t o d et er mi n e a m pli ﬁ c ati o n ef ﬁ ci e n c y. T h e si z e
of t h e a m pli c o n a n d its s p e ci ﬁ cit y w er e ass ess e d b y a g ar os e g el a n al ysis a n d a p osta m pli ﬁ c ati o n diss o ci ati o n c ur v e, r es p e cti v el y. E a c h w ell c o nt ai n e d 0. 5 µ L of c D N A
s ol uti o n a n d 1 0 µ L of r e a cti o n mi xt ur e. S a m pl es w er e ass ess e d i n q u a dr u pli c at e a n d
r el ati v e e x pr essi o n c al c ul at e d usi n g t h e 2 Δ Δ Ct m et h o d usi n g H prt as e n d o g e n o us
c o ntr ol ( w h er e Δ Ct is t h e diff er e n c e i n c y cl e t hr es h ol d v al u e b et w e e n t h e t ar g et
tr a ns cri pt a n d t h e e n d o g e n o us c o ntr ol). St atisti c al a n al ysis w as u n d ert a k e n usi n g a
o n e-t ail e d St u d e nt ’s t-t est.
M uri n e S A c ell el e ctr o p h y si ol o g y a n d If m e a s ur e m e nt . H e arts w er e e xtr a ct e d,
a n d t h e S A n o d e r e gi o n diss e ct e d a n d us e d f or is ol ati o n of S A c ells b y a n e n z y m ati c
a n d m e c h a ni c al diss o ci ati o n pr o c e d ur e as pr e vi o usl y d es cri b e d 5 6 . Bri eﬂ y, h e arts
w er e r a pi dl y r e m o v e d a n d pl a c e d i n a pr e- w ar m e d ( 3 7 ° C) T yr o d e s ol uti o n (i n
m m ol/ L: N a Cl, 1 4 0; K Cl, 5. 4; C a Cl 2, 1. 8; M g Cl 2, 1; D - gl u c os e, 5. 5; H E P E S- N a O H,
5; p H 7. 4) c o nt ai ni n g 1, 0 0 0 U h e p ari n. T h e S A n o d e r e gi o n w as s ur gi c all y e x p os e d,
is ol at e d, a n d c ut i nt o s m all stri ps, w hi c h w er e pl a c e d i n a n e n z y m ati c s ol uti o n
c o nt ai ni n g t h e f oll o wi n g: c oll a g e n as e ( 2 2 4 U/ ml, W ort hi n gt o n), el ast as e ( 1. 4 2 U/
m L, Si g m a- Al dri c h), a n d pr ot e as e ( 0. 4 5 U/ m L, Si g m a- Al dri c h) t o l o os e n i nt erc ell ul ar c o n n e cti o ns. T h e e n z y m ati c s ol uti o n w as t h e n r e m o v e d a n d S A stri ps
pl a c e d i n a hi g h- K + , l o w- N a+ , C a 2+ , a n d M g2 + -fr e e s ol uti o n. C ells w er e t h e n f ull y
dis p ers e d a n d s e p ar at e d b y m a n u al a git ati o n of S A stri ps usi n g a gl ass pi p ett e wit h
a s m all ti p ( ~ 2 – 3 m m di a m et er). C ells w er e ﬁ n all y r e a c cli m ati z e d t o p h ysi ol o gi c al
c o n c e ntr ati o ns of N a Cl, K Cl, M g Cl 2 , a n d C a Cl2 b y a d di n g t h e n e c ess ar y a m o u nts
of a s ol uti o n c o nt ai ni n g 1. 8 m M C a Cl 2 a n d 1 0 m M N a Cl, a n d n or m al T yr o d e wit h
B S A 1 m g/ m L. Is ol at e d si n gl e c ells w er e k e pt at 4 ° C f or t h e d a y of t h e e x p eri m e nt
a n d p at c h- cl a m p e x p eri m e nts w er e p erf or m e d i n t h e w h ol e- c ell c o n ﬁ g ur ati o n at
3 5 ± 0. 5 ° C. T h e pi p ett e s ol uti o n c o nt ai n e d (i n m m ol/ L): K- as p art at e, 1 3 0; N a Cl,
1 0; E G T A- K O H, 5; C a Cl 2 , 2; M g Cl2 , 2; A T P ( N a-s alt), 2; cr e ati n e p h os p h at e, 5;
G T P ( N a-s alt), 0. 1; p H 7. 2. A cti o n p ot e nti als w er e r e c or d e d fr o m s p o nt a n e o usl y
b e ati n g S A n o d e m y o c yt es or s m all u nif or ml y b e ati n g a g gr e g at es of p a ci n g c ells
( 2– 5 c ells) s u p erf us e d wit h n or m al T yr o d e s ol uti o n a n d t h e r at e a n d M D P v al u es
m e as ur e d wit h c ust o mi z e d s oft w ar e. I f w as r e c or d e d fr o m si n gl e c ells s u p erf us e d
wit h T yr o d e s ol uti o n c o nt ai ni n g B a Cl 2 ( 1 m m ol/ L) a n d M n Cl 2 ( 2 m m ol/ L). St e a d yst at e c urr e nt a m plit u d es w er e c al c ul at e d at t h e e n d of a 3 s st e p t o 1 2 5 m V
( h ol di n g p ot e nti al, 3 5 m V). A t w o-st e p pr ot o c ol w as us e d t o ass ess t h e v olt a g e
d e p e n d e n c e of t h e c urr e nt, wit h a ﬁ rst st e p t o a t est v olt a g e i n t h e r a n g e 3 5/
1 3 5 m V a n d a s e c o n d st e p t o 1 2 0 m V. T est st e p d ur ati o ns v ari e d fr o m 1 0 s at
3 5 m V t o 5/ 7. 5 s at 1 3 5 m V t o all o w f ull c urr e nt a cti v ati o n at e a c h v olt a g e. T h e
B olt z m a n n distri b uti o n ( y = 1/( 1 + e x p(( V V 1/ 2 )/s): V , v olt a g e; y , fr a cti o n al a cti v ati o n; V 1/ 2 , h alf- a cti v ati o n v olt a g e; s, i n v ers e-sl o p e f a ct or) w as us e d t o ﬁ t e x p erim e nt al d at a- p oi nts. F ull y a cti v at e d I f c urr e nt – v olt a g e ( I/V ) r el ati o ns hi ps w er e
o bt ai n e d a c c or di n g t o a pr e vi o usl y p u blis h e d pr ot o c ol 5 7 . S hifts of t h e I f a cti v ati o n
c ur v e i n d u c e d b y is o pr ot er e n ol ( 3 0 n M) or a c et yl c h oli n e ( 3 0 n M) w er e m e as ur e d
n e ar t h e mi d p oi nt of t h e a cti v ati o n c ur v e ( 7 5 m V) as pr e vi o usl y r e p ort e d 5 8 .
L o c al C a 2 + r el e a s e s i n p er m e a bili z e d S A n o d e c ell s . S A n o d e p a c e m a k er c ells
w er e is ol at e d fr o m S A n o d e tiss u e of 3- m o nt h- ol d mi c e a n d p er m e a bili z e d usi n g
0. 0 1 % s a p o ni n. Aft er s a p o ni n w as h o ut, t h e s ol uti o n w as c h a n g e d t o a r e c or di n g
s ol uti o n t h at c o nt ai n e d t h e f oll o wi n g (i n m m ol/ L): ﬂ u o- 4 p e nt a p ot assi u m s alt, 0. 0 3;
C a Cl 2 , 0. 0 9 9 (fr e e [ C a2 + ] ∼ 5 0 n M); C 4 H 6 N O 4 K ( D L - as p arti c a ci d p ot assi u m s alt),
1 0 0; K Cl, 2 5; N a Cl, 1 0; M g A T P, 3; M g Cl 2 , 0. 8 1 ( ~ 1 m M fr e e M g2 + ); H e p es, 2 0;
E G T A, 0. 5; p h os p h o cr e ati n e, 1 0; cr e ati n e p h os p h o ki n as e ( 5 U/ m L); p H 7. 2. T h e
c yt os oli c fr e e C a 2 + at gi v e n t ot al C a 2 + , M g2 + , A T P, a n d E G T A c o n c e ntr ati o ns w as
c al c ul at e d usi n g a c o m p ut er pr o gr a m ( Wi n M A X C 2. 5 0, St a nf or d U ni v ersit y).
S p o nt a n e o us c h ar a ct eristi cs of L o c al C a 2 + R el e as es ( L C R) w er e m e as ur e d b y
c o nf o c al mi cr os c o p y i n ﬁ x e d fr e e [ C a 2 + ] as pr e vi o usl y d es cri b e d 5 9 . T h e a m plit u d e
of i n di vi d u al L C Rs w as e x pr ess e d as p e a k v al u e ( F ) n or m ali z e d t o mi ni m al
ﬂ u or es c e n c e ( F 0 ). L C R s p ati al si z e ( F W H M) w as i n d e x e d as t h e f ull wi dt h at h alfm a xi m u m a m plit u d e. L C R d ur ati o n ( F D H M) w as c h ar a ct eri z e d as t h e f ull d ur ati o n
at h alf- m a xi m u m a m plit u d e. T h e n u m b er of L C Rs w as n or m ali z e d p er 1 0 0 µ m of
t h e li n e-s c a n i m a g e a n d d uri n g a 1 s ti m e i nt er v al. T h e C a 2 + si g n al of a n i n di vi d u al
L C R w as esti m at e d as pr e vi o usl y d es cri b e d 5 9 . M = F W H M × F D H M × ( Δ C a 2 + ,
n m ol/ L)/ 2. T h e C a 2 + si g n al of t h e L C R e ns e m bl e w as esti m at e d b y i nt e gr ati n g t h e
C a 2 + si g n al pr o d u c e d b y e a c h L C R a n d n or m ali z e d p er 1 0 0 µ m of t h e li n e-s c a n
i m a g e a n d d uri n g a 1 s ti m e i nt er v al5 9 .
S A c ell i m m u n o hi st o c h e mi str y . T o l o c ali z e t h e e x pr essi o n of H C N 4 i n sit u, 5 µ m
p ar af ﬁ n- e m b e d d e d S A n o d e s e cti o ns w er e st ai n e d wit h a m o n o cl o n al a nti- H C N 4
a nti b o d y ( 1: 8 0 0, a b 8 5 0 2 3, A b c a m) e m pl o yi n g t h e D a k o E n Visi o n + S yst e m- H R P
( D A B) kit ( # K 4 0 0 6, C A, U S A). T h e 3, 3′- di a mi n o b e n zi di n e ( D A B) s u bstr at ec hr o m o g e n r e a cti o n ( br o w n c ol or) w as vis u ali z e d usi n g a L ei c a mi cr os c o p e. Hi g hN A T U R E C O M M U NI C A TI O N S
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r es ol uti o n/ hi g h- m a g niﬁ c ati o n ( × 4 0 0) di git al i m a g es of r e pr es e nt ati v e cr osss e cti o ns of S A n o d e b o di es w er e a c q uir e d usi n g a c o m p ut eri z e d i m a gi n g a n al ysis
s yst e m ( M et a m or p h, U ni v ersit y I m a gi n g).
T o vis u ali z e t h e e x pr essi o n of p h os p h ol a m b a n ( P L N), fr es hl y is ol at e d S A c ells
w er e ﬁ x e d, bl o c k e d, a n d p er m e a bili z e d usi n g t h e I m a g e-i T Fi x ati o n/
P er m e a bilis ati o n kit ( Lif e T e c h n ol o gi es). I m m u n o hist o c h e mistr y w as u n d ert a k e n
usi n g 1: 2 0 0 pri m ar y m o us e m o n o cl o n al a nti- P L N ( A 0 1 0- 1 4, B a drill a, L e e ds, U K)
a n d 1: 1 0 0 0 s e c o n d ar y Al e x a Fl u or 4 8 8 d o n k e y a nti- m o us e ( A 2 1 2 2 0 2, Lif e
T e c h n ol o gi es) a nti b o di es. N u cl e ar c o u nt erst ai ni n g w as wit h 4 ′, 6- di a mi di n o- 2p h e n yli n d ol e ( D A PI). Fl u or es c e n c e i m a g es w er e vis u ali z e d usi n g a Z eiss L S M 7 1 0
c o nf o c al s c a n ni n g mi cr os c o p e wit h a 6 3 × 1. 4 N A i m m ersi o n oil o bj e cti v e a n d
i m a g es r e c or d e d wit h Z E N 2 a c q uisiti o n s oft w ar e ( Z eiss, G er m a n y).
i S A B a n d a C a B g e n er ati o n. G e n er ati o n of i S A Bs (i n d u c e d si n o atri al b o di es) a n d
a C a Bs ( a nti bi oti c-s el e ct e d c ar di a c b o di es) w as p erf or m e d as pr e vi o usl y d es crib e d 2 7 ,2 8 . I n bri ef, m uri n e c ell li n es2 7 w er e us e d t o g e n er at e i S A Bs a n d a C a Bs a n d
gr o w n i n hi g h- gl u c os e D M E M wit h st a bl e gl ut a mi n e ( GI B C O) c o nt ai ni n g t h e
f oll o wi n g: 1 0 % F B S S u p eri or ( Bi o c hr o m), 1 0 0 µ M n o n- ess e nti al a mi n o a ci ds
( GI B C O), 1 % p e ni cilli n/str e pt o m y ci n ( GI B C O), a n d 1 0 0 μ M β - m er c a pt o et h a n ol
( Si g m a) i n t h e pr es e n c e of 1, 0 0 0 U/ m L of l e u k e mi a i n hi bit or y f a ct or ( LI F, Millip or e). Diff er e nti ati o n w as p erf or m e d b y h a n gi n g dr o p c ult ur e f or 2 d a ys usi n g
1, 0 0 0 c ells as st arti n g m at eri al f or o n e E B ( e m br y oi d b o d y) i n Is c o v e ’s b as al
m e di u m ( Bi o c hr o m) c o nt ai ni n g t h e f oll o wi n g: 1 0 % F B S ( Bi o c hr o m), 1 0 0 µ M n o ness e nti al a mi n o a ci ds ( GI B C O), 1 % p e ni cilli n/str e pt o m y ci n ( GI B C O), a n d 4 5 0 µ M
1-t hi o gl y c er ol. C ells w er e diff er e nti at e d f or a n a d diti o n al 4 d a ys i n s us p e nsi o n
c ult ur e, a n d at d a y 6 of diff er e nti ati o n 1 5 E Bs w er e s e e d e d o nt o o n e w ell of a
2 4- w ell- pl at e. At d a y 8 p ost-s e e di n g, a nti bi oti c s el e cti o n w as i niti at e d usi n g
4 0 0 µ g/ m L G 4 1 8 ( Bi o c hr o m). F o ur d a ys t h er e aft er, a C a Bs a n d i S A Bs w er e is ol at e d
b y tr e at m e nt wit h 6, 0 0 0 U/ m L C oll a g e n as e I V ( GI B C O) f or 3 0 mi n. Si n gl e c ells
w er e o bt ai n e d b y f urt h er diss o ci ati o n of t h e b o di es usi n g 1 0 0 % A c c ut as e ( Aff ym etri x) f or 1 5 mi n. P ot e nti al m y c o pl as m a c o nt a mi n ati o n w as r o uti n el y c o ntr oll e d
f or t wi c e a w e e k usi n g t h e P C R b as e d M y c o S P Y kit s yst e m ( Bi o nt e x). T h e i S A Bs
w er e g e n er at e d a c c or di n g t o Ri m m b a c h et al. 2 8
E LI S A ass ess m e nt of α A M P K T hr 1 7 2 p h os p h or yl ati o n w as p erf or m e d usi n g
t h e P at h S c a n P h os p h o- A M P Kα ( T hr 1 7 2) S a n d wi c h E LI S A Kit ( C ell Si g n ali n g
T e c h n ol o g y I n c., U S A) a c c or di n g t o t h e m a n uf a ct ur er ’s pr ot o c ol. F or t his, 6 0 µ g/
m L pr ot ei n w as is ol at e d fr o m i S A Bs at 0, 1 5 a n d 6 0 mi n f oll o wi n g tr e at m e nt wit h
1 0 0 µ M C o m p o u n d 9 9 1, 0. 5 m M AI C A R or c o ntr ol a n d s u bj e ct e d t o E LI S A.
E x p eri m e nts w er e p erf or m e d wit h f o ur bi ol o gi c al r e pli c at es, e a c h of w hi c h w as
a n al y z e d usi n g t w o t e c h ni c al r e pli c at es.
i S A B R N A s e q u e n ci n g a n d d at a a n al y si s. F or li br ar y g e n er ati o n a n d s e q u e n ci n g,
c ult ur e d a d h er e nt c ells w er e dr ai n e d fr o m t h e c ult ur e m e di u m, w as h e d, a n d
dir e ctl y l ys e d b y a d diti o n of l ysis b uff er 6 0 . A t ot al of 1 µ L of t his l ys at e w as us e d f or
c D N A s y nt h esis a n d a m pli ﬁ c ati o n wit h t h e S M A R T er kit ( Cl o nt e c h, M o u nt ai n
Vi e w C A, U S A) a c c or di n g t o t h e m a n uf a ct ur er ’s i nstr u cti o ns. I n bri ef, c D N A
s y nt h esis w as i niti at e d b y a n n e ali n g a p ol y A-s p e ci ﬁ c pri m er a n d a d di n g a r e v ers e
tr a ns cri pt as e wit h t er mi n al tr a nsf er as e a cti vit y. T h e n e wl y s y nt h esi z e d ﬁ rst str a n d
c D N A w as t h e n t ail e d ﬁ rst wit h a h o m o p ol y m er str et c h b y t er mi n al tr a nsf er as e a n d
t h e n wit h a s p e ciﬁ c a m pli ﬁ c ati o n t a g b y t e m pl at e s wit c hi n g. T h e r es ulti n g d o u bl et a g g e d c D N A w as a m pliﬁ e d b y P C R, fr a g m e nt e d b y s o ni c ati o n ( Bi or u pt or, Di a ge n o d e, Li e g e, B el gi u m; 2 5 c y cl es 3 0 s o n/ 3 0 s off) a n d c o n v ert e d t o b ar c o d e d
Ill u mi n a s e q u e n ci n g li br ari es usi n g t h e N E B n e xt Ultr a D N A li br ar y pr e p ar ati o n kit
( N e w E n gl a n d Bi o L a bs, M A, U S A). Aft er P C R e nri c h m e nt t h e li br ari es w er e
p uri ﬁ e d wit h A m p ur e X P m a g n eti c b e a ds ( B e c k m a n- C o ult er, C A, U S A) a n d
q u a nti ﬁ e d o n a Bi o a n al y z er 2 1 0 0 ( A gil e nt, C A, U S A). Li br ari es w er e p o ol e d at
e q ui m ol ar a m o u nts a n d s e q u e n c e d o n a n Ill u mi n a G e n o m e A n al y z er II x i n si n gl er e a d m o d e wit h a r e a d-l e n gt h of 7 8 n u cl e oti d es a n d a d e pt h of 2 1 – 3 2 milli o n r a w
r e a ds p er r e pli c at e.
W e p erf or m e d a d a pt er cli p pi n g a n d q u alit y tri m mi n g pr o c e d ur es f or d at a pr epr o c essi n g 6 1 . W e ali g n e d t h e r e a ds t o t h e m m 9 g e n o m e wit h t h e ai d of T o p H at 26 2 .
Diff er e nti al e x pr essi o n a n al ysis w as p erf or m e d usi n g C uf ﬂ i n ks 2/ C uff diff 26 3 ,6 4 . W e
c o nsi d er e d g e n es wit h > 2-f ol d c h a n g e a n d a q v al u e < 0. 0 5 as si g ni ﬁ c a ntl y
diff er e nti all y e x pr ess e d. T h e g e n e a n n ot ati o n, i n cl u di n g f u n cti o n al a n n ot ati o n
cl ust eri n g a n d f u n cti o n al cl assi ﬁ c ati o n, w as p erf or m e d wit h D A VI D a n d b as e d o n
g e n e o nt ol o g y t er ms 6 5 . W e us e d o ur o p e nl y a v ail a bl e R N A s e q u e n ci n g pi p eli n e
( T R A P LI N E) f or d at a a n al ysis 6 6 .
W G C N a n al y si s . W ei g ht e d g e n e c o e x pr essi o n n et w or k a n al ysis w as p erf or m e d b y
a p pl yi n g t h e R p a c k a g e “W G C N A ” t o R N A S e q d at a6 7 . W e ﬁ rst c o nstr u ct e d t h e
t o p ol o gi c al o v erl a p m atri x ( T O M) of all i n v esti g at e d tr a ns cri pts ( ~ 3 0, 0 0 0) usi n g
t h e s oft t hr es h ol di n g m et h o d. W e c al c ul at e d t h e ei g e n v al u es of t h e tr a ns cri pts a n d
e v al u at e d a dj a c e n c y b as e d o n dist a n c e. W e s u bj e ct e d tr a ns cri pts t o hi er ar c hi c al
cl ust eri n g ( a v er a g e li n k a g e) a n d assi g n e d tr a ns cri pts wit h t h e d y n a mi c h y bri d
m et h o d i nt o gr o u ps. W e c o m p ut e d c o n n e cti vit y b as e d o n t h e i nt er a cti o n p art n ers
(k ) a n d e v al u at e d g e n e si g niﬁ c a n c e, r e pr es e nti n g m o d ul e m e m b ers hi p. Fi n all y, w e
c o m p ut e d a n et w or k s cr e e ni n g a n al ysis usi n g t h e W G C N A p a c k a g e t o disti n g uis h
b et w e e n tr u e p ositi v e r es ults a n d n ois e.
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Gene ontology analysis. Networks were built using several applications in
Cytoscape68. ClueGo was used to visualize and cluster the gene annotation terms
into groups69. The KEGG and Panther pathway databases were used to obtain
speciﬁc gene annotations70–72. The network interaction graph was built with the
aid of enhanced Graphics and integrates fold change values (http://apps.cytoscape.
org/apps/enhancedGraphics). Interactions between mRNAs were identiﬁed with
“Agilent literature search” and are based on validated publications (http://apps.
cytoscape.org/apps/agilentliteraturesearch).
Isolation and culture of primary murine SA cells. SA cells were isolated as
previously described31 from 2–4-month-old male C57BL/6J (Jackson Laboratories)
or homozygous R299Q γ2 mice. Mice were anesthetized by inhalation of isoﬂurane
prior to killing. Hearts were rapidly excised, the ventricles and left atria removed,
and the SA node dissected from the remaining right atrial tissue at 35 °C in a
heparinized Tyrode’s solution, which consisted of the following (in mM): 140 KCl,
5.4 KCl, 1.2 KH2PO4, 5 HEPES, 5.55 D-Glucose, 1 MgCl2, 1.8 CaCl2, with a pH
adjusted to 7.4 with NaOH. SA node tissue was enzymatically digested by 4.75 U
elastase (Worthington Biochemical), and 3.75 mg Liberase TM (Roche) for 15 min
at 35 °C in a modiﬁed Tyrode’s solution, containing (in mM) 140 NaCl, 5.4 KCl,
1.2 KH2PO4, 5 HEPES, 18.5 D-glucose, 0.066 CaCl2, 50 taurine, 1 mg/mL bovine
serum albumin (BSA), with pH adjusted to 6.9 with NaOH. Following digestion,
tissue was transferred to a modiﬁed KB solution (in mM: 100 potassium glutamate,
10 potassium aspartate, 25 KCl, 10 KH2PO4, 2 MgSO4, 20 taurine, 5 creatine, 0.5
EGTA, 20 glucose, 5 HEPES, and 0.1% BSA; pH adjusted to 7.2 with KOH) at 35 °C
and SA cells dissociated by mechanical trituration with a ﬁre-polished glass pipette.
The calcium concentration of the cell suspension was gradually increased to
1.8 mM.
Following calcium re-adaptation, SA cells were pelleted (at ~3000 RPM) and the
supernatant carefully aspirated. For plating, SA cells were suspended in plating
media, which contained Media199 (#M4530, Sigma) supplemented with 10 mM
2,3-butanedione monoxime (BDM), 10,000 U penicillin/10 mg streptomycin, and
5% (v/v) FBS. Glass coverslips were prepared by coating 12-mm diameter
coverslips for ~1 h at 37 °C with 100 ng/mL mouse laminin (BD Biosciences, San
Jose, CA, USA) diluted in phosphate-buffered saline (PBS). Excess laminin/
Tyrode’s was removed immediately before cell plating. SA cells were plated such
that the cells from one mouse SA node were seeded onto one 12-mm round
coverslip. SA cells were allowed to settle and adhere to the coverslip for 4–6 h at 37
°C in an atmosphere of 95% air/5% CO2 before changing the media to culture
media, which consisted of Media199 supplemented with 0.1 mg/mL bovine serum
albumin (BSA; Sigma), 10 mM BDM, 10 μg/mL insulin, 5.5 μg/mL transferrin,
5 ng/mL selenium (ITS; Sigma), and 10,000 U penicillin/10 mg streptomycin.
Culture media was exchanged every 24 h.
Adenoviral transduction of primary murine SA cell cultures. SA cells on each
coverslip were counted immediately prior to viral delivery. Adenoviral infections
were performed on the same day as isolation in serum-free culture media at a
multiplicity of infection (MOI) of 100 (100 infectious agents per target cell) as
described31. Adenoviruses Ad-mCherry, Ad-mCherry-mPrkag2 (WT)-FLAG (i.e.
Ad-WT γ2) and Ad-mCherry-mPrkag2(R299Q)-FLAG (i.e. Ad-R299Q γ2) were
constructed, ampliﬁed and puriﬁed by Vector BioLabs (Philadelphia, PA, USA). SA
cells were incubated with virus-containing media overnight (~12–14 h) and
replaced with fresh culture media the following morning.
A fragment of a coverslip bearing SA cells was transferred to the recording
chamber of an inverted microscope. During all experiments, cells were constantly
perfused (1–2 mL/min) with extracellular solution at 35 ± 1 °C. SA cells were
identiﬁed by their characteristic morphology, small size, and generation of
spontaneous action potentials. Patch clamp recordings used borosilicate glass
pipettes with resistances of 1.5–3 MΩ. Data were acquired at 5–20 kHz and lowpass ﬁltered at 1 kHz using an Axopatch 1D or 200B ampliﬁer, Digidata 1322a or
1440a A/D converter and ClampEx software (Molecular Devices). The fast
component of pipette capacitance was minimized in all recordings using the patchclamp ampliﬁer. Membrane capacitance was estimated from responses to 10 mV
test pulses using the membrane test function in ClampEx. Spontaneous beating
rates were recorded from SA cells in the whole-cell conﬁguration in current-clamp
mode without injected current. Cells were constantly perfused with normal
Tyrode’s solution (in mM: 140 NaCl, 5.4 KCl, 1.2 KH2PO4, 5 HEPES, 5.55 glucose,
1 MgCl2, 1.8 CaCl2; pH adjusted to 7.4 with NaOH). The intracellular (pipette)
solution was composed of the following (in mM): 140 K-Aspartate, 10 HEPES, 1.8
MgCl2, 10 NaCl, 0.1 EGTA, 0.02 CaCl2; pH adjusted to 7.2 with KOH. Recordings
were only made from infected cells, identiﬁed by mCherry ﬂuorescence, in each
culture. Viral transduction efﬁciency was essentially 100%, with no difference in
efﬁciency between the different constructs and with each cell in the dataset
infected. Beating rates were determined from averages of the instantaneous
frequency during 15–30 s recording windows in the presence of 1 nM Isoproterenol
(ISO; Calbiochem) in the bath.
Primary rabbit SA cell culture and adenoviral transduction. Adult rabbits were
treated in accordance with the NIH Guide for the Care and Use of Laboratory
Animals (animal protocol number: 034LCS2016). Single, spindle-shaped,
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spontaneously beating SA cells were isolated from the hearts of New Zealand
rabbits (Charles River Laboratories, Wilmington, MA, USA) as described previously73. To generate cultured SA cells (c-SANC), freshly isolated SA cells were
diluted 20 times with serum-containing medium, and centrifuged for 10 min at
500 rpm. Following aspiration of the supernatant, cells were plated at a density of
0.5×104 per cm2 on laminin pre-coated (20 µg/mL, Sigma-Aldrich) glass-bottom
dishes for culture. The serum-containing medium74 contained a 73% salt solution
(in mmol/L: NaCl 116, KCl 5.4, MgCl2 0.8, NaH2PO4 0.9, D-Glucose 5.6, Hepes 20,
CaCl2 1.8, NaHCO3 26), 20% M199 (Sigma-Aldrich), in the presence of (in mmol/
L) creatine 5, taurine 5, insulin–transferrin–selenium-X 0.1%, 4% fetal bovine
serum, 2% horse serum, and 1% penicillin and streptomycin (pH = 7.4 at 37 °C).
Cells were incubated in serum-containing medium for the ﬁrst 24 h, and then
cultured in serum-free medium for adenoviral infection. Adenoviruses AdmCherry-mPrkag2 (WT)-FLAG and Ad-mCherry-mPrkag2(R299Q)-FLAG were
introduced into c-SANC by an acute adenoviral gene-transfer technique using a
MOI of 1,000 for 48 h. In addition to no adenoviral culture control, Ad-mCherry
was employed as an adenoviral vector control. All functional and immune-labeling
experiments were performed with cells cultured for 72 h.
Measurement of spontaneous beating rate and immuno-labeling of cultured
rabbit SA cells post-adenoviral transduction. In the three adenoviral-treated
groups, the density of mCherry was employed as a guide to successful infection
visualized via laser 543 nm (1 or 1.5% laser power). The bath superfusion solution
contained (in mmol/L): NaCl 140, KCl 5.4, MgCl2 1, HEPES 5, CaCl2 1.8, and
Glucose 5.5 (pH = 7.4). All functional measurements were performed at 34 ± 0.5 °C.
Spontaneous contraction was recorded via the line-scan of transmission image
using a confocal microscope (Zeiss LSM510, Carl Zeiss Inc., Germany) and the
spontaneous beating rate calculated from the average duration between peak
onsets74.
After each functional measurement, c-SANC were ﬁxed with 4%
Paraformaldehyde (10 min) for immuno-labeling. After permeabilization (1%
Triton X-100 in PBS, 15 min) and blocking (PBS with 2% IgG-free BSA, 5% donkey
serum, 0.02% NaN3, and 0.1% Triton X-100, 4 h), c-SANC were incubated with
primary anti-Flag M2 (1:100, Sigma) at 4 °C overnight and then stained with Cy5conjugated donkey anti-mouse secondary antibody (1:1000, Jackson
ImmunoResearch laboratories, USA) for 1 h74. In the negative control group, only
secondary antibody was applied. A 633 nm or 543 nm (at 10% power) laser was
employed to excite the ﬂuorophore Cy5 or mCherry via a confocal microscope
(Zeiss LSM510, Carl Zeiss Inc., Germany). For semi-quantiﬁcation, the average
density of Flag and mCherry were measured using ImageJ (1.48v, National Institute
of Health, USA), with the nuclear area excluded.
Echocardiography. Transthoracic echocardiography was undertaken as previously
described47. In brief, Sox2cre γ2 AMPK knockout and WT Cre+ mice aged
~2 months underwent general anesthesia with isoﬂurane (3–4% induction and
1–1.5% maintenance) in oxygen administered via nosecone. Images were acquired
on a heated platform using a Vevo 2100 Imaging System (VisualSonics, Toronto)
and analyzed off-line blind to genotype using Vevo software.
Surface ECG recordings. Anesthetized ECG recordings were obtained under light
isoﬂurane (1.25%) anesthesia. Four ﬁne needle electrodes were positioned subcutaneously and a 5 min period of equilibration undertaken, prior to a 10 min ECG
recording with ﬁltering and ampliﬁcation of signals by Bio Ampliﬁer (ADInstruments, Oxford, UK). ECG waveforms were then analyzed off-line using LabChart
software (ADInstruments) blind to genotype.
Voluntary wheel running and intact SA node/atrial preparation rate measurement. Sox2cre γ2 AMPK knockout (Homo ﬂ Cre+) and WT Cre+ mice aged
3 months were singly housed in cages containing a freely rotating, angled running
track (Lillico, UK), with wheel rotations monitored by use of a reed switch connected to a computerized exercise monitoring system (Micro 1401, CED, Cambridge) as described75. Mice were allowed to acclimatize to single housing for
several days and then data was continuously recorded for 10 weeks. During this
period, cage disturbance was kept to a minimum, with ad libitum access to the
running wheel. Data acquisition and analysis blind to genotype were carried out
using Spike2 software (CED). For determination of intrinsic rate as part of these
experiments, atria were rapidly dissected and transferred to a 2 mL organ bath
containing Tyrode solution at 37 ± 0.5 °C, where they were allowed to equilibrate
as previously described37.
Statistical analysis. Data are presented as means ± s.e.m. Numbers of mice were
determined by power calculations using in-house and available published data.
Unless otherwise stated, data were analyzed with Student’s t-test or one-way
analysis of variance (ANOVA) followed by Holm–Sidak’s multiple comparisons
test. Non-parametric data were analyzed by Kruskal–Wallis test followed by
Dunn’s multiple comparisons test. Statistical analysis was performed with
GraphPad Prism Software (v6.0, CA, USA) with P < 0.05 considered statistically
signiﬁcant.
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Data availability. Microarray and RNASeq datasets generated for this study have
been deposited in the Gene Expression Omnibus (Accession Number GSE73047)
and the Sequence Read Archive (Accession Number SRS1064711), respectively.
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2.2.4 Community standards and software for whole-cell modeling
Waltemath, D., ..., Wolfien, M., ..., and Schreiber, F. (2016).
Toward Community Standards and Software for Whole-Cell Modeling.
IEEE Transactions on Biomedical Engineering. IF: 4.491, Citations (December 14, 2020):
25

Whole-cell (WC) modeling is a promising tool for biological research, bioengineering, and
medicine. However, substantial work remains to create accurate, comprehensive models of
complex cells. We organized the 2015 Whole-Cell Modeling Summer School to teach WC
modeling and evaluate the need for new WC modeling standards and software by recoding
a published WC model in the Systems Biology Markup Language (SBML).
I was involved in understanding and processing the transcription submodel of M. genitalium,
in which current open source modeling standards like the SBML and the Simulation
Experiment Description Markup Language (SED-ML) were applied. The processing
included the submodel encoding and improvement, as well as the development of an
interface for the integration submodules that was related to the transcription part.
In summary, our analysis revealed several challenges to representing WC models using the
current standards. We,therefore, propose several new WC modeling standards, software,
and databases. We anticipate that these new standards and software will enable more
comprehensive models.
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Abstract— Objective: Whole-cell (WC) modeling is a promising
tool for biological research, bioengineering, and medicine. However, substantial work remains to create accurate comprehensive
models of complex cells. Methods: We organized the 2015 WholeCell Modeling Summer School to teach WC modeling and evaluate
the need for new WC modeling standards and software by recoding a recently published WC model in the Systems Biology Markup
Language. Results: Our analysis revealed several challenges to representing WC models using the current standards. Conclusion: We,
therefore, propose several new WC modeling standards, software,
and databases. Significance: We anticipate that these new standards and software will enable more comprehensive models.
Index Terms—Computational biology, education, simulation,
standards, systems biology, whole-cell (WC) modeling.

I. INTRODUCTION
OMPUTATIONAL modeling is a powerful tool for biological research, bioengineering, and medicine to understand complex systems. It has been used to identify gene
functions [1], engineer metabolic pathways [2], and identify
drug targets [3]. Computational models also have the potential to help bioengineers design new microorganisms that can
synthesize high-value chemicals, sense toxins, and decontaminate waste, as well as help clinicians interpret individual omics
profiles and personalize medical therapy [4]. Realizing this potential requires more comprehensive models that can predict
phenotype from genotype. In turn, this requires improved modeling and simulation standards and software [5]–[10].
Recently, Karr et al. developed the first whole-cell (WC)
model which represents every individual gene function [11].
The model represents the life cycle of a single Mycoplasma
genitalium bacterial cell and predicts the dynamics of every
molecular species. The model is composed of 28 pathway submodels that are represented using multiple mathematical formalisms including stochastic simulation, ordinary differential
equations (ODEs), flux balance analysis (FBA), and Boolean
rules. The model was implemented in MATLAB.
The M. genitalium model has been used to gain novel insights into nongenetic cell cycle regulation mechanisms [11],
learn unknown kinetic rate parameters from phenotypic data
[12], calculate the metabolic costs of synthetic circuits [13], and
repurpose antibiotics [14].
Karr et al. extensively documented the model, developed
the WholeCellKB [15], WholeCellSimDB [16], and WholeCellViz [17] software tools to provide user-friendly interfaces
to the model, and published the model open source. This has
enabled other researchers to reuse the model [12]–[14].
However, significant domain expertise is still needed to reuse
the model or to develop new WC models. The multialgorithm
modeling methodology is complex. The model is difficult to
understand, reuse, and extend because it is described directly
in terms of its numerical simulation rather than in a softwareindependent format. The model code is difficult to learn and
reuse because it is large, complex, and intertwined with the
details of the M. genitalium model. The simulation code is also
slow. Furthermore, the simulation code requires the proprietary
MATLAB software package.
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New standards and software tools are needed to help researchers build and simulate WC models. They would help
researchers reuse, reproduce, and compare models, as well as
share models through repositories such as BioModels [18].
Several systems biology standards have been developed by the
COmputational Modeling in BIology NEtwork (COMBINE) [8],
including the Systems Biology Markup Language (SBML) [19],
CellML [20], the Simulation Experiment Description Markup
Language (SED-ML) [21], and the Systems Biology Graphical Notation (SBGN) [22] (see Table I). SBML and CellML
are formats for representing mathematical models. CellML describes the mathematics, whereas SBML describes biological
processes. Both support several modeling formalisms including
ODEs and FBA. SED-ML describes and enables researchers to
reproduce computational experiments. SBGN is a visual notation for describing biological processes. However, none of these
standards have been used for WC modeling.
We organized the 2015 Whole-Cell Modeling Summer
School to train students in WC modeling and to evaluate the need
for new WC modeling standards and software. The school focused on creating a reusable WC model by recoding the M. genitalium model in SBML. We focused on SBML because SBML
is the most widely used systems biology standard and there
was insufficient time to evaluate multiple standards. The school
also aimed to improve numerous details of the model, visualize
the model with SBGN, and describe model simulations with
SED-ML. The SBML-encoded submodels and SBGN diagrams
are available at https://github.com/whole-cell-tutors/wholecell/
releases/tag/meeting-report.
Most importantly, the school generated extensive community
discussion on how to best build and simulate WC models. This
report describes the outcome of these discussions, including our
recommendations for new standards and software to accelerate
WC modeling. We also describe our progress toward recoding
the M. genitalium model in SBML and the lessons that we
learned about organizing research-based schools.

II. 2015 WHOLE-CELL MODELING SUMMER SCHOOL
The school was held March 9–13, 2015, at the University of
Rostock, Germany. It was organized by D. Waltemath and F.
Schreiber and funded by the Volkswagen Foundation. 43 students and nine instructors participated in the school. A follow
up meeting involving 15 of the original and six additional participants was held October 10–11, 2015, at the University of
Utah, USA. All of the materials for the school are available at
http://sites.google.com/site/vwwholecellsummerschool.
We advertised the school through community mailing lists,
conference calendars, and websites. Applicants were asked
to describe their experience and interest in WC modeling.
We chose 43 participants from 118 applicants based on three
criteria.
1) We identified the most qualified and enthusiastic applicants.
2) We gave preference to students, female applicants, and
applicants from developing countries.
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TABLE I
SYSTEMS BIOLOGY STANDARDS AND STANDARDIZATION EFFORTS
Acronym

Name

Type

Description

Ref.

CellML
COMBINE
SBGN
SBML
SBML Arrays
SBML Comp
SBML Distrib
SBML FBC
SBML Multi
SBML Spatial
SED-ML

CellML
COmputational Modeling in BIology NEtwork
Systems Biology Graphical Notation
Systems Biology Markup Language
SBML Package: Arrays
SBML Package: Hierarchical Model Composition
SBML Package: Distributions
SBML Package: Flux Balance Constraints
SBML Package: Multistate and Multicomponent Species
SBML Package: Spatial Processes
Simulation Experiment Description Markup Language

Standard
Community
Standard
Standard
Standard
Standard
Standard
Standard
Standard
Standard
Standard

Describes models in terms of mathematical relationships
Develops computational biology standards and software
Describes biochemical pathway diagrams
Describes models in terms of biochemical processes
Describes arrays
Describes how model are composed from other models
Describes random distributions
Describes constraint-based models
Supports rule-based modeling
Describes spatially-resolved models
Describes computational experiments

20
8
23
24
25
26
27
28
25
29
21

Fig. 1. Comparison of the original and SBML transcription submodels. (a) Original transcription submodel included two subsubmodels: (1) a Markov model
that describes how RNA polymerase switches among freely diffusing, nonspecifically bound, and initiating states and (2) an ad hoc stochastic model that describes
how RNA polymerase initiates transcription, elongates individual bases by walking along DNA, and terminates transcripts. (b) We created the SBML transcription
submodel by simplifying the original submodel. The SBML submodel only represents transcription initiation, elongation, and termination; lumps the initiation,
elongation, and termination of each RNA species into a single reaction; and does not explicitly represent DNA-protein binding. (c) Equivalent population-based
ad hoc stochastic simulation algorithm for the original submodel. The original submodel was implemented using a more efficient particle-based algorithm. To
facilitate comparison with the population-based SBML version, we have described an equivalent population-based algorithm. (d) We also improved the SBML
submodel by replacing the ad hoc stochastic simulation algorithm with the Gillespie algorithm. (e) Statistics of the original and improved transcription submodels
in population-based representations.

3) We selected participants to represent a broad range of
scientific disciplines.
We used the same criteria to select instructors.
The school began with introductory lectures on WC modeling
and the existing systems biology standards by J. Karr and M.
Hucka and introductory discussions on model composition, state
representation, and stochastic modeling. Most of the school was
devoted to active learning sessions in which the students and
instructors were divided into 11 groups and challenged to use
SBML to recode the M. genitalium model, use SBGN to visual-

ize the model, and use SED-ML to simulate the model. Groups
1–8 encoded submodels. Group 9 developed a submodel integration scheme. Group 10 annotated and visualized the model.
Group 11 helped all of the other groups understand, encode, and
improve the model. Table SI, available in the online supplementary material, lists the groups and participants of both meetings.
Each day concluded with community discussions. In addition,
the school included a poster session and networking activities.
The students learned about state-of-the-art WC modeling;
the open challenges to building more complex models; open-
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source modeling software; the importance of reproducibility;
and the SBML, SED-ML, and SBGN standards. The students
also expanded their professional networks. Several of the students reported that the skills and knowledge they gained from
the school would enhance their research.
We learned several lessons about organizing research-based
schools.
1) Students enjoy working on research problems more than
solving prescribed exercises. This engages students in
the field, challenges them, and helps them build practical skills.
2) Research-based schools should have clear background
knowledge expectations, learning objectives, and research
goals. This helps students decide whether to participate,
prepare, and learn efficiently.
3) Research-based schools should have a flexible schedule, multidisciplinary participants, and a high teacher-tostudent ratio.
This allows students to engage in impromptu discussions,
draw on multiple perspectives, and get feedback and iterate
quickly.
III. TOWARD AN IMPROVED SBML-ENCODED WC MODEL
In addition to teaching students about WC modeling and the
systems biology standards, the school aimed to improve the M.
genitalium model and to encode the model in SBML.
A. Submodel Encoding
We pursued several strategies to encode submodels in SBML.
Several groups encoded submodels by reading the original documentation of the model; drawing pathway diagrams using
software tools such as CellDesigner [30] and VANTED [31],
and writing scripts to generate SBML from the diagrams.
Other groups used model design tools such as Antimony [32],
BioUML [33], COBRApy [34], COPASI [35], iBioSim [36],
and libRoadRunner [37] to recode submodels based on the original documentation. A few of the groups encoded submodels
by converting the MATLAB code to SBML. As an example,
Fig. 1 and File S1 illustrate how we recoded the transcription
submodel.
We encountered several challenges to encoding the submodels in SBML. First, understanding the submodels was timeconsuming because many students were not familiar with the
modeled biology, many of the submodel details are described
only in the MATLAB code, and the model documentation only
summarizes the model. For these reasons, J. Karr, one of the authors of the original model, helped all of the groups understand
the modeled biology and mathematics. Dr. Karr also helped several groups simplify their encoding tasks by recommending that
they recode only the most important model components. For
example, Dr. Karr suggested that the transcription group represent the transcription of each RNA species as a single lumped
reaction rather than hundreds of thousands of individual base
elongation reactions. It would have been challenging to recode
the model without Dr. Karr. The essentiality of Dr. Karr’s guidance underscores the need for improved WC modeling methods
and standards.
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Second, it was difficult to encode the original serial and randomized algorithms into SBML because SBML does not explicitly represent sequential operations and plain SBML does
not support random number generation. We overcame these
problems by formalizing submodels as Gillespie algorithm
stochastic simulations [38].
Third, in many cases, we had to either enumerate the particlebased state representations used by the original model or
approximate the original model. For example, the translation
group approximated the original model by lumping all of the
elongation reactions for each protein into a single reaction.
The replication group used indicator variables to enumerate
the particle-based chromosome representation from the original
model. However, this enumerated representation requires millions of variables, which is prohibitively expensive, and makes
it difficult to represent the exclusion of multiple proteins from
binding the same base. Furthermore, it is impractical to edit this
verbose enumerated representation.
Fourth, we had to enumerate all of the arrays used by the
original model because few SBML simulators support arrays.
This created verbose SBML files that are difficult to interpret
and maintain and slow to simulate.
In summary, we concluded that it is currently difficult to
encode WC models in SBML. WC modeling would be accelerated by expanded software support for model composition,
rule-based modeling, arrays, and random number generation.
B. Submodel Improvement
We also improved several aspects of the original model. As
described above, we replaced the ad hoc stochastic simulation
algorithms and rate laws used by the original submodels with
the Gillespie algorithm and mass action kinetics. As an example, Fig. 1 and File S1 compare the original and SBML versions
of the transcription submodel. We anticipate that these changes
will improve the biological accuracy of WC models. The original model used these ad hoc algorithms and rate laws to achieve
sufficient performance. Going forward, a high-performance parallel simulator is needed to achieve adequate performance of the
Gillespie algorithm.
C. Model Integration
The integration group created a scheme for combining the
submodels. First, they defined the global species as the union
of all submodel species. Second, they standardized the species
names to create consistent submodel-global species interfaces.
Third, the group designed a new multialgorithm simulation
strategy to overcome the limitations of the original simulation
algorithm. In particular, the group sought to correctly implement
the arrow of time by integrating submodels within the same time
step based on the same input state. The integration group also
sought to develop an algorithm that has a variable time step that
can be optimized to balance accuracy and performance.
1) The group considered sequentially integrating the submodels within each time step and setting the time step
small enough that only one submodel would advance the
cell state within each time step. However, this strategy is
prohibitively expensive.
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TABLE II
NEW STANDARDS AND SOFTWARE NEEDED TO ACCELERATE WC MODELING
Type
Database
Software
Software
Standard
Software
Software
Software
Software
Standard
Software

Description
Expanded molecular biological databases such as ChEBI [39]
Data curation tools for aggregating the data to build models
Pathway/genome database to organize model training data
Sequence- and rule-based multialgorithmic modeling language
Model design tools that generate models from pathway/genome databases
Distributed parameter estimation tools
Frameworks for systematically verifying model
High-performance, parallel, rule-based multialgorithm simulator
Extended SBGN standard for hybrid maps containing Process Description, Entity Relationship, and Activity Flow nodes
Visualization software that supports contextual zooming

2) The group considered generalizing the original algorithm
by dividing each of the global species pools into multiple, independent subspecies pools for each submodel;
integrating the submodels in parallel; and merging the
subspecies to update the global species. However, it is
difficult to apply this strategy to coupled variables such
as those that represent the protein occupancy of the
chromosome.
3) The group decided to interpret the species changes predicted by each submodel as requests and implement a
central controller that accepts or rejects these changes at
the end of each time step to update the global species.
This strategy is computationally efficient and generalizable.
Finally, the group explored implementing this algorithm using
both the SBML hierarchical model composition package [26]
and SED-ML shared variables. The group concluded that both
implementations are feasible. The group used iBioSim to test
these strategies because iBioSim is one of the only SBMLcompatible simulators that supports model composition.
D. Annotation, Documentation, and Visualization
The documentation group was responsible for annotating the
model. The group aimed to define every model element independently from external databases and to provide cross references to
databases where possible to help users interpret the model. For
example, they used InChI [40] to define small molecule species
in terms of structures. They defined DNA, RNA, and protein
species as polymers of small molecules. The group wrote scripts
to identify cross references for each model entity. However,
many entities are not represented by any database. The group
contributed the missing metabolite structures to ChEBI [39]
and concluded that the biological databases must be expanded
to help aggregate data for models.
The group also helped the other groups visualize submodels
by providing advice on SBGN and diagramming tools such as
SBGN-ED [41], a VANTED add-on for creating, editing, and
validating SBGN diagrams. The main visualization problem
encountered by the group was that WC models require large
intuitive diagrams that are difficult to lay out automatically.
E. Progress and Future Work
We produced draft SBML and SBGN versions of the submodels. However, significant work remains to combine, identify, and

verify the submodels. Using the lessons learned, a subgroup of
the participants are continuing to recode the submodels and integrate the submodels into a single model. We expect that the final
model will be more scalable, extensible, and easy to use than
the original model. We also plan to build an SBML-compatible
multialgorithm simulator by expanding analysis tools, such as
iBioSim and BioUML.
After recoding the model, we plan to identify and validate the
new model. We will validate the model in two steps.
1) We will use the experimental data that was used to validate
the original model.
2) To more rigorously validate the new model, we will compare the model to newly published single-gene deletion
strain growth rates [12] that were not available when the
original model was developed.
We aim to publish the SBML-encoded model to BioModels, along with SED-ML tests, SBGN diagrams, and textual
documentation. Publication in BioModels will make the model
searchable, retrievable, and reusable. We believe this valuable
community resource will demonstrate how to describe WC models in standard formats, and it will help other researchers build
upon the model.
IV. TOWARD SBML-, SED-ML-, AND SBGN-BASED
STANDARDS FOR WC MODELING
The school was the first attempt to encode a WC model using
standards. Thus, we were not surprised to learn that the current
standards and community software do not easily support WC
modeling. Importantly, the school generated ideas for new WC
modeling standards and software that will enable researchers to
build vastly more comprehensive models.
A. New Standards
Two new standards are needed to facilitate WC modeling.
A new SBML package should be created to support DNA,
RNA, and protein sequence-based reaction patterns. This would
enable researchers to easily model sequence-dependent reactions such as the methylation or protein binding of specific
DNA motifs. This package would also help integrate genomics
and bioinformatics with systems modeling.
SBGN must also be expanded to support: 1) hybrid diagrams
that contain process description, entity relationship, and activ-
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Fig. 2. WC modeling workflow. Researchers will (1) assemble data into pathway/genome databases, (2) use these databases to construct models, (3) identify
and verify models, (4) use multialgorithm simulators to conduct in silico experiments, and (5) analyze these experiments to discover biology.

ity flow elements; and 2) visualizations at multiple levels of
granularity.
B. New Software Tools and Databases
Several new software tools and databases are needed to accelerate WC modeling (see Table II). A high-performance simulator must be developed. This simulator should be parallelized
to enable the simulation of vastly larger models that require
more computing and memory than are available on a single machine. This requires research to determine how to concurrently
integrate mathematically heterogeneous submodels that share
state. The simulator should leverage recent advances in parallel
discrete event simulation [42].
The simulator must also implement the SBML Multistate
and Multicomponent Species package [43] to support rulebased modeling. This will enable more succinct model descriptions, making models easier to understand and edit. For example, translation could be described using a single reaction pattern parameterized by mRNA-specific translation initiation rates
rather than by enumerating each individual reaction. By separating mathematical descriptions from parameter values, reaction
patterns will also clarify the connection between dynamical
models and their underlying data. Implementing this package
would also enable modelers to efficiently simulate models with
combinatorial state spaces, which, in turn, will enable the encoding of more complex models.
Ultimately, to accurately predict phenotypes, WC models
must also represent spatially-dependent processes. Currently,
researchers are independently pursuing WC and spatial modeling. For example, the M. genitalium model only represents
three compartments, and the most advanced spatial models only
represent individual pathways. WC and spatial modeling should
be combined by adding support for the SBML Spatial Processes
package [29] to the new WC simulator.
New model design software must be developed to help researchers quickly build WC models. This software should help
researchers systematically build WC models from experimen-
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tal data organized into pathway/genome database. In turn, this
software will help researchers build bigger models.
New data curation tools are needed to aggregate data to build
more comprehensive models. The software should automatically aggregate data from public databases, as well as accelerate
manual curation from individual publications. This software
will also make WC models more reproducible by automatically
recording each data source. Natural language processing [44],
crowdsourcing [45], and machine learning should also be
explored to accelerate data curation.
New pathway/genome database software is needed to
organize the data required to build WC models. To clarify the
connection between computational models and their underlying experimental data, this software should use semantic annotations to describe how experimental data are used to build
computational models.
New model parameter estimation and model verification tools
are also needed to identify and verify computationally expensive
WC models. To better estimate WC models, we must generalize
our model reduction methods and adopt distributed numerical
optimization techniques [46]. To more systematically verify WC
models, we should adopt formal probabilistic verification techniques from electrical engineering [47].
New algorithms are needed to automatically create intuitive
visualizations of large networks and the SBGN viewers should
utilize contextual zooming to display diagrams at multiple levels
of granularity.
In addition, biological databases, such as ChEBI, must be
expanded to help researchers annotate WC models in terms of
external entities.

C. Systematic WC Modeling Pipeline
The new standards and software tools will enable a five step
approach to WC model-driven discovery (see Fig. 2).
1) Researchers will use data curation tools to aggregate heterogeneous data into pathway/genome databases. These
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databases will use semantic annotations to describe the
connection between models and their underlying data.
2) Researchers will use design tools to build WC models
from pathway/genome databases. These tools will export
models to software-independent formats such as SBML.
3) Model identification and verification tools will be used to
estimate parameters and test models.
4) A multialgorithm simulator will be used to conduct in
silico experiments.
5) Simulation databases and visualization software such as
WholeCellSimDB and WholeCellViz will be used to discover new biology by visualizing and analyzing in silico
experiments.
Together, this pipeline will enable more researchers to more
easily build, manage, simulate, and reproduce WC models.
These new tools will also enable researchers to build more
comprehensive models of more complex eukaryotic cells. Ultimately, this will enable WC modeling to support synthetic
biology and personalized medicine.
V. CONCLUSION
The 2015 Whole-Cell Modeling Summer School trained
young scientists in WC modeling and standards by challenging
them to recode a WC model in SBML. Additional courses are
needed to provide theoretical training in multialgorithm modeling, model reduction, and parameter estimation, as well as
practical training in WC model building.
We made significant strides toward recoding the model in
SBML. We also improved the model by replacing the ad hoc
algorithms and rate laws used by the original model with the
Gillespie algorithm and mass action kinetics. We designed an
improved multialgorithm simulation metaalgorithm. Through
validating the model by comparison to quantitative growth rate
measurements, we anticipate that we will also discover and
add several unknown parallel pathways to the model. We have
produced preliminary SBML versions of all of the submodels
of the M. genitalium model, and we are working to develop a
software program to simulate the combined model. We plan to
publish the new SBML-encoded model to BioModels.
Most importantly, our community discussions generated clear
goals for new WC modeling software and standards. We recommend that researchers develop a new SBML-compatible
simulator that supports both model composition and sequenceand rule-based modeling, as well as develop new model design,
parameter estimation, model testing, and visualization tools.
We also recommend expanding the biological databases to facilitate model building and annotation. Furthermore, we believe
that SBGN should be extended to support hybrid diagrams, advanced graph layout, and contextual zooming. Finally, we recommend evaluating CellML as another potential WC modeling
standard.
In summary, we believe that WC modeling will be an important tool for biological science, bioengineering, and medicine.
Achieving this potential requires new WC modeling software
and standards. In turn, this requires expanding the WC modeling
field, including training young researchers.
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54 participants listed in Table SI. Photo: University of Rostock IT and Media
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2.3 Integration of heterogeneous data in clinical stem-cell
therapy
Systems medicine emerged as an invaluable tool to investigate complex diseases by
integrating multidimensional datasets and numerous mathematical approaches with data
from pre-clinical and clinical studies. Stem cell-based regenerative therapies for the
treatment of ischemic myocardium are currently a subject of intensive investigation. A
variety of cell populations have been demonstrated to be safe and to exert some positive
effects in human Phase I and II clinical trials; however, conclusive evidence of efficacy is
still lacking. While the relevance of animal models for appropriate pre-clinical safety and
efficacy testing with regard to application in Phase III studies continues to increase,
concerns have been expressed regarding the validity of the mouse model to predict clinical
results. In this Section, I introduce current developments in stem cell applications in
cardiac regeneration and facilitate the basic understanding of stem cell efficiency via
computational methods. In particular, a literature-based meta-analysis of 21 studies was
conducted to investigate the effect of regenerative cell therapies after cardiac infarction in
mice. Furthermore, data from 82 patients of a Phase III clinical trial was analyzed by
means of ML and network approaches to determine a therapy response stratification and
biomarker signature identification.

203

2.3 Integration of heterogeneous data in clinical stem-cell therapy

2.3.1 Regeneration of heart diseases by means of stem cell applications
Steinhoff, G., Nesteruk, J., Wolfien, M., Große, J., Ruch, U., Vasudevan, P.,
and Müller, P. (2017).
Stem cells and heart disease - Brake or accelerator?
Advanced Drug Delivery Reviews. IF: 16.361, Citations (December 14, 2020): 21

After two decades of intensive research and attempts of clinical translation, stem cellbased therapies for cardiac diseases are not getting closer to clinical success. This review
tries to unravel the obstacles and focuses on underlying mechanisms, as the target for
regenerative therapies. At present, the principal outcome in clinical therapy does not reflect
the experimental evidence. It seems that the scientific obstacle is a lack of knowledge
integration obtained from tissue repair and disease mechanisms.
In this article, I discussed potential standards for a proper, reproducible data analysis
strategy in clinical research and hospital settings. Data mining, data management, NGS
processing, network approaches, and ML are major computational approaches that must be
integrated into sustainable clinical workflows because they yield a high potential, especially
in the field of stem cell research. By using bioinformatics and systems medicine approaches,
I proposed a semi-automated and self-adapting processing cyclus to evolve regenerative
therapies as an interative process.
In summary, recent findings from clinical trials delineate mechanisms of stem cell dysfunction and gene defects in repair mechanisms as a cause of atherosclerosis and heart disease.
These findings require a redirection of current practice of stem cell therapy and a reset
using more detailed analyses of stem cell function interfering with disease mechanisms.
To accelerate scientific development we suggest intensifying unified computational data
analyses and shared-data knowledge by using controlled open-access data platforms.
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1. Introduction
This review addresses the current state of development of cardiac
stem cell (SC) therapy. Although the ﬁrst clinical cardiac SC phase I trials
having started in 2001 [1] still licensed and standardized therapies are
not realized after 16 years of clinical development. This requires a critical analysis of scientiﬁc evidence for diagnosis, genetic control, clinical
indication, and treatment approach. The review comprises knowledge
on SC function for cardiac homeostasis and repair as well as strategies
for treatment and diagnostic development deducted from the recently
published results of the phase III PERFECT trial [2]. The ﬁve main topics
in this review listed in Table 1 are focusing on (1) SC function and delivery, (2) disease pathomechanism, treatment options and biomarkers,
(3) standardization and quality control (QC) for best practice, (4) data
analysis and (5) comprehensive treatment centers.
2. Stem cell function and delivery in heart disease
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bone marrow-derived stem cell (BMSC) therapy [3–6]. In human
heart transplants, the immigration and differentiation of recipient
myoﬁbroblast was observed in 1989 as well as different kinetics of cell
replacement [7,8]. In animal models of myocardial infarction (MI),
intramyocardial injections of BMSCs preserved left ventricular contractile function and reduced ﬁbrosis formation [9,10].
Hematopoeitic stem cells (HSCs) have been well characterized by
membrane markers like CD133+ as well as distinct progenitor subtypes
differentiating into blood and immune lineages [11]. In 1997, endothelial progenitor cells (EPCs) were ﬁrst described by Asahara et al. [12] as
a main component of cardiovascular and tissue regeneration [13,14].
Cardiovascular lineage EPCs can be generally identiﬁed by their capability to express endothelial phenotypical markers like CD133, CD34,
CD117, CD184, vascular endothelial growth factor receptor 2 (VEGFR2,
KDR, Flk1), and vascular endothelial cadherin (VE-cadherin). They also
possess some endothelial cell functional characteristics in vitro and in
vivo, like acetylated-low density lipoprotein (acLDL) uptake and the

2.1. Function
The evolving detection of SC functions in tissue development, regeneration and repair have advanced medical sciences in the last two decades leading to the understanding of tissue development and
regeneration during aging as well as repair (Fig. 1). The observation
that an injury in different organs, such as muscle, liver, and brain, triggers bone marrow (BM)-derived cells to the area of damage where
they contribute to regenerative processes has provided the basis for

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

Table 1
Main topics of the review.
1.
2.
3.
4.
5.

Stem cell function and delivery in heart disease
Disease pathomechanism, therapeutic options, diagnostic biomarkers
Deﬁnition of quality standard and best practice
International standard of data analysis
Comprehensive centers for R&D integrated disease treatment
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Fig. 1. Stem cell functions adapting to tissue homeostasis, repair, and dysfunction.

formation of endothelial colony-forming units (CFUs). Under steady
state conditions, the concentration of CD34+ EPCs in peripheral blood
(PB) is much lower than in BM [15]. Interestingly, it was shown in clinical studies that the number of circulating EPCs signiﬁcantly increased
during the early phase of acute MI, suggesting that these cells may contribute to healing processes [16–19].
Mesenchymal stem cells (MSCs) are part of the BMSC pool [20] as
well as a basic component for perivascular tissue throughout all tissues
and organs [21]. MSCs are characterized by ﬁbroblast clonal potency
and multicellular differentiation into osteocytes, adipocytes and
chondrocytes. Furthermore, their role for induction and down-regulation of T-lymphocyte response has been observed in graft-versus-host
disease [22]. Intramyocardial or intravenous application of MSCs has
been reported to reduce post MI damage in animal studies and clinical
trials [23,24].
Cardiac stem cells (CSC) were described for the ﬁrst time in 2003 by
Beltrami et al. with the presence of self-renewing c-kit+ cells in the adult
heart, which differentiated into cardiomyocytes, smooth muscle cells as
well as endothelial cells and regenerated functional myocardium [25–
27]. To date, various additional populations of putative endogenous

cardiac stem and progenitor cells have been identiﬁed in the heart, including Isl-1+ cells [28–30], Sca-1+ cells [31–33], cardiosphere-derived
cells (CDCs) [34–37] and cardiac side population cells [38–40]. Recent
evidence from genetic fate mapping studies further conﬁrmed that in addition to proliferating pre-existing cardiomyocytes also differentiating
resident cardiac stem and progenitor cells can contribute to post-natal
cardiomyogenesis [41–43].
Embryonic stem cells (ESCs) have the ability to differentiate into
derivatives of all three germ layers [44]. Several protocols have been
successfully developed to induce cardiomyocytes from ESCs in vitro
[45]. Although the generation of fully mature cardiomyocytes in large
yields and with high purity is still unfeasible [46], these studies demonstrated a strong cardiogenic potential of ESCs. However, clinical translation of these cells has been hampered by signiﬁcant obstacles, including
ethical concerns [47], the risk of immune rejection [48,49], genetic instability [50,51] and tumorigenic potential [44]. In fact, some early studies hypothesize that the cardiac environment is sufﬁcient to induce the
differentiation of ESCs into cardiomyocytes [52,53]. Nevertheless, this
suggestion has been refuted, since the formation of teratomas was detected after intramyocardial injection of undifferentiated ESC [48,54,
55]. Consequently, more attention has been given to the identiﬁcation,
generation and puriﬁcation of ESC-derived cardiac progenitor cells. Numerous preclinical studies demonstrated stable electromechanical integration of ESC-derived cardiomyocytes into the host myocardium
leading to reduced scar size, decreased cardiac remodeling and improved cardiac function without teratoma formation in small [54,56–
61] and large [55,62,63] animal models. These encouraging data have
paved the way for the ﬁrst phase I clinical trial by Menasché in 2013 (ESCORT) using human ESC-derived cardiac progenitors (Isl-1+ and SSEA1+) embedded in a ﬁbrin scaffold in six patients with severely impaired
cardiac function scheduled for CABG. Although initial results from the
ﬁrst patient are promising [64], it is still too early to assess the safety
as well as the therapeutic beneﬁt of these cells in humans.
Induced pluripotent stem cells (iPSCs) are pluripotent SCs generated directly from somatic cells through a reprogramming process. In
2006, Takahashi and Yamanaka published for the ﬁrst time the generation of iPSCs from mouse ﬁbroblasts by retroviral transduction of four
different transcription factors (Oct3/4, Sox2, c-Myc, and Klf4) [65].
One year later, the same group could transfer this technology to
human ﬁbroblasts [66]. It was shown that generated iPSCs not only express ESC markers and exhibit morphology, proliferation as well as tumorigenic properties similar to ESCs, but also bear comparable

Fig. 2. Intravascular (A) and intramyocardial (B) delivery techniques of stem cells for cardiac disease treatment (reprint from: [104]).
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cardiogenic potential [65,67]. Although terminal differentiation of iPSCs
into fully mature cardiomyocytes in vitro is still an unreached goal [68–
72], functional cardiomyocytes have been generated from both mouse
[73–75] and human [76–79] iPSCs. Moreover, promising in vivo experiments in MI models showed the engraftment as well as improved cardiac performance, reduced infarction size and attenuated cardiac
remodeling after iPSC-derived cardiomyocyte transplantation [80–86].
Importantly, the iPSC-generation technology enables the creation of patient-speciﬁc pluripotent stem cells [87] that can be used for genetic repair. However, ﬁrst enthusiasm has been tempered by the investigation
that syngeneic mouse iPSCs were immunogenic and rejected following
transplantation [88,89]. This observation was contrary to the initial suggestion that autologous iPSCs would not cause immune response in the
host due to the so-called “self-tolerance” [90]. Since then, signiﬁcant genomic instabilities in iPSC lines including epigenetic memory, aberrant
methylation patterns and mutations have been reported resulting
from variations in parenteral somatic cells or occurring during the
reprogramming process and culturing time [91–95]. Recently, new protocols have been developed improving the efﬁciency and safety for the
generating of iPSCs by using virus-free and non-integrative approaches
e.g. proteins [96,97], mRNAs [98], microRNAs [99,100], and small molecules [101–103]. Nevertheless, iPSC-derived cardiomyocytes did not
reach clinical grade, yet.
2.2. Delivery techniques
Delivery techniques could be conventionally divided into three categories: intracoronary delivery, intramyocardial application (including
endoventricular, transepicardial and transvascular injections) and intravenous delivery (including retrograde coronary sinus (RCV) and peripheral intravenous infusions). The choice of techniques is not regulated
and depends on preferences of SC centers, their equipment opportunities and experience. The delivery routes and techniques are summarized in Fig. 2 (reprinted from: [104]).
2.3. Intracoronary application
Selective intracoronary delivery route was used with the intention to
minimize shedding to non-targeted organs [105]. To facilitate
transendothelial passage and migration into the infarcted zone, an angioplasty balloon was inﬂated in the proximal segment of coronary arteries
and cells were infused in the culprit vessel (stop-ﬂow technique). The
transmigration process is facilitated in injured and ischemic viable tissue
[106], as local myocardial ischemia is a potent stimulus for chemokinesis
of SCs due to stromal cell-derived factor 1 (SDF-1) and C-X-C chemokine
receptor 4 (CXCR4) signaling [107–109]. Therefore, the ischemia-producing stimulus may actually promote the cell adhesion and extravasation
into the myocardial tissue [110,111]. Delivery of SCs to the injured or failing myocardium by a simple intracoronary administration seemed to be
sufﬁcient to promote myocardial repair [112,113]. The intracoronary approach, however, should be reserved for the smaller, mononuclear
BMSCs, since intracoronary application of cultured cell types, like MSCs
or skeletal myoblasts, was associated with microembolisation and significant microvascular obstruction [114].
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117]. The myocardial cell retention of these catheters typically varies
between the 20–35%. The Myostar® injection catheter is interfaced
with the NOGA© 3-dimensional electromechanical endoventricular
mapping system. Based on the structural reconstruction of unipolar
voltage mapping in combination with the mapping of linear local shortening, the operator can distinguish in real time viable myocardium from
non-viable, hibernating or scar tissue. Clinical studies have established
safety and feasibility of the transendocardial intramyocardial injection
in the setting of chronic heart failure [118], refractory angina [119], as
well as in subacute MI [120]. However, cell loss and shedding to nontargeted organs is still considerable for all percutaneous injection
catheters.

2.4.2. Transepicardial application
SC implantation during open heart surgery is generally performed
into well exposed epicardial ischemic areas allowing for multiple injections within, and principally, around the infarct area with a thin needle
[120,121]. This procedure is limited to certain areas of the left ventricle,
and cannot be used for the septal myocardial segments. Moreover, the
therapeutic effect of intramyocardial SC therapy is difﬁcult to be unequivocally interpreted when performed together with a revascularization procedure. Therefore, recent reports about surgical “stand alone” SC
therapy are of particular interest [122,123].
Epicardial delivery of bioengineered composite sheets harboring SCs
is a new method of SC delivery. SC sheets adhere to the epicardial surface spontaneously, or as collagen-based patches [124,125]. Adiposederived stromal cell sheets resulted in signiﬁcant improved survival
and left ventricular remodeling in an infarct model in rats compared
to intramyocardial injections [126].

2.4.3. Transvascular delivery
The transvascular delivery of SCs occurs via transvenous or
transarterial delivery under intravascular ultrasound (IVUS) imaging.
The success transvenous intramyocardial delivery of a cell-hydrogel by
the TransAccess® delivery catheter (Medtronic Vascular, Santa Rosa,
CA, USA) was described [127,128]. The Mercator Cricket® and Bullfrog®
perpendicular-positioned microneedles (Mercator MedSystems,
Emeryville, CA) penetrate the coronary artery wall and allows the user
to inject SCs directly into the perivascular space (tunica adventitia of
the coronary artery) [129–131].

2.5. Intravenous delivery

2.4. Intramyocardial application

2.5.1. Retrograde coronary sinus infusion
RCV infusion is performed by femoral venous access and the positioning of a conventional angioplasty balloon into the mid portion of
the coronary sinus followed by SC infusion. Clinical and preclinical studies demonstrated safety, efﬁcacy and high cell retention of delivering via
the coronary sinus [132–134]. Coronary sinus delivery could be recommended in cases of severe aortic stenosis, severe peripheral artery disease or intraventricular thrombus formations which precludes
percutaneous endoventricular injection. The method is also possible
for patients with a resynchronization device. Potential complications
are coronary sinus rupture and embolisation [135,136].

2.4.1. Endoventricular intramyocardial injection
The intramyocardial injection of SCs results in the direct delivery
into the myocardial target area, without dependence on vascular access
or sufﬁcient cell migration across the endothelial barrier. Percutaneous
endoventricular injection of cell preparations are generally guided
using routine ﬂuoroscopic ventriculography or by electromechanical
mapping using the NogaStar mapping catheter (Biologics Delivery Systems, Diamond Bar, CA). The percutaneous transendocardial delivery
catheters Helix® and C-Cath® use direct ﬂuoroscopic imaging [115–

2.5.2. Peripheral intravenous infusion
Intravenous infusion is the most safe and cost-effective SC delivery
method. Its safety and feasibility has been shown in swine model of
MI [137] and later in a phase I clinical study after delivery of allogeneic
MSCs [138]. The study resulted in a signiﬁcant improvement of the ejection fraction in the treated group versus placebo at 12 month follow-up,
although the myocardial retention following intravenous injections is
mere 0.5% [139].
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3. Disease pathomechanism, therapeutic options, diagnostic
biomarkers
3.1. Disease pathomechanism
3.1.1. Ischemia
The contractile workload of heart tissue is dependent on sufﬁcient
oxygen supply to maintain homeostasis of viability and function. The
aerobic metabolism of the heart at rest needs about 8–15 mL O2/min/
100 g tissue – more than double the consumption of brain tissue with
3 mL O2/min/100 g tissue [140]. With exercise and increased hypertensive workload this need for oxygen can increase up to N 70 mL O2/min/
100 g. Unrestricted blood supply and oxygen delivery from capillaries to
cardiomyocyte cell membrane are crucial factors for maintaining sufﬁcient pump function. The surveillance relies mainly on the capillary density surrounding and in contact to cardiomyocyte ﬁbrils [140]. Oxygen
shortage leads to activation of hypoxia-inducible factor 1 alpha (HIF-1
alpha) by cardiomyocytes, which induces local vascular endothelial
growth factor (VEGF) release to the circulation by endothelial cells as
well as induced endothelial expression of VEGFR2 (CD309) and induce
SDF1 alpha as a ligand for circulating EPCs. Circulating angiogenetic capacity of EPCs is enhanced by combined release of VEGF and
erythropoeitin (EPO) by endothelial cells, pericytes, and MSCs in tissue.
By this pathway the hypoxic state of every single cardiomyocyte can activate local angiogenesis of capillary sprouting on demand [141]. This
mechanism is dependent on the co-activation of neighboring endothelial cells, pericytes, macrophages, and MSCs for systemic proliferation/
release of EPCs and circulating endothelial cell (CECs) as well as expression of local homing receptors for targeted angiogenesis sprouting.
3.1.2. Cardiomyocyte crosstalk with the regulatory BMSC niche for
vascularization
Tissue hypoxia mediators are released by ischemic cardiomyocytes
and are directly activating local endothelial cells and BM-derived EPCs.
By this mechanism, they induce blood driven angiogenesis at the ischemic endothelial spot by targeting circulating EPCs and VEGF, SDF-1 or
Vitronectin receptors to the endothelial surface [142]. For the local angiogenesis induction, at least local endothelial expression of VEGFR2 is
required for the induction of sprouting from blood vessels by local adherent EPCs [143,144]. In the BMSC niche, angiogenic chemokine stimulation enhances EPC or HSC proliferation and release, but precise
stimulatory pathways have to be unraveled [142,145]. EPC proliferation
is inﬂuenced by insulin-like growth factor (IGF)-1 and VEGF [146]. EPO
production is attributed to kidney tissue interstitial cells, most likely
pericytes [147]. However, also pericytes in brain and liver are producing
EPO upon local ischemic activation by HIF-1 alpha [143]. It is conceivable that pericytes in other cardiovascular tissues and heart may be inducible to produce EPO upon hypoxia.
Progenitor cell trafﬁcking is regulated by hypoxic gradients through
HIF-1 alpha induction of C-X-C motif chemokine 12 (CXCL12)/SDF-1
[148]. Moreover, in vitro hypoxia induced HIF-1 alpha induces mTOR
complex 1 (mTORC1) axis in human umbilical cord blood MSCs leading
to cell-cycle and F-actin modulation with increased proliferation and
migration [149]. The mTOR pathway leading to proliferation is also induced by hypoxia mediator in BM niche cells [150]. This local process involves tissue macrophages capable to inﬂuence the cell cycle of vascular
endothelial cells through the paracrine wnt ligand WNT7b [151] and in
conjunction with pericytes, which secrete angiopoietin 1 (ANG1) to regulate angiogenesis leading to AKT-mTOR activation [152]. At the same
time, monocyte derived dendritic cells seem to regulate angiogenesis
during development through the production of VEGF and transforming
growth factor beta 1 (TGF-β1) [153]. VEGF recruited numerous BM-derived macrophages to the tissue through signaling by CXCR4, the ligand
being expressed by pericytes [154]. A similar mechanism involving
CXCL12 was shown to guide these BM-derived progenitor cells to sites
of vascular expansion in the embryo. In addition, CXCR4 and CXCL12/

SDF-1 were up-regulated in response to hypoxia in ischemic tissue,
which resulted in the recruitment of similar myeloid cells [148]. In conclusion, hypoxic cardiomyocyte are able to induce a local and systemic
SC proliferation response for adaptive capillary angiogenesis.
3.1.3. Early and late inﬂammation
The cell-cell interactions between immune cells, such as macrophages and T-cells, with CD34+ SCs and MSCs are critically important
for the development of the further inﬂammatory repair process. Enhancing factors for repair are IGF-1 and activin. The shortage of oxygen
supply to the cardiac tissue leads to necrosis, apoptosis [155] and release of various factors like interleukin (IL)-1, reactive oxygen species
(ROS), nitric oxide (NO) and immunoglobulin M (IgM) by the stressed
cells. Toll like receptors (TLRs) are of essential importance in the activation of the immune response after MI [156]. The primary response to
these paracrine signals is mounted by the cardiac resident macrophages. They have different functions and roles in comparison to the peripheral BM-derived macrophages [157] whose development is
regulated by colony-stimulating factor 1 (CSF-1) [158]. These activated
tissue resident macrophages secrete high levels of pro-inﬂammatory
molecules like IL-1, IL-6, IL-8, NO and TNF alpha [159,160]. TLR3 has
been identiﬁed as a polarizing signaling effect on pro- or anti-inﬂammatory activation of MSCs and immune cells. Down-regulation mechanisms of MSCs and macrophages at the site of injury can aid cardiac
repair quality [161]. In this context the role of TLRs as modulator of
MSC expression remains remarkable and may need further investigation [162].
In recent years, immune modulation into pro- or anti-inﬂammatory
states have received major attention for interventional immune
therapy. While the mentioned early inﬂammatory process is mediated
mostly by components of the innate immune system, the chronic inﬂammatory phase is effected mainly by the adaptive immune system.
The lymphocytes are activated by antigen presenting cells [163] and
lead to destruction of cells bearing these antigens by cytotoxic T-cells
while B-cells amplify this response by producing antibodies. However,
an important component of the whole inﬂammatory process and its
successful resolution depends on a particular subset of T-helper cells
called regulatory T-cells (T-reg) and regulatory B-cells (B-reg) [164–
166].
3.1.4. Inﬂammatory cells and SC interaction
The early inﬂammatory phase that occurs after the onset of ischemia
and mediated by the host immune cells and SCs is mostly complete by
the time SCs or cardiomyocytes are transplanted in a clinical setting.
Therefore, it is important to understand the interaction of these cells
with the host immune and SC pools in the ischemic heart at certain/different time points to improve the efﬁcacy and timing of cell therapy as
well as their ability to replace the cardiomyocytes lost during ischemia.
This would help in deciding the best outcome expected from these cells
and their appropriate interactions with the host repair response. It could
also help in selecting suitable response signatures to a particular cell
type. The ideal scenario where a particular cell type induces cardiomyocyte proliferation would necessitate for these cells to eventually resolve
the inﬂammatory process and not induce further long-term secretion of
anti-inﬂammatory molecules that could increase scar formation.
Currently, there are no studies available on the interaction of
transplanted HSCs, EPCs or cardiomyocytes with the inﬂammatory
pathway under ischemic conditions. This is a fundamental gap in SC
therapy studies considering the importance of inﬂammation on the
overall outcome. However, the relationship between these SCs and the
inﬂammatory components is not exactly known. HSC proliferation and
differentiation is regulated by pro-inﬂammatory cytokines such as
TNF, IL-1, IL-6, IL-8 and interferons (IFNs) [167]. Long-term stimulation
of TLR4 leads to impaired long-term self-renewal of HSCs [168]. Also,
BM-resident macrophages govern the retention of HSCs within the BM
[169]. It would be interesting to speculate the proliferation and
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retention of HSCs in the cardiac tissue where the macrophages are recruited. The mechanism of interaction of EPCs directly with the immune
cells is not yet clear, but, EPCs have been shown to secrete endothelial
nitric oxide synthase (NOS), inducible NOS, VEGF-A, SDF-1, IGF-1 and
hepatocyte growth factor (HGF) under ischemic conditions [170]. NOS
has been shown to be a versatile player in the immune system, being
able to alter the functions of macrophages, T-cells, eosinophils and neutrophils [171]. SDF-1 has been shown to play a role in the recruitment of
lymphocytes, monocytes and driving macrophage differentiation [172,
173].
The immunomodulatory functions of MSCs have thus far been more
broadly investigated than other SCs. MSCs have been shown to inhibit Tcell proliferation by the release of TGF-β [174]. This activity is however
mediated by prostaglandin E2 (PGE2) [175] and dependent on levels of
inducible NOS in mice and indoleamine 2,3-dioxygenase (IDO), and soluble human leukocyte antigen class I molecule G5 (HLA-G5) in humans
[176,177]. MSCs modulate B-cells [178] through soluble factors like C-C
motif chemokine ligand 2 (CCL2) [179]. Similar to T-cell inhibition, inﬂammatory stimulation of MSCs is required for their B-cell inhibitory
activity [180]. MSCs also modify dendritic cells with the addition of
PGE2 [181] and IL-6 [182]. They have been also shown to inhibit natural
killer cells (NK cells), but only at high MSC/NK cell ratios [183] and in
the presence of IDO or PGE2 [184]. Recently, TLR3 or TLR4 pathways
were identiﬁed to induce MSC suppression and T-reg induction [185].
TLR3 displays a protective role in mouse models of atherosclerosis
[186], and activation of TLR3 signaling is associated with ischemic preconditioning-induced protection against brain ischemia and attenuation of reactive astrogliosis [187,188]. In addition, TLR3 activators
show effects on human vascular cells [186]. Unlike their inhibitory effects on the other immune cells, BM-derived MSCs shifted the macrophages to a more anti-inﬂammatory phenotype through the release of
PGE2 and cell-contact mediated signaling [189].
3.1.5. Fibrosis
The failure of the terminally differentiated cardiac myocytes to
proliferate for repair of the infarct myocardium leads to impaired
wound healing and ultimately, the formation of a scar. The initial
inﬂammatory phase as described above involving cells such as
monocytes and macrophages are responsible for the migration of
local ﬁbroblasts and their subsequent conversion to myoﬁbroblasts
in order to stabilize the heart after infarction. The origin of these
cells is however contentious since both cardiac MSCs [190] and circulating monocytes [191] have been shown to contribute to ﬁbrosis. The clinically relevant problem is the formation of a mature
scar where type III collagen is replaced by type I collagen due to
the secretion of various matrix metalloproteinases (MMPs). This
can also have major effects over time since distal regions of the
heart undergo gradual ﬁbrosis leading to increased global cardiac
function deterioration and arrhythmogenesis [192]. Therefore, SC
therapies should also be determined based on their ability to replace these myoﬁbroblasts, thereby resolving the scar. However,
this capability is often deemphasized when choosing a particular
cell type for transplantation over other competencies like angiogenic potential.
3.1.6. Cell renewal
Starting with initial transplantation studies of HSCs into cardiac tissue
in 2001 and 2002, BMSCs were thought to contribute to the functional recovery of damaged myocardial tissue by coupling electromechanically
with the recipient myocardium after acquiring a cardiomyogenic fate [9,
193]. However, the trans-differentiation of these cells into
cardiomyocytes within the heart tissue remains inconclusive up to date,
with studies both supporting [194–197] and refuting [198–200] this notion. Others indicated fusion of BM-derived SCs with endogenous
cardiomyocytes as a predominant mechanism for the transformation of
BM-derived SCs into cardiomyocytes [201–203]. Similarly, both of these
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potential mechanisms have been attributed to the generation of
cardiomyocytes from PB- and adipose tissue-derived stem and progenitor
cells [204–207]. Interestingly, it was demonstrated that adult
cardiomyocytes re-enter the cell cycle after fusion with hematopoietic
and mesenchymal stem and progenitor cells in vitro and in vivo [208,
209]. However, the detected fractions of grafted cells converting along
the cardiac lineage were very small [201,210,211]. The main functions
of tissue immigrating or transplanted HSCs, which are CD117+ (c-kit or
SCF-receptor) and/or CD34+, as well as resident or migrating MSC,
which are CD105+ (endoglin) and/or CD271+, still have to be deﬁned depending on tissue speciﬁc homeostasis and disease mechanism. Altogether, adult MSCs/CSCs and HSCs may potentially be transformed into
cardiomyocytes through (trans)differentiation and/or fusion with preexisting cardiomyocytes. This, however, can be considered only as a rare
event in cardiac tissue regeneration response. This is reﬂected in low survival and engraftment [34,211–214] as well as limited generation of
cardiomyocytes from injected SCs implying that direct re-muscularization
has only a limited contribution to beneﬁcial SC effects.
Conﬂicting results have been obtained with respect to the
cardiomyogenic differentiation potential of cardiac stem and progenitor
cells. On the one hand, in vitro studies observed the expression of cardiac markers and structural proteins several days after cell cultivation
under certain conditions [25,26,37,38,40] and in co-culture with neonatal or adult cardiomyocytes [28,32,38,39,215]. In line with these ﬁndings,
various in vivo experiments demonstrated that transplanted cardiac
stem and progenitor cells give rise to newly generated cardiomyocytelike cells through direct differentiation [25–27,216–219]. On the other
hand, it was shown that fusion of injected cells with pre-existing
cardiomyocytes contributes equally to the generation of cardiomyocytes
from injected cells [33]. Moreover, the maturity of engrafted cardiac
stem and progenitor cells remains highly controversial, with studies
reporting the contractile function [25] and the full maturation of
newly-formed cardiomyocytes within two months [27], whereas others
did not observe the phenotype of mature cardiomyocytes one year after
cell transplantation [212]. Likewise, quantiﬁed fractions of engrafted
cells acquiring a cardiomyogenic lineage vary considerably from modest
to substantial [32,40,212,220]. Some lineage tracing studies also refuted
the signiﬁcant myocardial potential of putative resident cardiac progenitor cells after injury [221–223], while others indicated their intrinsic regenerative capacity by replacing lost cardiomyocytes [27]. Only limited
cardiomyocyte turnover occurs in vivo [224,225]. In a meta-analysis, including 80 animal studies, cardiac derived precursor cell therapy was
shown to signiﬁcantly improve LVEF by 10.7% compared with placebo
controls [226]. This was not different from results of extracardiac precursor and SCs [227]. Interestingly, CSCs had a signiﬁcantly greater beneﬁcial effect in small animal models compared with large animal models
(~12% vs. 5% improved LVEF), while cell source, comorbidities, use of immunosuppression and disease models did not inﬂuence the effects on
cardiac function. In 2011, Bolli et al. published the ﬁrst report of cardiac
SC therapy in humans [228]. In this phase I clinical study (SCIPIO) no
mortality or CSC-related adverse events were observed following the
intracoronary infusion of autologous c-kit+ cardiac SC in patients with ischemic cardiomyopathy. In addition, cardiac magnetic resonance results
in an improved global as well as regional left ventricular function, a reduced infarct size as well as an increase in viable tissue four and twelve
months after SC application [229]. In 2012, the CADUCEUS trial demonstrated the safety and feasibility of intracoronary infused CDCs grown
from endomyocardial biopsy specimens in patients with left ventricular
dysfunction after MI [144]. After CSC transplantation, analyses demonstrated signiﬁcant reduction in the size of the infarct as well as an increase in the amount of viable myocardium, regional contractility and
regional systolic wall thickening compared with controls, whereas left
ventricular function and volumes did not differ between groups [144,
230]. However, as these early phase I clinical studies should show the
safety of the therapy they were not powered to determine the efﬁcacy
of CSCs.
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3.2. Therapeutic options
3.2.1. Enhancing the circulating EPC pool
BM-derived mononuclear cells (MNCs) can be isolated from BM aspirates through density gradient centrifugation. Notably, the overall
composition of BM-derived MNCs is primarily that of predominantly
differentiated blood cells with a low percentage of early committed
cells at various maturation stages, with only little amounts comprising
HSCs, EPCs and MSCs [231]. In 2001, Strauer et al. demonstrated for
the ﬁrst time that intracoronary application of autologous BM-derived
MNCs is feasible under clinical conditions and results in modiﬁed cardiac tissue response (e.g. scar regeneration) after MI [232]. In the ﬁrst controlled study, the application of BM-MNCs in patients with acute MI
signiﬁcantly improved local contractility and perfusion, reduced left
ventricular end-systolic volume (LVESV), and decreased infarction site
compared with the standard therapy group [105]. Furthermore, the authors postulated that therapeutic effects were associated with myocardial regeneration and neovascularization. Since then, large numbers of
clinical trials investigated the potential of BM-derived MNCs for the
treatment of ischemic and non-ischemic heart diseases. However, therapeutic beneﬁts continued to remain controversial. In fact, several randomized, controlled studies demonstrated a signiﬁcantly improved
cardiac function after intravenous or intracoronary BM-derived MNC
transplantation [233–241], while others could not prove cell-based beneﬁts [242–251]. This heterogeneity is also reﬂected by recent metaanalyses revealing not only an overall mild (2–5%) improvement of
the global heart performance and a possible attenuation of adverse cardiac remodeling [252–256], but also failed to detected therapeutic effects of BM-derived MNC on left ventricular function [257].
To date, similar ﬁndings have been made in trials employing the
systemic administration of granulocyte-colony stimulating factor
(G-CSF) used to stimulate the mobilization of stem and progenitor
cells from BM [258]. However, meta-analyses demonstrated that
the G-CSF treatment as a stand-alone therapy has no beneﬁcial effects on myocardial regeneration [259–261]. The intramyocardial
and intracoronary transplantation of G-CSF mobilized HSCs/EPCs
also yielded controversial results. In particular, various clinical
studies demonstrated the safety and an improved cardiac performance following the injection of PB-derived MNCs [262–265] and
CD34+ cells [119,266–274], while some failed to detect additional
reliable and signiﬁcant therapeutic effects compared to control
groups [248,275,276].
Notwithstanding, the feasibility and safety of intravascular BM-derived MNC transfusion was demonstrated in all of the clinical trials
while disease treatment efﬁcacy has not been proven in pivotal phase
III trials. In fact, several randomized, controlled phase II studies demonstrated a signiﬁcantly improved cardiac function after intramyocardial
or intracoronary BM-derived MNC transplantation [242–249], while
others could not prove cell-based beneﬁts [250–259].
Based on these inconclusive clinical results, the strategy may have to
be reset to understand the underlying disease mechanism. This can be
seen in the recently intensifying interest in clinical research programs
on the mechanism of action of angiogenetic or immune response modulation by the US - Cardiovascular Cell Therapy Research Network
(CCTRN) [277] and the TACTICS EU-network [278].
3.2.2. Intramyocardial application
The initial observation in the ﬁrst-in-man phase I trial for
intramyocardial transplantation of puriﬁed CD133 + BMSCs performed by our group in Rostock in June 2001 revealed promising results with induction of cardiac regeneration by N10% left ventricular
ejection fraction (LVEF) increase [1]. The phase II trial conﬁrmed the
ﬁnding in BMSC treated patients vs. coronary artery bypass graft
(CABG) controls [121]. Similar ﬁndings were reported by Patel et
al. [279]. However, in placebo controlled trials the BMSC induced improvement in heart function was not different from placebo controls

[280]. Recently, in the randomized double blinded placebo controlled multicenter phase III trial – PERFECT; an improvement in
the heart function (LVEF N 5%) was observed in 60% of placebo as
well as SC treated patients [2]. Interestingly, the large gain in LVEF
was not different in the SC and placebo CABG treatment groups:
Δ LVEF (Placebo + 8.8% vs. CD133+ BMSCs + 10 ⋅ 4%, Δ CD133+ vs.
placebo + 2.58%, p = 0.414). In fact, the LVEF increase in placebotreated patients undergoing BM harvest was remarkable (+ 8.8%
vs. + 3.5%) in comparison with earlier results [121]. This ﬁnding of
60% LVEF improvement (categorized as ‘responders’) was also reported in CABG surgery for patients with reduced pump function
[281]. In the clinical setup of chronic ischemic heart failure of the
PERFECT trial, 40% of patients were ‘non-responders’ to induction
of cardiac regeneration irrespective their treatment with placebo or
CD133+ BMSCs. Induction of circulating EPCs as well as angiogenesis
and heart function improvement was signiﬁcantly reduced in nonresponders [2]. Cardiac function improvement by puriﬁed
intramyocardial BMSCs was effective only in patients with angiogenesis response by circulating EPCs [2].

3.3. Diagnostic biomarkers
3.3.1. Monitoring of angiogenesis response in the PERFECT trial
The interest in diagnostic use of angiogenesis factors and cytokines in blood is rising, since different levels of biomarkers across a
spectrum of pathophysiological processes of different diseases
were revealed. Monitoring of biomarker concentrations in blood
can not only provide the clinician information about the diagnosis,
but can improve prognostication and treatment strategies at the
same time [282,283].
The advantage of the PERFECT phase III trial was a study design that
included blood harvesting and storage before, 24 and 72 h as well as
10 days after CABG with or without SC application [2]. Resulting from
this, the dynamics of 13 angiogenesis factors and cytokines (VEGF,
stem cell factor (SCF), SDF-1, IGF-1, insulin-like growth factor-binding
protein (IGFBP)-2 and -3, interferon gamma-induced protein 10 (IP10), tumor necrosis factor alpha (TNF alpha), IL-6,8,10, EPO, vitronectin)
were obtained in time. The study revealed that responder and non-responder but not CD133+ SC and control groups differed in angiogenesis
factors before operation. Responders were deﬁned as having a ΔLVEF at
6 months versus baseline higher than 5%. It was shown, that non-responders display basically elevated angiogenesis stimulating factors as
VEGF and EPO, as well as pro-inﬂammatory factor IP-10 and decreased
level of IGFBP-3 accompanied by reduced amount of EPCs in PB. The
VEGF level did not change in time, in contrast, a low baseline level of

Table 2
Functions of SH2B3 in hematopoietic, vascular and interstitial cells.
References
Cellular pathway downregulation
Cytokine pathways: IL-7, IL-11
Growth factors in HSC and MSC: EpoR, SCR, Jagged1
Integrin and actin signaling
VCAM-1
PDGF Rec

[304,369]
[370]
[306]
[371]
[372]

Inhibition of cellular function
Stem cell proliferation (HSC, EPC, MSC?)
Lymphocyte proliferation (B-lymphocytes)
Endothelial activation
Blood MNC and thrombocyte proliferation

[373,374]
[309]
[306]
[303,375]

Systemic inhibitory effect
Blood, immune and cardiovascular proliferation
Angiogenesis and vascular repair
Endothelial activation
Immune cell

[315]
[307,314,376]
[298,316]
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VEGF in the responder group doubled in 10 days after CABG procedure
[2].
3.3.2. Ischemia and angiogenesis - a failure of stem cells?
The non-responders in the PERFECT trial show typically lowered
CD133+/CD34+/CD117+ EPC and thrombocyte counts and elevated angiogenesis stimulating factors such as VEGF and EPO in the PB [2]. In
contrast, responders display basically elevated EPCs and thrombocytes
also in the absence of angiogenesis stimulating factors. The underlying
mechanism for a lack of response to induction of cardiac regeneration
may be a failure of vascular repair by reduced circulating EPCs. This
mechanism has been observed already twelve years ago to be associated
with progression in atherosclerosis and coronary artery disease [284] as
well as in-stent restenosis [285–288]. Low EPC titers were correlated to
untreated hypercholesterolemia, whereas HMGcoA reductase (statin)
therapy has been associated with EPC recruitment, activation and improved survival, and improved vascular repair following injury. The eHEALING, a post-marketing registry of 5000 ‘all-comers’ coronary artery
disease patients indeed suggested that the EPC capturing Genous stent
was associated with reduced clinical major adverse cardiac events
(MACE) and late stent thrombosis [289].
Recent clinical ﬁndings on the association of BM failure and cardiovascular disease are setting the spotlight on BMSC function as the main disease pathomechanism. Altered BM subpopulations have been associated
with response to SC therapy in CCTRN trial analysis [277,290]. Recently,
Jaiswal et al. have found the association of BM-derived EPCs or altered
clonal hematopoiesis and atherosclerotic cardiovascular disease [291,
292]. Reduction in hematopoietic clonal capacity have been shown to be
relevant for post MI heart failure in mouse models with increased HSC apoptosis [293]. Recent research results from cardiac SC therapy trial PERFECT show the impact of BMSC failure on cardiac regeneration as well
as a pivotal role of a deﬁned responder or non-responder status for the induction of cardiac tissue regeneration [2]. Genetic control of cardiovascular disease on SC level may be associated with gene dysfunction of SH2B
adaptor protein 3 (SH2B3) [2]. First results assume that an increased
SH2B3 expression in PB is associated with non-response to cardiac function improvement [2]. Moreover, this pattern of heart failure is associated
with reduced EPCs, non-response to angiogenic stimulation, and reduced
angiogenesis in the heart [2].
3.3.3. SH2B3 adaptor protein regulates EPC and SC response in cardiovascular disease
SH2B3, also known as lymphocyte adaptor protein (LNK), is a frequent cause of diseases resulting from genetic variations, acquired or
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inherited in nonmalignant and malignant hematological diseases [294,
295]. Susceptibility to celiac disease type 13, rheumatism, insulin-dependent diabetes mellitus, and other autoimmune diseases have been
demonstrated. Most interesting is the association with hypertensive, arteriosclerotic and coronary disease that has been recently described
[296–298]. It can be envisaged that increased inﬂammatory activation
in atherosclerosis and hypertension are associated with lowered
SH2B3 expression levels [297,298]. This may also be the basis of increased cancer inﬂammation associated with SH2B3 [299,300].
The SH2B3 adaptor protein was ﬁrst described in lymphocytes [301].
Alternatively spliced transcript variants encoding different isoforms
have been identiﬁed for this gene. Transcription produces seven different mRNAs, six alternatively spliced variants and one unspliced form
[302].
The encoded protein is a key negative regulator for cell proliferation
and cell activation in the blood, immune, and cardiovascular system
[303]. Intracellular pathway modiﬁcation involves cytokine signaling
like IL-7 and IL-11 in B-cell progenitors [304] and control of hematopoiesis by abrogation of growth factor signaling [305].
The protein is expressed mainly in blood cells and immune cells
[298]. The tissue expression on endothelia is of importance with respect
to regulation of immune activation [298]. As an example the gene transfer of SH2B3 does prevent endothelial cell activation and apoptosis
[306]. Recently, in mouse models the relevance SH2B3 gene expression
for EPC proliferation, release and restitution of angiogenetic and wound
healing capacity has been demonstrated [307].
Mutations in this gene have been associated with hematological
disease based on HSC dysfunction in myelodysplasia, erythrocytosis,
anemia or myeloproliferative neoplasms including leukemia and lymphoma [305]. Furthermore, mutations have been found to be associated
with a variety of autoimmune, cancer and cardiovascular diseases
(Table 2). The lessons learned from altered gene function by inherited
mutational variants can enable us to associate genotype and phenotype
of altered function in patients with the corresponding disease. This further allows the establishment of novel diagnostic and therapeutic strategies in treating these diseases.
The initial description in the PERFECT outcome analysis of assumed
SH2B3 gene expression enhancement in the PB of non-responders suggests a potential regulatory role of SH2B3 with respect to suppression of
the BM response [2]. Moreover, association with hematological traits,
coronary artery disease [296], and arteriosclerosis have been found for
point mutations of SH2B3 promotor regions as well as inﬂuence of
SH2B3 single nucleotide polymorphism (SNP) on human longevity
[308].

Fig. 3. Stem cell switch hypothesis: Homeostasis and stem cell mediated disease. Stem cell and bone marrow dysfunction in cardiovascular disease (red area). Proliferation and functional
control of HSCs/EPCs/MSCs by SH2B3 vs. Notch/mTOR in homeostasis (green), repair (yellow) and disease pathomechanism (red).
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Fig. 4. Development of a medicinal product. The scheme illustrates the old developmental process (fragmented). Feedback and quality testing are incomplete. (GCP - Good Clinical Practice,
GLP - Good Laboratory Practice, GMP - Good Manufacturing Practice, GVP - Good Vigilance Practice).

Enhanced proliferation in T-cell leukemia has been demonstrated to
be driven by Notch1 stimulated mTOR1/PId signaling. Loss of SH2B3 activity has been found to induce acute lymphoblastic leukemia (ALL) proliferation in Notch1-transgenic mice and was also found in a
subpopulation of ALL patients in acute leukemic cells [309]. Homozygous loss of SH2B3 expression was found to be associated with induced
Notch1 driven proliferation in relapsing T-ALL [310,311]. The alterations
included nonsense and missense mutations affecting the pleckstrin homology and/or the Src homology region 2 (SH2) domains. Mutations in
SH2B3 have also been identiﬁed in lymphoid malignancies including
ALL as both germline and somatic events [312,313].
It has been shown in mouse models that the SH2B3 interference induces EPC proliferation, peripheral EPC release and enhanced angiogenesis [307,314,315]. However, further clinical evaluations of SH2B3
expression are needed to unravel the precise mechanism in humans
[2,316]. These may lead to clariﬁcation on proposed pivotal regulation
of HSCs, EPCs, and MSCs by SH2B3 (Fig. 3). The authors pose this observation as a “stem cell switch hypothesis” to deﬁne the role and interplay
of SH2B3 vs. Notch/mTOR for homeostatic function and/or dysregulation equilibrium of SCs (HSCs, EPCs, MSCs) in disease (Fig. 3). Further
studies have to unravel this question in clinical and experimental
setups.
4. Deﬁnition of quality standard and best practice
It is conceivable that the continuous presence of all scientiﬁc expertise and critical analysis has to be implied in every step of development
as well as the decision for reaching milestones to exit to the following
step. To avoid risks of failure scientiﬁcally based quality management
is mandatory. The obvious obstacles in development require a new approach to achieve best practice. The advance of scientiﬁc knowledge to
molecular disease diagnosis is not yet a solid basis for molecular and cellular interventions in disease pathways. Therefore, to the author's opinion, it is mandatory to change the quality management approach in
general. The identiﬁcation of obstacles for the development and treatment of heart disease as well as new technical solutions have to be
discussed.
4.1. Good practice - a classical quality standard is not enough
The development of medicinal products is structured from historical
experience by a stepwise interval development divided in basic research, preclinical development and clinical studies. The basic research
approach (according to Good Scientiﬁc Practice (GSP)) has been
drawn from pharmaceutical chemistry and is aiming for a therapeutical
substance. For cell products this very often has limited applicability because of complex reactions and tissue products. Moreover, the use of autologous and allogenic cells is more similar to regulation in transfusion
or transplantation medicine and interferes with patient dependent
rights and ethical aspects.
Scientiﬁc veriﬁcation is needed in each step of the development. The
outcome of preclinical experiments (safety, quality and efﬁcacy) is a
crucial point and determines whether clinical studies are reasonable.
It depends on the clinical result if the (investigational) product will be
approved by a national or international authority and thereby will
enter the market to be administered routinely to patients (Fig. 4).
Only in some cases (e.g. for Advanced Therapy Medicinal Products
(ATMPs)) structured and lifelong patient vigilance monitoring after

the approval of the medical SC product are performed to observe its
long-term-behavior.
Besides the scientiﬁc and clinical development it is important to take
early considerations in account which are dealing with aspects such as
the social view on the new product, the medical need, the accessibility
for patients and the mode of payment/reimbursement. A suspended
marketing authorization of an implant to repair cartilage (MACI®;
EMA/282918/2013, EMEA/H/C/002522) [317], that was not proﬁtable,
illustrates the importance of economically issues: e.g. an economically
viable manufacturing process or suitable distribution concepts are besides the proven safety and efﬁcacy of the new product also worth to
consider. This current developmental chain concept, which has been applied in the initial phase of SC therapies has to be considered as inefﬁcient and contains high risks of failure in the developmental process
(Fig. 4).
For nearly two decades cell therapeutics to treat heart diseases are
developed and several clinical trials were done. Nevertheless, no approved cell therapy is available for heart failure patients so far (approx.
200 clinical trials (phase I-III)); and there is no product legally in the
market [318]. A slightly more optimistic situation exists for cell therapies of other indications (e.g. cartilage repair Spherox® [319] or cornea
repair Holoclar® [320]) or other types of ATMPs (gene therapeutics:
Glybera® [321], Imlygic® [322], Strimvelis® [323], Zalmoxis® [324]).
A discussion about reasons for these low numbers of legally available regenerative therapies recently accelerates in the scientiﬁc community. A
well-known point is their novelty as a new class of medicinal products
with a high complexity regarding their development, manufacturing,
characterization and especially in cardiac therapies their administration
[325]. Indeed regulators and developers are now in a process of
adapting the regulatory framework related to cellular therapies to possible and proven risks and opportunities [326]. Due to the continually
growing progress in cell therapy knowledge and experience, there are
numerous ways of support provided by the authorities (e.g. European
Medicines Agency (EMA), US Food and Drug Administration (FDA)).
They created some tools such as ATMP classiﬁcation, certiﬁcation, scientiﬁc advice, adoptive pathways pilot program and classiﬁcation of
ATMPs. Moreover, all involved parties are invited to proﬁt from concentrated knowledge at EMA's Academia or FDA's Ofﬁce of Cellular, Tissue
and Gene Therapeutics (OCTGT). The most important move, however,
came from Japan introducing a new regulatory Regenerative Medicine
Act in 2014 aiming to achieve both intensiﬁed scientiﬁc quality control
as well as earlier translation to clinical trials [327].
These recently enhanced regulatory adaptions combined with increasing political awareness raise some hope for reduced obstacles on
the way to market authorization for more cell therapies [328]. Although
Table 3
Proposals for improved development.
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

Diagnose disease mechanism and pathway signature
Classify (CD, Rseq) and standardize (stem) cell product
Establish speciﬁc molecular and/or biopsy imaging
Monitor treatment effect by biomarkers
Use disease speciﬁc model validation
Establish lifelong quality management for all clinical diagnostics
and procedures
Establish biobank for tissue, blood, and cell product
Use machine learning/Systems medicine for data analysis validation
Individualize therapy to target disease and tissue repair mechanism
Integrate expert knowledge, but validate by computational approaches
like machine learning
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improvement is still needed at this point it is not only the restrictive regulations that impede or even prevent innovations.
As basic research and pre-clinical development mostly take place in
academically environment, it is important for researchers to know, that
dealing with critical aspects of cell therapy development at an early
stage is essential [329]. As mentioned above, authorities are willing to
support and collaborate. So every research team/developer has the
chance to ﬁnd its own particular way due of the uniqueness of their
new product. General guidance cannot easily be translated in speciﬁc
requirements for a certain cell product [325]. Based on the author's experience, it is very helpful to be early, continuing and actively in contact
with the relevant authorities and equally important patient organizations to develop cell therapies successfully. Additional to the frequently
complained regulatory hurdles, the attitude of scientiﬁc community itself has a major impact on the successful development of all new medicinal products. The competition factor that could cause intratransparency
regarding data access and quality is just one example.
Collaboration and sharing of knowledge of publicity-funded research and pharmaceutical industry, in turn, could be the key to enhanced development of cell therapies [328]. Furthermore, Foley and
Whitaker suggested in 2012 that at least cell therapies, which demand
therapeutic procedures like all currently known cell therapy approaches
for heart failure, would beneﬁt from an early collaboration of developers
and clinicians [330], because a suitable way of distribution, preparation
or administration is also an important issue to widespread a therapy.
Besides all regulatory or economic issues there is apparently a discrepancy between the large amount of preclinical data on the one
hand and the outcome of clinical trials with cell therapies for ischemic
heart diseases on the other [331]. Because of their role of being responsible for public/patient safety no agency would have agreed to test a
particular cell product in humans without promising in vivo results. According to published data, early as well as late stage clinical trials with
heart failure related products could show their safety and feasibility
during the observation period [278,332]. These are important and valuable results but veriﬁcation of safety is only the ﬁrst part of the

developmental process for medicinal products. Clinical trials also need
to address the question of efﬁcacy: the new cell or another medicinal
product must beneﬁt the patient in a measurable way (endpoints),
which could not be conﬁrmed for any cardiac cell therapy so far. For
all interested parties – patients as well as authorities and developers –
it is a frustrating situation when enormous scientiﬁc and monetary research efforts as well as patient's involvement (e.g. frequent consultations, follow-up interviews and treatment with poorly conceived
therapies) lead to no advantageous cell products [333]. Following consequences from this are intentions to spend resources (money and
time) for more promising and “fancy” approaches. The worst effect
will be a further growing grey market of unproven therapies (e.g. SC
tourism) in under-regulated countries as well as in Europe or the U.S.
[334]. where no regulations are given to protect patients from poor investigated products.
It is obvious that the current approach of medicinal product translation from academic basic science to commercial SC product development lacks large scale knowledge integration and has a high risk of
failure to reach standard therapy. Attempts have been made in US and
recently in Europe to form large scale task force projects like CCTRN
[277], TACTICS [278] or PERFECT [2] with longterm setup to face the
challenge of complex continuous diagnostic and therapy development.
The uncertain situation of the whole endeavor of development of a regenerative cardiovascular medicine based on SCs at the moment requires an international consensus program lead by governmental
research councils in collaboration with regulatory authorities. For this
shortcomings program based approaches to improve development
(Table 3) have to be deﬁned and tested.
4.2. The role of good practice
What is the reason for this disappointing setting in cell therapies although the developmental process should be performed according to
good practice (GxP)? GxP in particularly with regard to medicinal products includes the regulated international quality standards Good

Fig. 5. Integration of a Systems Medicine approach within a stem cell therapy development scenario.
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Laboratory Practice (GLP) for preclinical research, Good Manufacturing
Practice (GMP) for the manufacturing of the investigational product
and Good Clinical Practice (GCP) for clinical research (Fig. 4). In the
author's opinion, there is a massive misunderstanding in expecting a
certain quality per se from these standards, but in contrast GxP includes
only formal speciﬁcations on how data in preclinical and clinical settings
are recorded (and stored). GxP does not assure the usage of appropriate
(= scientiﬁcally relevant) methods, thus in general GxP alone cannot
guarantee a scientiﬁc signiﬁcance of analyses or examinations.
In order to ensure only reproducibility and correctness of data, preclinical investigations should be performed according to GLP, a worldwide accepted standard that determines the way how non-clinical test
results are generated and documented. In health and environmental relevant safety testing of industrial chemicals well established and approved test methods (e.g. in vivo skin irritation and corrosion data
(OECD TG404 for toxicity testing)) already exist. But especially for
new approaches like cell products GLP does not state, if certain tests
are scientiﬁcally suitable to address speciﬁc questions. This way still
needs to be gone for cellular products and their characterization. Therefore, the development, testing and deﬁnition of speciﬁc outcome parameters for efﬁcacy and safety testing are mandatory for the ﬁeld of
SC therapy.
GMP is a second standard, which is the prerequisite in manufacturing cell or other medicinal products intended for (pre)clinical testing
or routine care. For one part of GMP, QC of the medicinal product,
there are special pharmaceutical rules for quality and analytics
(methods) that are ofﬁcially recognized and under permanent revision
(pharmacopoeia), which have veriﬁable to be validated on every QCsite by the holder of a manufacturing permission. Because of the novelty
of cellular therapies, there are only few quality related methods for testing cellular therapeutic agents (cell number, sterility). Like in GLP there
is also a need for signiﬁcant tests in GMP that prove efﬁcacy (in terms of
stable and effective quality) and safety of a certain cell product in relation to heart failure or other medical indication. This lack of functional
characterization of cell products beyond cell numbers, few extracellular
markers and sterility has to be removed by scientiﬁc investigations
(basic and pre-clinical research) that have to be peer reviewed and
discussed by the scientiﬁc community to establish common accepted
standards for relevant markers, parameters and analytical procedures
(comparable to Pharmacopoeia) in this ﬁeld.
An example for this standardization process is the longstanding
development of the cluster determinant membrane epitope characterization or the genecard database (e.g. https://www.ncbi.nlm.nih.
gov/gene). A similar proﬁling has to be requested for an international SC molecular sequencing proﬁle register. This could be used
to characterize genetic or disease variations in the phenotype and
genotype of SC.
GCP is an ethic and scientiﬁc standard, used only how to plan and
perform clinical trials in humans and to document and report the outcome. Also GCP is characterized through specialized formal documents
(e.g. Declaration of Helsinki, ICH guideline, etc.), which aim to protect
human rights and quality of the produced data. But, as mentioned
above, the main focus of attention of GCP is again just on documentation
of data. However, this is only one side of the coin – the explanatory
power of data, on the other side, depends on applicability of the performed method in terms of validation. Biological or technical variance
or inconsistence of diagnostic ﬁndings can lead to non-evaluation of
endpoints and can either be caused by methodical differences – which
become even more relevant in multi-center trials – or due to using simply inappropriate methods. The ﬁrst issue can easily be solved by the
validation of a method (e.g. magnetic resonance imaging (MRI) assessment) for every study site. The second issue needs more commitment,
because a comprehensive evaluation of safety and efﬁcacy for cell products in clinical studies needs at ﬁrst the deﬁnition of relevant parameters by intense research and an open discussion in the scientiﬁc
community.

5. International standard of data analysis
Systems medicine emerged as an inevitable tool to investigate complex diseases by the integration of multidimensional datasets and numerous mathematical approaches with data from pre-clinical and
clinical studies. The iterative cycle of data-driven modeling and
model-driven experimentation, in which alternative hypotheses are
postulated and reﬁned until they are validated, helps in identifying
new mechanistic details of cell-biological processes and previously unidentiﬁed regulatory interactions in the system [335]. However, systems approaches are widely perceived as basic research, so that a
main current challenge is to shift from the “need” of translating basic
ﬁnding into clinical research towards the integration between non-clinical and clinical data. Cardiovascular diseases (CVDs), being multifactorial, may be a potential ﬁeld test for Systems Medicine [336]. Moreover,
it has been shown that current CVD risk scores could be improved in accuracy by computational approaches that identify disease risk and predict the maximum personalized treatment beneﬁt [337]. In this section,
we highlight the opportunities and hurdles of data mining, novel sequencing approaches, network methodologies and machine learning
(ML) for cardiac research (Fig. 5).
5.1. Data mining and management
Accessing and retrieving high quality omics datasets is the ﬁrst great
challenge to overcome while working in the ﬁeld of cardiac diseases.
Analysis of high-throughput experimental data together with patient
phenotypic information has led to the identiﬁcation of sets of candidate
genes, proteins and pathways that may be implicated in many disease
conditions. In order to build a higher level picture of the underlying processes involved in the disease pathology, it is necessary to integrate various classes of heterogeneous information and to explore the complex
relationships between entities such as diseases, candidate genes, proteins, interactions and pathways [338]. In contrast to monolithic databases, graph databases provide a powerful framework for a combined
storage, querying and envisioning of such complex biological datasets.
For example the graph database platform Bio4j integrates popular databases like GO, RefSeq, NCBI Taxonomy and Expasy Enzyme DB and allows for intrinsic and extrinsic semantic feature implementation to
enhance their respective relationships and importance towards a common biological perspective [339]. Another aspect is the need for an environment that allows the management and sharing of generated
heterogeneous datasets and computational models in the context of
the experiments, which created them. The FAIRDOMHub is a framework
for publishing FAIR (ﬁndable, accessible, interoperable and reusable)
Data, operating procedures and models for the Systems Biology community that enables researchers to organize, share and publish data,
models and protocols for an enhanced reproducibility and reusability
of research results [340] (Fig. 5).
5.2. Next generation sequencing
The actual generation of Next Generation Sequencing (NGS)
data is steadily increasing, especially the numerous data being generated for genome-wide association studies (GWAS) have uncovered numerous genetic variants (SNPs) and alternative splicing
forms that are associated with blood pressure [341] as well as
human heart development [342,343]. Especially SH2B3 emerged
as a powerful switch for the inﬂuence on blood pressure by using
GWAS, meta- and network analyses [344,345]. An extended identiﬁcation and characterization of additional T-box transcription factor 5 (TBX5) mutations and SNPs was also achieved, which hold
promise for a therapeutic strategy targeting TBX5 associated developmental abnormalities and diseases [346]. These novel sequencing technologies have also resulted in the discovery of previously
unannotated long non-coding RNAs (lncRNAs), which are under
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further investigation for the amelioration of CVDs [347]. Furthermore, it has been reported that the interplay of chromatin modiﬁcations and non-coding RNAs in the heart also plays a bigger role
than previously expected [348]. The list of examples for sequencing
success stories could be continued, but we want to put more emphasize on the current bottleneck of this emerging technology –
transparent, reproducible and proper data analysis strategies
[349]. With respect to the number of data analysis steps, the complexity of decisions on tool selection is increasing likewise, hence
calling for systematic workﬂow development and management frameworks [350]. For this reason, Galaxy [351] and the Galaxy-RNA-Workbench [352] are providing a general framework that makes advanced
computational tools accessible without the need of prior extensive training. Galaxy seeks to make data-intensive research more accessible, transparent and reproducible by providing a web-based environment in
which users can perform computational analyses and have all of the details automatically tracked for later inspection, publication, or reuse. Data
analysis pipelines within such data analysis platforms can be easily used
for the QC, complete data processing and advanced predictive analyses
and evaluations, as it has been recently shown for RNA sequencing
datasets [353]. Increasing the ease of use and comprehensiveness of
tools and computational methodologies an interactive environment
framework for Galaxy was designed to combine Galaxy's tools and
workﬂows with popular advanced computational environments such
as Jupyter [354]. This development tremendously simpliﬁes the daily
routine of tool developers and non-computational end users. Taken together, tailor-made and expert-driven scientiﬁcally developed computational workﬂows instead of rigid data analyses are mandatory for an
appropriate preclinical and clinical data analysis [349].

13

5.3. Network approaches
Network approaches are another central concept in Systems Medicine, because they combine the existing knowledge about classic linear
pathways with experimental data. Biological networks occur on many
different levels such as genes, transcripts, proteins, metabolites, organelles, cells, organs, organisms, and social systems. In general, they appear to exhibit an architecture described mathematically as “scale
free,” in which most nodes have few links but a small fraction of
nodes (called hubs) are highly interconnected [355]. Those hub-genes
are assumed to be biologically relevant, because they represent mediators to interconnect and regulate different processes that might play a
critical key role within the underlying network of involved pathways.
In addition to broadly applied single pathway analyses, differential network detection provides enhanced explanatory insights while taking
into account the changing interplay of pathways, e.g. during disease
progression [356]. Nowadays, predicting molecular commonalities between phenotypically related diseases, even if they do not share primary disease genes is possible and it can be assumed that network-based
approaches, relying on an increasingly accurate interactome, are poised
to become unavoidable in interpreting disease-associated genome variations [357]. Furthermore, gene co-expression network based approaches such as Weighted Gene Co-expression Network Analysis
(WGCNA), which is one of the most powerful approaches, have been
widely used in analyzing microarray and RNA sequencing data, especially for identifying functional modules and hub-like genes [358]. However, it has to be taken into consideration that there might be major
topological difference between RNA-seq and microarray co-expression
in the form of low overlaps between hub-like genes from each network

Fig. 6. Development of a regenerative medicine therapy as an integrated process. Every stage of research is a component of a circular process that is based on four central approaches and
spins in both directions. Each result, if positive or negative, affects other parts of the development. This approach leads to enhanced knowledge about the (cell) product as well as the
affected and underlying mechanisms in humans. Quality standards and risk-beneﬁt-evaluation are the main elements of this approach. GCP - Good Clinical Practice, GLP - Good
Laboratory Practice, GMP - Good Manufacturing Practice, GSP - Good Scientiﬁc Practice, GVP - Good Vigilance Practice, MA - Market authorization.
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due to changes in the correlation of expression noise within different
technologies [359]. Disease maps are another novel expert-approved
pathway-based reconstruction of a network customizing a particular
disease or being used as a graphical review on the molecular mechanisms of a disease. It is a collection of interconnected signaling, metabolic and gene regulatory pathways stored in standard Systems Biology
formats (e.g. SBGN, SBML, BioPAX) [338]. As interdisciplinary projects
continue to generate large amounts of heterogeneous datasets, the network approaches presented here, may offer useful solutions for knowledge integration.
5.4. Artiﬁcial intelligence and machine learning
As previously described, established approaches to CVD risk assessment, such as the recommendations by the American Heart Association/
American College of Cardiology (AHA/ACC), predict the prognostic risk
of CVD based on common risk factors like cholesterol, age, smoking, and
diabetes [360]. However, there are numerous patients remaining that
fail to be identiﬁed by these classical linear prediction models and some
patients are unnecessarily treated [361]. These models may thus oversimplify complex high-dimensional datasets by using too few parameters
and not considering non-linear interactions among the measured parameters. With the rise of highly efﬁcient ML algorithms, alternative approaches to classical linear prediction models have been developed that
have the potential to use available “Big data” for better prognosis and diagnosis [362]. The artiﬁcial intelligence relies on algorithms to learn in a
supervised or unsupervised manner the provided input data by minimizing the error between predicted and observed outcomes (supervised)
and, ﬁnally, unravelling the complex and non-linear interactions between
the parameters [363]. ML signiﬁcantly improves the accuracy of cardiovascular risk prediction, increases the number of patients identiﬁed who
could beneﬁt from a preventive treatment and likewise avoids unnecessary treatment of others [361]. Our group recently used clinical and advanced subgroup measurements in the phase III clinical trial to enable a
therapy responsive patient classiﬁcation for a potential intervention
with an applied ML model and obtained a prediction accuracy of above

90% [2]. In addition to pure classiﬁcation of disease and healthy states, supervised ML can be used to uncover unexpected parameters to be important for the choice between these states that can be subsequently used to
further investigate the underlying mechanism or a particular molecule. In
addition to supervised ML, unsupervised ML approaches need no speciﬁc
ground truth for training the actual model, but are based on their non-linearity dimension reduction less effective to identify a speciﬁc set of important parameters. These unsupervised statistical learning analyses
assume that there are naturally occurring subclasses within patients
that behave differently yet reproducibly across a number of populations
and varying scenarios (e.g. treatments, ethnologies, environments).
Thus, the ﬁrst part of a study emphasizes ﬁnding intrinsic structure within
patient phenotypic data, which can then be evaluated retrospectively and
prospectively for predicting treatment outcomes and guiding clinical trial
design [364]. By applying non-linear approaches like t-distributed stochastic neighbor embedding (t-SNE) for dimensional reduction, our
group identiﬁed two distinct groups, respectively with responder and
non-responder characteristics, within the data and, thus, could independently conﬁrm our response biomarker signature hypothesis [2]. The results obtained can subsequently be used for supervised learning, e.g. for
an estimation and prediction of distinct classiﬁcation groups as well as
the underlying important features. Taken together, ML is becoming an invaluable asset to test and evaluate novel classiﬁcation hypotheses of a disease or clinical syndrome and should be a mandatory analysis for a robust
and independent validation state.
6. Comprehensive centers for R&D integrated disease treatment
The current health care concept experiences an economic dominance of business models based on medicinal products and health
care service to be purchased by patients for gaining health. Principally,
this system needs supervision for outcome control and should be integrated in society priority to improve disease burden. The unique chance
of SC based therapies, however, is to realize a basic repair of disease. This
enormous task can only be realized by supervised quality management
in the developmental process of therapies as well as in standard care.

Fig. 7. Disease burden and treatment development: Who beneﬁts? At least three hurdles need to be passed during the development of new cell therapies for patients: quality, efﬁcacy and
safety have to be proven for market authorization. Nevertheless there are ways to bypass these steps to reach patients. Here in the grey market zone, patients get treated and the outcome
can be very dangerous (in red). Reasons for the grey market are diverse: scientiﬁc prestige, sales volume etc. But also “over-regulation” by laws – not adapted to current situations – could
result in a decelerated development. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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The model of comprehensive treatment centers integrating research,
development, licensing, clinical development and highest quality lifelong patient care could be the masterﬁle for the development of cardiac
stem cell therapies in the context of adequately specialized heart disease centers.
As initially described, the classical ﬂow of information leads in one
direction: from basic and preclinical research via clinical analysis to authorization and in best case beyond (vigilance; Fig. 4). This one-sidedness limits the generation and multiplication of knowledge because
unexpected results from pre- and clinical research are apparently
blocking continuous improvement. Recently, in a white paper of TACTICS-members a new translational axis from basic research via preclinical research involving several different stages of animal models to
clinical trials with feedback to all previous stages was suggested [278].
In contrast to this proposal, the authors state that translation includes not only a directed process with backwards oriented feedback
(Fig. 4), but has to be routed in an integrative process management,
where the complete interdisciplinary team (scientists, clinicians, engineers, etc.) is involved in each and every step of the development to
maintain complex analyses. The road picture as depicted in Fig. 6 will
be a circling knowledge process like a circling road ﬁtting solutions to
basic, preclinical and clinical exits. Especially the availability of special
diagnostic and imaging technology has to bridge over all developmental
steps. In some cases there is a chance for products failed in clinical trials
to be reinvestigated in basic research considering the actual state-ofthe-art. Apparently, the ﬁrst licensed heart related regenerative and
cell therapy has to pass this developmental circle repetitively before
reaching the status of a highly standardized therapy. All clinical results
need to be investigated again in preclinical settings in more detail to
clarify the affected disease mechanisms. Moreover, granting of the marketing authorization is not the end, but the beginning of cell therapy
standardization.
Given a continuous vigilance under GCP the possibility for conditioned early approval of therapy would have a safer prospect. The authors postulate that all ATMP therapies should be monitored lifelong
like in comprehensive cancer center concept for tumor therapy or
organ transplantation medicine according to Good Vigilance Practice
(GVP). IT-based concepts have been suggested for improved patient
care in diabetes [365].
Only a limited amount of specialized patients (deﬁned by age, sex,
comorbidities, etc.) can be analyzed before regulatory approval. The
most important stage to demonstrate safety and long-term behavior
of new products is therefore after approval and market authorization
(= pharmacovigilance). Because of this pharmacovigilance needs to
be obligatory for every treating, clinic and manufacturer must be speciﬁed and controlled by competent authorities. Possible long-time effects
or other outcome can be taken into consideration for the risk-beneﬁtbalance evaluation that is performed annually by EMA. In Germany,
the competent authority (Paul-Ehrlich-Institute (PEI)) coordinates and
supervises pharmacovigilance systems for four product classes (ATMP,
in vitro-diagnostics, tissues, blood components) where side effects and
severe events are reported and evaluated. These systems must serve
as an accessible database for every patient and physician.
The authors assume further, that an intensive monitoring of patients
including bio-banking should be employed to give access for later analysis e.g. marker analysis [2]. The current situation would beneﬁt from a
standardized approach to gather preclinical and clinical data as well as
biological samples. Therefore, all information related to a certain therapy/cell product can be made available for the scientiﬁc and clinical community. Recently a ﬁrst step was done by EMA with its freely available
“clinical data” website (www.clinicaltrialsregister.eu). As a result theoretical simulations (“high-dimensional data analysis”) and experimental
setups could be adapted more easily. This also includes the characterization of patient conditions compared to healthy individuals. Another example for pattern recognition and thereof arising possibilities is the
work of Sengupta et al. [366] where a cognitive ML algorithm could be
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generated for cardiac imaging. Another Systems Medicinal approach
was used to detect differential connections between diseases associated
networks [357]. In summary this new way of large scale analyzing
methods require harmonized and standardized datasets for research
and clinical treatment.
Until now, there is at least in the ﬁeld of heart failure treatment no
consensus about which kind of clinical endpoints are crucial and accepted by the scientiﬁc community. This leads to a non-deﬁned clinical outcome (Fig. 7). Among other aspects this point was also already
addressed by Fernández-Avilés et al. who additionally assumed that
multidisciplinary collaborations being aware of these limitations could
not overcome them until now [278]. Therefore, the knowledge has to
become even broader: proving efﬁcacy goes along with understanding
the underlying mechanisms. Thus the scientiﬁc discussion of the before
mentioned topics needs to be forced and would also beneﬁt from an
open-minded culture of publishing “negative” results to reduce repetition of failed approaches. Such publication bias could lead to unjustiﬁed
transition or stop of approaches in the developmental process [367].
Likewise, also successful approaches have to be questioned, as Nowbar
et al. showed discrepancies in the enhancement of ejection fraction in trials investigating autologous BMSCs [368]. Finally the debate should end
in accepted scientiﬁc standards that will elevate GxP to a higher level for
cell therapies comparable to the area of chemical medicinal products
(small molecules). The knowledge-driven discourse is the essential
part during the development of cell therapies: ideally as long as knowledge grows, standards need to be adapted to present circumstances.
Considering the ﬁndings of the PERFECT trial [2] – every patient has a
responder (or a non-responder) biomarker signature – it is worth to analyze recently published clinical data with no signiﬁcant outcome again.
Concomitant research programs, additionally to the clinical trial protocols, could beneﬁt a detailed and comprehensive analysis. With a
more nuanced view supposed negative results could turn out to be
more speciﬁc than initially assumed. Furthermore, the scientiﬁc strategy in planning future investigations in terms of suitable tests and animal
models need to be optimized. Like exempliﬁed in part 3.1 using Systems
Medicine approaches and accurate data analysis settings, the outcome
of preclinical and clinical studies can be enhanced.
Linked to all previously discussed issues are the questions regarding
regulatory hurdles and the ﬁnancing of research for small and middle
sized companies as well as for universities. Well performed research
takes well skilled scientists and money over a long period of time. Just
the concerted efforts of all involved parties (authorities, industry, patient organizations, researchers, scientiﬁc publication machinery, etc.)
can result in an increased input-output-ratio for cell therapy products.
Based on this knowledge, it will be mandatory to intensify data exchange and establish interdisciplinary standards of cooperation. There
is a great need for a central clinical database for CVD mechanisms and
regenerative approaches, unanimous quality management, classiﬁcation of SC products by gene regulation, cluster determinant platforms
for (stem) cell differentiation, diagnostic fostering of biomarker and imaging applications (Table 3). Ultimately, applying artiﬁcial intelligence
by means of ML methodologies may be a crucial step towards deeper insights into the complex mechanisms of cardiovascular regeneration.
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2.3.2 Evaluation of cell therapies for the treatment of cardiac infarction
Lang, C.I., Wolfien, M., ..., Wolkenhauer, O., ..., and Glass, Ä. (2017).
Cardiac Cell Therapies for the Treatment of Acute Myocardial Infarction:
A Meta-Analysis from Mouse Studies.
Cellular Physiology and Biochemistry. IF: 5.5, Citations (December 14, 2020): 18

Stem cell-based regenerative therapies for the treatment of ischemic myocardium are
currently a subject of intensive investigation. A variety of cell populations have been
demonstrated to be safe and to exert positive effects in human Phase I and II clinical trials;
however, conclusive evidence of efficacy is not yet proven. While the relevance of animal
models for appropriate pre-clinical safety and efficacy testing, including applications in
Phase III studies, continues to increase, concerns are expressed regarding the validity of
the mouse model to predict clinical results. Hundreds of preclinical studies for cardiac
repair have assessed the efficacy of different cell preparations, including pluripotent stem
cells, we undertook a systematic re-evaluation of the data from the mouse model, which
initially paved the way for the first clinical trials in this field.
I developed a meta-analysis compliant workflow and conducted the statistical analyses.
First, an estimator comparison was done based on the study variance τ2 and inconsistency
I2 . Furthermore, I checked for study biases via funnel-plot visualizations and Egger’s
regression testing. In the following, I utilized random-effects and fixed-effects module
analyses to summarize study outcomes within a forest-plot. Finally, meta-regression
analyses of different subgroups have been performed to identify moderators that have a
significant influence to the left ventricular ejection fraction (LVEF) improvement.
In summary, we see the mouse as a valid model to evaluate the efficacy of cell-based
therapies for the treatment of ischemic myocardial damage. However, further studies are
required to understand the mechanisms underlying stem cell-based improvement of cardiac
function after ischemia.
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Abstract
Aims: Stem cell-based regenerative therapies for the treatment of ischemic myocardium
are currently a subject of intensive investigation. A variety of cell populations have been
demonstrated to be safe and to exert some positive effects in human Phase I and II clinical
trials, however conclusive evidence of efficacy is still lacking. While the relevance of animal
models for appropriate pre-clinical safety and efficacy testing with regard to application in
Phase III studies continues to increase, concerns have been expressed regarding the validity
of the mouse model to predict clinical results. Against the background that hundreds of
preclinical studies have assessed the efficacy of numerous kinds of cell preparations - including
pluripotent stem cells - for cardiac repair, we undertook a systematic re-evaluation of data from
the mouse model, which initially paved the way for the first clinical trials in this field. Methods
and Results: A systematic literature screen was performed to identify publications reporting
results of cardiac stem cell therapies for the treatment of myocardial ischemia in the mouse
model. Only peer-reviewed and placebo-controlled studies using magnet resonance imaging
(MRI) for left ventricular ejection fraction (LVEF) assessment were included. Experimental data
from 21 studies involving 583 animals demonstrate a significant improvement in LVEF of 8.59%
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+/- 2.36; p=.012 (95% CI, 3.7–13.8) compared with control animals. Conclusion: The mouse
is a valid model to evaluate the efficacy of cell-based advanced therapies for the treatment
of ischemic myocardial damage. Further studies are required to understand the mechanisms
underlying stem cell based improvement of cardiac function after ischemia.
© 2017 The Author(s)
Published by S. Karger AG, Basel

Introduction

Despite rapid advancements in both pharmacological and interventional treatment
options, coronary heart disease remains the most common cause of death in Europe accounting for 1.8 million deaths each year [1]. The quest for new therapeutic approaches
to prevent adverse myocardial remodelling post-infarction and limit the subsequent
development of irreversible heart failure gave rise to the field of cardiac stem cell therapy.
Pivotal trials rapidly pushed stem cell therapies from bench to bedside, with small animal
models in particular – namely mice and rats – serving as the basis for safety and efficacy
testing [2-4].
Since the first patient was treated with intracoronary infusion of bone marrow stem
cells in 2001 [2], numerous Phase I and Phase II studies have repeatedly shown the safety
and feasibility of various cardiac stem cell therapies [5]. While these studies proved the
excellent safety profile of the tested cell products, there still remains a paucity of data on
efficacy because of the small numbers of patients included and the lack of statistical power.
Accordingly, several groups are currently recruiting patients for Phase III clinical trials
aiming to robustly address the issue of clinical efficacy of stem cell therapy for myocardial
repair. [6] (NCT01768702, NCT02059512, NCT01569178)
Until now, clinical trials have largely utilised cell types from the bone marrow that are
readily available. These do not necessarily reflect stem cell populations with high potential
to regenerate myocardium, however [7]. Accordingly, pluripotent stem cells have been
intensively investigated as a source for the generation of cardiomyocytes [8], cells of the
conduction system [9] or cardiovascular progenitors [10]. Clinical translation of these highly
advanced cell products requires new methods for appropriate safety and efficacy testing
with regard to application in patients. The role of animal models to meet these requirements
and ensure a full understanding of the biology of stem cell-based therapies is substantially
and continually increasing [11].
Due to similarities in heart rate, anatomical and physiological parameters, large animal
models have been advocated as superior to rodents in their ability to predict the results
of clinical studies in cardiac regeneration [11, 12]. To our knowledge, however, there is no
conclusive evidence supporting the contention that large animal models are superior to
rodents – particularly mice – for efficacy testing of cardiac stem cell therapies.
Against the background that the mouse model is cost-effective, readily genetically
modified and that over 25 years of experience in the field of murine embryonic stem cell
research exists, we performed a meta-analysis to assess the validity of mouse models
to predict improvement in left ventricular ejection fraction (LVEF) in clinical trials of
regenerative stem cell therapy. To ensure comparability, we included only controlled studies,
which assessed LVEF as a surrogate parameter for efficacy using magnetic resonance imaging
(MRI), representing the gold standard for assessment of LVEF in humans.
Materials and Methods

Search strategy
Articles published on Medline between January 1980 and October 2015 were searched via PubMed
using the following search terms: TERM A: “(Mouse) AND (stem cells OR progenitor cells OR bone marrow
OR mesenchymal OR hematopoietic) AND (myocardial infarction OR cardiac repair OR myocardial
regeneration)” and TERM B: “(Mouse) AND (stem cells OR progenitor cells OR bone marrow OR mesenchymal
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OR hematopoietic) AND (myocardial infarction OR cardiac repair OR myocardial regeneration) AND (MRI)”.
Only English, peer-reviewed and published reports were included. The retrieved studies were carefully
examined to exclude potentially duplicate or overlapping data.

Eligibility criteria: Inclusion/exclusion of articles
The abstracts of all studies retrieved by the above mentioned search terms were reviewed. Whenever
the respective abstract did not provide enough data for a decision based on our predefined eligibility criteria
(Fig. 1), the material and methods section was carefully studied.
Data abstraction
The following information was extracted from complete manuscripts of eligible studies: basal
characteristics of the study and LVEF. If necessary, data were estimated from graphics or recalculated by
available data [13]. Standard deviations were determined or recalculated from standard errors and vice
versa. In the final analysis, only studies using MRI for the assessment of LVEF were included. Data derived
by echocardiography, nuclear imaging, or pressure-volume loops were excluded. In cases of missing data,
corresponding authors were contacted, with two authors from six separate manuscripts responding [13].

Data analysis
For the first time, we performed a random effects meta-analysis and fixed effects meta-regression
analysis that included all available data on Medline regarding cardiac stem cell therapies post-acute
myocardial infarction (MI) or in the setting of chronic myocardial ischemia in mice meeting our eligibility
criteria. Our primary effect size was the difference in mean LVEF (reported in %) at follow up between
control and treated animals. Both groups underwent MI induction. In the case of multiple measurements
over time, data measured at the longest duration of follow up were used for analysis. Only data within the
range of one to six weeks after cell application were included.
We have compared numerous statistical models and chosen the maximum-likelihood (ML) estimator
[14] to conduct our random effects meta-analysis model. The subsequently obtained continuous variables
are reported as weighted mean differences (calculated via the weighted least square algorithm), together
with 95% confidence interval (CI), between cell-treated mice and control groups. Our choice to use the ML
estimator rather than the restricted maximum-likelihood (REML) is based on the credibility interval of ML
which is the same as the REML interval, but where ML covers the effects of nuisance parameters [15].
Overall homogeneity of differences in mean LVEF of single studies was evaluated based on Cochrane’s
chi-squared test and the estimator τ2. As described in Higgins et al. [16] heterogeneity was considered
significant at p<.1. Inconsistency was estimated by using the I2 statistic; values of 25%, 50%, and 75% were
considered low, moderate, and high inconsistency, known respectively as “Higgins rule of Thumb” [16].
Using meta-regression analysis, the following subgroup analyses were performed: cell type (embryonic
stem cells (ESC), mesenchymal stem cells (MSC), adult mesodermal cells (MC) and cardiovascular cells
(CVC)), cell origin (autologous, heterologous, xenogeneic), number of injected cells (1-4*105; 0.5-3*106),
number of injections (1-2; 3-4), measurement time points (1-3 weeks; >3 weeks), gender of recipient
(female or male) and the injected cell types (human, mice).
Funnel plots, Egger’s weighed regression and “the trim and fill method” of Duval et al. [17] were used
to detect potential publication bias [18].
All analyses were performed with R (Version 3.2.0). In particular, the meta-analysis was performed
with the metafor package [19] and the statistical tests and power analysis were computed by using the pwr
package [20].

Results
Electronic searching identified 1,394 publications. After review of the respective
abstracts – and where necessary the material and methods section – 1,226 articles were
excluded. Assessment of the remaining 228 papers resulted in 38 articles for detailed
evaluation, including supplemental material. A final 21 studies involving 583 animals were
identified to meet pre-specified inclusion criteria (Fig. 1). Our restrictive selection strategy
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Fig. 1. Flow-chart illustrating
the selection process for included studies. Only studies using
unmodified stem cell injections
into the heart of mice and which
employed MRI for LVEF assessment were considered. i.a. – intra arterial, i.v. – intravenous, i.o.
– intraosseous.

aimed to identify a comparable group of controlled studies all using the same modality for
LVEF assessment, a key consideration given the small size of the murine heart.

Study characteristics
A total of 583 mice from 21 studies containing 34 groups for comparison of the primary
endpoint (LVEF) were included in the meta-analysis. All studies were published between
2006 and 2015. Only young adult animals, aged 8 to 16 weeks, were used. Myocardial
infarction was induced by surgical permanent occlusion of the left anterior descending
artery (LAD) in 28 groups and by surgical cryo-injury in one group. 100,000 to 3,000,000
cells suspended in saline, PBS or medium were injected directly into the myocardium using
a syringe, constituting 5 - 30µl applied via 1 - 5 single injections. More details are provided in
Table 1. Treated animals received cell suspensions, whereas control animals received saline,
PBS or medium (suspending agent) alone. LVEF served as a surrogate measure of effect in
all studies. The follow-up period lasted from one to six weeks. Survival curves and mortality
data were only provided by four studies and, thus, not included in the meta-analysis. Data
on left ventricular end-diastolic volume and left ventricular end-systolic volume were not
reported in seven groups and thus not considered. None of the studies included reported
safety end points such as “Major Cardiovascular Adverse Events” (MACE). In 22 of the 34
included groups, immunodeficient mice were used, yet tumor – more precisely teratoma –
formation in animals receiving murine PSCs were reported in two of these groups only [21,
22].
Meta-analysis
The random effects meta-analysis model revealed that cardiac stem cell therapies,
including both adult and pluripotent stem cells, significantly improve left ventricular systolic
function after ischemic damage in mice: cell injection leads to an increase in LVEF of 8.59%
+/- 2.36 (95% CI 3.7 – 13.8; p=.012, Fig. 2) in treated animals in comparison to control
animals receiving suspending agent only. This improvement is referred to as the “overall”
effect in the following section.
The model was chosen after performing the test for homogeneity (p=.083, Fig. 3) and
calculating the between-study variance (τ2=.01, Fig. 3), as well as inconsistency (I2=33.39%,
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Table 1. Characteristics of included studies. ESC, embryonic stem cell; iPSC, induced pluripotent stem cell;
fASC, fresh adipose tissue-derived stem cell; CMPC, cardiomyocyte progenitor cell; MSC, mesenchymal stem
cell; EF, embryonic fibroblast; ESC-CM, ESC-derived cardiomyocytes; iPSC, induced pluripotent stem cell;
eCM, embryonic cardiomyocyte; SM, skeletal myoblast; CMPC-CM, CMPC-derived cardiomyocytes; EPDC,
epicardium derived cell; PBS, phosphate buffered saline; F, female; M, male; n/a, not applicable; 129Sv/J,
CD-1, C57/BL6, 129/Sv: mouse strains; SCID, NOD/SCID SCID-beige: immune-deficient murine strains; n,
number of animals (nc, control; nt, treated)
Fig. 2. Results of the
meta-analysis
visualized in
a forest plot.
Forest plot based on random
effects model
(maximum likelihood estimator; weights
calculated by
weighted least
square
algorithm) and difference in LVEF
(reported in %)
and the corresponding 95%
confidence intervals.
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Fig. 3. Characterization of the
random effect model estimator.
Between study variance τ2 and
inconsistency I2 to assess
the heterogeneity of studies
regarding
Hunter-Schmidt
estimator (HS), DerSimonianLaird estimator (DL), SidikJonkman estimator (SJ), the
maximum-likelihood estimator
(ML), restricted maximumlikelihood estimator (REML)
and empirical Bayes estimator
(EB). τ2 is considered to be significant (p=.01) according to Salenti et al. [16].  I2 evaluation according to
Higgins et al. [56]: low (< 25%), moderate (25% - 75%) and high (>75%) inconsistency.
Fig. 4. Funnel plots assessing for
publication bias. The funnel plots
show observed study outcomes
(black dots) and predicted missing
studies (white dots) on the x-axis
plotted against their corresponding
standard errors on the y-axis. A
vertical line indicates the estimate
based on A, the random effects, or
B the fixed-effects model. A pseudo
confidence interval region is drawn
around this value with bounds
equal to ±1.96*SE, where SE is the
mean standard error value from
the y-axis.

Fig. 3). Furthermore, no publication bias could be detected (Fig. 4): funnel plots demonstrated
symmetric behaviour and Egger’s regression test for symmetry was not significant (p=.4).
Subgroup analysis
In addition to assessing the overall efficacy of cardiac cell therapies in mice, we also
performed a subgroup analysis using meta-regression to explore the impact of different cell
types, cell origin, cell number, recipient gender, follow-up time and number of injections on
LVEF (Table 2).
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Fig. 5. Subgroup analysis to identify significant moderators. Meta-regression analysis of subgroups revealed factors that significantly influence the magnitude of the
functional improvement afforded by cell
therapies - using LVEF improvement as a
surrogate marker for efficacy. A Cell type
has no significant effect on the magnitude
of LVEF improvement (p<.48). B Cell origin
has an impact on efficacy: allogeneic cells
are most effective (12.9%; p=.046). C Less
than 500,000 cells are more effective than
higher numbers (p=.013). D The highest
increase in LVEF can be measured up to 3
weeks post-transplantation (p=.004). E Females benefit more from cardiac stem cell
therapies than male mice (p=.003). F The
overall effect of all investigated studies.
*Marked as significant according to regression coefficient of the respective fixed-effects model.

Table 2. Summary of meta-regression analyses for
different factors and their respective impact on the
effect (ΔLVEF) of cardiac stem cell therapies. ESC,
embryonic stem cells; iPSC, induced pluripotent
stem cell; MC, mesodermal cells; CVC, cardiovascular cells and progenitors; MSC, mesenchymal stem
cells. *Marked as significant according to regression coefficient of the respective fixed-effects model

Which cell type is most effective? Applied cells were divided into four subgroups: ESC
(embryonic stem cells), iPSC (induced pluripotent stem cells), MSC (mesenchymal stem cells),
CVC (cardiovascular cells) and MC (adult mesodermal cells). These led to an improvement
in LVEF of 17.1% (ESC), 15.9% (iPSC), 9.9% (CVC), 7.5% (MSC) and 7.2% (MC) compared
to the respective control group (Fig. 5 A). However, there were no significant differences in
efficacy between cell type (p=.48).
Impact of cell origin: Syngeneic, allogeneic and xenogeneic cells had significantly different
impacts on LVEF improvement (3.45%, 11.89%, 9.2%; p=.046), favoring transplantation of
allogeneic cells (Fig. 5 B).
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Number of injected cells: The injection of less than 500,000 cells resulted in significantly
higher LVEF improvements than the injection of 500,000 cells or more (LVEF improvement
of 10.8% vs. 6.3%; p=.01; Fig. 5 C).
Follow up time: LVEF improvements measured 1 to 3 weeks following cell injection were
significantly higher compared with longer follow-up (> 3 weeks); (LVEF improvement of
10.6% vs. 5.3%; p=.004; Fig. 5 D).
Female vs. Male: Female mice benefited significantly more from cardiac cell therapies
than their male counterparts (LVEF improvement of 8.7% vs. 6.5%; p=.003; Fig. 5 E).
Impact of other factors: No significant differences were observed between groups for
the number of injections (Table 2).
Power-Analysis
Based on our results, we used the ∆ LVEF improvement as a surrogate measure of effect
to perform a post hoc power analysis. Using our parameters (n=583, ∆ LVEF=8.59%, α=.05,
one-tailed t test) we obtained a power of .81.
Discussion

This meta-analysis of 22 studies, including a total of 583 animals, was performed to
assess the efficacy of cardiac cell therapies in mitigating post-MI contractile dysfunction in
mice. Our analysis shows that intra-myocardial cell injection increases LVEF by 8.59% as
measured by MRI. Moreover, meta-regression analyses performed to identify moderators
responsible for the LVEF improvement indicate that:
i)
Significantly greater increases in LVEF are associated with:
a.
Application of allogenic cells (compared to syngeneic and xenogeneic);
b.
Female animal recipients;
c.
Less than 500,000 injected cells;
d.
Follow-up times up to three weeks post-cell application.
ii)
Cell type and number of cell injections have no significant impact on the 		
magnitude of LVEF improvement.
These findings are discussed in detail, below.

Relevance of the mouse model for efficacy testing of cardiac stem cell therapies
Studies using rodents have contributed significantly to recent advances in cardiovascular
biology and provided proof-of-concept for the development of novel therapeutics [23].
However, the ability of small rodents - particularly the mouse model - to predict the results of
human stem cell-based myocardial regenerative trials has been vigorously challenged [11].
This assumption is based on the premise that the anatomical and physiological differences
between mice and humans are sufficient to lead to variant results between preclinical models
and clinical trials. However, objective data corroborating this assumption are lacking. The
most frequently quoted differences between human and murine hearts relate to divergences
in calcium handling properties [24], ventricular expression of motor proteins [25], organ size
and beating frequency, and coronary architecture [26]. That these fundamental differences
can be clinically germane is exemplified by the finding that mice with heart failure benefit
from phospholamban (PLN) ablation, whereas humans lacking PLN develop lethal dilated
cardiomyopathy [24].
Yet, it would be wrong to conclude from this observation that mice are inappropriate
models to predict results of clinical stem cell therapy trials. Rather, such differences
between mice and men highlight that an understanding of the mode of action of therapies
is indispensable for the development of novel therapies using rodent models. As a corollary,
the appropriateness of the mouse model to predict the clinical results of cardiac stem cell
therapies depends fundamentally on the alleged targeted biological mechanism. Aiming
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at functional replacement of beating cardiomyocytes alone, fundamental interspecies
physiological and anatomical differences might limit the validity of rodent results to predict
clinical outcome [27]. However, when highly conserved biological pathways and processes
are targeted, we believe the mouse to be a valid model for the prediction of clinical results of
regenerative therapy. Beneficial effects of cardiac cell therapies have been mainly attributed
to modulation of apoptosis [28, 29], inflammation and angiogenesis [30-33]. Intriguingly,
these mechanisms are highly conserved biological pathways in mammals [34-36]. This
corroborates our hypothesis that the mouse is a valid model to predict the magnitude of LVEF
improvement in clinical trials of cell therapies for the treatment of ischemic myocardium. The
mouse model is cheap, has a short reproductive cycle and can be easily genetically modified
[26], providing an excellent tool for studies of mode of action, proof-of-concept studies and
biological safety testing [37].
Our meta-analysis reveals that application of cardiac cell therapies for treatment of
ischaemic myocardium in mice results in an increase in LVEF by ~8.6%. This value is in
striking agreement with results from the largest meta-analysis undertaken in large animal
models (including 1,415 animals) which reported an increase in LVEF by 8.3% following
stem cell application [38].
At the point of having identified an attractive cell type for cardiac repair, the ultimate
application of the respective cell preparation has to be made in animal models faithfully
recapitulating the clinical setting. In this context, large animals with similar anatomical and
physiological properties, like pigs, will play a predominant role in translational research.
This applies particularly to points in the final steps from bench to bedside, such as the exact
clinical scenario treated, route of application, the time point of cell administration, the choice
of device for cell injection, safety of these tools and the biodistribution of cells in a model
with similar anatomical proportions.
In this context, large animal models with anatomical and physiological properties
similar to patients, enable the use of clinical relevant endpoints such as mortality, major
adverse cardiovascular events (MACE), cardiac dimensions and hemodynamics.
Impact of cell source (allogeneic)
To the best of our knowledge, neither preclinical nor clinical studies have compared the
efficacy of allogeneic versus autologous stem cells as regenerative therapy post-MI. Hare et al.
[39] showed that both autologous and allogeneic MSCs are safe in the treatment of ischemic
cardiomyopathy in patients. Furthermore, data from a meta-analysis in large animal models
suggest that allogeneic MSCs are as efficacious as autologous MSCs in improving myocardial
pump function [38].
Our meta-analysis shows that use of allogeneic cells leads to significantly greater LVEF
improvement than syngeneic cells. Even though syngeneic cell transplantation into inbred mice strains is not directly comparable to autologous cell transplantation, our results
support the postulate that allogeneic cell application may provide an attractive alternative to
autologous cell-based therapies. The allogeneic approach may allow for ‘off the shelf’ stem
cell therapies and the use of highly potent cell preparations from young healthy donors.
Gender
To our knowledge, this meta-analysis is the second one to provide evidence that
female sex is associated with greater responsivity to cardiac cell therapies. Our results are
in agreement with a meta-analysis investigating the influence of patient characteristics on
study results by meta-regression. In the latter study, male individuals benefitted less than
females from intracoronary infused bone marrow stem cells for the treatment of acute
myocardial infarction [40]. Interestingly, the relevance of gender specific approaches in
the field of cardiovascular medicine has increased over the last few years. Both clinical
and preclinical studies indicate that female sex favourably influences the remodelling and
adaptive response to myocardial infarction [41]. Furthermore, a greater resistance of female
myocardium to ischemia/reperfusion injury has been demonstrated in several animal
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models [41]. Increased angiogenesis, which might be mediated by estradiol-dependent
pathways, has been suggested as a potential mechanism underlying these effects [42, 43].
Further evidence is required to elucidate the impact of sex on responsiveness to cardiac cell
therapy.

Cell number
Different strategies have been proposed to improve the very low engraftment rates
following intramyocardial cell injection [44-46], a reasonable consideration when targeting
functional replacement of deceased cardiomyocytes. With a primary goal of functional
tissue replacement it seems logical that the effects of cell-based therapies will depend on the
number of cells administered [47]. However, other modes of action underlying the beneficial
effect of cardiac cell therapies beyond direct regeneration, such as paracrine effects, are
currently assumed to predominate [32]. Notwithstanding this, little attention has been paid
to date to dose-response relationships in the field of cardiac cell therapies. Meta-analyses of
clinical studies have reported inconsistent results concerning the effect of administered cell
number on LVEF improvement [5, 48-51].
Intriguingly, in our study meta-regression analysis revealed that - in mice - injection
of cell numbers lower than 500,000 lead to significantly higher LVEF improvements. This
suggests that paracrine mechanisms, as opposed to simple functional tissue replacement,
are a key contributor to the observed improvement in LVEF.
Follow up
Both clinical and preclinical studies have reported that the positive effects of cardiac cell
therapies on LVEF fade away during long-term follow up [13, 52]. Peak LVEF improvement
has been assessed after six months in the clinical setting [52] and at up to one to two weeks
in large animal models [13]. This is in line with the results from our meta-regression analysis
showing that LVEF improvement is significantly higher within the first 3 weeks after cell
application compared to longer follow-up times.
Number of cell injections
The number of cell injections did not have a significant effect on LVEF improvement. This
correlation has not been directly investigated yet - either in clinical or preclinical studies. It
has been speculated that intramyocardial injections disrupt tissue architecture and lead to
inhomogeneous cell distribution within the infarcted area [47]. In order to provide robust
data on both the optimal number of cells and individual injections, preclinical and clinical
studies systematically addressing these questions for a specific cell type are necessary.

“Regenerative potential” of ESCs
The preclinical data obtained from our meta-analysis indicates that ESCs have a high
potential to improve cardiac function following myocardial infarction (Fig. 5 A). Early reports
have suggested “guided” differentiation into cardiomyocytes of ESCs transplanted into
healthy and ischemic myocardium [53]. This hypothesis has been refuted by Nussbaum et
al. who showed that neither healthy nor ischemic myocardium guides differentiation of ESCs
into cardiomyocytes [54]. In fact, undifferentiated ESCs form teratomas in both syngeneic
and allogeneic recipients [54], thereby strictly excluding them from therapeutic approaches.
While efficacy has been demonstrated for ESCs, their incapability to form cardiomyocytes
in vivo suggests that modes of action beyond direct regeneration underlie the reported
beneficial effect of intramyocardially transplanted ESCs.
Burt et al. showed that mitotically inactivated ESCs improve cardiac function although
do not survive long-term, thus circumventing adverse effects such as tumour formation [55].
The proposed mode of action was transient function as an in vivo feeder layer that nurses
damaged myocardium.
While further investigation is necessary to understand the mechanisms underlying
improved cardiac function other than functional tissue replacement, our data demonstrate
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that the mouse is a valid model to address the efficacy of cell-based therapy post myocardial
infarction.
Conclusion

To our knowledge, this is the first systematic review and meta-analysis to assess the
effect of cell therapies in murine models of acute myocardial infarction.
In contrast to previous meta-analyses addressing large animals [13, 38] and humans
[49], pluripotent stem cells and their derivatives have been included.
Furthermore, the magnitude of LVEF improvement is strikingly similar to results
obtained from the most extensive meta-analysis of large animal models [13, 38]. This
emphasizes the high relevance and reliability of the mouse model for evaluating the effect of
new cell types for cardiac repair.
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2.3.3 ML-assisted outcome analysis of a Phase III clinical trial
Steinhoff, G., Nesteruk, J., Wolfien, M., ..., and Wolkenhauer, O. (2017).
Cardiac Function Improvement of the Randomized PERFECT Phase III Clinical Trial of
Intramyocardial CD133+ Application After Myocardial Infarction
EBioMedicine. IF: 6.680, Citations (December 14, 2020): 23

The Phase III clinical trial PERFECT (NCT00950274)17 was designed to assess clinical
safety and efficacy of an intramyocardial CD133+ bone marrow stem cell treatment
combined with coronary artery bypass graft (CABG) surgery for the induction of improved
cardiac repair. This was a multicentric, double-blinded, and randomized placebo controlled
trial. The study was conducted across six centres in Germany between October 2009
through March 2016 and was stopped due slow recruitment after positive interim analysis
in March 2015. The inclusion criteria were post-infarction patients with chronic ischemia
and reduced LVEF (25-50%). 82 patients were randomized in two groups receiving an
intramyocardial application of 5 ml placebo or a suspension of 0.5-5 million CD133 + cells.
In this study, I proposed and utilized the computational analysis strategy, in which I
applied supervised and unsupervised ML to clinical routine measurements and accompanying research parameters with respect to learning on small datasets. Unsupervised ML
techniques included t-SNE dimensional reduction to a three dimensional space, which was
afterwards fitted to two dimensions for an improved interpretability. I also compared and
combined several classical ML techniques (e.g., SVM, Random forest, Boosting) for patient
stratification and most important feature selection. Hereby, peripheral blood markers were
identified that show a distinct therapeutic-response profile and further characteristic baseline processes related to inflammation, proliferation, and vascularization. These signature
was identified by using patient samples obtained prior therapy application and is currently
refined as a predictive model for future therapies. The signature has been patented for the
prospective use of responsive patient classification prior to therapy.
In summary, the PERFECT trial outcome analysis demonstrates that the regulation of
induced cardiac repair is linked to the circulating pool of CD133 + endothelial progenitor
cells, thrombocytes, and associated with SH2B3 gene expression. Based on these findings,
responders to cardiac functional improvement may be identified prior a surgery by a
peripheral blood biomarker signature.
17

https://clinicaltrials.gov/ct2/show/NCT00950274
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a b s t r a c t
Objective: The phase III clinical trial PERFECT was designed to assess clinical safety and efﬁcacy of intramyocardial
CD133+ bone marrow stem cell treatment combined with CABG for induction of cardiac repair.
Design: Multicentre, double-blinded, randomised placebo controlled trial.
Setting: The study was conducted across six centres in Germany October 2009 through March 2016 and stopped
due slow recruitment after positive interim analysis in March 2015.
Participants: Post-infarction patients with chronic ischemia and reduced LVEF (25–50%). Interventions: Eightytwo patients were randomised to two groups receiving intramyocardial application of 5 ml placebo or a suspension of 0.5–5 × 106 CD133+.
Outcome: Primary endpoint was delta (Δ) LVEF at 180 days (d) compared to baseline measured in MRI.
Findings (prespeciﬁed): Safety (n = 77): 180 d survival was 100%, MACE n = 2, SAE n = 49, without difference
between placebo and CD133+. Efﬁcacy (n = 58): The LVEF improved from baseline LVEF 33.5% by + 9.6% at
180 d, p = 0.001 (n = 58). Treatment groups were not different in Δ LVEF (ANCOVA: Placebo + 8.8% vs.
CD133+ +10.4%, ΔCD133+ vs placebo +2.6%, p = 0.4).
Findings (post hoc): Responders (R) classiﬁed by ΔLVEF ≥ 5% after 180 d were 60% of the patients (35/58) in both
treatment groups. ΔLVEF in ANCOVA was +17.1% in (R) vs. non-responders (NR) (ΔLVEF 0%, n = 23). NR were
characterized by a preoperative response signature in peripheral blood with reduced CD133+ EPC (RvsNR: p =
0.005) and thrombocytes (p = 0.004) in contrast to increased Erythropoeitin (p = 0.02), and SH2B3 mRNA expression (p = 0.073). Actuarial computed mean survival time was 76.9 ± 3.32 months (R) vs. +72.3 ± 5.0 months
(NR), HR 0.3 [Cl 0.07–1.2]; p = 0.067.Using a machine learning 20 biomarker response parameters were identiﬁed
allowing preoperative discrimination with an accuracy of 80% (R) and 84% (NR) after 10-fold cross-validation.
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Interpretation: The PERFECT trial analysis demonstrates that the regulation of induced cardiac repair is linked to the
circulating pool of CD133+ EPC and thrombocytes, associated with SH2B3 gene expression. Based on these ﬁndings, responders to cardiac functional improvement may be identiﬁed by a peripheral blood biomarker signature.
TRIAL REGISTRATION: ClinicalTrials.gov NCT00950274.
© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Research in Context
Evidence Before This Study
Intramyocardial CD133+ puriﬁed autologous bone marrow stem cell
(BMSC) transplantation has been investigated as an adjunctive strategy
to coronary artery bypass graft (CABG) revascularization in order to improve left ventricular heart function following deterioration of left ventricular ejection fraction (LVEF) after acute myocardial ST-segment
elevation infarction (STEMI), and coronary artery 3-vessel disease sequentially treated by acute PCI and secondary CABG revascularization.
Previous safety and efﬁcacy (phase I, IIa, IIb) trials have demonstrated
clinical safety and some evidence of therapeutic efﬁcacy of adjunctive
CD133+ BMSC treatment adjunctive to CABG coronary revascularization. The randomised double-blinded placebo controlled PERFECT-trial
was designed to assess clinical safety and efﬁcacy in a, ICH-GCP
complaint study setting. Post hoc biomarker and subgroup analyses
were performed to identify CD133+ bone marrow stem cell related
cardiac repair mechanisms related to interventional CD133+ BMSC
transplantation.
Added Value of This Study
The study demonstrates the central regulatory importance of
CD133,34 + EPC response for angiogenesis, suppression of response by
SH2B3, impact for cardiac tissue repair, selection of responding patients,
and monitoring of angiogenesis response by combined diagnostic factors using machine learning.
Implications of All the Available Evidence
The described mechanism of suppression bone marrow CD133+ angiogenesis response may have a pivotal role in cardiovascular tissue repair. Selection of patients by speciﬁc diagnostic peripheral blood
biomarkers appears to be feasible and may lead to tailored therapy in
cardiovascular disease. The lack of vascular repair by reduced blood angiogenesis may be a decisive determinant for cardiovascular disease and
impaired tissue repair.

In light of this uncertainty, we have attempted to investigate the
mechanism of cardiac repair and the role of bone marrow CD133 +
EPC regulated angiogenesis using the results of the clinical PERFECT
trial and its data recorded (Donndorf et al., 2012). Extensive additional
laboratory analyses was carried out to delineate the underlying mechanisms and to develop diagnostic approaches for identifying patient
(non)responsiveness to stem cell therapies by analyzing the following
clinical features: 1. Baseline characteristics of treatment responders vs.
non-responders; 2. Mechanism of action for cardiac regeneration and
diagnostic access; 3. Relevance of LVEF endpoint for long term survival.
2. Methods
2.1. Trial Design
The PERFECT trial was a randomised, multicenter, placebocontrolled, double-blinded phase III study investigating the effects of
intramyocardial CD133+ BMSC treatment in combination with coronary artery bypass graft revascularization (CABG) for post infarction
myocardial ischemia (Donndorf et al., 2012). The trial performed according to ICH-GCP was listed under the EudraCT number 2006006404-11, DRKS number DRKS00000213, and approved by the committee of the University Medicine Rostock (FK 2007-07) and all trial
sites in Germany (Supplement Appendix 1). Regulatory approval was
given by the Paul-Ehrlich-Institute, Langen, Germany. The trial was registered at ClinicalTrials.gov identiﬁer: NCT00950274. Characteristics of
trial design, changes to trial design, outcomes, interim analysis, and recruitment period are depicted in Appendix 2 (Supplement) and the
Clinical Trial Report (Appendix 1).
Inclusion criteria of the PERFECT trial (Supplement Appendices 1
and 2) were (a) coronary artery disease after myocardial infarction
with the indication for CABG surgery, (b) reduced LVEF (25–50%) and
(c) presence of a localized kinetic/hypokinetic/hypoperfused area of
LV myocardium deﬁning the SC target area (Supplement Fig. 1). According to the trial ﬂow chart (Supplement Fig. 2) assessments were performed preoperative and at days 1, 3, 10, 90, and 180 post operation.
In addition, safety (MACE) follow up was performed at 24 months
post-treatment.
2.2. Participants and Study Settings

1. Introduction
Reparative therapies using stem cells for the repair of heart tissue
have been at the forefront of preclinical and clinical development during
the past 16 years (Fisher et al., 2016). Among the different approaches,
the direct implantation of bone marrow- derived cells into heart tissue
still attracts the most dedicated clinical developmental attention since
the ﬁrst-in-man application in 2001 and several promising clinical
pilot trials (Stamm et al., 2003; Tse et al., 2003; Stamm et al., 2007).
Yet, in these trials, clinically relevant improvements of LVEF as well as
non-responsive patients were observed both in treatment and placebo
groups (Henry et al., 2016; Nasseri et al., 2014; Bartunek et al., 2016).
This has raised the question of induction of reparative mechanisms independent of stem cell application and potential suppressive factors of
vascular repair associated with CD34+ Endothelial Progenitor Cells
(EPC) (Werner et al., 2005; Taylor et al., 2016; Bhatnagar et al., 2016;
Contreras et al., 2017).
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A total of 119 patients were screened in 6 centres in Germany
(Fig. 1). All patients signed the informed consent form and were included in the study. Eighty-two (82) patients were randomised to
active treatment or placebo. The allocation of patients to the
different analysis sets is shown in Fig. 1. Initially, we evaluated the
basic patient characteristics of the randomised patient groups for safety
set (SAS) analysis (n = 77) and per-protocol set (PPS) efﬁcacy analysis
(n = 58) respectively for subanalysis of MRI early/late, primary endpoint responder/non-responder, biomarkers, preoperative cardiac disease state, age, sex, concomitant diseases, taking medications,
operative procedures and postoperative course (Table 1).
2.3. Cell Preparation and Manufacturing
All patients enrolled in the study underwent bone marrow aspiration (mean 166 ± 20 ml) and withdrawal of 20 ml blood one to two
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days before CABG surgery. To ensure consistent quality and individual
safety of the cell product, central manufacturing according to GMP standard was performed at Seracell GmbH, Rostock. CD133+ cells were selected from the bone marrow aspirate of each patient and individuals
in the active group received autologous CD133+ cells suspended in
physiological saline + 10% autologous serum. Patients of the control
group received the placebo preparation with saline +10% autologous
serum; their CD133+ cells were stored by the cell product manufacturing site. In the CD133+ group the recovery percentage of CD133+ cells
was 23.7 ± 10.4%, non-target cell depletion efﬁciency was N 99.2% and
the ﬁnal dose of CD133+ cells administered was 2.29 × 106 ± 1.42.
Cell counts were determined by FACS using single platform analysis.
The ﬁnal preparation dose was 0.5 × 106–5 × 106 CD133+ cells

suspended in 5 ml of saline supplemented with 10% autologous
serum, drawn into 5 × 1 ml syringes.
2.4. Randomisation and Masking
Randomisation to study treatment was done after all screening procedures had been performed, eligibility for the study conﬁrmed and
after bone-marrow aspiration. We used permuted block randomisation,
randomly varying block sizes, stratiﬁed by study site (Rosenberger and
Lachin, 2003). Patients were randomised on a 1:1 basis to receive
CD133+ cells or placebo (Fig. 1). The study was performed in a double
blind manner up to ﬁnal data closure in 4/2016. Only the cell preparation team at the contract GMP manufacturer was unblinded for

Fig. 1. PERFECT Trial ﬂowchart and prespeciﬁed or post hoc analysis sets. The randomised multicentre trial was performed double-blinded placebo controlled through six heart centres in
Germany according to ICH-GCP and is depicted according to CONSORT and STARD guidelines:1 A total of 119 patients were screened in 6 centres in Germany from Sept. 2009 through June
2015. All patients signed the informed consent form and were included in the study. Thirty-seven participants were excluded before randomisation due to newly identiﬁed exclusion
criteria such as severe arrhythmia. 2 Eighty-two (82) patients were randomised to active treatment or placebo. Two (Stamm et al., 2003) patients were randomised but not treated
because the CD 133+ preparation did not comply with the release criteria for GMP. 3 Forty (48.8%) patients received an injection of CD133+ cells and 40 (48⋅8%) received an
injection of placebo. 4 Three patients were excluded because of insufﬁcient CD133+ cell count below minimum dosis resulting in the safety-analysis-population (n = 77). 5 After a
careful review of the blinded data in a blind data review meeting conducted on the 20 May 2016 a total of 19 patients were excluded from the full analysis population due to protocol
violations with incomplete MRI follow-up data leading to the Per Protocol Set (PPS) efﬁcacy-analysis-population (n = 58). Patient distribution for PPS efﬁcacy population by study
centres: German Heart Center Berlin 8%, Medical School Hannover 28%, University Medicine Rostock 38%, Heart and Diabetes Center Bad Oeynhausen 5%, Heart Center Leipzig 13%,
University Medicine Hamburg 10%. 6 Additional MRI at day 10 postoperative for subanalysis of early and late postoperative changes for subgroup analysis early and late postoperative
changes. 7 Post hoc analysis for actuarial survival was performed in registry analysis 7 years after FPI on Nov. 1, 2016. 8 Post hoc analysis was additionally performed in the efﬁcacy
group (n = 58) to unravel contributing non CD133+ injection related factors of late improvement. Patients were grouped in the efﬁcacy analysis set according to effective response in
primary endpoint as responder or non-responder (Δ LVEF 180 d vs.0 responder ≥ 5% vs. non-responder b 5%). According to this post hoc analysis 35 patients from 58 (60.3%) were
responders to treatment. This Responder/non-responder (R/NR) ratio was similar respectively in the placebo group 56⋅5% (R/NR 17/30 pt.) and in the CD133+ group 64% (R/NR 18/
28 pt.) (Placebo vs. CD133+; p = 0⋅ 373). Responder (35/58) and non-responder (23/58) analysis was performed in efﬁcacy group (n = 58). 9 Biomarkers were studied in 39
patients of the efﬁcacy group (n = 58) independent on placebo/CD133+ or responder/non-responder group. All laboratory tests were realized in patients located in the Rostock
centre (n = 31), where immediate laboratory analysis of FACS and CFU was guaranteed. Additional patients from other centres (8/58) were evaluated also in the Biomarker cohort
according to realized parameters. Biobank at time point (pre- and postoperative day) −2, −1, +1, +3, +10, +180: Peripheral blood MNC/FACS (CD 133, 34, 117, 184, 309, 45, 31,
14), CFU-Hill, serum analysis angiogenesis factors and cytokines; Bone-marrow MNC, Isolated CD133+ FACS (CD133, 34, 117, 184, 309, 45, 31, 14), CFU-EC, RNA-seq.
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1468 ± 1947
108–12,735
Median: 803

NT Pro-BNP (pg/ml)

97.4
97.4
98.7
81.8
32.5

242 ± 78.2
73.620
Median:231

Thrombocytes (109/l)

34, 2.92 ± 0.748
1.6–5.0
Median: 2.75
34, 1.12 ± 0.237
0.70–1.60
Median: 1.10
38, 1.99 ± 1.14
0.80–6.40
Median: 1.60
0.635 ± 1.11
0.10–7.00
Median: 0.400
90.4 ± 21.4
53–152
Median: 86

65, 2.88 ± 0.86
0.80–5.0
Median: 2.70
65, 1.12 ± 0.293
0.60–1.98
Median: 1.10
68, 1.81 ± 0.98
0.60–6.40
Median: 1.60
76, 0.565 ± 0.846
0.10–7.0
Median: 0.400
90.0 ± 22.8
48–160
Median: 87

97.5
95.0
97.5
82.5
32.5

252 ± 91.4
144–620
Median:
231
1474 ± 2378
108–12,735
Median: 646

8.06 ± 1.75
5.0–11.9
Median: 8.00

62.9 ± 8.50
35–79
Median: 61.5
34 (85)
39, 29.1 ± 4.28
19.4–38.6
Median: 28.6
21, ≤6 months: 10
(47.6)
7–12 months: 3
(14.3)
N12 months: 20
(38.1)
12 (30.0)
50.0
85.0
65.0

63.2 ± 8.37
34–79
Median: 63.0
67 (88.2)
76, 28.8 ± 4.12
19.4–38.6
Median: 28.3
47, ≤6 months: 21
(44.7)
7–12 months: 6
(12.8)
N12 months: 20
(42.6)
20 (26.0)
42.9
83.1
61.0

76, 8.05 ± 1.78
5.0–11.9
Med.: 7.90

Medication
Aspirin (%)
Statin (%)
β-blocker (%)
ACE inh. (%)
AT1 rec. Antag. (%)

Safety (SAS) placebo

77
40
(mean, SD, min-max, (mean, SD, min-max,
median)
median)

Leucocytes (109/l)

Creatinine (μmol/l)

CRP (mg/l)

Triglycerides, mol/dl

HDL cholesterol, mg/dl

PCI prior to CABG, n%
Diabetes(%
Hypert. (%)
Hyperlipidemia (%)
Laboratory parameters
LDL cholesterol, mg/dl

Last myocardial infarction

Sex/male%
Body mass index (kg/m2)

Basic data
Age (y)

N

Safety (SAS) all

Patient characteristics and randomisation analysis sets I

Table 1
Patient characteristics and randomisation analysis sets.

97.3
100.0
100.0
81.1
32.4

1560 ± 1370
225–7230
Median: 1028

232 ± 60.2
73–351
Median: 232

36, 8.04 ± 1.83
5.1–11.7
Med.: 7.90

31, 2.84 ± 0.98
0.80–4.80
Median: 2.70
31, 1.12 ± 0.35
0.60–1.98
Median: 1.00
30, 1.59 ± 0.70
0.60–3.40
Median: 1.50
36, 0.486 ± 0.383
0.10–1.70
Median: 0.400
91.4 ± 24.4
48–160
Median: 87

63.5 ± 8.34
34–78
Median: 65.0
33 (89.2)
28.5 ± 3.98
19.6–38.0
Median: 28.1
26, ≤6 months: 11
(42.3)
7–12 months: 3
(11.5)
N12 months: 12
(46.2)
8 (21.6)
35.1
81.1
56.8

37
(mean, SD, min-max,
median)

CD133+

96.7
96.7
100.0
83.3
36.7

1551 ± 2647
108–12,735
Median: 681

0.065b

1.000c
0.494c
1.000c
1.000c
1.000c

246 ± 82.3
144–620
Median: 231

8.03 ± 1.78
5–11.8
Median: 8.00

26, 2.91 ± 0.75
1.6–5.0
Median: 2.75
26, 1.13 ± 0.218
0.80–1.5
Median: 1.10
28, 2.06 ± 1.26
0.90–6.4
Median: 1.60
0.403 ± 0.275
0.10–1.20
Median: 0.400
91.3 ± 23.2
53–152
Median: 85.5

63.6 ± 7.75
53–79
Median: 62
26 (86.7)
29.0 ± 3.81
19.4–37.2
Median: 29.4
15, ≤6 months: 4
(26.7)
7–12 months: 3
(20.0)
b12 months: 8
(53.3)
9 (30.0)
46.7
90.0
60.0

30

Efﬁcacy
placebo/CD133+

0.714b

0.975a

0.992b

0.983b

0.166b

0.476b

0.695a

0.445c
0.198c
0.464c
0.491c

0.631b

0.739c
0.575a

0.751a

P

100.0
100.0
100.0
82.1
28.6

1560 ± 1527
225–7230
Median: 1048

229 ± 65.7
73–351
Median: 229

7.91 ± 1.94
5.1–11.7
Median: 7.70

24, 2.84 ± 0.915
1.60–4.80
Median: 2.70
24, 1.04 ± 0.286
0.60–1.70
Median: 0.900
24, 1.70 ± 0.72
0.70–3.40
Median: 1.65
0.511 ± 0.42
0.10–1.70
Median: 0.35
92.6 ± 25.4
48–160
Median: 89

64.0 ± 7.20
50–78
Median: 65
26 (92.9)
28.8 ± 4.11
19.6–38.0
Median: 28.4
19, ≤6 months:
8 (42.1)
7–12 months: 2
(10.5)
N12 months: 9
(47.4)
6 (21.4)
42.9
89.3
64.3

28

CD133+

1.000
1.000
n/a
1.000
0.583

0.079b

0.709b

0.807a

0.913b

0.504b

0.451b

0.114b

0.767a

0.554c
0.893
0.828
0.791

0.584b

0.671c
0.804a

0.853a

P

100.0
97.1
100.0
85.7
28.6

1266 ± 1469
137–8444
Median: 688

257 ± 81.5
123–620
Median: 238

7.99 ± 1.86
5.0–11.7
Median: 7.70

30, 2.90 ± 0.911
1.60–5.0
Median: 2.65
30, 1.05 ± 0.252
0.60–1.70
Median: 0.95
31, 1.86 ± 1.13
0.80–6.4
Median: 1.60
0.469 ± 0.3471
0.10–1.40
Median: 0.400
92.0 ± 26.2
48–160
Median: 88.0

62.9 ± 7.21
50–78
Median: 61
31 (88.6)
28.7 ± 4.14
19.4–38.0
Median: 29.1
19, ≤6 months: 8
(42.31
7–12 months: 2
(10.5)
N12 months: 9
(47.4)
5 (14.7)
38.2
91.2
65.7

35

Efﬁcacy (PPS)
Resp

95.7
100.0
100.0
78.3
39.1

20, 2.84 ± 0.698
1.6–4.1
Median: 2.70
20, 1.15 ± 0.252
0.80–1.60
Median: 1.10
21, 1.94 ± 0.951
0.70–4.50
Median: 1.80
0.435 ± 0.370
0.10–1.70
Median: 0.30
91.8 ± 21.1
53–132
Median:
87.0
7.94 ± 1.86
5.1–11.8
Median:
7.80
208 ± 51.2
73–311
Median:
220
1925 ± 2903
108–12,735
Median:
1025

65.3 ± 7.68
53–79
Median: 66.0
21 (91.3)
29.1 ± 3.64
22.9–35.2
Median: 28.4
15, ≤6 months:
4 (26.7)
7–12 months: 3
(20.0)
N12 months: 8
(53.3)
10 (41.7)
56.5
91.3
56.5

23

NonResp

0.397
1.000
1.000
0.496
0.568

0.861b

0.004b

0.921a

0.611b

0.641b

0.495b

0.177b

0.788a

0.074c
0.190
1.000
0.583

0.341b

1.000c
0.723a

0.231a

p

29 (100)
26 (89.7)
24 (82.8)
21 (72.4)
4 (13.8)

39 (100)
33 (84.6)
35 (89,7)
26 (66.7)
6 (15.4)

1757 ± 2382
108–12,735
Median: 1063

239 ± 85.8
73–620
Median: 234

8.25 ± 1.91
5.1–11.8
Median: 8.00

35, 2.98 ± 0.92
1.60–5.0
Median: 2.80
35, 1.11 ± 0.253
0.80–1.70
Median: 1.10
36, 2.03 ± 1.17
0.70–6.4
Median: 1.75
0.505 ± 0.389
0.10–1.70
Median: 0.400
95.6 ± 25.2
48–160
Median:

64.8 ± 7.46
53–79
Median: 66.0
33 (84.6)
29.5 ± 3.90
19.6–38
Median: 30.2:
22, ≤6 months:
8 (36.4)
7–12 months: 4
(18.2)
N12 months: 10
(45.5)
9 (23.1)
30.8
100
84.6

39

Biomarker
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28,
1753 ± 2796
108–12,735
Med.: 687

228 ± 63.8
73–351
Median: 223

8.07 ± 1.65
5.1–11.7
Median: 7.70

26, 2.83 ± 0.82
1.6–5.0
Median: 2.65
26, 1.06 ± 0.239
0.60–1.50
Median: 1.05
26, 1.83 ± 1.14
0.70–6.40
Median: 1.60
0.483 ± 0.433
0.10–1.70
Median:0.300
89.4 ± 23.8
57–160
Median: 82.0

62.9 ± 6.86
51–79
Median: 62
27 (93.1)
28.7 ± 3.87
22.5–38.0
Median: 27.8
19, ≤6 months: 5
(26.3)
7–12 months: 5
(26.3)
N12 months: 9
(47.4)
8 (27.6)
37.9
96.6
86.2

29

MRI early/late
Plac/CD133
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3.98 ± 3.64
0.13–17.1
Median: 2.60
1: 4 (10.0)
2: 16 (40.0)
3: 19 (47.5)
4: 1 (2.5)
39,
1.62 ± 1.16
0–3
Median: 2
36,
376 ± 112
108–644
Median: 367.5

4.33 ± 3.44
0.13–17.1
Median: 2.98
1: 10 (13.0)
2: 29 (37.7)
3: 36 (46.8)
4: 2 (2.6)
76, 1.46 ± 1.18
0–3
Median: 2

LV mass (MRI) (g)

75,
182 ± 43.0
101–287
Median: 180

13 (43.3)
7 (23.3)

0.494c
0.299c

39,
34 (87.2)
33,
30.2 ± 18.8
4–89
Median: 29
33,
24.5 ± 18.5
0–70
Median: 20
36,
185 ± 43.9
101–274
Median: 187

37,
32.2 ± 12.6
2–56
Median: 32
36,
25.0 ± 14.2
0–56
Median: 25.5
39,
179 ± 42.5
104–287
Median: 178

0.608a

0.897a

0.573a

27,
23.0 ± 13.9
0–50
Median: 22.0
184 ± 44.4
104–287
Median: 183

29,
25 (86.2)
28,
30.4 ± 12.3
2–49

c

0.432

29, 20 (69.0)

0.790c

39, 29 (74.4)

35 (94.6)

29, 24 (82.8)

0.737c

39, 33 (84.6)

29 (78,4)

22, 17 (77.3)
22, 8 (36.4)
22, 8 (36.4)
22, 11 (50.0)
7 (23.3)

33 (89.2)

22, 2 (9.1)

0.179c
1.000c
0.274c
1.000c
1.000c
0.200c

29, 3 (10.3)
29, 14 (48.3)
29, 8 (27.6)
29, 9 (31.0)
29 12 (41.4)
8 (20.0)

Efﬁcacy (PPS)
Placebo/CD133+
30

P

0.759a

0.259b

0.872d

0.170
3.94 ± 3.24
1.33–16.3
Median: 2.59
1: 4 (13.3)
2: 9 (30.0)
3: 16 (53.3)
4: 1 (3.3)
29,
1.59 ± 1.18
0–3
Median: 2
27,
374 ± 114
108–644
Median: 350

63.3
93.3
36.7
3.3

0.821c
1.000c
0.356c
1.000c

b

Efﬁcacy
placebo/CD133+

P

29, 8 (27.6)

37
(mean,SD,min-max,
median)

CD133+

28,
367 ± 107
192–628
Median: 360

4.69 ± 3.21
0.88–11.9
Median: 3.57
1: 6 (16.2)
2: 13 (35.1)
3: 17 (45.9)
4: 1 (2.7)
1.30 ± 1.20
0–3
Median: 1

12 (32.4)

15 (40.5)

54.1
94.6
43.2
8.1

CD133+

29, 13 (44.8)
29, 13 (44.8)
29, 8 (27.6)
29, 12 (41.4)
13 (35.1)

Safety (SAS)
Placebo
40
(mean,SD,min-max,
median)

8 (20)

20 (26.0)

64,
372 ± 109
108–644
Median: 360

20 (50)

35 (45.5)

Patient characteristics and randomisation analysis set II
Safety (SAS)
All
N
77
(mean,SD,min-max,
median)
Myocardial function, perfusion and infarction
Area of infarction Septal (segments 58, 11 (19.0)
1,5,10,11)
Posterior (segments 2,6, 8,9,11)
58, 26 (44.8)
Anterior (segments 3,5,6,7,9,10,11) 58, 24 (41.4)
LateraI (segments 4,7,8,9,10,11)
58, 17 (29.3)
Combined (%) (score 5–11)
58, 24 (41.4)
Coronary artery stenosis N 50%
21 (27.3)
LMCA N (%)
Coronary artery stenosis N 50%
76, 66 (86.8)
RIVA N (%)
Coronary artery stenosis N 50%
76, 58 (76.3)
RCX N (%)
Coronary artery stenosis N 50%
76,
RCA N (%)
69 (90.8)
Scar size (MRI)-baseline (g)
70,
31.3 ± 15.7
2–89
Median: 29.5
Non-viable tissue (MRI) – baseline
69, 24.8 ± 16.2
(g)
0–70
Median: 22

6MWT-baseline (meter)

57.5
92.5
32.5
7.5

55.8
93.5
37.7
7.8

Safety (SAS) placebo

25,
25.9 ± 20.4
0–70
Median: 19.0
183 ± 36.7
122–270
Median: 186

25,
31.9 ± 20.8
4–89

27 (96.4)

25 (89.3)

25 (89.3)

21, 12 (57.1)
21, 11 (52.4)
21, 7 (33,3)
21, 9 (42.9)
10 (35.7)

21, 3 (14.3)

28

CD133+

20,
376 ± 92.0
206–570
Median: 361

4.80 ± 3.35
1.33–11.9
Median: 3.66
1: 5 (17v9)
2: 10 (35.7)
3: 12 (42.9)
4: 1 (3.6)
1.14 ± 1.24
0–3
Median:1

8 (28.6)

12 (42.9)

64.3
96.4
42.9
7.1

CD133+

0.352

0.933a

0.551a

0.755a

c

0.103c

0.706c

0.203c
0.364c
1.000c
0.763c
0.390c

0.664c

P

0.967a

0.199b

0.881d

0.246

b

0.767c

1.000c

1.000
1.000
0.789
0.605

P

33,
27.5 ± 14.6
2–59
Median: 25
33,
21.5 ± 16.2
0–62
Median: 18.0
182 ± 38.5
104–270
Median: 186

31 (91.2)

28 (82.4)

30 (88.2)

24, 9 (37.5)
24, 11 (45.8)
24, 9 (37.5)
24, 11 (45.8)
11 (32.4)

24, 5 (20.8)

Efﬁcacy (PPS)
Resp
35

3.97 ± 2.64
1.33–11.94
Median: 2.74
1: 4 (11.8)
2: 8 (23.5)
3: 21 (61.8)
4: 1 (2.9)
34,
1.38 ± 1.21
0–3
Median: 1.5
30,
368 ± 95.4
108–570
Median: 361

10 (28.6)

18 (51.4)

60.0
97.1
40.0
5.7

Efﬁcacy (PPS)
Resp

23,
21 (91.3)
20,
37.1 ± 18.5
14–89
Median: 36
19,
29.6 ± 18.1
7–70
Median: 25.0
186 ± 44.1
111–287
Median: 185

23, 17 (73.9)

19 (82.6)

19, 18 (94.7)
19, 7 (36.8)
19, 6 (31.6)
19, 9 (47.4)
6 (25.0)

19, 0 (0)

23

NonResp

17
388 ± 119
206–644
Median: 360

4.95 ± 4.09
1.33–16.3
Median: 3.22
1: 5 (20.8)
2: 11 (45.8)
3: 7 (29.2)
4: 1 (4.2)
1.35 ± 1.27
0–3
Median: 2

5 (21.7)

7 (30.4)

69.6
91.3
39.1
4.3

NonResp

1.000

0.711a

0.102a

0.042a

c

1.000c

0.697c

b0.001c
0.756c
0.755c
1.000c
0.772c

0.056c

p

0.530a

0.878b

0.180d

0.583

b

0.760c

0.175c

0.579
0.557
1.000
1.000

p

27,
31.1 ± 17.3
6–89
Median:
26,
23.0 ± 17.6
4–70
Median: 19.5
178 ± 47.6
104–287
Median: 178

27 (93.1)

24 (82.8)

22 (75.9)

19, 11 (57.9)
19, 7 (36.8)
19, 7 (36.8)
19, 8 (42.1)
12 (41.4)

19, 4 (21.1)

MRI early/late
Placebo/CD133+
29

4.31 ± 3.26
1.33–16.3
Median: 3.22
1: 5 (17.2)
2: 10 (34.5)
3: 13 (44.8)
4: 1 (3.4)
28,
1.57 ± 1.23
0–3
Median: 2
26,
388 ± 128
108–644
Median: 365

8 (27.6)

14 (48.3)

10 (34.5)
20 (69.0)
2 (6.9)
1 (3.4)

MRI early/late
Plac/CD133

38,
35 (92.1)
36,
30.9 ± 15.9
6–89
Median: 27.5
36,
23.0 ± 15.7
3–70
Median: 18.5
188 ± 44.4
104–287
Median: 187

38, 31 (81.6)

38, 35 (92.1)

29, 24 (82.8)
29, 12 (41.4)
29, 5 (17.2)
29, 16 (55.2)
11 (28.2)

29, 3 (10.3)

39

Biomarker

4.77 ± 3.73
1.33–16.3
Median: 3.22
1: 8 (20.5)
2: 12 (30.8)
3: 17 (43.6)
4: 2 (5.1)
38,
1.61 ± 1.22
0–3
Median: 2
32,
383 ± 114
108–644
Median: 385

11 (28.2)

18 (46.2)

8 (20.5)
28 (71.8)
5 (12.8)
1 (2.6)

Biomarker

212

CCS (class)

NYHA (class)
N(%)

Aldosteron Antag.(%)
Diuretic (%)
Ca-antag. (%)
Anti-arrh.
(%)
Risk factors and status
Smoking (previous)
N (%)
Smoking (actual)
N (%)
EuroScore

Safety (SAS) all
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76,
34.3 ± 6.42
25–49
Median: 34
76,
109 ± 29.4
41–194
Median: 107.5
76,
71.3 ± 22.4
21–141
Median: 71
58,
0.84 ± 0.39
0–1.6
Median 0.88

37

6 (16.2)
0 (0)
5 (13.5)
20 (54.1)
24 (64.9)
15 (40.5)
12 (32.4)
2 (5.4)
8 (21.6)
29 (78.4)
34 (91.9)
27 (73.0)
17 (45.9)
10 (27.0)
29 (78.4)
34 (91.9)
21 (56.8)
3.54 ± 0.84
2–5
Median: 3
68.0 ± 24.7
37–154
Median: 60
112 ± 40.9
53–236
Median: 106
1012 ± 1959
200–12,062
Median: 547
62.5 ± 141
4–892
Median: 41

7 (17.5)
1 (2.5)
9 (22.5)
24 (60.0)
27 (67.5)
19 (47.5)
14 (35.0)
4 (10.0)
9 (22.5)
30 (75.0)
31 (77.5)
27 (67.5)
20 (50.0)
12 (30.0)
27 (67.5)
33 (82.5)
22 (55.0)
3.35 ± 0.95
2–5
Median: 3
64.0 ± 18.4
24–110
Median: 63
100 ± 27.5
38–161
Median: 102
1565 ± 2955
192–16,584
Median: 692
57.6 ± 93.9
10–611
Median: 31

CD133+

29, 0.84 ± 0.4
0–1.6
Median 1.0

74.0 ± 25.4
21–141
Median: 75

32.8 ± 5.89
25–48
Median: 32
112 ± 32.5
41–194
Median: 109

Safety (SAS)
Placebo
40

39,
35.6 ± 6.67
25–49
Median: 36
39,
106 ± 26.2
45–176
Median: 107
39,
68.7 ± 19.2
31–110
Median: 69
28, 0.83 ± 0.38
0–1.6
Median 0.84

5 (16.7)
1 (3.3)
8 (26.7)
18 (60.0)
19 (63.3)
14 (46.7)
10 (33.3)
3 (10.0)
6 (20.0)
22 (73.3)
22 (73.3)
19 (63.3)
15 (50.0)
10 (33.3)
19 (63.3)
23 (76.7)
18 (60.0)
3.4 ± 0.97
2–5
Median: 3
63.5 ± 18.8
24–110
Median: 63.0
102 ± 23.9
38–161
Median: 102
1262 ± 1885
192–10,116
Median: 711
60.6 ± 107
24–611
Median: 30

0.542c
1.000c
0.382c
0.650c
0.815c
0.647c
1.000c
0.676c
1.000c
0.792c
0.117c
0.628c
0.821c
0.806c
0.317c
0.314c
1.000c
0.426b

0.119b

0.642b

0.155a

0.422a

Efﬁcacy (PPS)
Placebo/CD133+
30

24, 0.81 ± 0.36
0.2–1.6
Median 0.81

0.774b

P

71.2 ± 19.8
31–110
Median: 71.0

34.4 ± 6.46
25–49
Median: 35.0
107 ± 26.4
45–176
Median: 109

0.308a

0.432a

0.056b

752 ± 664
200–3263
Median: 561
39.8 ± 15.7
4–79
Median: 41.5

68.4 ± 26.9
37–154
Median: 59.5
113 ± 44.7
53–236
Median: 103

3 (10.7)
0 (0)
5 (17.9)
15 (53.6)
17 (60.7)
10 (35.7)
10 (35.7)
2 (7.1)
6 (21.4)
25 (89.3)
27 (96.4)
21 (75.0)
12 (42.9)
9 (32.1)
25 (89.3)
26 (92.9)
16 (57.1)
3.64 ± 0.87
2–5 Median 4

28

CD133+

27, 0.87 ± 0.40
0–1.6
Median 1

70.4 ± 25.3
21–141
Median: 73.0

32.5 ± 5.89
25–48
Median: 32.0
107 ± 32.6
41–194
Median: 104

0.575b

0.205b

0.248a

0.429a

0.707c
1.000c
0.534c
0.791c
1.000c
0.435c
1.000c
1.000c
1.000c
0.182c
0.026c
0.402c
0.610c
1.000c
0.031c
0.147c
1.000c
0.351b

P

0.330b

0.893a

0.941a

0.249b

913 ± 805
203–4056
Median: 672
60.1 ± 97.9
17–611
Median: 42

6 (17.1)
1 (2.9)
9 (25.7)
21 (60.0)
24 (68.6)
15 (42.9)
12 (34.3)
4 (11.4)
9 (25.7)
29 (82.9)
32 (91.4)
26 (74.3)
18 (51.4)
13 (37.1)
29 (82.9)
30 (85.7)
21 (60.0)
3.57 ± 0.884
2–5
Median: 4
67.7 ± 23.4
37–154
Median: 65.0
109 ± 39.0
53–236
Median: 102

Efﬁcacy (PPS)
Resp
35

32, 0.78 ± 0.38
0–1.4
Median 0.84

67.0 ± 20.8
21–110
Median: 69

32.8 ± 5.42
25–48
Median: 32
101 ± 27.9
41–162
Median: 101

1171 ± 2086
192–10,116
Median: 547
36.2 ± 20.5
4–107
Median: 28

2 (8.7)
0 (0)
4 (17.4)
12 (52.2)
12 (52.2)
9 (39.1)
8 (34.8)
1 (4.3)
3 (13.0)
18 (78.3)
17 (73.9)
14 (60.9)
9 (39.1)
6 (26.1)
15 (65.2)
19 (82.6)
13 (56.5)
3.43 ± 0.992
2–5
Median: 3
63.1 ± 22.4
24–131
Median: 59
105 ± 30.4
38–185
Median: 102

23

NonResp

19, 0.94 ± 0.38
0.4–1.6
Median 1

76.7 ± 24.0
40–141
Median: 77.0

34.6 ± 7.35
25–49
Median: 35.0
117 ± 29.1
76–194
Median: 110

0.028b

0.369b

0.644a

0.460a

0.458c
1.000c
0.534c
0.597c
0.272c
1.000c
1.000c
0.639c
0.329c
0.738c
0.135c
0.385c
0.426c
0.410c
0.209c
1.00c
1.000c
0.542b

p

0.172b

0.109a

0.033a

0.285a

701 ± 552
192–2800
Median: 562
36.1 ± 15.8
17–82
Median: 30.0

4 (13.8)
0 (0)
8 (27.6)
18 (62.1)
20 (69.0)
14 (48.3)
11 (37.9)
3 (10.3)
6 (20.7)
24 (82.8)
26 (89.7)
21 (/2.4)
12 (41.4)
8 (27.6)
22 (75.9)
25 (86.2)
13 (44.8)
3.48 ± 0.871
2–5
Median: 3
59.6 ± 17.7
24–97
Median: 55
99.9 ± 37.6
38–236
Median: 93

MRI early/late
Placebo/CD133+
29

27, 0.72 ± 0.43
0–1.6
Median 0.72

72.9 ± 25.8
21–141
Median: 69.0

34.9 ± 6.34
26–49
Median: 35.0
110 ± 35.5
41–194
Median: 109

1229 ± 1717
198–10,116
Median: 677
42.8 ± 23.1
21–115
Median: 31.0

4 (10.3)
1 (2.6)
7 (17.9)
21 (53.8)
20 (51.3)
12 (30.8)
13 (33.3)
5 (12.8)
7 (17.9)
33 (84.6)
32 (82.1)
26 (66.7)
19 (48.7)
14 (35.9)
29 (74.4)
33 (84.6)
26 (66.7)
3.49 ± 0.914
2–5
Median: 3
61.8 ± 16.2
24–97
Median 60
106 ± 32.0
38–236
Median: 102

39

Biomarker

39, 0.86 ± 0.39
0.2–1.6
Median 0.86

65.9 ± 23.2
21–141
Median: 69.0

100 ± 29.6
41–194
Median: 101

34.1 ± 6.40
25–48
Median: 34.0
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Data are n (%), mean ± SD, minimum-maximum, median (interquartile range). BMSC bone marrow stem cell, CABG coronary artery bypass surgery, PCI, percutaneous coronary intervention; AMI, acute myocardial infarction; CAD, coronary artery
disease; LAD, left anterior descending coronary artery; LCX, left circumﬂex coronary artery; RCA, right coronary artery; CK, creatine kinase; MRI, magnetic resonance imaging; ACE, angiotensin-converting enzyme; ARB, angiotensin receptor blocker;
MRA, mineralocorticoid receptor antagonist. Perfusion score: 0- normal perfusion, 1 – hypoperfusion, 2 – strong reduced perfusion.
a
t-Test for independent samples.
b
U test Mann-Whitney.
c
Fisher's exact test.
d
Chi-square test.

Patient characteristics and randomisation analysis set III
Safety (SAS)
All
N
77
Operative procedure and postoperative course
CD133 + BMSC treated infarct area (% LV Segments)
Segment 1 (%)
13 (16.9)
Segment 2 (%)
1 (1.3)
Segment 3 (%)
14 (18.2)
Segment 4 (%)
44 (57.1)
Segment 5 (%)
51 (66.2)
Segment 6 (%)
34 (44.2)
Segment 7 (%)
26 (33.8)
Segment 8 (%)
6 (7.8)
Segment 9 (%)
17 (22.1)
Segment 10 (%)
59 (76.6)
Segment 11 (%)
65 (84.4)
Segment 12 (%)
54 (70.1)
Segment 13 (%)
37 (48.1)
Segment 14 (%)
22 (28.6)
Segment 15 (%)
56 (72.7)
Segment 16(%)
67 (87.0)
Segment 17 (%)
43 (55.8)
Distal CABG-anastomoses
3.44 ± 0.90
N
2–5
Median: 3
Aortic clamping time (min)
65.9 ± 21.6
24–154
Median: 62
ECC time (min)
106 ± 34.8
38–236
Median: 102
Postoperative
CK max (U/l)
1299 ± 2525
192–16,584
Median: 583
CK-MB max (U/l)
60.0 ± 118
4–892
Median: 37.0

Stress Perfusion score (mean
Segment 1–17) (MRI)

LVESV index (MRI) – baseline (ml)

LVEDV index (MRI) – baseline (ml)

LVEF (MRI) – baseline (%)
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production of placebo or CD133+. The appearance of the ﬁnal placebo
and cellular product was indistinguishable to the investigators. In the
event of a medical emergency, and necessity for breaking the code, an
emergency envelope was available 24 h a day, 7 days a week for a member of the treatment team responsible for patient recruitment and clinical assessment, bone marrow harvest and performing the treatment.
2.5. Magnetic Resonance Imaging
Cardiac MRI was performed in the participating study centres according to an identical standard protocol. Each centre provided test
MRI scans to ensure image quality and adherence to the protocol before
recruiting patients into the study. Patients were scanned in the supine
position in 1·5 T scanners with dedicated cardiac software, using retrospective ECG gating and a phased array receiver coil. Standard imaging
protocol included morphologic images of the whole thorax, functional
measurements of the heart for LV-volumes and function, perfusionMRI with adenosine for detection of ischemia, and gadolinium late enhancement measurement for the assessment of LV viability. LV volumes
were measured based on a series of breath-hold SSFP-CINE sequences.
An end-diastolic, four-chamber view of the left ventricle at end-expiration provided the reference image on which a series of contiguous short
axis slices was positioned to cover the entire left ventricle. Infarct volume was assessed on late-gadolinium enhancement MRI images in
short axis orientation and vertical long axis. All MRI analyses were performed in a core lab at the University Hospital Göttingen, Department of
Diagnostic and Interventional Radiology, whose group members were
unaware of treatment assignments. Core lab MRI readings were used
to evaluate patient eligibility for the trial. Images were analysed with
QMass MR 7.6 software (Medis Medical Imaging Systems).
2.6. Interventions
Placebo (5 ml saline +10% autologous serum) or CD133+ stem cell
(5 ml puriﬁed CD133+ BMSC in saline +10% autologous serum) were
administered intramyocardially into the infarction border zone (penumbra) during the cardiac surgical procedure. The procedure was performed with extracorporeal circulatory support, aortic cross clamping
and cardioplegic arrest. The injections were done before cross-clamp release. The 5 ml suspensions were distributed in 15–20 injections applied
within 3 min in the region of interest (infarct border zone) according to
the affected left ventricular segments (see Supplement Fig. 1) at the end
of bypass surgery. Not more than one injection per square centimetre
was performed. During the whole duration of the study, patients were
treated per the standards of the centres and the American Heart Association (AHA) guidelines.
2.7. Outcomes
2.7.1. Prespeciﬁed Primary Outcome
Delta (Δ) LVEF at 180 d postoperatively versus baseline (Δ 180 d
vs. 0), measured by MRI at rest.
2.7.2. Prespeciﬁed Secondary Outcome
Objectives were (Δ 6 m vs. 0) left ventricular dimensions (LVEDV,
LVESV), classiﬁcation of heart failure (NYHA, CCS), NT-proBNP, scar
and non-viable tissue, 6-minute-walk-test, adverse events (AE), serious
adverse events (SAE), major adverse cardiac events (MACE), Serious
Unexpected Serious Adverse Reactions (SUSAR), and Quality-of-Life
(QoL). MACE outcome analysis was performed at 24 months.
2.7.3. Post Hoc Analysis
Kaplan-Meier survival (long term vigilance registry approved by the
ethics committee of the University Medicine Rostock: A 2017-0031).

2.8. Biomarkers
2.8.1. Prespeciﬁed
Distinct hematopoetic and endothelial CD133+ EPC subpopulations
and angiogenesis capacity were tested in a cohort of 39 patients in
bone marrow (BM) and peripheral blood (PB) employing coexpression
analysis using four-laser ﬂow cytometric methods (LSR II, Becton Dickinson, Heidelberg, Germany) for costaining panel enumeration of EPC
(Costaining panel CD133, 34, 117, 184, 309, 105, 45) and circulating endothelial cells (CEC) (Costaining panel: CD31, 146, 34, 45, 105, 184, 309)
as well as in vitro CFU-EC, CFU-Hill and in vivo Matrigel plug assay. NTproBNP as well as virus analysis were performed for EBV, CMV, and Parvovirus by IgG and antigen analysis in peripheral blood serum. Post hoc
analysis before ﬁnal data closure was performed for serum angiogenesis
factors and cytokines.
2.8.2. Post Hoc Analysis
BM subpopulation analysis and SH2B3 mRNA RT-PCR in peripheral
blood (PB): Methods and analysis of biomarkers studied in BM
CD133+ and PBMNCs samples using cytometric bead array (CBA) and
enzyme-linked immunosorbent assay (ELISA) and RT-PCR are depicted
in Supplement Appendix 3. Samples were taken from informed study
patients who gave their written consent according to the Declaration
of Helsinki. (approval by the Ethical committee, Rostock University
Medical Center 2009; No. HV-2009-0012). Analyses and examinations
were performed before unblinding of the trial and under careful adherence to the protection of data privacy (pseudonyms).
2.9. Statistical Analysis
The stratiﬁcation of the primary analysis by centre was neglected in
the sample size calculation. Instead of the analysis of covariance
(ANCOVA) used in the primary analysis, the two-sample t-test scenario
with equal variances was considered. Sample size was determined with
the assumption of a two-sided type I error (α) at 5% and a type II error
(β) at 10% (i.e. a power at 90%). The scenario of a difference in LVEF at
month 6 post-operatively between the two treatment arms of 4 to 5%
was considered as a clinically relevant difference. With a difference of
4.5 and a standard deviation of 7.5, at least n = 60 patients per group
were considered necessary and, with an additional 15% drop-out rate,
a total of at least 142 patients were to be randomised. Sample size was
calculated using the commercial program nQuery Advisor 5.0, section
8, Table MTT0-1 (Hofmann et al., 2002). Computation was realized
using central and non-central t-distribution where the non-centrality
parameter is √n δ/√2 and δ is deﬁned as effect size | μ1-μ2|/σ (O'Brien
et al., 1993). The two-sided hypothesis for the continuous primary efﬁcacy variable LVEF at 6 months (180 days) postoperatively will be
assessed using analysis of covariance (ANCOVA) adjusting for baseline
LVEF. Statistical analyses, ﬁnal data set calculation, and preparation
were performed by Koehler GmbH, Freiburg, and G.K., who was not involved in patient recruitment and follow-up.
Multivariance analysis included the ANCOVA, MANCOVA comparison of Placebo vs. CD133+ and for LVEF responders vs. non-responders
group using all single parameters of CRF outcome dataset speciﬁed in
Table 1 and biomarker analysis listed in Appendix 3. Given the complexity of variables additionally machine learning was applied for validation
of parameter correlations.
2.10. Data Analysis With Machine Learning
Identifying key features and classiﬁcation of the comprehensive patient data was obtained by employing supervised and unsupervised machine learning (ML) algorithms (Kuhn, 2008). We preprocessed the
data while removing features with low variance and high correlation
for dimension reduction following best practices recommendations.
Missing measurements were ﬁlled with zeros as frequently used in
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Table 2
Overall results of the ANCOVAa for primary and secondary outcome parameters in Placebo vs. CD 133+ BMSC (PPS; n = 58).

LVEF (%)
Placebob (nevaluable = 30)
CD133+b (nevaluable = 28)
ΔCD133+-Placeboc
LVEDV (index)
Placebob (nevaluable = 30)
CD133+b (nevaluable = 28)
ΔCD133+-Placeboc
LVESV (index)
Placebob (nevaluable = 30)
CD133+b (nevaluable = 28)
ΔCD133+-Placeboc
Scar size (g)
Placebob (nevaluable = 27)
CD133+b (nevaluable = 23)
ΔCD133+-Placeboc
Non-viable tissue (g)
Placebob (nevaluable = 27)
CD133+b (nevaluable = 23)
ΔCD133+-Placeboc
LV mass (g)
Placebob (nevaluable = 30)
CD133+b (nevaluable = 28)
ΔCD133+-Placeboc
6 MWT (meter)
Placebob (nevaluable = 25)
ΔCD133+b (nevaluable = 17)
CD133+-Placeboc
NT-proBNP
Placebob (nevaluable = 28)
CD133+b (nevaluable = 26)
ΔCD133+-Placeboc

Estimated
Baseline

Estimate (at 180 days)

Standard-error

95% CI

p-Value

33.52

42.30
43.93
2.58

2.17
2.33
3.13

[38.0, 46.6]
[39.0, 48.5]
[−3.7, 8.9]

b0.001
b0.001
0.414

107.12

100.97
105.86
5.80

11.21
12.01
7.40

[79.0, 122.9]
[82.3, 129.4]
[−9.1, 20.7]

0.113
0.882
0.437

71.52

58.87
61.54
2.51

8.90
9.53
6.04

[41.4, 76.3]
[42.8, 80.2]
[−9.6, 14.6]

b0.001
0.053
0.680

31.48

34.52
28.13
−7.53

3.36
3.94
3.19

[27.9, 41.1]
[20.4, 35.9]
[−14.0, −1.1]

0.087
0.212
0.023

25.20

27.78
21.57
−7.71

3.73
4.38
3.13

[20.5, 35.1]
[13.0, 30.1]
[−14.0, −1.4]

0.099
0.177
0.018

183.93

173.87
171.00
−3.23

15.78
16.91
6.83

[142.9, 204.8]
[137.9, 204.1]
[−16.9, 10.5]

0.025
0.051
0.638

384.73

434.80
441.74
20.19

21.14
31.10
29.72

[393.4, 476.2]
[380.8, 502.7]
[−40.1, 80.5]

0.039
0.058
0.501

1489.83

766.36
1465.50
996.82

655.89
706.34
324.15

[−519.2, 2051.9]
[81.1, 2849.9]
[344.7, 1648.9]

0.037
0.699
0.004

Source: P132_perfect - EFF02T.sas Data Extract: 15JUL2016 Generation Date: 10AUG2016 21:02.
Bold values indicate signiﬁcance at p b 0.05.
a
ANCOVA in ﬁnal analysis (GK) For primary endpoint analysis in SAP-CTR (Appendix 1) an additional analysis was made using a mixed model analysis for repeat measures approach
(MMRM) in order to compensate possible artefacts due to incomplete data groups. This was the approach used for the interim analysis as well.
b
Average change from Baseline.
c
Difference in Treatment Groups.

standard data imputation practices. We compared the following supervised algorithms: AdaBoost, Support Vector Machines (SVM) and Random Forest (RF) (Forman and Cohen, 2004). Small clinical datasets are

often prone to overﬁtting. We employed classiﬁers that are suitable
for training on small data sets for a comparison of features given little
training and chose the most appropriate algorithm according to accuracy and robustness towards overﬁtting (Saeb and Al-Naqeb, 2016). Supervised ML models have been 10-fold cross-validated. We then
applied feature selection from AdaBoost and RF to further reduce the
number of features to b 20. We employed t-distributed stochastic neighbor embedding (t-SNE) for unsupervised machine learning classiﬁcation and nonlinear dimensionality reduction (Maaten and Hinton,
2008).
2.11. Role of the Funding
The funding had no role in study design, in the collection, analysis,
interpretation of data, in the writing of the report, and in the decision
to submit the manuscript for publication. The corresponding author
had full access to all the data in the study and had ﬁnal responsibility
for the decision to submit for publication.
3. Results

Fig. 2. Early and late recovery of LVEF in Placebo and CD133+ groups. MRI analysis of LVEF
(%) is depicted in 29 patients with intermediate MRI at day 10 postoperatively and at
180 days. *p value for delta LVEF at 10 days versus 0. #p value for delta LVEF at
6 months versus 10 days.
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Patient baseline characteristics analysed in SAS and PPS patient populations are depicted in Table 1. Analysis follows the description of
prespeciﬁed cohort analyses SAS (n = 77) and PPS (n = 58) placebo
vs. CD133+ (Fig. 1). Post hoc analysis was additionally performed to
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Fig. 3. a: Kaplan-Meier survival analysis in longterm follow-up: Placebo vs. CD133+. b: Kaplan-Meier survival analysis in longterm follow-up: Responder vs. Non-responder

analyse factors inﬂuencing primary endpoint outcome. For this, patients
were grouped as responders (increase in LVEF ≥ 5% at 180 days) or and
non-responders (increase in LVEF b 5% at 180 d). According to this post
hoc analysis 35/58 (60.3%) patients were responders and 23/58 (39.7%)
did not improve in LVEF. This responder/non-responder (NR) ratio was
similar in the placebo group 57/43% (R/NR: 17/13 pt.) and in the
CD133+ group 64/36% (R/NR: 18/10 pt.) respectively (placebo vs.
CD133+: p = 0.373).
3.1. Safety Outcome Analysis
Prespeciﬁed safety outcome (n = 77): Up to 180 d follow-up, two
MACE-incidents occurred in 2.6% of the patients (n = 2), ventricular arrhythmias occurring in one patient in the placebo group and one in the
CD133+ group (Supplement Table 2). During the main trial phase until
180 days 80 days there was a total of 49 SAE, 24 (15 subjects) in the placebo group and 25 (19 subjects) in the CD133+ group (Supplement
Table 3). There were no statistical differences observed between the

placebo and the CD133+ group neither overall nor in any of the system
organ classes. The most common SAEs were cardiac disorders such as
atrial ﬁbrillation, ventricular arrhythmia and cardiac failure, as well as
respiratory and wound infections (Supplement Table 3). Of these, 19
were classiﬁed as possibly related (placebo 13/68, CD133+ 6/67; p =
0.156) (Supplement Table 4). There were no signs of related classiﬁcations of adverse events (Supplement Table 5) or unwanted tissue formation (data not shown) for CD133+ treatment in the initial patient
treatment follow-up to 180 days. Post hoc safety analysis in PPS (n =
58): NR revealed increase in lung infection (p = 0.021) (Supplement
Table 6).

3.2. Efﬁcacy Outcome Analysis
The PPS efﬁcacy analysis group (n = 58) was characterized by reduced pump function post MI (measured in MRI at rest) with baseline
LVEF 33.5%, SD ±6.26% [Min-Max-25–49], n = 58.
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Table 3
Overall results of the ANCOVA for primary and secondary parameters in Responder vs. Non-responder (n = 58).

LVEF (%)
Respondera (nevaluable = 35)
Non-respondera (nevaluable = 23)
Responder - Non-responderb
LVEDV (index)
Respondera (nevaluable = 35)
Non-respondera (nevaluable = 23)
Responder - Non-responderb
LVESV (index)
Respondera (nevaluable = 35)
Non-respondera (nevaluable = 23)
Responder - Non-responderb
Scar size (ml)
Respondera (nevaluable = 31)
Non-respondera (nevaluable = 19)
Responder - Non-responderb
Non-viable tissue (ml)
Respondera (nevaluable = 31)
Non-respondera (nevaluable = 19)
Responder - Non-responderb
LV mass (ml)
Respondera (nevaluable = 35)
Non-respondera (nevaluable = 23)
Responder - Non-responderb
6 Minute Walk Test (meter)
Respondera (nevaluable = 27)
Non-respondera (nevaluable = 15)
Responder - Non-responderb
NT-proBNP
Respondera (nevaluable = 32)
Non-respondera (nevaluable = 22)
Responder - Non-responderb

Estimated
Baseline

Estimate (at 180 days)

Standard-error

95% CI

p-Value

33.52

49.34
33.57
17.10

3.76
5.73
2.08

[42.0; 56.7]
[22.3; 44.8]
[12.9; 21.3]

b0.001
0.287
b0.001

107.12

90.77
122.43
−20.98

9.72
14.80
7.58

[71.7; 109.8]
[93.4; 151.4]
[−36.2; −5.8]

0.009
0.483
0.008

71.52

46.66
80.70
−27.93

8.99
13.69
5.02

[29.0; 64.3]
[53.9; 107.5]
[−38.0; −17.8]

b0.001
0.376
b0.001

31.48

27.48
38.26
−8.19

2.86
4.67
3.50

[21.9; 33.1]
[29.1; 47.4]
[−15.2; −1.1]

0.980
0.934
0.024

25.1

20.81
31.63
−8.55

3.12
5.09
3.56

[14.7; 26.9]
[21.7; 41.6]
[−15.7; −1.4]

0.841
0.981
0.021

183.93

168.71
178.22
−6.01

12.89
19.61
7.01

[143.5; 194.0]
[139.8; 216.7]
[−20.1; 8.1]

0.032
0.092
0.396

384.73

430.57
450.27
−7.19

18.23
32.81
29.82

[394.8; 466.3]
[386.0; 514.6]
[−67.7; 53.4]

0.016
0.141
0.811

1489.83

588.41
1851.45
−1318.40

561.48
816.69
326.42

[−512.1; 1689]
[250.7; 3452]
[−1975; −661.7]

0.005
0.867
0.002

Source: P132_perfect - EFF02T.sas Data Extract: 15JUL2016 Generation Date: 10AUG2016 21:02.
a
Average change from Baseline.
b
Difference in Treatment Groups, CI = Conﬁdence Interval.

3.2.1. Prespeciﬁed Primary Endpoint
Six months post treatment the left ventricular function showed a
considerable increase in LVEF of +9.6% ± SD 11.3% [Min-Max-13–42],
p b 0.001 (n = 58). To discriminate early improvement of left ventricular function by CABG revascularization and late myocardial reverse remodeling, additional intermediate MRI analysis at hospital discharge
was available in a subgroup of patients (n = 29). This revealed mainly
late (day 10–180) increase of Δ LVEF by + 6.5%, SD ± 7.92% [MinMax-11–23], p = 0.007 (n = 29). In ANCOVA analysis of the primary
endpoint the placebo group improved from baseline LVEF 33.5% to
42.3% at 180 days (Δ LVEF + 8.8%, and the CD133+ group LVEF was
raised from 33.5% to 43.9% (Δ LVEF + 10.4% (Table 2). Treatment
group difference CD133+ versus placebo with + 2.58, p = 0.414 was
not statistically signiﬁcant in ANCOVA analysis (Table 2). CD133+
stem cell group displayed Δ LVEF improvement mainly in the late
phase (day 10–180 ΔLVEF) with +8.8%,SD ± 6.38% [Min-Max-4–10],
p = 0.001 (n = 14) versus placebo controls (day 10–180 Δ LVEF)
+4.3%, SD ± 8.8% [Min-Max-11–23], p = 0.077 (n = 15) (Fig. 2).

Improvement (Δ) of segmental myocardial perfusion MRI
at 180 days versus vs. baseline was observed for CD133 + (p =
0.006), but not in placebo group (p = 0.065) (Supplement
Table 1). Improvement (Δ) of hypoperfused LV-segments after
stem cell/placebo injections under adenosine stress induction was
present in CD133 + group (p = 0.006) in comparison to noninjected segments (p = 0.057) as compared to placebo group
(injected segments p = 0.045; non-injected segment p = 0.140)
(Supplement Table 1). In contrast, the reduction (Δ) of NT-proBNP
values was elevated in placebo versus CD133 + (p = 0.004)
(Table 2).
3.2.3. Prespeciﬁed Survival
100% at 180 days. Post hoc actuarial computed mean survival time
was 70.1 ± 4.75 months (CD133+) vs. 72.0 ± 3.46 months (placebo),
and at 5 years follow-up 76.8% (CD133+)/88.1% survival (placebo), HR
1.7 (95% Cl 0.48–6.09); p = 0.396) (Fig. 3a).
3.3. Responder/Non-responder

3.2.2. Prespeciﬁed Secondary Endpoint
The delta (Δ) change of ventricular dimensions between the
CD133+ versus placebo groups after 180 days was not signiﬁcant in
ANCOVA for LVESV index 2.51 ml/m2, p = 0.680 and for LVEDV index
+ 5.80 ml/m2, p = 0.437 (Table 2). Increased reductions in scar size
by − 7.53 g, p = 0.023 and non-viable tissue by − 7 ⋅ 71 g, p = 0.018
(Table 2) were detected in CD133+ versus placebo.
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In post hoc primary endpoint analysis treatment responders
were deﬁned as having a Δ LVEF at 180 days versus baseline
higher than 5%. This results in dissemination of 35 responders in a cohort of 58 patients were characterized by an overall increase in ΔLVEF
in ANCOVA at 180 d/0 of + 17.1% (Table 3). LVEF increase was
+ 19.1% in CD133+ vs. + 13.9% in placebo, p = 0.099, n = 35 (data
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Table 4
Analysis of angiogenesis related biomarkers in blood.
Responder versus non-responder
Biomarker
(peripheral blood, unit)

Time point

Responder (n = 15)

P
10 days vs 0

Non-responder (n = 8)

P
10 days vs 0

PA
R vs NR

SH2B3 mRNA (ΔCT %)
CD34
(% MNC) -EPC
CD133
(% MNC) – EPC
CD133,117
(% MNC) EPC
CD146
(% MNC) -CEC
IGFBP-3 (ng/ml)

0
0.
10 d
0
10 d
0
10 d
0
10 d
0
10 d
0
10 d
0
10 d
0
10

−1.17 ± 0.28
0.072 ± 0.05
0.059 ± 0.048
0.048 ± 0.031
0.041 ± 0.039
0.019 ± −0.016
0.022 ± 0.024
1.1 ± 0,57
1.72 ± 1.73
2121.9 ± 487.1
1753.6 ± 830.8
24.6 ± −36.6
51.2 ± 55.8
96.7 ± 42.6
63.3 ± 28.3
5.9 ± 3.7
60.1 ± 27.7

…
0.197

−1.56 ± 0.51
0.039 ± 0.017
0.027 ± 0.01
0.021 ± 0.011
0.021 ± −0.013
0.007 ± 0.008
0.006 ± 0.004
2.2 ± 1.3
1.86 ± 1.53
1623.7 ± 651.4
1378.4 ± 518.7
39.6 ± 33.4
40.8 ± −44.5
157.6 ± 94.5
95.8 ± 85.2
16.9 ± 14.1
42.1 ± 23.9

…
0.116

0.073
0.027
0.026
0.005
0.105
0.024
0.024
0.053
0.853
0.089
0.261
0.056
0.528
0.076
0.324
0.023
0.180

Time point

Stem cell (n = 11)

P

Control (n = 13)

P

PA

0
0.
10 d
0
10 d
0
10 d
0
10 d
0
10 d
0
10 d
0
10 d
0
10 d

−1.35 ± 0.45
0.062 ± 0.037
0.041 ± 0.038
0.04 ± 0.03
0.032 ± 0.026
0.014 ± 0.013
0.015 ± 0.02
1.53 ± 1.33
1.64 ± 1.55
1950.6 ± 689.9
1561.6 ± 783.2
30.2 ± 29.1
55.8 ± −58.5
129.2 ± 96.7
83.2 ± 77.9
7.7 ± 3.1
53.5 ± −30.6

…
0.128

−1.29 ± 0.41
0.064 ± 0.053
0.058 ± 0.047
0.04 ± 0.029
0.038 ± 0.032
0.016 ± 0.017
0.019 ± 0.022
1.48 ± 0.67
1.87 ± 1.74
1946.8 ± 507
1679.4 ± 742.6
29.6 ± 39.1
38.5 ± 44.7
102.9 ± 34.6
64.5 ± 22.7
10.3 ± 12.6
56.4 ± 25.5

…
0.250

0.756
0.975
0.363
0.995
0.637
0.892
0.626
0.919
0.750
0.972
0.715
0.961
0.293
0.275
0.457
0.561
0.814

VEGF (pg/ml)
IP-10 (pg/ml)
EPO (mlU/ml)

Placebo versus CD133+
Biomarker
(peripheral blood, unit)
SH2B3 mRNA (ΔCT %)
CD34 (% MNC) -EPC
CD133 (% MNC) – EPC
CD133,117 (% MNC) – EPC
CD146 (% MNC) -CEC
IGFBP-3 (ng/ml)
VEGF (pg/ml)
IP-10 (pg/ml)
EPO (mlU/ml)

0.245
0.421
…
0.115
0.015
0.04
0.001

0.338
0.902
…
0.139
0.142
0.011
0.001

0.932
0.765
…
0.257
0.913
0.01
0.006

0.619
0.265
…
0.231
0.124
0.001
…
0.001

Responder versus non-responder and placebo versus CD133+ groups were analysed for change in biomarkers of peripheral blood samples between preoperative (Assessment I) and
day 10 postoperative (discharge). The data are derived from the Rostock cohort with complete analysis (per protocol clinical dataset and biomarker). In this cohort all samples were
immediately processed to avoid any change of the samples due to storage or transport. Data are expressed as mean values ± Standard deviation, P-value between time point 0 and
10 days, PA -value between responder/non-responder, stem cell/control in each time point, PB – peripheral blood, EPO - Erythropoeitin.

not shown). In contrast, non-responders showed a ΔLVEF at 180 d/0 by
0%, SE ±5⋅73% [CI 22.3; 44.8] p = 0.287 (placebo/NR +3⋅3%, CD133+/
NR-2⋅4%).

Post hoc secondary endpoint: Responders showed a signiﬁcant reduction in LV-dimensions (LVEDV p = 0.008, LVESV p = 0.0001) and
reduction in NT-pro-BNP, p = 0.002 compared to non-responders

Fig. 4. SH2B3 expression analysis in peripheral blood of responder and non-responder. Whole blood samples were obtained from 21 patients before coronary artery bypass graft (CABG)
revascularization. Relative expression of SH2B3 (a) and corresponding ΔCT values (b) were calculated using the 2−ΔΔCT method. All values are presented as mean ± SEM and normalized
to GAPDH and POLR2A. n = 13 (responder); n = 8 (non-responder). ΔCT values: p = 0.073.
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Fig. 5. a Three-dimensional t-SNE calculation of the Rostock subgroup. The variables x and y refer to the newly calculated features that are used to classify the patients into distinct groups.
The model was subsequently ﬁtted by a polynomial (n3) equation to visualize the z-axis as a geographic proﬁle. The respective colors for the responder (red dot) and non-responder (grey
dot) patients have been added afterwards. The classiﬁed groups have been roughly summarized by a red and grey dashed line. Results are obtained after 3000 iterations. The calculation of
the ratio between responder and non-responder is indicated for each circle. It is more likely for the non-responder group to be located at smaller z-values (z b 20, ratio b 42%). The
responders tend to be enriched within the light blue areas (z N 20) including a ration N 69%. b Obtained supervised ML prediction results for pre- and postoperative time points
(0 days to 180 days) of the clinical and clinical & laboratory dataset to distinguish between responder and non-responder. The graph shows the true positive prediction results of ﬁve
independent feature selected ML models (AdaBoost for feature selection and RF for ﬁnal prediction).The error bars indicate the respective accuracy standard deviation for the
constructed models that have been obtained after 100 iterations. The 100 model iterations are signiﬁcant different according to one-way ANOVA (p b 0.001).
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Table 5
Machine-learning selected parameters for diagnostic discrimination of responders and non-responders.
Computationally selected features for the
multi-centric clinical trial data subset
(0–180 days)
N = 58

Weights for the
selected features

Computationally selected features for the clinical trial data and laboratory
biomarker subset of the Rostock group (day 0 - preoperative)
N = 31

Weights for the
selected features

DeltaViable tissue 6 m/0
Triglycerides
0
Scarsize
6 months
DeltaScarsize
6 m/0
Nonviable tissue
6 months
Body mass index
0
6MWT
0
DeltaEF
6 m/0
6MWT
10 days
LVEF
0
Bypasstime min
Euroscore
0
CKmax
Scarsize
0
NTproBNP
0
Crossclamptime
Delta6MWT
6 m/0
Creatinine
0
LVESV
0
Weight
0
Accuracy

2.554
2.260

NT proBNP 0
VEGF_I

9.718
7.810

2.159

Erythropoietin_I

4.262

2.063

Vitronectin_I

3.898

1.999

CFU_Hill_I

2.871

1.982

CD45Neg_EPC_I

2.186

1.974

CD117_184_PB_EPC_IHG_I

2.146

1.967

CD45_117_184_EPC_I

2.118

1.920

CD45_133_146_PB_CEC_I

1.969

1.890

Thrombocytes I

1.951

1.883
1.874

IGFBP-3_I
CD133 pro ml PB_I IHG

1.922
1.910

1.857
1.771

CD146_PB_CEC_I
CD105_PB_CEC_I

1.799
1.793

1.771

CD45_133_34_105_PB_CEC_I

1.489

1.675
1.673

MatrigelPlug_PB_31_I
CD45_133_34_117_309_EPC_I

1.475
1.420

1.645

Delta_CT_SH2B3_I

1.393

1.604

Weight

1.363

1.389

LVESV I 0

1.352

63.35%

Accuracy

81.64%

Selected features of the AdaBoost ML algorithm showing the most informative selection criteria for the subsequently created ML models. The features are ordered due to their calculated
weights in a decreasing manner. Accuracies are based on 100 independent predictions of 10-fold cross-validation calculations (Model has been built after AdaBoost feature selection and
random forest feature learning).

(Table 3). This was not reﬂected by a similar improvement of 6 MWT
(p = 0.811).
The intramyocardial tissue recovery was found in responders
with improvement in scar size RvNR − 8.19 g, p = 0.0238
(Table 3). CD133+ treated NR also displayed reduction in scar
size (CD133 + NR Δ scar size 180 d/0: − 13 ⋅ 9 g, SD ± 20 ⋅ 9 g placebo
NR + 11 ⋅ 9, SD ± 16 ⋅ 7 g, p = 0.008, n = 20) and non viable tissue
(Δnon viable tissue 180 d/0: CD133+ NR -12.4 g, SD ±19.3 g vs. placebo
NR +11.5 g, SD ±12.0 g, p = 0.004, n = 19) (data not presented). This
tendency was not observed in responders: scar size (CD133+ NR vs. placebo NR -1.9, SD ±16.0 g vs. placebo +2.5, SD ±13.2 g, p = 0.398, n =
33) and non viable tissue (CD133+ NR vs. placebo NR −1.4, SD ±16.7 g
vs. placebo +1.8, SD ±12.3 g, p = 0.544, n = 32). Improvement (Δ) of
segmental myocardial perfusion MRI at 180 days versus vs. baseline was
observed for R (p = 0.004), but not in NR group (p = 0.101) (Supplement Table 1). Improvement (Δ180 d/0) of hypoperfused LV-segments
under adenosine stress induction was present in R group in injected
segments (p = 0.009) as well as in non-injected segments (p =
0.017), whereas in NR only injected segments were improved (injected
segments p = 0.034; non-injected segment p = 0.383) (Supplement
Table 1). Long term survival: Actuarial computed mean survival time
was 76.9 ± 3.32 months (R) vs. +72.3 ± 5.0 months (NR), HR 0.3 [Cl
0.07–1.2]; p = 0.067 (Fig. 3b).

3.4. Peripheral Blood Biomarker Proﬁle
Circulating EPC (CD133+/CD34+/CD117+) in peripheral blood were
found to be reduced by a factor of two in NR versus R before treatment.
For CD34+ MNC subpopulations preoperative blood levels were (R):
CD34+ 0.072%, SD ± 0.05% vs. (NR) 0.039%, SD ± 0.017, RvsNR p =
0.027. Similar difference was found preoperatively for CD133+ and
CD133+ CD117+ subpopulations (Table 4). This difference was not
found for the comparison of placebo and CD133+ (Table 4). In contrast,
CD146+ CEC showed higher preoperative levels in non-responders versus responders (p = 0.053) (Table 4).
Postoperatively, reduction of EPC in NR remained signiﬁcant until
discharge: peripheral blood CD34+ (NR vs. R p = 0.026 preop and day
10) and CD133+ CD117+ (NR vs. R p = 0.024 preop and day 10)
despite postoperative increased levels of EPO (NR: preop. 16.9 U/ml,
SD ± 14.1 U/ml; NR day 10: 42.1 U/ml, SD ± 23.9 U/ml; p = 0.006
preop/day 10) and reduction of IP10/CXCL10 (NR preop: 157.6 pg/ml,
SD ± 94.5 pg/ml; NRday 10: 95.8 pg/ml, SD ± 85.2 pg/ml; p = 0.01
preop/day 10).
Treatment responders were characterized preoperatively by lower
serum levels of pro-angiogenic factors such as VEGF (p = 0.056 R/NR),
EPO (p = 0.023 R/NR), CXCL10/IP10 (p = 0.076 R/NR), higher levels
of IGFBP-3 (p = 0.089 R/NR) (Table 4), as well as strong induction of
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VEGF (+26.6 pg/ml, p = 0.015 preop/day 10) at day 10 after intervention versus non-responders (+ 1.2 pg/ml, p = 0.913 preop/day 10)
(Table 4). The CFU-EC capacity of puriﬁed CD 133 + bone marrow
cells was positive in all tested patients without difference between
responders (n = 13; mean 63.133 ± SD 13.6) and non-responders
(n = 9; mean 77,833 ± SD 15.81) p = 0.177. Matrigel plug
assay in vivo was positive in responders and non-responders
(Supplement Table 7).
Thrombocyte counts were preoperatively reduced in NR (208
× 109/L, SD ± 51.2 109/L [CI 73–311], n = 23) versus R (257 × 109/L,
SD ± 81.5109/L [CI 123–620] n = 35) (NR vs R: p = 0.004, n = 58) before treatment. Suspecting bone marrow stem cell suppression by ﬁnding reduced PB thrombocyte and CD133+ CD34+ EPC count, we tested
RT-PCR gene expression analysis of SH2B3 mRNA coding for the lnk
adaptor protein SH2B3 which is associated with inhibition of hematopoietic stem cell response for EPC and megakaryocytes in immediately
frozen blood samples. First analysis in 21 patients revealed a tendency
of increased mRNA expression in peripheral blood with non-responders
(p = 0⋅073) (Fig. 4, Table 4).
To identify a diagnostic response signature for R/NR we used machine learning methods as a tool for the prediction of functional improvement after CD133 + BMDC therapy and CABG surgery. First
analyses were performed to particularly exclude overﬁtting in small
populations. Then, blinded patient data from the PERFECT clinical database (Table 1) was investigated by t-SNE unsupervised ML, which is
able to cluster similar patients in close proximity and reveals distinct
groups (Fig. 5). Investigating the underlying segmentation, the ﬁrstline
supervised ML analysis was made for all time points to place patient
characteristics into two distinct groups (Fig. 5). The calculation independently assigned patient characteristics according to Δ LVEF at
180 days conﬁrming the preselection criteria of N5% (Table 5). Then
we used machine learning algorithms to investigate the decisive parameters to a response signature. For this the underlying PERFECT clinical

dataset and biomarker laboratory measurements (Table 1, Appendix
3) were combined and analysed to validate classiﬁcation speciﬁcity of
parameter proﬁles for responders and non-responders before and
after the CABG procedure. In particular, we used discriminative primary
and secondary endpoint parameters as well as thrombocyte and leukocyte counts. Using only the clinical parameters (n = 160) classiﬁcation
resulted in a speciﬁcity of responders assuming mean accuracy of
63.35% (180 days) (Table 5). Combination of preoperative clinical data
(n = 49) and biomarker laboratory parameters (n = 142), however, revealed higher sensitivity of angiogenesis/EPC/CEC related parameters in
peripheral blood already preoperative with respective assuming max.
Accuracy of 81.64% ± SE 0.51% [CI 80.65–82.65] (n = 31) (Table 5). Interestingly, 17/20 relevant parameters were related to angiogenesis parameters, bone marrow EPC/CEC responses, NT-proBNP, and SH2B3
gene expression in peripheral blood (Table 5). Using both clinical and
biomarker parameters preoperative prediction accuracy for responders
was 79.35% ± SE 0.24% [CI 78.87–79.84] (n = 31) and for non-responders 83.95% ± SE 0.93% [CI 82.10–85.80] (n = 31). Postoperative
evaluation at day 10 (n = 382) revealed a prediction accuracy of
82.12% ± SE 0.28% [CI 81.56–82.67] (n = 31) (R) and 85.89% ± SE
0.67% [CI 84.56–87.22] (n = 31) (NR) (Fig. 5b), while day 0–180 combined clinical and biomarker analysis (n = 522) allowed a prediction
accuracy of 94.77% ± SE 0.43% [CI 93.92–95.63] (n = 31) (R) and
92.44% ± SE 0.60% [CI 91.24–93.64] (n = 31) (NR) (Fig. 5).
4. Discussion
4.1. Baseline Characteristics of Treatment Responders vs. Non-responders
Induction of cardiac repair in patients with heart failure after myocardial infarction and ischemic cardiomyopathy has been targeted
using numerous approaches including cardiac stem cell therapy
(Fisher et al., 2016). However, the lack of efﬁcacy and the lack of

Fig. 6. Outcome results of the PERFECT trial.
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response predictability have been the main obstacles for treatment
standardization and success (Tian et al., 2014). Our approach employing
CD133+ autologous bone marrow derived cells intramyocardially in
conjunction with CABG revascularization was promising in previous
Phase I and Phase IIa trials and led to the multicentric placebo controlled
phase III PERFECT trial investigation, which again conﬁrmed the induction of cardiac repair (Stamm et al., 2003; Tse et al., 2003; Stamm et al.,
2007; Nasseri et al., 2014). In the meantime, however, similar trials involving placebo-treated controls undergoing bone marrow harvest
showed almost the same improvement of LVEF in the CD133+ group
as in the placebo group (Nasseri et al., 2014; Bartunek et al., 2016).
Similarly, the Chart-1 trial demonstrated a relevant functional recovery
in only 60% of the patients, whereas 40% of both cell-treated and
placebo-treated patients were non-responsive for unkown reasons
(Bartunek et al., 2017). This signiﬁcant non-responder rate was recently
corroborated in CABG surgery for patients with reduced pump function
(Vakil et al., 2016). In the clinical setting of the PERFECT trial, a nearly
identical percentage of patients were non-responders to induction of
cardiac repair, irrespective of their treatment with placebo or CD133+
cells.
The underlying mechanism for a lack of response to induction of cardiac repair may be a failure of vascular repair by reduced circulating EPC.
This mechanism was shown already 12 years ago to be associated with
progression in atherosclerosis and coronary artery disease (Werner et
al., 2005). Recently, the investigation of responders to cardiac repair in
the CCTRN-trials obtained similar ﬁndings in bone marrow of BMDC
treated non-responsive chronic ischemic heart failure patients
(Bhatnagar et al., 2016; Contreras et al., 2017). In the PERFECT trial we
found a striking difference in cardiac recovery between responders
and non-responders. This was found for the ﬁrst time to be associated
with a speciﬁc signature composition of angiogenesis related biomarkers in peripheral blood. This was accompagnied by improved microvascular perfusion in the myocardium. Non-responsive patients did
not exhibit any change in deteriorated left ventricular pump function
both in placebo and CD133+ groups. Only a minor effect on scar size
and non-viable tissue repair was found in intramyocardial treated
CD133+ NR. In addition to numerous local tissue processes that have
been shown to inﬂuence myocardial repair, such as ﬁbrosis, inﬂammation, apoptosis, and potential endogenous cardiac stem cell niches, our
data support the notion that blood and bone marrow components regeneration also play a key role.

well as inﬂuence of SH2B3 SNP on human longevity (Auer et al., 2014;
McPherson and Tybjaerg-Hansen, 2016; Fortney et al., 2015). However,
further clinical evaluation of SH2B3 expression is needed to unravel the
precise mechanism in humans.
Feature selection based on our machine learning approach led to the
identiﬁcation of decisive factors for lack of response and the induction of
cardiac repair, which can be used for diagnostic R/NR selection before
and monitoring of during treatment. The core factors for laboratory diagnosis in peripheral blood were NT-proBNP, VEGF, Erythropoeitin,
vitronectin, circulating EPC/CEC/Thrombocytes, SH2B3 mRNA expression, the CFU-Hill assay/Matrigel plug for peripheral blood, as well as
weight and LVESV index. We found a statistical correlation of the identiﬁed factors and calculated their diagnostic use for the selection of responder and non-responder patients using repeated cross-validation
(Fig. 6).

4.2. Mechanism of Action for Cardiac Repair and Diagnostic Access

The PERFECT trial shows that cardiac tissue repair and restitution of
left ventricular function can be successfully installed in ischemic heart
disease by CABG surgery associated with presence of enhanced peripheral circulating CD133+EPC level. In addition, dysfunctional left ventricular post-infarct tissue may be recruited by the local injection of
puriﬁed CD133 + BMDC. The induction of cardiac repair, however, is
correlated to CD133 + EPC release from bone marrow. Resistence of
HSC/EPC to growth factor induction may be caused by elevated SH2B3
gene expression in non-responders. The diagnostic sensitivity of the responder vs. non-responder signature may be useful for diagnosis of deﬁcient repair capacity in cardiovascular disease and for the preselection
of patients for inductive stem cell therapy.

The typical blood components in non-responders are lowered
CD133+ CD34+ CD117+ EPC and thrombocytes counts in the peripheral
blood and elevated angiogenesis stimulating factors as VEGF and EPO. In
contrast, responders display basically elevated EPC and thrombocytes
also in the absence of angiogenesis stimulating factors. We propose
that the mechanism of impaired angiogenesis is caused by a dysfunctional bone marrow response. Potential mechanisms of impaired angiogenesis response may be either the anti-angiogenic interference of
inﬂammatory cytokines, such as IP10, or NT-proBNP that may inﬂuence
EPC proliferation or release mechanisms (Strieter et al., 1995; Stamm et
al., 2003; Cesari et al., 2008). In this context, the ﬁrst description of upregulated SH2B3 gene expression enhancement in the peripheral blood
of non-responders associated with reduced EPC and thrombocyte
counts suggests a potential regulatory role of SH2B3 with respect to
suppression of the bone marrow response (Cesari et al., 2008; Kwon
et al., 2009; Lee et al., 2016). Experimental models have depicted the potential importance and diagnostic or therapeutic relevance of SH2B3
gene expression and lnk adaptor protein SH2B3 for regulation of bone
marrow responses and impairment of angiogenesic capacity
(Ishige-Wada et al., 2016; Takizawa et al., 2008). Moreover, associations
with hematological traits, coronary artery disease, and arteriosclerosis
have been found for point mutations of SH2B3 promotor regions as

4.3. Relevance of LVEF Endpoint for Longterm Survival
The current analysis of longterm survival beneﬁt in patients with induction of LVEF recovery after CABG/CD133+ treatment suggests a clinical conversion of progressive heart failure by restitution of ventricular
function. Moreover, considering the proposed underlying mechanism
of impaired angiogenesis and vascular repair capacity of bone marrow,
cardiac functional restitution may be dependent on bone marrow function. The current example of peripheral blood analysis focusing on angiogenesis factors and bone marrow derived cell subpopulations
allows the deﬁnition of signature constellations deﬁning normal or
pathological stimulation/response patterns. The machine learning tool
independently conﬁrmed the response state as well as the angiogenesis
factors involved in deﬁcient response.
Long term deﬁcit in vascular repair may result in progressive heart
failure. CABG surgery can be considered as a potent intervention for
the induction of cardiac repair most likely stimulated by bone marrow
harvest prior to surgery as a preconditioning signal in responders
(Blatt et al., 2016). Of utmost importance, however, is the further analysis of factors downregulating blood repair mechanisms in nonresponders.

5. Conclusion

Limitations of the Study
Main limitations of the study are: 1. Preterm closure of recruitment
resulting in limited patient number for efﬁcacy analysis. 2. Non-signiﬁcant CD133+ effect on primary endpoint despite positive intermediate
analysis. 3. Unknown mechanism of treatment unresponsiveness interfering with treatment intervention. 4. Need for further clinical evaluation of suspected blood/bone marrow suppression by SH2B3/lnk
activator. 5. Predictive value of response signature in larger patient
populations.
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Nomenclature
AE: Adverse Event
AESI: Adverse Event of Special Interest
AHA: American Heart Association
ANCOVA: Analysis of covariance
BM: Bone marrow
BMSC: Bone marrow stem cells
BMDC: Bone marrow derived cells
CABG: Coronary Artery Bypass Graft
CAP-EPC: Concentrated Ambient Particels – Endothelial Progenitor Cells
CBA: Cytometric Bead Array
CCS: Canadian Cardiovascular Society
CCTRN: Cardiovascular Cell Therapy Research Network
CD: Cluster of Differentiation
CEC: Circulating endothelial cells, CEC panel, CDs measured in PB
CFU: Colony-forming unit
CI: Conﬁdence interval
CMV: Cytomegalovirus
EA: Early Antigen
EBNA1: EBV-Nuclear Antigen 1

EBV: Epstein-Barr-Virus
EC: Endothelial Cells
ECG: Echocardiography
ELISA: Enzyme-Linked Immunosorbend Assay
EPC: Endothelial Progenitor Cells, EPC panel, CDs measured in PB
EPO: Erythropoietin
GMP: Good Manufacturing Practice
HR: Hazard ratio
HIF: Hypoxia-Inducible Factor, transcription factor
ICH GCP: Tripartite Guidelines Guideline for Good Clinical Practice
IGF-1: Insulin-like Growth Factor 1
IGFBP2/3: Insulin-like Growth Factor-Binding Protein 2/3
IHG: Analysis performed in accordance with ISHAGE guidelines
IL: Interleukin
IP-10: Interferon Gamma-induced Protein 10 also known as C-X-C motif chemokine 10
(CXCL10)
LMCA: Left Main Coronary Artery
LVEDV: Left Ventricular End Diastolic Volume
LVEF: Left Ventricular Ejection Fraction
LVESD: Left Ventricular End Systolic Dimension
MACE: Major Adverse Cardiovascular Events
ML: Machine learning
MNC: Mononuclear cells
MRI: Magentic Resonance Imaging
6MWT: 6-Minute Walk Test
NT-proBNP: B-type Brain Natriuretic Peptide
PB: Peripheral blood
PBMNC: mononuclear cells isolated from peripheral blood
PCI: Percutaneous Coronary Intervention
PEI: Paul-Ehrlich Institute
PPS: Group of patients for per-protocol set
SAE: Serious adverse event
SAS: Group of patients for safety set
SDF-1: Stromal Cell-derived Factor 1
SH2B3: Lnk [Src homology 2-B3 (SH2B3)] belongs to a family of SH2-containing proteins
with important adaptor functions
SCF: Stem Cell Factor
STEMI: ST- segment Elevation Infarction
SUSAR: Suspected Unexpected Serious Adverse Reaction
TNF: Tumor Necrosis Factor
t-SNE: t-distributed neighbor embedding
VCA: Virus-Capsid-Antigen
VEGF: Vascular Endothelial Growth Factor
VEGF rec: Vascular Endothelial Growth Factor Receptor
VEGFR2/KDR: Vascular Endothelial Growth Factor Receptor 2/Kinase Insert Domain
Receptor

261

3 Conclusion and outlook for customized
workflow development in systems
medicine

This section enhances the individual discussions of the manuscripts already presented. It
summarizes the main aspects and evaluates the initial hypotheses about developing
workflows in systems medicine and appraises the results obtained for the cardiac research
field. The intensely debated topic of the social and ethical considerations of human
sequence analysis in patients and AI analysis procedures in general is also addressed.
Furthermore, a brief outlook for prospective work based on this thesis is provided, as is a
conclusion about the overall computational and biological impact.
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3.1 NGS and network analyses in preclinical and clinical research

This section recapitulates the contributions made towards supporting medical translational
research by utilizing state-of-the-art computational methods and systems medicine
approaches. This has been exemplified in numerous pre-clinical and clinical studies about
cardiac regeneration. Here, the results obtained are compared to other related findings, and
the validity of the initial hypotheses is examined.

At the beginning of the thesis, hypotheses about sequencing and network analyses were
postulated, and here, these hypotheses are evaluated: i) workflow development facilitates
the reusability of data analysis procedures in sequencing analyses; ii) Galaxy is a sustainable
analysis framework for genomic and transcriptomic investigations in biomedical research;
iii) single-nuclei RNA-Seq analyses can uncover in-depth information about cell type
compositions and RNA kinetics in adult mammalian hearts; iv) signaling network analysis
can support the evaluation of reprogrammed cardiac subtypes; v) co-expression analyses of
RNA-Seq data can validate hub-genes responsible for heart rate influence; vi) the potential
of cell therapies for cardiac regeneration can be investigated by means of preclinical studies;
and vii) patient stratification for stem cell therapy after myocardial infarction is possible
through an integrative dataset from human peripheral blood samples.
i) RNA-Seq workflow development
Tools that are no longer maintained or were not designed to address evolving RNA-Seq
protocols and the rapidly increasing amount of available sequence data from first- (Sanger),
second- (454, Solexa, Illumina), and third-generation sequencing approaches (IonTorrent,
SOLiD, Nanopore, PacBio) become outdated over time (Lott et al., 2017). In addition,
data analysis tools that are continuously maintained may change their behavior and
parameters due to tool version changes. Therefore, the reuse of previously generated
workflows is often not simple or even possible if the workflow was developed outside of
a data analysis framework or computational container. Another major challenge is the
comparison, benchmarking, selection, and integration of available tools (in their current
version), which is time-consuming and requires computational domain expertise. Depending
on the number of samples, the scale of time series, and sequencing depth, computations may
require heavy computational resources, such as cluster, grid, and cloud computing solutions.
Thus, an adaptive management of available computing resources by load balancers and
queuing systems is often invaluable in creating analysis workflows (Lachmann et al., 2020;
Lott et al., 2017). These obstacles are major barriers for non-computational users to apply
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advanced bioinformatics workflows, which is why the development of easily accessible and
applicable data analysis frameworks is essential for proper research in life science and at a
clinical level.
State-of-the-art RNA-Seq methods are used for preprocessing, genome mapping (Bray
et al., 2016; Kim et al., 2013), and the identification of DE genes (Love et al., 2014;
Seyednasrollah et al., 2013). In accordance with Nookaew et al. (2012), more than one
DE analysis tool or algorithm is used to obtain significantly differentially expressed genes
of the given datasets because it is not yet possible to name a universal workflow for
all types of sequencing experiments, applications, and datasets. In particular, workflow
development as a procedure should be a comparison of different genome mapping and DE
analysis tools, which are all based on different algorithms. The results obtained for one
comparison in this thesis are shown in Fig. 2.2 and confirm the results of Seyednasrollah
et al. (2013), which state that Cufflinks2 is the most conservative and secure (with respect
to false positive genes) DE analysis method when using TopHat2 or BWA as an alignment
tool. Additionally, the analysis regarding the idea of data pre-processing from Lamm et
al. (2011) is extended by integrating several modules to improve mapping accuracy and
validating their benefits. The underlying workflow TRAPLINE supports Sandve et al.’s
(2013) idea of reproducible computational research and was the first fully integrated and
published workflow on the Galaxy web-based platform, including the mentioned modules
in Fig. 2.1 (Section 2.1). The workflow is freely available1 and ready to use as a Docker
container, which were some of the limiting factors of previously proposed workflows, e.g.,
those of Robinson et al. (2010) and Zhao et al. (2014).
Nevertheless, the workflow also has limitations. First, there is a problem with discarding
FPKMs at a low level (between zero and one), which has been thoroughly discussed in
the literature but not yet entirely solved. Here, FPKM values were discarded until they
reached an FPKM threshold of one because smaller values could be artefacts (Mortazavi
et al., 2008). In contrast, the more advanced method of Jiang et al. (2011) proposes using
housekeeping gene spike-ins as a control, and there is also the more recent method of
Chen et al. (2014) of using Gene Ontology (GO) terms. These methods can be compared
functionally, such as utilizing DNA/protein standards in molecular biology (e.g., in PCR
or western blots); however, because of unreliable data about housekeeping genes, adopting
these methods were not applicable in the datasets used in this thesis. In Section 2.1, the
need for bias correction (Fig. 2.2) was assessed. An even more advanced and promising
possibility of reducing biases may be realized via the method of Finotello et al. (2014),
1

http://bit.ly/rnaseqwolfien14
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who used a maxcount approach for counting the reads instead of using raw counts, the
“Fragments per kilobase of exon model per million mapped reads ” (FPKM), or “Transcripts
per Million” (TPM). The last of these was preferred throughout this thesis because all
current quantification tools, such as FeatureCounts and Kallisto, use it as a standard
output.
As noted above, the half-life time of computational tools is limited, especially in a rapidly
growing field such as NGS data analysis. Today, halfway through 2020, the TRAPLINE
tools used are already the subject of criticism and the developers of TopHat2 and Cufflinks
no longer suggest using their tools for a comprehensive analysis. There are already
available successor tools such as STAR and Kallisto for mapping, or Sleuth and DESeq2 for
differential expression analyses that are more sensitive, accurate, and efficient. However,
the tools used here still produced high numbers of top-rated journal publications in the
past; therefore, the results are still reliable. Another important aspect is the amount
of computational resources needed to run a specific tool because, once downloaded and
installed, the tools provided in the TRAPLINE Docker container can be used offline
on a standard personal computer (4GB RAM, 50GB diskspace). TRAPLINE was also
designed as a two-step analysis workflow, which means that, unless the integrated NGS
data processing tools are already obsolete, the independent second part of data annotation
and transcript characterization can still be used for miRNA-target prediction and proteinprotein interaction assignment. The modularity of Galaxy also allows for an easy integration
of other current tools or workflows that can be utilized as an initial data processing step.
The output from such workflows can also be highly customized and may include quality
reports, calculations and predictions for novel transcripts, probabilities of differentially
expressed transcripts, and transcript characterizations including annotations, such as
GO, KEGG, Panther, WikiPathways, DisGeNet, and Reactome, as well as corresponding
visualizations (e.g., volcano plots, heatmaps, PCAs, networks, sashimi plots). All the tools
available on the Galaxy Tool Shed can be installed along with their automatically resolved
dependencies with a single click in the Galaxy interface.
Independent of the analysis method used, RNA-Seq data analysis is still a computational
approach with many mathematical assumptions to investigate the transcriptome and thus it
is necessary to verify the translated proteins encoded by the mRNAs because a translation
to a functional protein is not certain for every mRNA (Cooper, 2000). In addition, there
are two major sources of errors prior NGS data analysis (Nagalakshmi et al., 2008). On the
one hand, there are base assembly errors that occur in cDNA library generation after the
resynthesis step of the DNA polymerase (reverse transcriptase). On the other hand, the
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influence of the experimentalist on this standardized enzymatic procedure is low (Kircher
and Kelso, 2010).
The way workflow management frameworks and cloud computing services bridge the gap
between tool developers and end users is discussed above; however, the use of single
workflows for specific tasks (e.g., the RNA-Seq analysis workflow presented) can be facilitated by assembling multiple workflows into a single connective workflow. Such universal
connective workflows can be understood as collaboration efforts within bioinformatics
because every analysis requires a certain type of expertise. Using and connecting numerous
workflows to apply multilayered approaches can incorporate several independent algorithms
to test or benchmark different workflows (Fig. 3.1). This in turn facilitates the certainty
of the knowledge obtained because independent algorithms, such as RNA-Seq analysis,
WGCNA, and ML/DL, can be combined for highly specialized research questions. The
anticipated strategy for such connective workflows could of course be realized with a set of
Galaxy workflows for a higher reusability or via dockerized R-Studio tools and scripts for
software package persistence (Boettiger, 2015; Boettiger, Carl and Eddelbuettel, 2017). In
addition, an interoperable standard of workflows, namely the common workflow language,
joins command-line tools across multiple platforms with workflows and, likewise, offers
a modular concept of functional workflows that are built around containerized software
solutions (Documentation available at CWL2 ). In order to adapt tools and workflows over
time and ensure reusability and sustainability, it is also recommended to remain up to date
with the changes in the tools themselves with a registration in tool management platforms
such as OMICtools3 or bio.tools4 (Ison et al., 2019), in which tools are described using the
meta-descriptive EDAM Ontology (Ison et al., 2013).
In summary, the first hypothesis can be confirmed because the overall functionality and
applicability of the workflow was shown and validated through different applications. Unless
some of the tools are obsolete, the workflow was internally adapted and continuously
refined over time for the detection of significantly differential genes and further downstream
analyses.
ii) Galaxy as an analysis framework
The overall positive effect of computational workflows was presented in the introduction
(Section 1.2.1). Galaxy, as one prominent workflow management framework, was used to
develop and disseminate the computational analysis strategy. The framework’s applicability
2

https://www.commonwl.org/
https://omictools.com/
4
https://bio.tools/
3
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Figure 3.1: Impact of a connective workflow. Example of a connective workflow to
solve a specific research question with different computational layers. The
analysis starts with an RNA-Seq workflow and subsequently continues with
the indicated advanced processes.
was also highlighted on smaller scale for single workflows (e.g., TRAPLINE; Wolfien et al.,
2016), as well as for larger efforts such as the RNA workbench (Fallmann et al., 2019;
Grüning et al., 2017). From the biological user perspective, Galaxy and similar data
analysis frameworks offer easily accessible and applicable tools for complex computational
investigations. Only a short period of time is needed to become familiar with the general
functionalities, which can later be quickly adapted to other analysis approaches or Galaxy
servers. However, more effort is needed for tool developers to embed and maintain their
tools in Galaxy. A tool must be wrapped into an .html -compliant shell, e.g., through
Planemo5 . Often, the tools in Galaxy do not have the complete functionalities of their
native unix counterparts. Once a tool is embedded within Galaxy or its Tool Shed, though,
it can be combined in workflows with hundreds of different tools to increase its applicability
(Bagnacani et al., 2019; Lott et al., 2017). Other bioinformaticians can also utilize this
workflow modularity and can combine different tools into data analysis workflows and
publish them for the Galaxy community, as was done with the TRAPLINE workflow
(Section 2.1).
5

https://planemo.readthedocs.io/en/latest/writing.html
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The German Network for Bioinformatics Infrastructure (de.NBI) and the European Network
ELIXIR support the establishment of a research oriented computing infrastructure and
training scientists with respect to diverse bioinformatics questions. In particular, the
workflow-centric de.STAIR project was inspired by experience with TRAPLINE; it also
focuses on the needs of the experimental researchers for robust data analysis tools and
develops tailor-made workflows for RNA-Seq experiments. After setting up a current
data analysis workflow, a useful dissemination strategy is also key for an enhanced reuse
(Grüning et al., 2017). For example, for the rapid dissemination of the RNA workbench
and for an easy integration with other high-throughput sequencing analysis tasks, an
implementation within the Galaxy framework was done. A major advantage of relying
on Galaxy as the core framework is that it is possible to leverage its scalability, which
enables the RNA workbench to run on single-CPU installations and on large, multi-node,
high-performance computing environments. Furthermore, Galaxy provides researchers
the means to reproduce their own workflow analyses, enabling them to rerun entire
pipelines, or publish and share them with others. The RNA workbench is containerized,
i.e., administrators can deploy it via Docker. This makes it possible to have all the tool
installation dependencies resolved in advance, while still keeping maintenance tasks to a
minimum. The provided layer of virtualization also allows the handling of user-defined
input data in a secure and compartmentalized way, a key requirement for researchers
working on sensitive data (e.g., patient data in clinics). Running the containerized RNA
workbench simply requires installing Docker and starting the Galaxy RNA workbench
image. Furthermore, containerizing Galaxy enables a customized Galaxy instance with a
selected subset of tools dedicated to specific data analysis tasks, while keeping deployment
and installation simple.
Galaxy also provides the means to share interoperable workflow provenance because
workflows and specific Docker containers for workflows can be commonly stored to fully
reproduce the results of an analysis. The tool versions and dependencies used are preserved
in the container. However, Galaxy is usually embedded as a whole within a Docker
container, including a scheduler for monitoring and distributing Galaxy’s work queue for
“WorkflowRequests.” Other data analysis frameworks, such as BioConda or Snakemake, are
more flexible and lightweight in this way, while allowing single tools to be encapsulated in
small computational containers (around 10 MB). In addition, the concept of a “ Common
Workflow Language” (CWL), which is an open standard for describing analytical workflows
and tools in a way that makes them portable and scalable, uses the flexibility of single
Docker containers that are combined into larger workflows (Amstutz et al., 2016). Galaxy
only partially implements these concepts and mainly relies on monolithic containers.
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However, these frameworks are in fact not easily applicable for non-computational experts
and are not web-based, as Galaxy is.

In summary, the second hypotheses can upheld; without many alternative computational
frameworks for data analysis, as a free and community-based platform, Galaxy enables a
broad range of users to comprehensively analyze their data on their own with the help of
extensive online training material.

iii) Single-nuclei RNA-Seq data to uncover cellular subpopulations
Single-nuclei technology was used rather than single-cell sequencing because the irregular
cell shape and large size of the CM can disturb the overall cell capture (Wolfien et al.,
2020a). Respecting the “eleven grand challenges in single-cell data science,” (Lähnemann
et al., 2020) the cellular composition of an adult mammalian heart was comprehensively
shown for the first time. A transient state of CM, rather than a fixed turnover of cells, was
shown; this was also supported by our differentiation trajectory reconstruction and cell fate
probability quantification. We were the first to confirm a second differentiation lineage for
CM on a single-nuclei level (Wolfien et al., 2020a,b). Further experimental evidence was
given in previous studies, but here, we could clearly show a transient state of immature
CM and endothelial cells to develop into mature CM (Wolfien et al., 2020a). The results
also indicate that in-breed mice populations such as Bl6 might lack this particular cell type
for as yet unknown reasons (Wolfien et al., 2020b). One reason might be the enhanced
genetic robustness of the outbreed Fzt:DU mice strain or the enlarged heart size (Dietl
et al., 2004).

Additional data integration of single-cell data of the Tabula muris project (Schaum et al.,
2018) was achieved through a Seurat integration, and it enabled us to exclusively reveal
proliferative CM (Galow et al., 2020), which have also not been detected before in a
single-cell analysis of an entire heart. Previously, there was controversy regarding whether
proliferative CM in adult hearts exist and where new CM originate. In future validation
studies, the tissues investigated must be expanded to include more specific sub-regions,
such as the SA node and the AV node (Goodyer et al., 2019). These two highly specialized
regions of the heart are essential to understand; however, due to their small size, the
quantity of captured cells is imited and requires a pooling of animals. Another aspect to
consider is the analysis of time-series single-cell data to identify the turnover of proliferative
CMs during embryogenesis (Asp et al., 2019).
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The annotation of single-cell clusters is still a biased, manually curated effort. Only
with domain expertise is it possible to identify specific subpopulations, which is why
the research effort for an automated yet transparent computational solution continues.
With the help of statistical classification, i.e., ML and algorithms based on previously
curated and annotated datasets, rare cell types can be easily and independently detected
in single-cell data. First algorithms such as scCATCH (Shao et al., 2020), SCSA (Cao
et al., 2020), or the further ML-based oversampling techniques of Bej et al. (2019) have
already shown significant potential.
The gold standard, however, remains experimental validation with multi omics approaches
to confirm novel subpopulations of cells (Grün, 2020). Nevertheless, it will quickly become
challenging to experimentally identify and isolate very small amounts of specific cell types
that are embedded and highly connected within larger cell clusters without noticeably
different morphology. This might be one reason these cell subpopulations have not yet
been investigated in detail.
In summary, we were able to identify numerous aspects of cellular compositions and could
confirm previously known hypotheses on the single-cell level. We have further shown that
the conclusions are also driven in large part by the different input datasets; thus, we
suggested integrating more than a single dataset, if possible, from different mice strains,
such as our Fzt:DU mice strain, for a more robust analysis.
iv) Network-based approaches for subpopulation characterization
During my PhD research, different cell populations have been characterized through network
approaches: i) in Section 2.2.1, iSaBs were extensively evaluated towards antibiotic selected
cardiac bodies (aCaBs), and ii) refer to the differentiation of adult mesenchymal stromal
cells (MSC) into cardiomyocytes (Section 2.2.2).
The first comparison of undifferentiated pluripotent stem cells as control (GSES), Tbx3
transfected and antibiotic selected cells (Tbx3MHC), and antibiotic selected cells only
(MHC) directly exhibits the differences between functional pacemaker cells and CM
(Jung et al., 2014). Significantly differentially expressed genes were detected between
the Tbx3MHC (pacemaker cells) vs. the GSES group (undifferentiated pluripotent stem
cells). Transcript characterizations were obtained with GO (biological and molecular
processes) and pathway enrichment analyses (Young et al., 2010). As expected, the resulting
networks showed a greater enrichment and enhanced influence of mRNAs associated with
cardiac processes in comparison to control cells because both transfections are known to
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enhance cardiomyocyte development (Jung et al., 2014). The method was also adapted
for another comparison of Tbx3MHC and MHC (cardiomyocytes). The results again
showed a significant enrichment of identical GO terms that were seen previously. This
can be considered proof of the positive effect of the Tbx3 and Myh6 transfection leading
to beating, pacemaker-like cells. The interactions and GO terms between the mRNAs
determined are illustrated in Fig. 2.33 (Figure 3 in Yavari et al. 2017), which provides an
overview about the characteristics of significantly overexpressed mRNAs in the pacemaker
cells.
The transcription factor Tbx3 is permanently but slightly (not significantly differentially)
expressed in all cell types. Bakker et al. (2012) and Wiese et al. (2009) have postulated
that Tbx3 is a clear indicator of functionality in pacemaker-like cells with an SA function.
Here, the data also shows a positive effect of Tbx3 overexpression in SA functionality.
Tbx3 might be slightly expressed because it is highly regulated, especially through Tbx5
(van den Boogaard et al., 2012). Tbx5 is a central molecule in the network and is associated
with many connections to all relevant biologic processes. The Myh6-positive selected
groups only partially overexpress the Myh6 mRNA (group of Tbx3MHC) in comparison
to GSES cells. Myh6 is also associated as a key player in functional cardiac development
(Granados-Riveron et al., 2010). Finally, Tbx18, a member of the same t-box transcription
factor family, was reported to enable the reprogramming of chamber myocardium towards
nodal cells. It is not significantly differentially expressed in the current analysis, which
contradicts the results of Kapoor et al. (2013). The subsequent analysis of all RNA-Seq
gene expression transcripts in the Tbx3MHC vs. MHC cell comparison via the Cytoscape
application KeyPathwayminer also revealed different subnetworks related to contraction,
electrophysiology, metabolism, and even differentiation factors; see Fig. 2.24 (Figure 4 in
Hausburg et al. 2017).
The second comparison investigated the applicability of non-integrative methods, including
microRNAs and mRNAs, for the cardiac reprogramming of adult MSC derived from bone
marrow, dental follicle, and adipose tissue. Microarray experiments were used to confirm
that MSCs derived from adipose tissue can partly be reprogrammed into the cardiac lineage
by the transient overexpression of Gata4, Tbx5, Mef2c, and Mesp1, while cells isolated from
bone marrow and dental follicle exhibit only weak reprogramming efficiency. Subsequently,
three differentiation protocols were compared by pathway enrichment analysis and are
highlighted in in Fig. 2.30 (Figure 6 in Müller et al. 2020). Together with previous studies
of adult MSC overexpressing transcription factors, the results indicate the feasibility of
mRNA-based cardiac reprogramming of MSCs.
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In summary, the fourth hypothesis can be confirmed because both the enrichment and
network analyses show a significant up-regulation of mRNAs with a cardiac impact and a
significant enrichment of GO terms with relevance to the heart, especially in the double
transgenic group of Tbx3MHC in comparison to the other groups. In addition, the second
network analysis has contributed to the molecular characterization of CM differentiation.
v) The impact of ncRNAs and gene co-expression
The TRAPLINE workflow identified numerous differentially expressed mRNAs and ncRNAs, such as miRNAs, which are actually immature pri-miRNAs in this NGS experiment.
To draw meaningful conclusions, the matured forms of the miRNAs have to be experimentally validated (e.g., via PCR). The target predictions are based on mathematical
algorithms; therefore, they are only theoretical and are often also not experimentally
validated interactions (Dweep et al., 2011). In addition, lncRNAs have received increasing
attention in cardiac research. For example, the publication of Wang et al. (2014) shows
the influences of lncRNAs in cardiac hypertrophy. In this thesis, lncRNAs were also
identified, and these were previously annotated but not yet characterized in other tissues
(Tanaka et al., 2000). Snhg5 is significantly differentially expressed in Tbx3/Myh6 double
transgenic cells only. Snhg5 was recently found to act as an miRNA sponge and, therefore,
requires investigation and characterization in cardiac tissue, as well (Wang et al., 2018).
Interestingly, Tbx5 binds to the promotor region of Snhg5, which supports the idea of a
potential meaningful influence (Yang et al., 2013).
In the previously mentioned single-cell analysis, the expression of Hand2os1 (Anderson et al.,
2016; Han et al., 2019) also a long non-coding RNA that orchestrates heart development
by dampening Heart And Neural Crest Derivatives Expressed 2 (Hand2) expression, was
identified as distinguishing immature CMs from fully differentiated populations (Section
2.1.6). In addtion to the mature, atrial, and ventricular CMs, another Hand2os1 high
CM population has a 1.5-fold expression enrichment that apparently originates from the
Hand2os1 low population. Based on the recent findings of de Soysa et al. (2019), who
identified Hand2 as a specifier of outflow tract cells but not right ventricular cells during
embryonal development, it can be assumed that the population identified represents cells
of the outflow tract.
This thesis took the gene co-expression method into account as a GBA approach to
cluster uncharacterized ncRNAs to already known mRNAs (Section 2.2.3). WGCNA was
applied for this task and identified 2 AMPK as one central hub gene in iSaBs, along
with ncRNAs such as miRNA1982 (Yavari et al., 2017). A review of Chakraborty et
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al. (2020) has also identified 2 AMPK as essential for the expression and regulation of
ion channels and ion transporters, including cytosolic Ca 2+ handling proteins. AMPK
activation is thought to be protective by preventing metabolic stress, favorably modulating
membrane electrophysiology including cytosolic Ca2+ dynamics, preventing cellular growth,
and hypertrophic remodeling (Chakraborty et al., 2020). 2 AMPK is also one of the
clinical and ECG variables to predict the outcome of genetic testing in hypertrophic
cardiomyopathy (Robyns et al., 2020).
The overall consistency of RNA-Seq data can be seen in the dendrograms illustrated in
Fig. 2.34 (Figure 4 in Yavari et al. 2017), which clearly show similarities within the
groups; therefore, they are clustered together by two different algorithms. Moreover, the
differences between the groups are visualized with the help of the distance correlation
matrix in Fig. 2.34. Both figures address the data reliability and, for this reason, the
quantifiable influences on the cardiac cell differentiation of Tbx3MHC double transgenic
clones in comparison to single transgenic MHC and GSES control cells. To further
clarify the differences, the workflow that was developed and validated was applied to
identify the significantly differentially expressed mRNAs. Here, mRNAs from RNA-Seq are
favored because a comparison of NGS technologies with microarray and quantitative PCR
approaches revealed that NGS data facilitates higher sensitivity and accuracy (Mortazavi
et al., 2008). Moreover, the unspecific mRNA background signals of the transcriptome
obtained by RNA-Seq are very low because the cDNA sequences can unambiguously be
mapped to unique regions of the genome (Wang et al., 2009).
In summary, co-expression analyses have been successfully utilized to validate the hub gene
2 AMPK, which is relevant for the heart rate regulation. However, commonly associated
ncRNAs have been identified via this GBA approach, but their specific interaction and
role within the co-expression module has yet to be validated with further computational
or experimental methods, as shown in Wolfien et al. (2019).
vi) The potential of cell therapies
Mice can be a valid model for cell therapies because, due to our meta-analysis, we
showed that we can achieve comparable improvements as previously indicated in pigs and
humans (Lang et al., 2017). Wang et al. (2019) have confirmed this in a patient-specific
meta-analysis that included 14 randomized clinical trials and a total of 669 participants.
As other studies have done, we identified the gender as well as the cell origin as a source
of important variety (Jansen of Lorkeers et al., 2015). Our meta-analysis shows that the
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use of allogeneic cells can lead to significantly greater left ventricular ejection fraction
(LVEF) improvement than syngeneic cells. Even though syngeneic cell transplantation
into in-breed mice strains is not directly comparable to autologous cell transplantation,
our results support the hypothesis that allogeneic cell applications can indeed provide
an attractive alternative to autologous cell-based therapies. The gender-specific findings
are in agreement with a meta-analysis of the influence of patient characteristics on study
results by meta-regression (Bai et al., 2010). In that study, male individuals benefitted
less than females from intracoronary-infused bone marrow stem cells for the treatment of
acute myocardial infarction. Interestingly, the relevance of gender-specific approaches in
the field of cardiovascular medicine has increased in recent years (Cadeddu Dessalvi et al.,
2019; Romiti et al., 2019). Both clinical and preclinical studies indicate that the female
sex favorably influences the remodeling and adaptive response to myocardial infarction
(Fels and Manfredi, 2019; Ostadal and Ostadal, 2014).

Since the current study was limited to magnet resonance imaging (MRI) to measure
LVEF, a further meta-analysis has to be conducted to involve additional clinically applied
techniques, such as ultrasound or pressure-volume loop analysis. MRI is meant to be
the gold standard in LVEF measurement, but it nevertheless depends on the user and
technology (Nabeshima et al., 2019; Wood et al., 2014).

In contrast to this, Gyöngyösi et al. (2018) have reviewed current meta-analyses and
concluded that the potential beneficial effect of cell therapies after heart failure is still
inconclusive and statistically underpowered. The findings in this thesis suggest the
beneficial impact of cell therapies in mice, but cannot entirely solve the complex puzzle
of the regenerative response. In agreement with the mice data, our findings in patients
show that cell therapies are beneficial in responsive patients (60% of patients investigated).
Here, the responsiveness dependents on several parameters, such as inflammation and
immune status, as well as the angiogenic potential and the amount of proliferating CD133 +
positive stem cells (Steinhoff et al., 2017a,b).

In summary, this hypothesis can only be partially accepted because there is still an ongoing
debate to which this thesis has contributed three publications. Indeed, we can investigate
the influence of cell therapies and moderator values via meta-analyses in mice as a valid
model, but an ultimate conclusion about their effectiveness in all circumstances cannot be
given if only murine data is taken into account.
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vii) Stratification of patients
AI models have now been developed to be less opaque black boxes that lack interpretability
and transparency; formerly, this was the most important reason patients and clinicians had
a skeptical view of this technology, as it is understandable to mistrust unfamiliar interfaces
and to hesitate when giving a machine or mathematical algorithm the responsibility of
making life-critical decisions (Begoli et al., 2019; Rudin, 2019). A CDSS should be seen
as an extended tool, such as a stethoscope, for patient diagnostics that a clinician can
naturally utilize to make a therapeutic decision.

In oncology, the application of AI approaches, including its well-known branch of ML,
already has a significant impact on enabling precision oncology based on the supervised
classification of single-source omics (Azuaje, 2019). These new approaches were successfully transferred to the study setup of the PERFECT Phase III clinical trial (Section
2.3.3). Responsive vs. non-responsive patient subgroups have been classified for specific
regenerative cell therapy after myocardial infarction. The input data used was mainly
derived from peripheral blood. Peripheral blood is used increasingly often as an indicator
system because it can serve as a systemic readout of the whole body and not only of
specific organs (Hogan et al., 2019; Steinhoff et al., 2017b; Wilkinson, Meredyth G Ll et al.,
2020). There is also an ongoing extension of our study that includes RNA-Seq data and
derived mutational data obtained from RNA transcripts (Wolfien et al., 2020c). Overall,
there is still a limited quantity of patients due to the broad and cost-intensive testing
procedures, but this thesis contributes to refining the testing scenarios into a more focused
panel, which will be tested in future clinical studies and applications.

Such a focused panel is in agreement with a current comparison of ML methods with
traditional models for using administrative claims with electronic medical records to predict
heart failure outcomes (Desai et al., 2020), in which approaches with traditional logistic
regression were compared on predicting key outcomes in patients with heart failure; the
added value of predictive models was evaluated with EHR data. There have been 9,502
patients (aged 65 years or older) in this study with at least one heart failure diagnosis; 6,113
of these patients were included in the training set, and 3,389 were used as the testing set.
The study contains a large data set with clinical standard parameters, which have no clear
superior predictive value when using ML for stratification. Since we initially also observed
the limited predictive capacity in our study, we also used additional molecular data, which
could improve the prediction accuracy of our model from 64% to 82%. This was another
indication for us to use more specific molecular data, such as RNA-Seq. Stratification
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results of a larger cohort show an increase of more than 10% in terms of the predictive
accuracy and sensitivity (Wolfien et al., 2020c).
Another essential aspect of our study was the so-called “ expert-in-the-loop” system (Girardi
et al., 2016), which was not only used to improve the selection of the input datasets and
evaluation of the predictive performance of the feature selection algorithms, but also to
guide the learning process. The interdisciplinary use of ontology-originated transcript
information, patient meta-information, and blood and protein data can help medical
domain experts become familiar with applying advanced ML and network applications
to a high degree. The ultimate aim would be to enable non-computational experts to
apply these algorithms and find matching diagnostic support or similar cases, as has been
proposed in other CDSSs within cardiac research (Groenhof et al., 2019). The meta-review
of Groenhof et al. also concludes that the benefit of such a CDSS is highly dependent on
the data input.
A last important consideration is the combination of AI approaches and traditional researchoriented mechanistic models (in vivo and in vitro) that are used not only predict the
disease outcome, but also to identify the origin of a certain disease because, for reliable
decisions, it is necessary to properly investigate the causes (Baker et al., 2018; Wolfien
et al., 2020c). Cabitza et al. (2017) have noted that users and designers of a CDSS need
to be aware of the inevitable, intrinsic uncertainties that are deeply embedded in medical
sciences. Begoli et al. (2019), meanwhile, have even written about the need to develop a
principled and formal uncertainty quantification discipline in medical AI, especially in its
modern, data-rich DL guise.
In summary, based on the analysis of the PERFECT clinical trial, it can be concluded that
patient stratification for stem-cell therapy after myocardial infarction is possible through
an integrative dataset from human peripheral blood samples. The biomarker signature
identified for the responsive patients has to be applied for further predictions and validated
on an independent patient cohort.
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3.2 Social and ethical considerations of AI and RNA-Seq in the
clinic
This section emphasizes the social and ethical impact of AI and RNA-Seq technologies that
are used with increasing frequency in clinics.
AI methods seek to solve individual problems within one specific task. While they may
excel in interpreting image and contextual information, they are so far not able to make
associations the way a human brain does, and they cannot replace doctors in all the tasks
they perform (Visvikis et al., 2019). Visvikis et al. (2019) have also concluded that AI
has not yet achieved the same level of performance as a human expert in all situations;
therefore, a full artificial doctor still belongs to the domain of science fiction. However,
the role of physicians is likely to evolve as these new techniques are integrated into their
practice.
Changing doctor-patient relationships with AI-supported decisions
The major aim, of course, is that an integrative AI concept will allow doctors to spend
more time on personal discussions with patients, while leaving time-consuming statistical
calculations and predictions to the CDSS (Warraich et al., 2018). Having more time on the
patient side would enable doctors to provide better care, which enhances patient trust, the
foundation of the doctor-patient relationship (Lysaght et al., 2019). However, doctors also
need to ensure that the AI-assisted CDSS does not obstruct the doctor-patient relationship;
they must realize that the legal and moral responsibilities for decisions still lies with them.
Thus, implementers may need to ensure that doctors are adequately trained on the benefits
and pitfalls of AI-assisted CDSS and apply them in practice to augment rather than replace
their clinical decision-making capabilities and duties to patients (Lysaght et al., 2019). To
be successful and accepted, a full degree of information transparency should be provided
to patients about the features, limitations, and suggestions involved in the AI systems that
assist clinicians with their decision-making (Keane and Topol, 2018). This would be an
extension of the current classic formulation of informed patient consent, which reflects a
disclosure of all relevant information during the decision making process (e.g., information
at hand to accept/reject a diagnosis and consent to a proposed therapy plan). However,
using these benefits will require a free and rapid flow of information from the EHR to the
CDSS platform into reportable outputs that can be validated and disseminated to others
outside the doctor-patient relationship, as well. This will require fundamental trade-offs
for the control and supervision that patients have regarding the information contained
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within the EHR (Lysaght et al., 2019). To circumvent this, researchers and administrators
could use aggregated, de-identified data to undertake their analysis. However, it must be
noted that no data can be truly de-identified, especially in the era of high-quality imaging
and molecular deep sequencing (Palanisamy and Thirunavukarasu, 2019).
AI and genetic information
Patients obtaining genetic testing for various diseases, ranging from cancer to cardiomyopathy, have steadily increased. In addition, today, RNA-Seq experiments can also reveal
specific mutational information and may undergo the same guidelines used for DNA-Seq
(Karamperis et al., 2020). In this growing, dynamic context, a grasp of the ethical principles
and history underlying clinical genetics will provide clinicians with better tools to guide
their practice and help patients navigate complex medical-psychosocial terrain (Braverman
et al., 2018). However, incidental or secondary findings in the course of testing are an
important aspect to consider; once a concerning finding is identified, should it be reported
to the patient and the family, even if it was previously excluded? Addressing those concerns
is an ongoing bioethical debate on the current disclosure action of such findings in clinical
practice (Green et al., 2013; Jamuar et al., 2016). However, there is consensus in the
medical community that secondary findings with actionable clinical significance should be
given to patients. In particular, in light of data-intense ML algorithms using such genomic
data, what these algorithms actually learn and utilize for patient stratification should be
transparent.
Humans plus or versus machines?
The usability of AI-assisted approaches as well as possible perspectives and drawbacks give
rise to the question of whether AI is exaggerated or is a gatekeeper of improved medicine
(Fig. 3.2). Since the first AI diagnostic system for MRI heart interpretation (Arterys) 6
was approved by the FDA in 2017, more followed in accelerating numbers (in total, two
in 2017 and twelve in 2018), which might indicate the increasing impact of AI in the
near future of healthcare (Topol, 2019). Nevertheless, AI will not be a panacea, and if
used improperly, these systems can replicate or even augment faulty practices rather than
improve clinical decisions (Kelly et al., 2019). Each AI application that can potentially
be used in the clinic must first be investigated, tested on multiple independent datasets,
and thoroughly questioned before its release to the clinical area (Keane and Topol, 2018).
One of the most pressing concerns is that AI might become more intelligent than humans,
reaching a state called “superintelligence” (Mulgan, 2016). This may lead to accelerated
technological advancement by surpassing human control with goals that may not match
6

https://arterys.com/
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current societal norms, which is why there is a growing branch of prevention for AI safety
that focuses on AI containment (Hall, 2019). Another concerning ethical problem concerns
the introduction of rules and data resources that guide AI decisions because ML/DL
algorithms can work from vast repositories of information, and the final rationale for
their decisions thus might not be completely clear in the end (Oravec, 2019; Vogel, 2017).
However, one could argue that this accurately reflects our own human intuition. There
is in fact ample useful information in our data that certainly affects our daily life in a
positive manner if utilized appropriately. For this reason, current research and this thesis
focus on supportive systems instead of systems that autonomously make decisions, such
as self-driving cars. Thus, in sum, the result is the human plus the machine rather than
versus the machine.
Citizen science and public outreach
One possibility to help to empower patients with such new technical developments is to
inform them about and involve them in the current potential, limitations, applications,
and future directions. Currently, it is still challenging to translate multi-omics techniques
and ML into the healthcare system; even if multi-omics approaches have provided a large
number of potential biomarkers and achieved resonable short-term benefits (e.g., more
accurate treatments, better stratification; Lu and Zhan, 2018). Nevertheless, it will take a
long time to fulfill the long-term benefits, such as sensitive, early diagnosis, and significantly
improved overall survival (Lu and Zhan, 2018). Recent findings demonstrate that citizen
science-based approaches play an important role in the public awareness, acceptance, and
implementation of personalized medicine, i.e., genomic testing (PGP-UK Consortium,
2018). Therefore, the presentation of research, including methods and results for nonexperts and laypeople, requires a higher level of attention from researchers. Accordingly,
the results of this thesis were presented as a Science Slam7 in Bremen 2018, and the thesis
has contributed to a publicly available video, “A Modeler’s Tale” 8 , about using standards
in modeling.

3.3 What has been achieved from a biological perspective?

This section summarizes the most important biological insights and presents ongoing as
well as further planned experimental perspectives that were discovered during this thesis.
7
8

https://youtu.be/fy0CD7bIeI0
https://figshare.com/articles/A_Modeler_s_Tale/3423371

279

3.3 What has been achieved from a biological perspective?

Patient
with medical
symptoms

Therapeutic
decision

Need for
therapeutic
decision?

Clinician

AI assisted
approach

Common
approach
Decisions based on:
Personal expertise
Specialized literature

Artificial
intelligence

-

Machine
learning

+

Deep
learning

Support based on:
High dimensional data
Modelling & Simulation

Clinical decision
support systems (CDSS)

EHR data

Patient data, e.g.
Blood & urine data
Medical images (CT, MRI, etc.)
Drug subscriptions
Family records
Medical history

Patient data
management

++

Method
independence

Trial data

Population

-

Phase I

-

Cohort

+

Phase II

+

++

Phase III

Subgroup

Patient
similarity

++
Therapeutic
success

Figure 3.2: Comparison of common and AI-assisted approaches for therapeutic
decisions. The clinician is still in the center of the therapeutic decision but
in addition to the common approach it will be possible to obtain additional
information based on AI-assisted approaches for an enhanced guidance based
on electronic health records (EHR), clinical trial data, and different AI model
combinations.
The findings of this thesis improved the molecular characterization (significant mRNAs
and ncRNAs) of the iSaBs and CM in general (Wolfien et al., 2016). Network analyses
revealed specifically enriched subnetworks for iSaBs (Hausburg2017) and contributed to an
estimation of the differentiation potential of cardiomyocytes after reprogramming (Müller
et al., 2020). Using this molecular iSaBs data, it was possible to validate experimental
findings around 2 AMPK, and its role as a potential hub gene and heart rate regulator
was confirmed via co-expression network analysis (Yavari et al., 2017). These results in
turn contributed to a successful research proposal, and the generated pacemaker cells
are now applied as a drug testing system to reduce the quantity of mice experiments
(iRhythmics).9
9

https://irhythmics.med.uni-rostock.de/
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In terms of single-cell RNA-Seq experiments, this thesis investigated the cellular composition of an entire mammalian heart and contributed to the understanding of the cellular
kinetics between the different cell clusters identified. Furthermore, it was confirmed that
cardiomyocytes can also be derived from an endothelial cell lineage and not only from a
cardiac lineage (Galow et al., 2020; Wolfien et al., 2020a,b). In addition, it would be useful
to investigate different vertebrate species to evaluate the cellular composition of different
vertebrate lineages, which could give further evidence about the overall composition of
the evolutionary development of this highly complex organ. In addition, novel spatial
sequencing techniques could be applied to investigate the molecular profile and cellular
morphology, as well (Asp et al., 2019).

The AI-assisted clinical analyses utilized in this thesis greatly improved the preoperative
prediction accuracy of responsive patients in comparison to traditional statistical models.
In line with previous studies, it was shown that the measured routine blood parameters
currently in use are not sufficient to stratify patients with the complex disease mechanism.
The extension of non-clinical measurements, such as specialized FACS for stem cell surface
markers, cell viability assays, and extensive inflammation marker testing, improved the
prediction accuracy by more than 20% (Steinhoff et al., 2017b). However, an even higher
accuracy is achieved with the integration of RNA-Seq data within the ML feature selection
analysis (Wolfien et al., 2020c). Based on the small patient cohort, the molecular mechanism
of the responsive patients could not be characterized in-depth. It was only indicated that
Sh2b3 likely plays an important role in responsive patients. A larger patient cohort and
time-series gene expression data would be of high value to reveal a specific responsive
pattern. Additional experiments in different mice models addressing the role of Sh2b3
show already promising results (Wolfien et al., 2020c).

In conclusion, this thesis provides new insights into mRNAs, miRNAs, and lncRNAs as
essential molecules with respect to the differences between various cardiomyocyte cell
types, especially functional pacemaker cells. The findings can be considered a significant
contribution towards the understanding of this cell type and as a verification of the
previous results of Jung et al. (2014). Nevertheless, the analyses described are in silico
predictions, which are a useful starting point for further experiments but must be validated
experimentally. In general, the results obtained are essential to advancing the production
of de novo, highly enriched, stem cell-derived applications for therapy after myocardial
infarction or improved characteristics of mature SA cells.
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This section summarizes the most important computational insights and presents future
developments.

The computational Galaxy workflow TRAPLINE that was developed was the basis of
several biological applications and has already been reused, extended, and modified for
further research projects (more than 50 overall citations) (Grüning et al., 2017; Hausburg
et al., 2017; Wolfien et al., 2016; Yavari et al., 2017). The experience gained during the
development of this Galaxy workflow was used to establish a BMBF-funded national
service for RNA-Seq analyses and workflow development within de.NBI. Together with the
University of Freiburg and the Leibniz Institute on Aging in Jena, flexible workflows were
built and integrated into the Galaxy framework (de.STAIR). The initial workflow and
network analyses were also extended and are currently applied within the BMBF-funded
GB-XMAP project, in which RNA-Seq data from ulcerative colitis and schizophrenia
patients are analyzed with network approaches to investigate the joint gut-brain relation.
Empowering non-computational users through training
A unique, community-driven set of training materials was jointly developed with more
than 150 experts to empower non-computational experts to individually analyze complex
datasets (Batut et al., 2018).10 To facilitate education about computational analysis, the
material generated was taught online and at international on-site trainings to graduates and
PhD students, post-docs, and professors. A list of training sessions that have been given in
light of de.NBI can be found in the Appendix or at de.STAIR training. 11 To self-empower
the user, thorough documentation and easily applicable trainings are essential. Traditional
formats, e.g., tool descriptions and plain ‘README’ files, are insufficient for a complex,
rapidly changing topic like NGS analyses, which is why the Galaxy Training Material uses
i) introductory slides; ii) step-by-step, hands-on guides, including explanatory images; and
iii) input files that are ready to use via Zenodo, as well as dedicated Galaxy instances
(provided as Docker containers) and Galaxy tours (Batut et al., 2018).
Improved quality of diagnostics and therapies through CDSS
By using the feature selection methods of classical ML approaches, model explainability
was achieved in this research project. Interpreting a model on a technical level is still
10
11

https://training.galaxyproject.org
https://github.com/destairdenbi/training-material
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very distinct from interpreting its decision about the underlying biology, which is why the
“doctor-in-the-loop” approach was applied; it is increasingly important for clinicians and
patients to find explanations and gain trust in AI model predictions, which are almost
inevitable. The next phase of the PERFECT study includes ongoing research to validate
the findings of the first analysis in 2017 (Steinhoff et al., 2017b; Wolfien et al., 2020c).
In terms of AI model applications in a real-world scenario, there are also plans to use the
model predictions on patients with current therapeutic needs because it is not sufficient
to validate the models on existing data; they must also be validated and refined in a
real-world clinical setting. Thus, the quality of a CDSS should not only be grounded in
the current performance metrics, but it should also be required to proof the clinically
important benefits in relevant outcomes compared with standard care, along with the
satisfaction of patients and doctors.
As was noted in the beginning, healthcare involves rapid decisions in which both machines
and humans can generate errors. Thus, iterative systems are needed to detect, prevent, and
correct such errors. The interplay of humans and smart algorithms therefore provides a
valuable opportunity for such a system. Everyone should be willing to question and change
thier own practices, improve standardization, and adhere to guidelines where possible
(Steinhoff et al., 2017a). It is inevitable that healthcare professionals and patients will
become familiar with upcoming and already existing AI technologies to ensure that CDSS
and medical “traffic-light-systems” are used appropriately and that the decisions made are
as transparent as possible.
In conclusion, this thesis facilitates the transferability and applicability of computational
approaches via workflows and contributes to their overall development. The workflows
generated have been applied in different use cases in scientific research projects and have
already been reused by other research groups. The computational resources provided at
Docker-Hub, and Zenodo also had high download rates. Moreover, the in silico findings
derived have been already experimentally validated and have led to newly funded projects.
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and processing the transcription submodel of M. genitalium. I participated in the
planning of the hackathon and contributed to the manuscript writing.
3. Lott, S.C.*, Wolfien, M.*, Riege, K.*, Bagnacani, A.*, et al. (2017). Customized
workflow development and data modularization concepts for RNA-Sequencing and
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metatranscriptome experiments. Journal of Biotechnology. IF: 3.142, Citations: 6
Here, I was responsible for Section 2 about the growing importance for
well-suited, correctly developed scientific workflows. In addition, I worked on the
part about developing better workflows as a bioinformatician for the end user, as
well as the technical illustration of cloud computing frameworks. I drafted the first
version(s) of Fig.1 and Fig.2 and critically revised the manuscript.
4. Gruening, B.A., ..., Wolfien, M., et al. (2017). The RNA workbench: best practices
for RNA and high-throughput sequencing bioinformatics in Galaxy. Nucleic Acids
Research. IF: 10.727, Citations: 21
I contributed to this article by incorporating my experience gained from the
development of TRAPLINE. In particular, I revised and tested workflows for the
RNA-Seq data analysis and the underlying training materials. I also contributed in
revising the paper, figures, and reviewer comments.
5. Hausburg, F., Jung, J.J., Hoch, M., Wolfien, M., et al. (2017). (Re-)programming
of subtype specific cardiomyocytes. Advanced Drug Delivery Reviews. IF: 16.361,
Citations: 6
Here, I applied and transfered the RNA-Seq data analysis workflow TRAPLINE
to a cardiac use case, in which different stem cell-derived cardiomyocyte subtypes are
compared and characterized. I developed the systems-based data analysis workflow
in Cytoscape to identify enriched subnetworks. I incorporated and discussed the
subsequent results in Section 4.4.6 and designed Fig.4.
6. Yavari, A., ..., Wolfien, M., et al. (2017). Mammalian 2 AMPK regulates intrinsic
heart rate. Nature Communications. IF: 11.880, Citations: 10
I applied TRAPLINE on RNA-Seq data of murine SA cells and visualized
the differentially expressed transcripts as a network (Fig.3). To investigate the coexpression of 2 AMPK, I conducted a weighted gene co-expression network analysis,
which included hierarchical clustering, construction of the topological overlap matrix,
multi-dimension analysis, and a network screening analysis (Fig.4). The identified coexpression cluster, including 2 AMPK, was subsequently investigated for hub-genes
and characterized via Gene Ontology and pathway enrichment analyses.
7. Steinhoff, G., Nesteruk, J., Wolfien, M., et al. (2017). Stem cells and heart disease
- Brake or accelerator? Advanced Drug Delivery Reviews. IF: 16.361, Citations: 21
I discussed potential computational and best-practice standards for a proper,
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reproducible data analysis strategy in clinical research and hospital settings (Section
5). I proposed a semi-automated and self-adapting processing cyclus to evolve
regenerative therapies, used as an interative process of data mining from databases,
next generation sequencing data processing, network approaches, and machine
learning that have to be integrated into such sustainable clinical workflows (Fig.5). I
critically revised the final manuscript.
8. Lang, C.I.*, Wolfien, M.*, et al. (2017). Cardiac Cell Therapies for the Treatment
of Acute Myocardial Infarction: A Meta-Analysis from Mouse Studies. Cellular
Physiology and Biochemistry. IF: 5.5, Citations: 18
I developed a univariate meta-analysis compliant workflow and conducted
the statistical analyses with the R-package metafor. The statistical data analysis
was solely my responsibility, in which I first did an estimator comparison on the
study variance τ2 and inconsistency I2 (Fig.3). I also checked for study biases
via funnel-plot visualizations and Egger’s regression testing (Fig.4), and utilized
random/fixed effects module analyses to summarize study outcomes in a forest-plot
(Fig.5). Ultimately, I conducted meta-regression analyses of different subgroups
to identify moderators that have a significant influence to the LVEF improvement
(Tab.2). I critically revised the final manuscript.
9. Steinhoff, G., Nesteruk, J., Wolfien, M., et al. (2017). Cardiac Function Improvement of the Randomized PERFECT Phase III Clinical Trial of Intramyocardial
CD133+ Application After Myocardial Infarction. EBioMedicine. IF: 6.680, Citations: 23
In this study, I proposed and utilized the computational analysis strategy, in
which I applied supervised and unsupervised machine learning (ML) approaches to
clinical routine measurements and accompanying research parameters with respect to
learning on small datasets. I applied the unsupervised ML techniques for dimensional
reduction and patient clustering (Fig.5). The key result of this paper would not
have been possible without my comparison and integration of several classical ML
techniques for patient stratification and most important feature selection (Fig.4 and
Tab.5). I also drafted the main figure for the discussion section (Fig.6) and critically
revised the manuscript.
10. Batut, B., ..., Wolfien, M., et al. (2018). Community-driven Data Analysis Training
for Biology. Cell Systems. IF: 8.640, Citations: 7
This manuscript evolved from a community effort to built an extensive
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training material for computational data analysis for the Galaxy framework. I
contributed to the Galaxy trainings about RNA-Seq data analyses, as well as “ Quality
control ” and “Mapping”. I contributed to the manuscript writing.
11. Wolfien, M., Brauer, D. L., Bagnacani, A., and Wolkenhauer, O. (2019). Workflow
development for the functional characterization of ncRNAs. Methods in Molecular
Biology. Downloads: 1,100; Citations: 2
In this book chapter, I developed an experimental and computational strategy to identify and functionally characterize ncRNAs based on RNA-Seq data, as
well as further database information (Fig.2). This strategy includes analyses from
transcriptome-wide association studies, guilt-by-association, molecular network analyses, and artificial intelligence guided predictions. I refer to such an integration of
diverse tools as connective workflow development. I structured the text and designed
all figures in the article. I am the corresponding author of the chapter.
12. Bagnacani, A., Wolfien, M., and Wolkenhauer, O. (2019). Tools for Understanding
miRNA-mRNA Interactions for reproducible RNA Analysis. Methods in Molecular
Biology. Downloads: 978, Citations: 0
In this work, I defined use cases for miRNA-mRNA interactions as well as
selections of relevant tools or combinations of RNA-Seq analyses into workflows. For
this reason, I graded different workflows based not only on the achieved results, but
on its accessibility, ease-of-use, and applicabilty for an RNA-Seq test case scenario.
13. Salehzadeh-Yazdi, A., Wolfien, M., and Wolkenhauer, O. (2019). Applications of
Genome-Scale Metabolic Models and Data Integration in Systems Medicine. Focus
on Systems Theory and Research. Citations: 0
In this book chapter, I contributed reasons about the integration of transcriptomics data into Genome-Scale Metabolic Models (GEMs) by comparing different
algorithms and classification criteria. I also provided examples of GEMs used in
systems medicine approaches for the identification of biomarkers and drug targets in
metabolism-related disorders (e.g., obesity, and aging). I contributed to Fig.1 and
critically revised the manuscript.
14. Wolfien M.*, Galow A.M.*, Müller P.*, et al. (2020). Single Nuclei Sequencing of
an entire Mammalian Heart: Cell Type Composition and Velocity . Cells. IF: 5.656,
Citations: 1
In this publication, I developed the computational workflow for the analysis
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of single-cell RNA-Seq data. In particular, a genomic index for the murine mm10 built
was generated and uploaded on Zenodo (https://zenodo.org/record/3623148).
Subsequently, the nuclei were clustered and the RNA-velocity calculation was applied
to investigate the RNA kinetics. I generated Fig.1, Fig.2, as well as the online
material at FairdomHub (https://doi.org/10.15490/fairdomhub.1.study.713.
1). I drafted and critically revised the manuscript.
15. Hahn O., Ingwersen L.C., Soliman A., Hamed M., Fuellen G., Wolfien M., et
al. (2020). TGF-ß1 induces changes in the energy metabolism of white adipose
tissue-derived human adult mesenchymal stem/stromal cells in vitro. Metabolites.
IF: 3.303, Citations: 0
In this work, I analyzed and visualized the gene expression microarray data in
which several quality control and processing steps were performed (e.g., normalization
comparison, PCA, and DE visualization via heatmaps). I generated Fig.4 as well as
Fig.6 and critically revised the final manuscript.
16. Müller P., Wolfien M., Ekat K., et al. (2020). RNA-Based Strategies for Cardiac
Reprogramming of Human Mesenchymal Stromal Cells. Cells. IF: 5.656, Citations:
0
In this manuscript, I analyzed and visualized the gene expression microarray
data and performed gene set, as well as pathway enrichment analyses. I generated
Fig.2, Fig.5, and Fig.6. I critically revised the final manuscript.
17. Wolfien M.*, Galow A.M.*, Müller P.*, et al. (2020). Single Nuclei Sequencing of
entire Mammalian Hearts: Strain-dependent Cell Type Composition and Velocity.
Cardiovascular Research. IF: 7.014, Citations: 0
In this manuscript, I evaluated and refined the computational workflow for
the analysis of single-cell RNA-Seq data that was previously published in January
2020. In particular, I extended the input data sets and integrated data obtained
from a different mice strain for an in-depth comparison, i.e., Fzt:DU and BL6. I
visualized Fig.1 and generated the online material at FairdomHub (https://doi.
org/10.15490/fairdomhub.1.assay.1227.1). I drafted and critically revised the
manuscript.
18. Uellendahl-Werth F., Wolfien M., Franke A., Wolkenhauer O., Ellinghaus D.
(2020). A benchmark of hemoglobin blocking during library preparation for mRNASequencing of human blood samples. Scientific Reports. IF: 4.011, Citations: 0
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In this work, I supported the bioinformatics analyses with regards to the
RNA-Seq benchmark and underlying computational workflow development strategy.
I helped interpreting the obtained data and critically revised the manuscript
19. Galow A.M.*, Wolfien M.*, Müller P., et al. (2020). Integrative cluster analysis of
whole hearts reveals proliferative cardiomyocytes in adult mice. Cells. IF: 5.656,
Citations: 0
Here, I provided the basic data analysis template and contributed to the
visualization of all figures. I critically revised the manuscript.
20. Wolfien M., Klatt D., Salybekov A.A., et al. (2020). Hematopoietic Stem-Cell
Senescence and Myocardial Repair. EBioMedicine. IF: 6.680, Citations: 0
In this publication, I was the main investigator of the RNA-Seq, ML, and
correlation analyses for the murine and patient data. In addition, I performed the
gene co-expression, mutational profiling analysis, and unsupervised clustering of
the patient data. The final ML stratification and feature selection algorithm was
optimized by me, which resulted in an improved prediction accuracy of about 96%.
I contributed to all Figures and contributed in planning and critically revising this
manuscript.
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List of Filed Patents
1. Methods for an optimized generation of iSaBs (2017)
Based on the significantly differential expressed ncRNAs, transcription, and surface
factors that have been identified via the TRAPLINE workflow, we filed an international patent entitled “Method for producing sinoatrial node cells (cardiac pacemaker
cells) from stem cells, and method for purifying sinoatrial node cells produced from
stem cells” (WO2017108895A1).
2. A device to stratify patients for a cardiac response therapy (2019)
Clinical routine measurements and molecular data of the Phase III study PERFECT
were investigated via ML algorithms. Feature-selection identified a biomarker signature for responsive patients prior to stem-cell therapy and, thus, was filed as an
international patent entitled “Method for prediction of response to disease therapy ”
(PCT/EP2019/077650).
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List of Given Trainings
1. Bagnacani A., Wolfien M., Wolkenhauer O.: RNA-Seq data analysis with Galaxy
for clinical applications. (Conference tutorial) GMDS (2019), Dortmund
2. Bagnacani A., Wolfien M., Lott S., Riege C., Hess W., Hoffmann S., Wolkenhauer
O.: Galaxy for linking bisulfite sequencing with RNA sequencing. (Three-day training)
de.NBI (2019), Rostock
3. Wolfien M., Bagnacani A., Wolkenhauer O.: RNA-Seq data analysis with Galaxy
for clinical applications. (Conference tutorial) GMDS (2018), Osnabrück
4. Riege C., Bagnacani A., Wolfien M., Lott S., Hess W., Wolkenhauer O., Hoffmann
S.: A Primer for RNA-sequencing Processing, Interpreting, and Visualization. (Threeday training) de.NBI (2018), Jena
5. Wolfien M., Bagnacani A., Wolkenhauer O.: Introduction to RNA-Seq analysis
with Galaxy. (One-day training) de.NBI (2018), Kiel
6. Lott S., Riege C., Wolfien M., Bagnacani A., Wolkenhauer O., Hoffmann S., Hess
W.: A Primer for RNA-sequencing Processing, Interpreting, and Visualization.
(Three-day training) de.NBI (2017), Freiburg
7. Wolfien M., Bagnacani A., Wolkenhauer O.: Using Next Generation Sequencing
Data Analysis in the Clinic. (Conference tutorial) CASyM Winter School (2017),
Ljubljana (Slowenien)
8. Wolfien M., Wolkenhauer O.: Processing and Usage of Next Generation Sequencing
Data Analysis in the Clinic. (Conference tutorial) First Conference of the European
Association of Systems Medicine (2016), Berlin
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List of Selected Talks

1. Wolfien M.: Bioinformatics data analysis and computational workflows in cardiac
regeneration research. (Conference talk) 7th Graduate Meeting of the LL & M (2020),
Rostock
2. Wolfien M., Wolkenhauer O.: Systems biology and bioinformatics approaches in
iRhythmics. (Project meeting) iRhythmics Kickoff meeting (2019), Dummerstorf
3. Wolfien M.: Deep Learning - An introduction. (Invited talk) Annual Conference of
the Northern German Community for Nuclear Medicine (2019), Hamburg
4. Wolfien M.: Artificial intelligence, the terminator, and hospitals. (Invited talk)
Rostock’s eleven (2019), Rostock
5. Wolfien M., Steinhoff G., Wolkenhauer O.: Reprogramming the stem cell switch for
cardiac regeneration. (Invited talk) Joint meeting for cardiac regeneration (2019),
Stettin, Poland
6. Wolfien M.: Künstliche Intelligenz - vom Terminator ins Krankenhaus. (Invited
talk) BMBF Science Slam, video can be accessed at1 (2018), Bremen
7. Wolfien M., Steinhoff G., Wolkenhauer O.: Outcome analysis of the PERFECT
clinical trial. (Invited talk) Joint meeting for cardiac regeneration (2018), Tokai
University Isehara, Japan
8. Wolfien M., Steinhoff G., Wolkenhauer O.: Künstliche Intelligenz für unterstützende
Vorhersagen in der Medizin. (Conference talk) Nconf (2018), Rostock
1

https://www.youtube.com/watch?v=fy0CD7bIeI0
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9. Wolfien M., Steinhoff G., Wolkenhauer O.: Automatische Prozesse dank künstlicher
Intelligenz. (Conference talk) Baltic Logistics Conference (2018), Rostock
10. Wolfien M., Bagnacani A., Wolkenhauer O.: Structured Analysis and Integration of
RNA-Seq Experiments - de.STAIR (Conference talk) 2nd NGS workshop Dummerstorf
(2018), Dummerstorf
11. Wolfien M.: Our hearts in machines. (Invited talk) Posterslam - Lange Nacht der
Wissenschaft (2018), Rostock
12. Wolfien M., Bagnacani A., Wolkenhauer O.: Customized workflow development
and omics data integration concepts in Systems Medicine. (Conference talk) GMDS
(2017), Oldenburg
13. Wolfien M., Steinhoff G., Wolkenhauer O.: Outcome analysis of the PERFECT
clinical trial. (Invited talk) MHH, Department of Cardiothoracic, Transplantation,
and Vascular Surgery Hannover (2017), Hannover
14. Wolfien M., Freiesleben S., Kriehuber R., Iliakis G., Wolkenhauer O.: NGS based
analysis for structural DNA variation with applications to radiation research (Conference talk) GBS (2016), Erlangen
15. Wolfien M., Schmitz U., Wolkenhauer O.: TRAPLINE: A standardized and automated pipeline for RNA sequencing data analysis, evaluation and annotation. (Invited
talk) Friedrich-Alexander Universität (2016), Erlangen-Nürnberg
16. Wolfien M., Bagnacani A., Wolkenhauer O.: Workflow development and data
integration - de.STAIR. (Project meeting) 2nd RBC Kickoff Meeting (2016), University
of Freiburg, RNA Bioinformatics Center
17. Wolfien M., Bagnacani A., Gebhardt T., Scharm M.: A Modeler’s Tale (Invited talk)
10th International CellML Workshop, video can be accessed at2 (2016), Auckland,
New Zealand

2

https://figshare.com/articles/A_Modeler_s_Tale/3423371
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List of Supervised Theses
1. Matti Hoch (B.Sc. in Medical Biotechnology from Rostock University Medicine,
2017): “Identifizierung von aktivierten Signalwegen in kardialen Stammzelltypen
mittels Netzwerkanalyse.”
2. Mariam Nassar (M.Sc. in Computer Science from University of Rostock, 2018): “ A
Machine Learning approach to identify White Blood Cells.”
3. David Leon Brauer (B.Sc. in Medical Biotechnology from Rostock University
Medicine, in 2018): “Functional Characterization of Long NonCoding RNAs from
Stem Cell Derived Cardiomyocyte Cell Types.”
4. Florian Uellendahl-Werth (M.Sc. in Biochemistry and Molecular Biology from
University of Kiel, 2019): “Systematic Evaluation of Globinblock and RNA-Seq Tools
for Whole Blood Samples.”
5. Maximilian Hillemanns (M.Sc. in Medical Informatics from University of Lübeck,
2020): “Comparison of Deep Learning algorithms for 3D image analysis of cardiomyocyte cell populations.”
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TRAPLINE: An Integrated Galaxy Pipeline for RNAseq
Data Processing, Evaluation and Prediction
Next Generation Sequencing (NGS) enables researchers to acquire deeper insights into cellular functions. The lack of
standardized and automated methodologies poses a challenge for the analysis and interpretation of RNA sequencing data.
We present a freely available, state-of-the-art bioinformatics workflow that integrates the best performing data analyses and
data evaluation methods (www.sbi.uni-rostock.de/RNAseqTRAPLINE).

Current Data Analysis

The Galaxy Platform
What is TRAPLINE?

Numerous software packages and
pipelines have already been
introduced for RNAseq analyses.
Nevertheless, these tools are
mainly based on programming
languages like C, Python or R and
require advanced expertise in
programming
for
proper
implementation and analysis.

Using Galaxy, we developed an
easy to use, comprehensive,
Transparent, Reproducible and
Automated analysis PipeLINE for
RNAseq data processing and
evaluation. TRAPLINE can be
accessed via the public Galaxy
page of TRAPLINE and is ready to
use without any restrictions.

Data Processing
Data
Processing

FASTQ Quality Trimmer

[2]

Quality Trimming
Evaluate
Read Quality,
GC-Content

Protein

Targets

Using single or paired end reads
Default alignment options and built-in
genome
Picard Toolkit [4]

Correcting Reads

Multiple Correction

Find Protein
Interactions

Gene annotation with
DAVID link (e.g. Go terms,
Interpro)

Using predicted binding sites
to identify target genes and
evaluate their impact on
diff.expr. genes

Using
Protein-Protein interactions
from BioGRID

ID = Official Gene Symbol
List Type = Gene List

Conserverd and nonconserved miRNAs

BioGRID Organism Version
3.3.122

Compare
Datasets

Compare
Datasets

Enriched
Genes

miRNA Target
Genes

Prot.–Prot.
Interactions

Genes annotated by GO
terms and clustered in
functionally enriched groups

List of sign. regulated
miRNAs and their predicted
target mRNAs

List of interacting proteins,
between up and downregulated mRNAs

Default parameters

SNP Calling Ready

Join Datasets

Cufflinks2, Cuffdiff2 [3]

DE

Network construction

Gene Expression
Calculating RPKM values and
identifying sign. diff. genes with
FDR ≤ 0.05, p ≤ 0.05, FC ≥ 2

RPKM
Normalization,
Bias Correction

Using the information of all data evaluation modules to easily enable the user
building networks in Cytoscape or further network analysis tools (e.g. ClueGO)

Benefits of using TRAPLINE

References

Our proposed pipeline includes all relevant RNA sequencing data processing modules and is
furthermore, easily applicable and needs no time consuming installation processes.
Experimentalists will be able to analyze their data on their own without learning programming
skills or intense computational knowledge. Accessibility and sharing the data and results are
worldwide possible. Gaining quickly in-depth insights into the biology underlying the investigated
data, our work for the first time introduces an automated Galaxy workflow including detailed data
processing, data evaluation and prediction modules.

Markus Wolfien
Ulf Schmitz
Robert David
Olaf Wolkenhauer
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Interactions

miRNA Target
Prediction

Functional
Classification

Genome Mapping

Investigation of duplicated reads for read
correction and SNP detection
Maximum offset = 100

BioGRID [7]

miRNA

Functional
Annotation

Minimum remaining sequence
length ≥ 15 bases

[3]

miRanda [6]

[1] Blankenberg D, Hillman-Jackson J. Analysis of next-generation sequencing data using Galaxy.
Methods Mol Biol. 2014;1150:21-43.
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FASTQ data with Galaxy. Bioinformatics. 2010:1783-5.
[3] Trapnell C, Roberts A, Goff L, Pertea G, Kim D, et al. Differential gene and transcript expression
analysis of RNA-seq experiments with TopHat and Cufflinks. Nat Protoc. 2012:562-78.
[4] http://broadinstitute.github.io/picard
[5] Huang DW, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists
using DAVID bioinformatics resources. Nature Protocols. 2009;4(1):44-57.
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bit.ly/TRAPLINE_RNAseq

Pre-Processing Alignment

Clip Seq. Adapter

Lists with potential splicing sites and multipromoter genes

Transcriptomic Analysis Function & Network

Data

DAVID [5]

Removal of preliminary adapter sequences

Discarding low quality reads
Q ≤ 20 starting at 5’; window/step = 1

be

Promoters & Spliced Genes

Lists with up and down-regulated genes
A

FASTQclipper [2]

Ref.

Multi-step
analyses
can
computed as workflows.

Significant DE Genes

FASTQ Files

Uploaded data (Illumina, SOLiD, Solexa)
will be formatted by FASTQ Groomer [2]

Annotation

Accessibility
Reproducibility
Transparency

Data Evaluation and Prediction

RNAseq Data

TopHat2

Galaxy[1] is a free web-based
platform for omics research that
addresses the following needs:

CombineArchiveToolkit
facilitating the transfer of research results
SYSTEMS BIOLOGY
BIOINFORMATICS
ROSTOCK

SE S

simulation experiment management system

The COMBINE Idea

What’s the gap?

Our Approach

The ’COmputational Modeling in BIology’ NEtwork (COMBINE)
is an initiative to coordinate the development of the various
community standards and formats for computational models
(BioPax, SBGN, SBML, SED-ML, etc.) [1]. One of the major goals
of COMBINE is to improve the interoperability of these standards,
and to support fledging efforts aimed at filling gaps or new needs.

Manually handling COMBINE archives is tedious and error prone.
Consequently, computational support is needed to undertake this task.
Only then, it will become possible to exchange COMBINE archives
seamlessly between different applications and repositories. Such a
tool is constrained to provide mechanisms to create, explore and
modify files and meta information in a COMBINE archive.

To provide the needed computational
support, we developed the CombineArchiveToolkit [4]. It consists of a core
library, a desktop application, and a web
based interface. The CombineArchiveLibrary [5] was implemented using latest
Java technologies.
It offers all necessary methods to handle COMBINE archives, such
as extracting & browsing through files and attaching & retrieving
meta information.

The steadily increasing size and complexity of models and derived
data poses the challenge of sharing reproducible results. Today,
these results typically consist of multiple model files, simulation
descriptions, publications, and meta data. The question how to
provide all relevant files and modelling results, in a reliable and
reproducible manner, remains.
s c ie n c e s u c k s - s te rn i4 e v e r

In 2011 the COMBINE community [2] proposed the COMBINE
archive format [3] which is a container that bundles all files related to a project into a single file. Typically, it comprises the model
files needed to run a particular set of experiments. In addition, it
contains all associated files that are needed to reproduce the experiments such as simulation experiment descriptions (SED-ML),
semantic annotations, or graphical representations in SBGN-ML.
All files can be equipped with meta-information such as people
attributions and details about the files inside the archive.
Generally, a COMBINE archive is encoded using the Open
Modelling EXchange format (OMEX).

create

...archives from a modelling
project, to submit it eg. to
a repository or to a journal

The CombineArchive web interface [6] uses the CombineArchive
library as a common code base. It is a centralised cloud data
management system that provides basic support for collaborative work. As such, it allows you to share your workspaces with
partners and to work on archives from different physical locations.
Additionally, the CombineArchive web interface offers RESTful services which can also be used from other client applications. Users
can directly submit and retrieve models from BioModels Database
and the CellML Model Repository, two open repositories of systems
biology models.
Taken together, our tools support researchers in creating and
exploring COMBINE archives.

CombineArchive Toolkit

explore

share

...archives with project
partners or colleagues
CombineArchive Library
s c ie n c e s u c k s - s te rn i4 e v e r

Desktop
Application

...other peoples work, eg.
by downloading an archive
from a model repository

Web
Interface

s c ie n c e s u c k s - s te rn i4 e v e r

s c ie n c e s u c k s - s te rn i4 e v e r

s c ie n c e s u c k s - s te rn i4 e v e r

OMEX Meta Data
The COMBINE archive specification is a highly extensible container
format and uses the RDF/XML standard to annotate content with
different types of meta data. One of these meta types is OMEX.
OMEX provides basic information about a model’s provenance, by
holding data about the author(s), time of creation and time of modifications. To keep things simple and lightweight, the OMEX meta
data does not supply any mechanism for version control, although
history tracking can be easily archived by using a version control
system [7].

modify

...an existing archive, eg.
by extending, improving or
correcting its content

References
[1] http://co.mbine.org/home
[2] Le Novère et al.: Meeting report from the first meetings of the Computational
Modeling in Biology Network (COMBINE). Standards in genomic sciences, 2011.
[3] Bergmann et al.: COMBINE archive: One File To Share Them All. arXiv, 2014.
[4] https://sems.uni-rostock.de/cat
[5] https://sems.uni-rostock.de/trac/combinearchive
[6] http://webcat.sems.uni-rostock.de
[7] Waltemath et al.: Improving the reuse of computational models through version
control. Bioinformatics, 2013.
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de.NBI − German Network for Bioinformatics Infrastructure

Structured Analysis and Integration of RNA-Seq
Experiments
Markus Wolfien, Andrea Bagnacani and Olaf Wolkenhauer
Dept. of Systems Biology and Bioinformatics, University of Rostock Germany

Short description of the project

de.NBI services

The variety of RNA-Seq study designs and characteristic
properties of studied organisms greatly affect bioinformatics
analysis. The partner project de.STAIR, a collaboration of the
Universities Freiburg, Rostock and Leipzig that started on
November 1st, will complement the workbench of the RNA
bioinformatics center (RBC) with tools and workflows to enhance
the analysis and integration of transcriptomic data from various
sources. We provide workshops, training programs and screen
casts for experts and non-experts to lower the barriers to RNASeq data analysis. In addition, the de.STAIR consortium will keep
the software packages up to date and perform a customized
adjustment for upcoming technologies. The Rostock site
evaluates and implements customizable GALAXY workflows for
the pre-processing of RNA-Seq data. Users will be enabled to
quickly and reproducibly analyze data of various RNA-Seq
protocols using one-touch pipelines (e.g. for mRNA-Seq, miRNASeq or dRNA-Seq) and to annotate their results with integrated
data obtained from databases, predictions and experiments.

•
•
•
•
•
•

Project activities

Legend:

Guidance for the design of RNA-Seq experiments
Workflow design and integration into the RBC workbench
Providing workflow solutions, e.g. Docker/rkt containers
Evaluation of preprocessing modules for NGS data analysis
Facilitating the annotation and characterization of transcripts
Data retrieval APIs for knowledge-base integration in Galaxy
Data Processing

Galaxy Modules:
Data

Data Evaluation and Annotation

RNAseq Data

A

FASTXclipper

Pre-Processing

Removal of preliminary adapter
sequences
Minimum remaining sequence
length ≥ 15 bases
FASTQ
Quality Trimmer

Quality Trimming

Differential Expression
(DE)

miRanda

DAVID

Clip Seq. Adapter

Alignment

Discarding low quality reads
Q ≤ 20 starting at 5’ and 3’ end;
window/step = 1

miRNA
Targets

miRNA Target
Prediction

Gene annotation
with DAVID link
(e.g. Go terms,
Interpro)

Predict binding
sites to identify
target genes and
evaluate their
impact on
downreg. genes
Conserverd and
non-conserved
miRNAs + high
mirSVR scores

ID = Official Gene
Symbol
List Type = Gene List

Picard Toolkit

Correcting Reads
Investigation of duplicated reads
for read correction and SNPs
Generated
Input

Tool handling
the Process

Calculating RPKM values and
identifying sign. diff. genes with

Default parameters used

Compare
Datasets

miRNA Target
Genes

Prot.–Prot.
Interactions

Genes annotated
by GO terms and
clustered in
functionally
enriched groups

List of up regulated
miRNAs and their
predicted down
regulated mRNAs

List of interacting
proteins, between
up and downregulated mRNAs

Cufflinks2, Cuffdiff2

Gene Expression

Explanation of the process

Compare
Datasets

Enriched
Genes

Default parameter

Maximum offset = 100
Reference
Annotation

Functional
classification

Join Datasets

DE

Output

Using
Protein-Protein
interactions from
BioGRID
BioGRID Organism
Version 3.3.122

Network construction
Using the information of all data evaluation modules to easily
enable the user building networks in Cytoscape or further
network analysis tools (e.g. ClueGO)

FDR ≤ 0.05, p ≤ 0.05, FC ≥ 2

Networks & Function

Alignment

Default alignment options and
built-in genomes

Process

Find Protein
Interactions

(Release 08/10)

Genome Mapping
Single or paired end reads

Networks & Function

BioGRID
Protein
Interactions

Functional
Annotation

TopHat2

Transcriptomic Analysis

User Input

Promoters &
Spliced Genes
Lists with potential
splicing sites & multipromoter genes

Lists with up and
down-regulated genes

Transcriptomic Analysis

Upload RNA sequencing data
(Illumina, SOLiD, Solexa) &
format by FASTQ Groomer

Pre-Processing

Sign. Diff. Expr.
Genes

Data

FASTQ Files

de. NBI training and education
•

•

Taking part in Galaxy online training material development –
responsible curators for NGS quality control
Training course for NGS data analysis and integration
@ 1st European Association for Systems Medicine conference
Data
Webinars

integration
Online

Training
courses

Workflow
Galaxy

Publications
Wolfien M, Rimmbach R, Schmitz U, Jung JJ, Krebs S, Steinhoff G,
David R, Wolkenhauer O. TRAPLINE: A standardized and
automated pipeline for RNA sequencing data analysis,
evaluation and annotation.
BMC Bioinformatics. 2016. doi: 10.1186/s12859-015-0873-9.
Schmitz U, Lai X, Winter F, Wolkenhauer O, Vera J, Gupta S.
Cooperative gene regulation by microRNA pairs and their
identification using a computational workflow.
Nucleic Acid Research, 2014. doi: 10.1093/nar/gku465.
Förderkennzeichen Nr.: 031L0106C
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Interactive tours

development
Training
network

sbi.uni-rostock.de/destair/

http://www.denbi.de
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Galaxy-based modular workflow generator for
guided data analysis

de.STAIR

Andrea Bagnacani1, Konstantin Riege2, Steffen C. Lott3, Markus Wolfien1, Olaf Wolkenhauer1,
Wolfgang R. Hess3, Steve Hoffmann2
1
2
3

FKZ 031L0106

Department of Systems Biology & Bioinformatics, University of Rostock, Rostock, Germany
Computational Biology, Leibniz Institute on Aging, Jena, Germany
Genetics and Experimental Bioinformatics, Faculty of Biology, University of Freiburg, Freiburg, Germany

Services

The project
Shared Galaxy workflows promote the dissemination of best-practice
approaches for computational Life Science analyses. Workflows are
explained in their sequence of pre-selected tools, and illustrated through
manually curated interactive tours, to support the adoption of well
established formats, as well as provide a mean for the self-training of a
new generation of data analysts. However, tool pre-selection misses to
address the use of alternative computational approaches. Our proposed
design overcomes this limitation, by defining alternative best-practice
approaches for completing established workflow analyses, and lowering
the curatorial effort needed to maintain the corresponding set of
alternative interactive tours.

Workflow design
Organization of established data analyses into modules
Collection of modules as interchangeable blocks
Curation of per-module interactive tours
Lower curatorial effort:
Approaches
per module

Identified
modules

Design

ge of d ca
ne iff se
e er
an xp en
al res tia
ys s l
is ion

Progress

Interactive tours
to maintain

A

FastQC

FastQC

...

B

Trim Galore!

Cutadapt

FastQC

FastQC

...
...

C

HISAT2

Segemehl

...

D

featureCounts

HTSeq-Count

...

DESeq2

DESeq2

...

E

monolitic
3

4, 4, 2

The system asks which approach to use (A) for the first analysis module.
Upon completion, the user selects the preferred set of tools (B, C, D) to
complete the analysis. The chosen route (blue trail) composes the final
workflow (E), which can be exported and shared for downstream analysis.

modular
Reproducible workflows
Development of a system to compose alternative modules

Training and education

Development of a Galaxy webhook to trigger each module
Dockerization
Alternative best practice workflows & self-training:

About the project
Funded by de.NBI

Other staff involved

Dummerstorf
29.09.2017 - 29.09.2017

A primer for RNA-Seq processing,
interpreting and visualization

Freiburg
04.10.2017 - 06.10.2017

Support to students

Rostock
10.10.2017 - 12.10.2017

Introduction to RNA-Seq data
analysis with Galaxy

Kiel
07.03.2018 - 07.03.2018

Support to students

Rostock
21.05.2018 - 25.05.2018

A primer for RNA-Seq processing,
interpreting and visualization

Jena
27.06.2018 - 29.06.2018

RNA-Seq data analysis with Galaxy
for clinical applications (GMDS 2018)

Osnabrück
04.09.2018 - 04.09.2018

Publications
Scientist

Andrea Bagnacani

Scientist

Konstantin Riege

Scientist

Steffen C. Lott

Scientist

Markus Wolfien

Scientist (PI)

Prof. Olaf Wolkenhauer

Scientist (PI)

Prof. Wolfgang R. Hess

Scientist (PI)

Prof. Steve Hoffmann

www.denbi.de
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Support to students

Lott S. C., Wolfien M., Riege K., Bagnacani A., et al. (2017).
Customized workflow development and data modularization concepts
for RNA-sequencing and metatranscriptome experiments. Journal of
biotechnology, 261, 85–96
Afgan E., Baker D., Batut B., Van Den Beek M., et al. (2018).
The Galaxy platform for accessible, reproducible and collaborative
biomedical analyses: 2018 update. Nucleic acids research, 46 (W1),
W537–W544.
Batut B., Hiltemann S., Bagnacani A., Baker D., et al. (2018).
Community-driven data analysis training for biology. Cell Systems, 6 (6),
752 – 758.e1.

David Ellinghaus1, Saptarshi Bej2, Carlo Maj3, Markus Wol�ien2, Oleg Borisov3, Sören Mucha1, Per Hoffmann4,5,6,7, Franziska Degenhardt 6,7, Andrea Bagnacani2, Stefan Schreiber1, Peter Michael Krawitz3, Markus Nöthen6,7, Olaf Wolkenhauer2
(1) Institute of Clinical Molecular Biology, Christian-Albrechts-University of Kiel, Kiel, Germany, (2) University Rostock, Institute of Computer Science, Department of Systems Biology and Bioinformatics, Ulmenstraße 69, 18057 Rostock, Germany, (3) Institute for
Genomic Statistics and Bioinformatics, University Hospital Bonn, Rheinische Friedrich-Wilhelms-Universitä t Bonn, Bonn, Germany, (4) Human Genomics Research Group, Department of Biomedicine, University of Basel, Basel, Switzerland, (5) Institute of Medical
Genetics and Pathology, University Hospital Basel, Basel, Switzerland, (6) Institute of Human Genetics, University of Bonn, Bonn, Germany, (7) Department of Genomics, Life & Brain Center, University of Bonn, Bonn, Germany

Abstract: Psychiatric comorbidity in in�lammatory bowel disease (IBD) is well known, with a higher incidence of
schizophrenia (SCZ) in IBD cohorts compared with controls (incidence rate ratio [IRR] = 1.64) [1]. An overlap for
common GWAS loci has been observed, in particular for the MHC complex on chromosome 6p21. The objective of the
GB-XMAP (Gut-brain cross-disease map) Vernetzungsfonds project is to decipher the mechanisms of action of
disease-predisposing GWAS loci shared between ulcerative colitis (UC) and SCZ. The e:Med consortia "Sysin�lame"
and "IntegraMent" have generated a wealth of genome-wide genotyping and gene expression data that are used for
exploration.

Method and data
Genome-wide association studies have identi�ied >300 risk loci for IBD and SCZ. The GB-XMAP project, a new strategic alliance between two e:Med
centres in Bonn and Kiel as well as one de.NBI node in Rostock, uses transcriptome (RNA-seq and array experiments) of whole-blood samples of 500
UC, 500 SCZ patients and 1,500 healthy controls in combination with GWAS SNP array data availabel from >20,000 UC and >30,000 SCZ patients and
>79,000 healthy controls.
• Objective 1: We estimate the genetically regulated component of expression of
potential risk genes of established UC and SCZ GWAS loci for a wide range of tissues
by means of tissue speci�ic cis-eQTL models followed by transcriptome wide
association studies (TWAS).
• Objective 2: We construct a single cross-disease interaction map, derive a
common regulatory core, and predict disease gene signatures using in silico model
simluation to create a multidimensional model.

Improved RNA-Seq Analysis

TWAS Benchmark
Expression imputation works for non-MHC/MHC genes

50-80% of seq. reads map to globin RNA in whole blood samples. Ef�icient
gene-expression analysis of whole-blood samples with globin block (GB)
oligos from Lexogen:
Heatmap of normalized Pearson's rho
values (matchscore) shows that globin
blocking (GB) RNA-seq has no impact on
the correlation of "technical" replicates (GB
versus non-GB). RNA-seq GB and non-GB
samples from same individuals perfectly
match, shown for a subset of 10
individuals.

Base pair position on chr6

Network Analysis
Correlation plots showing the strong correlation of counts normalized by
DESeq2 from two healthy individuals. GB does not signi�icantly increase
the variance (biological variability) or occurence of outliers in the data.

• GWAS Network for IBD
• 970 Nodes
• 3802 Edges
• All feed forward loops
and
feedback
loops
involving at least two of the
input genes included
•Tool used: Bisogenet [3]

• Sub-networks extracted
by MCODE Algorithm
•
MCODE
Algorithm
extracts relatively dense
motifs from a larger
network
• After integrating the
RNA-sequencing data with
the GWAS data the
networks will be updated

•Functional Enrichment
of the motifs extracted by
MCODE
•
Tool
used
for
Enrichment
Analysis:
FUMA-GWAS [2]

Most common RNA-seq
alignment tools pro�it from
reduced globin transcripts:
More transcripts with
increased
counts
for
differential
expression
analysis. STAR: raw counts;
Next�low: STAR&stringTie;
Tophat: FPKM (Fragments
Per Kilobase Million);
Kallisto: Pseudoalignment.

References:
[1] Bernstein et al. Increased Burden of Psychiatric Disorders in Inflammatory BoweDisease. Inflamm Bowel Dis. (2018). July 7 doi:
10.1093 ePub ahead
[2] Watanabe, K., Taskesen, E., van Bochoven, A., & Posthuma, D. (2017). Functional mapping and annotation of genetic associations
with FUMA. Nature Communications, 8(1), 1826
[3] Martin, A., Ochagavia, M. E., Rabasa, L. C., Miranda, J., Fernandez-de-Cossio, J., & Bringas, R. (2010). BisoGenet: a new tool for
gene network building, visualization and analysis. BMC Bioinformatics, 11, 91. https://doi.org/10.1186/1471-2105-11-91
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(System) Medizin 4.0 – Der direkte Nutzen
interdisziplinärer Forschungsansätze
Praktische Beispiele für die katalytische Wirkung der Systemmedizin
Systemmedizin
Die Systemmedizin ist eine neue Herangehensweise, Krankheiten besser zu verstehen und zu behandeln.
Dabei verknüpft sie neueste Methoden aus den Lebenswissenschaften mit Methoden aus den
Informationswissenschaften und macht die resultierenden Ergebnisse für die Behandlung von Patienten in
Kliniken und Arztpraxen nutzbar. Von zentraler Bedeutung sind hierbei methodische Ansätze innerhalb der
Genomik, Transkriptomik und Proteomik, mit denen in Hochdurchsatz-Verfahren große Datenmengen (med.
„Big Data“) und präzise Einblicke erhoben werden können, beispielsweise über das menschliche Genom [1].

„From bench to bedside” – Ein Fallbeispiel aus der Sytemmedizin
Ungeklärte Symptomatik
des Patienten. Untersuchung

Neue Erkenntnisse die zu einer
Diagnose führen, die ohne NGS
Technologie nicht möglich wäre

durch “Next Generation
Sequencing” (NGS) Technologie
(Omics Daten)

Diagnose, Prävention, Therapie
des Patienten
Klinik

Automatische Datenprozessierung
(Vorverarbeitung,Genom-Alignment, …)
mit Hilfe geeigneter Software, z.B.
TRAPLINE [2]
ATCATG101000111
TAGTG101010101111
Bioinformatik
TTCATAA00011011

Was kann TRAPLINE?
Die Grundlage bildet Galaxy [3], eine freie,
online basierte Plattform für Omics
Analysen, die folgende Vorteile bietet:
Verfügbarkeit
Reproduzierbarkeit
Annotation

AAGCA1010011

Speichern, verwalten und
weiterleiten der Daten (SEEK, …)
Med. Informatik

Evaluation der Omics Daten durch
Anwendung math. Algorithmen (RPKM,
FDR, ANOVA, …)
Statistik

Abgleichen und verknüpfen der Daten mit
prädiktiven Ansätzen und Datenbanken
(Splicing-Vorhersagen,
Diagnostikdatenbanken, …)
Systembiologie

Unsere Projekte in der Anwendung
Das „nachwachsende Herz“ ist zurzeit noch
eine Vision. Es konnte gezeigt werden, dass
sich embryonale Stammzellen von Mäusen
und
Menschen
durch
Zugabe
von
Wachstumsfaktoren in Herzmuskelzellen
differenzieren und damit möglicherweise
später
einmal
die
abgestorbenen
Herzmuskelzellen ersetzen können.

Europaweite Initiative

Das bessere Verständnis von komplexen DNA Läsionen
wird zu einer effektiveren Bewertung von Strahlenrisiken
führen. Dieses Ziel soll durch die Identifikation von
Parametern für die Komplexität von DNA Schäden
erreicht werden, anhand derer sich Zellletalität und
genomische Instabilität zuverlässig bestimmen lassen.
Die Ergebnisse leisten einen direkten Beitrag hinsichtlich
der individuellen Optimierung der Strahlentherapie.

http://www.cardiac-stemcell-therapy.com

Das Bestreben, die Systemmedizin als
interdisziplinäre Initiative zu etablieren und
zu vernetzen, wird durch ein europäisches
Konsortium, i.e. CaSyM, verwirklicht.
Aktuelle Informationen über eine aktive
Teilnahme, Jobs, Interviews, Events und
laufende Projekte finden Sie auf der
Onlineplattform Systems-medicine.net.

www.systems-medicine.net

www.casym.eu

Symbiose der (System) Medizin 4.0

Literatur

Medizin 4.0, als globale Vernetzung der computergestützten Informationswelt mit dem patientenorientierten
Gesundheitssystem, erzeugt komplexe Bedürfnisse die nur in interdisziplinären Teams, welche die
Systemmedizin bereits involviert, gelöst werden können. Eine Verstärkung der Vernetzung zwischen
Forschung, Patienten und Industrie sollte das gemeinsame Ziel einer besseren und persönlicheren
Versorgung, Behandlung, Diagnose und Therapiemöglichkeit beinhalten. Eine schnelle Übertragung der
Ergebnisse auf ein Produkt, sowie erhöhte Transparenz in der Forschung für den Patienten würde den
partizipativen Charakter erhöhen. Zusätzlich würde eine bessere Ressourcenausnutzung der akademischen
Strukturen stattfinden und größere Fortschritte in der Prävention und der Prädiktion von Krankheiten erzielt [4].

[1] Schmitz U and Wolkenhauer O. Systems Medicine.
Springer. 2016. ISBN: 978-1- 4939-3282-5
[2] Wolfien M, Rimmbach R, Schmitz U, Jung JJ, Krebs S, Steinhoff G,
David R, Wolkenhauer O. TRAPLINE: A standardized and
automated pipeline for RNA sequencing data analysis, evaluation
and annotation.
BMC Bioinformatics. 2016. doi: 10.1186/s12859-015-0873-9
[3] Blankenberg D, Hillman-Jackson J. Analysis of next-generation
sequencing data using Galaxy.
Methods Mol Biol. 2014;1150:21-43.
[4] Hood L and Friend SH. Predictive, personalized, preventive,
participatory (P4) cancer medicine. 2011.
Nature Reviews Clinical Oncology. doi:10.1038/nrclinonc.2010.227
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Unter der Benutzung von Galaxy haben
wir eine, intuitive, benutzerfreundliche,
Transparente,
Reproduzierbare
und
Automatisierte PipeLINE für RNAseq
Analysen und Auswertungen entwickelt [2].
Es sind Module für Vorverarbeitung,
Genom-mapping, DE-Analysen, Spliceund Isoformdetektion, Vorhersage von
miRNA & Protein-Protein Interaktionen
und viele weitere Funktionen integriert.
TRAPLINE kann u.a. über die öffentlich
zugängliche Galaxywebseite gefunden
und sofort benutzt werden.
bit.ly/TRAPLINE_RNAseq

markus.wolfien@uni-rostock.de
olaf.wolkenhauer@uni-rostock.de

Customized workflow development and data
integration concepts in Systems Medicine
Workflows: Symbiosis of research and tool integration for clinical application

Acknowledgements

Workflow management frameworks and cloud computing services are bridging the gap between tool
developers and end users, aiming towards an easy applicable and up-scalable computational data analysis.
This in turn allows for an improved data reproducibility, process documentation, and monitoring of submitted
jobs. Finally, workflows facilitate the use of state-of-the-art computational tools which would be hard to
access for non-experts without graphical user interface frameworks. However, the use of workflows could be
even more simplified for experimental and clinical researchers by strengthening the specific focus on the
addressed research hypothesis and lessening the effort for the selection of the most appropriate tool [1].

Bioinformatics
Automated and scalable
data processing, e.g. TRAPLINE [2]

ATCATG101000111
TAGTG101010101111
TTCATAA00011011
AAGCA1010011

0

101000111ATCATG
101010101111TTCATAA
00011011AAGCA
1010011TAGTG

4
-log10(p value)

Machine learning

Med. Informatics
Data management

mRNA 1
miRNA 1

3

mRNA 2

mRNA 3

The basis is Galaxy [1], an open-source,
online platform for omics data analyses
that addresses the following needs:
a

Disease
Biomarkers

Accessibility
Reusability
Annotation

miRNA 2

2
significant

1

yes

a

no

Using
Galaxy,
we
developed
a
Transparent, Reproducible & Automated
analysis PipeLINE, named TRAPLINE, for
RNA
sequencing
data
processing,
evaluation, annotation and prediction. The
predictions are based on modules which
are able to identify novel transcripts,
protein-protein
interactions,
miRNA
targets and alternatively splicing variants
or promoter enriched sites. The obtained
results can be visualized in a network.
TRAPLINE can be accessed via the
published Galaxy page or manuscript [2].

0

Data classification
and prediction

10

0

-10

log2(fold change)

miRNA1

mRNA2

New insights

mRNA1

mRNA3

Systems Biology
Data integration (DisGeNet,
miRCancer, TriplexRNA, …)

miRNA2

Up regulated
Down regulated

Disease associated
GO term

Application of the integrative workflow: The Phase III clinical trial PERFECT
Regenerative therapies using stem cells for the repair of heart tissue have been at the forefront of preclinical
and clinical development during the past 16 years. To build upon this progress, the Phase III clinical trial
PERFECT was designed to assess clinical safety and efficacy of intramyocardial CD133+ bone marrow stem
cell treatment combined with coronary artery bypass graft (CABG) for induction of cardiac repair. The
primary endpoint was delta left ventricular ejection fraction (∆LVEF) at 180 days compared to baseline
measured with magnet resonance imaging (MRI). Responders (R) classified by ∆LVEF ≥ 5% after 180 d
were 60% of the patients (35/58) in both treatment groups (+17.1% in R vs. non-responders (NR). The
PERFECT trial shows that cardiac tissue repair and restitution of left ventricular function can be successfully
installed in ischemic heart disease by CABG surgery associated with presence of enhanced circulating
CD133+ and CD34+ EPC level. Using this new computer-aided diagnostic technology, responsive patient
characteristics can be accurately identified prior to treatment with bypass surgery and stem cells [3].
Bioinformatics & Statistics

B

Data Integration & Machine-Learning

Blood & Patient analysis
for clinical application

BM aspiration

Responder (60%)

Response signature

CABG & Therapy

Clinical outcome
+19.1%

CD146+ CEC
VEGF
EPO
Vitronectin
NT-proBNP
SH2B3

+3.3%

-2.4%
Non-Responder (40%)

CHRONIC ISCHEMIC HEART FAILURE

INDUCED CARDIAC REGENERATION

Outcome results of the PERFECT trial. A Three-dimensional t-SNE calculation of the Rostock subgroup. The variables x and y refer to the newly calculated features that are used to
classify the patients into distinct groups. The model was subsequently fitted by a polynomial (n3) equation to visualize the z-axis as a geographic profile. The respective colors for the
responder (red dot) and non-responder (grey dot) patients have been added afterwards. The classified groups have been roughly summarized by a red and grey dashed line. Results are
obtained after 3000 iterations. The calculation of the ratio between responder and non-responder is indicated for each circle. B Obtained supervised ML prediction results for pre- and
postoperative time points (0 days to 180 days) of the clinical and clinical & laboratory dataset to distinguish between R and NR. The graph shows the true positive prediction results of
feature selected ML models (AdaBoost for feature selection and RF for final prediction).The error bars indicate the respective accuracy standard deviation for the constructed models that
have been obtained after 100 iterations. The 100 model iterations are significant different according to one-way ANOVA (p < 0.001).

Markus Wolfien
Gustav Steinhoff
Olaf Wolkenhauer
www.sbi.uni-rostock.de

bit.ly/TRAPLINE_RNAseq
An emerging solution to deploy the
workflows, including all necessary tools
and dependencies, are software channels
and containers like Bioconda, Docker or
rkt. These containers allow the packaging
of workflows in an isolated and selfcontained system that simplifies the
distribution. The technology combines
areas from systems research, esp. OS
virtualization, cross-platform portability,
modular reusable elements, versioning,
and a “DevOps” philosophy [1].

+13.9%

Thrombocytes
CD+133/34+ EPC
Trial group

Longterm survival

A

ΔLVEF % outcome

Clinical trial design &
Data Management

sbi.uni-rostock.de/collar

What is TRAPLINE?

Statistics
Evaluation of omics data
(RPKM, FDR, Bayes, …)

Clinic
Improved diagnosis,
prognosis and therapy

destair.bioinf.uni-leipzig.de/

elixir-europe.org

This work has been supported by de.NBI,
KIT and the respective projects of
de.STAIR and Collar to ensure high-quality
bioinformatics in life sciences research
and biomedicine. As a result, we organize
training courses and summer schools on
using computational tools, standards in
modeling, workflow development in Galaxy
and compute services with Docker.

Integrating data using a Systems Medicine approach

Unexplained
symptoms

www.denbi.de
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