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ZUSAMMENFASSUNG

Neuronale Ceroid-Lipofuszinose Typ 6 (CLN6) ist eine seltene, erbliche, neurodegenerative
Krankheit im Kindesalter, die das Nervensystem betrifft. Diese Studie zielt darauf ab, mithilfe der
Fliissigchromatographie — Massenspektrometrie (LC-MS) - basierte Metabolomik das globale
Stoffwechselprofil und die Stoffwechselwege bei CLN6-betroffenen Patienten zu erforschen. Die
Metabolomik ist ein leistungsstarkes Instrument zur Identifizierung und Quantifizierung kleinen
Molekiilen, die an Stoffwechselreaktionen beteiligt sind, und LC-MS ist eine hochsensitive
Plattform zur Entdeckung von Biomarkern. Herausforderungen bei der Entwicklung von
Biomarkern fiir seltene Krankheiten umfassen begrenzte Proben, genetische und

Umweltvariabilitit, strenge Studiendesigns und die Einhaltung etablierter Protokolle.

In dieser Studie wurde die Machbarkeit der Verwendung von Trockene Blutspots Proben zur
Entdeckung von Biomarkern auf Metabolomikbasis untersucht. Blutproben wurden von nicht
betroffenen Probanden entnommen, auf Filterkarten aufgetropft, getrocknet und bei -20°C gelagert.
Um mogliche Einfliisse auf das Metabolom der Probanden zu untersuchen, wurde eine vielféltige
Patientenkohorte einbezogen, die Personen mit unterschiedlichen demografischen und
medizinischen Merkmalen umfasste, darunter Alter, Geschlecht, Tageszeit der Probenahme und
Lagerungszeit. Es wurde die Auswirkung von Lagerungsbedingungen, Extraktionsprotokollen und
der Schichtung der Proben auf die Genauigkeit der Metaboliten untersucht. In einer sechsjihrigen
Stabilititsstudie wurden optimale Lagerungsbedingungen ermittelt. Die DBS-Proben wurden in
verschiedenen Batch-Kombinationen analysiert, um metabolische Unterschiede zwischen den

Kontrollen und den von der Diagnose betroffenen Patienten zu identifizieren.

Dartiber hinaus wurden genotypisch-phenotypische Parameter bei 97 CLN6-Patienten analysiert,
was zur Identifizierung von 24 neuen Varianten flihrte und das Verstindnis der CLN6-Krankheit
erweiterte. Des Weiteren erweiterte die Studie ihren Fokus auf die Metabolomik von Zelllinien,
um tiefere Einblicke in den Stoffwechsel bei CLN6 zu gewinnen und einen Rahmen fiir zukiinftige
Forschung an neuronalen Zellen zu etablieren. Potenzielle Biomarker fiir die Frithdiagnose von
CLNG6, wie C16 GlcCer, C24 GlcCer, C24:1 GlcCer und Glycerophospholipide PG 40:6 und PG
40:7, wurden identifiziert.

Diese Forschung zeigte das Potenzial der LC-MS-basierten Metabolomik zur Erforschung der mit

CLN6-Erkrankungen verbundenen Stoffwechselverdnderungen und zur Entdeckung potenzieller
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Biomarker mit diagnostischen und klinischen Implikationen auf. Sie betont die Bedeutung eines
stabilen LC-MS-Ansatzes, einer gut definierte Patienten-Kohorte und geeigneter Probentypen fiir
die Entdeckung von Biomarkern bei der CLN6-Krankheit.



ABSTRACT

Neuronal Ceroid Lipofuscinosis Type 6 (CLNG6) is a rare, inherited, neurodegenerative childhood
disease that affects the nervous system. This thesis aimed to explore the global metabolic profiling
in CLN6-affected patients using LC-MS-based metabolomics. Metabolomics is a powerful tool for
identifying and quantifying small molecules involved in metabolic reactions, and Liquid
Chromatography - Mass Spectrometry (LC-MS) is a highly sensitive platform suitable for
biomarker discovery. Challenges in developing biomarkers for rare diseases include limited
samples, genetic and environmental variability, rigorous study design, and adherence to established

protocols.

This thesis assessed the feasibility of dried blood spot (DBS) card samples for metabolomics-based
biomarker discovery. Whole blood from unaffected donors was collected and dripped onto filter
cards, dried, and stored at -20°C. A diverse patient cohort, comprising individuals with varying
demographics and medical conditions as well as age, sex, time of day at sampling, and storage
time, was sampled to address potential influences on the subjects’ metabolome. The impact of
storage conditions, extraction protocols, and sample stratification on metabolite accuracy was
investigated. A six-year stability study determined optimal storage conditions. DBS samples were
analyzed across different batch combinations to compare metabolic disparities between controls

and disease-affected patients.

Additionally, genotypic-phenotypic features were analyzed in 97 CLNG6 patients, leading to the
identification of 24 new variants and enhancing the understanding of CLN6 disease. Furthermore,
the study expanded its focus on cell lines’ metabolomics to gain deeper insights into CLN6
metabolism and establish a framework for future research using neuronal cells. Potential
biomarkers for early diagnosis of CLN6, such as C16 GlcCer, C24 GlcCer, C24:1 GlcCer, and
glycerophospholipids PG 40:6 and PG 40:7, were identified.

This research demonstrated the potential of LC-MS-based metabolomics in understanding the
metabolic changes associated with CLN6 diseases and uncovering potential biomarkers with
diagnosis and clinical trial implications. It highlights the importance of a stable LC-MS approach,

a well-defined patient cohort, and suitable sample types for biomarkers discovery in CLN6 disease.
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1 INTRODUCTION

1.1 RARE DISEASES
1.1.1 Understanding Rare Diseases: prevalence and impact

Rare diseases are a group of unique diseases numbering between 6000-8000. Genetic factors
influence them in 80% of cases, of which 50 to 75% have pediatric onset and altogether, it impacts
over 300 million individuals worldwide (Plaiasu et al., 2010, Orphanet, 2024). Although each
condition is rare, affecting less than 50 per 100,000 individuals in the European Union or fewer
than 200,000 individuals in the USA, their combined prevalence is significant (European
Parliament, 2000, The Food and Drug Administration, 2024). Rare diseases affect approximately
3.5-5.9% of the global population worldwide, totaling 263 to 446 million people. In Europe and
the USA alone, around 60 million individuals are affected (Nguengang Wakap et al., 2020).
Regardless of how many individuals are affected, rare diseases deeply impact individuals and their
families. Rare diseases can affect individuals of diverse ages, races, and ethnicities, surpassing
demographic boundaries. Nevertheless, the overall statistic is particularly concerning as it
underscores the significant impact on children, with a mortality rate of 30% among affected
individuals even before they reach the age of 5 (Lunke et al., 2023). Typically chronic, progressive,
and life-threatening, they impose significant challenges on patients, their families, and healthcare
systems alike. While rare diseases can manifest in various organ systems, a notable proportion
presents with neurological symptoms, including cognitive decline, motor dysfunction, and sensory

impairments (Witt et al., 2023, Sirbu et al., 2023).

The occurrence of rare diseases varies widely depending on the specific condition. Some rare
diseases, such as multiple sclerosis (90:100,000), narcolepsy (50:100,000), Fabry disease
(30:100,000), and cystic fibrosis (25:100,000), are relatively well-known and affect more
significant numbers of individuals, while others are exceedingly rare, with only a handful of cases
reported worldwide. Despite their rarity, the impact of rare diseases on affected individuals and
their families is profound. Patients often face significant challenges in obtaining an accurate
diagnosis, accessing appropriate medical care, and receiving effective treatments. The rarity of
these diseases can lead to delays in diagnosis, misdiagnosis, and limited treatment options, resulting
in increased mortality rates (Delaye et al., 2022). Rare diseases also present significant economic

challenges beyond the physical and emotional impact on patients and their families. The substantial
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costs of managing rare diseases, limited treatment options, and the necessity for specialized
medical care can impose a significant financial burden on individuals, families, and healthcare

systems (Navarrete-Opazo et al., 2021).

Neurodegenerative rare diseases represent a significant subset of rare diseases and encompass a
diverse range of conditions affecting primarily the neurons of the central nervous system. These
disorders can result from genetic mutations, metabolic abnormalities, autoimmune reactions,
infectious agents, or environmental factors, leading to various clinical presentations and disease
courses (Perrone et al., 2021, Matilla-Duefias et al., 2017). Among neurodegenerative rare diseases,
neuronal ceroid lipofuscinoses (NCLs), also called Batten disease, are a group of inherited
disorders characterized by the abnormal buildup within the cells of a lipofuscin pigment. There are
several subtypes of NCLs, each caused by mutations in different genes and characterized by distinct
clinical features and disease courses. CLN6 is one of the less common variants of NCL, with
mutations in the CLN6 gene leading to progressive neurological deterioration and premature death

(Mole et al., 2020).

1.1.2 Challenges in diagnosis and therapeutic approaches
The diagnostic process is one of the most significant challenges in managing rare diseases. Due to
the rarity and heterogeneity of these conditions, healthcare providers require familiarity with
specific diseases, leading to delays or errors in diagnosis. Patients with rare diseases often undergo
extensive diagnostic evaluations before final diagnosis, including genetic testing, imaging studies,
and biochemical assays. Furthermore, the symptoms of rare diseases often overlap with those of
more familiar conditions, complicating the diagnostic process further. Misdiagnosis and delayed
diagnosis can have severe consequences for patients, delaying the initiation of appropriate
treatments and potentially worsening disease progression and complications. In addition to
diagnostic challenges, rare diseases also present significant therapeutic obstacles. Many rare
diseases lack effective treatments, limiting patients' chances to address their conditions. The
development of treatments for rare diseases is often hindered by factors such as small patient
populations, limited or no research funding, and regulatory burdens. Moreover, the high cost of
developing therapies for rare diseases can discourage pharmaceutical companies from investing in

drug development efforts. The small market size for rare disease therapies may not justify the



substantial investments required to bring a new therapy to market, resulting in a lack of incentives

for drug development (Uhlenbusch et al., 2019, Lopes et al., 2018, Groft et al., 2021).

1.1.3 Rare diseases diagnosis through analytical techniques
Despite the challenges in diagnosing and treating rare diseases, ongoing progress in biomedical
research brings hope to those affected. Advanced omics technologies have transformed our
understanding of these conditions, playing a crucial role in revealing disease mechanisms and
potential treatment targets. These technologies help pinpoint disease-causing mutations accurately,
guiding treatment decisions when options are available. As these tools become more accessible and
cost-effective, healthcare professionals and researchers can delve into the genetic aspects of rare
diseases in individual patients, uncover disease-specific protein patterns, and identify markers for
diagnosis and prognosis. Furthermore, these advancements revealed disrupted metabolic pathways

linked to rare diseases (Crowther et al., 2018, Kerr et al., 2020, Lunke et al., 2023).

Recent advancements in analytical chemistry offer a promising pathway toward enhancing the
accuracy of diagnosing rare diseases. For instance, in CLN6 disease, characterized by progressive
cognitive and motor function deterioration, implementing high-throughput omics technologies
presents significant potential in revolutionizing diagnostic and therapeutic strategies. Furthermore,
the discovery of omics-driven biomarkers facilitates non-invasive monitoring of disease
progression and evaluation of treatment responses, thereby increasing clinical decision-making and
optimizing patient care. The integration of high-throughput omics technologies marks a pivotal
change in the diagnosis and treatment of rare diseases. Through comprehensive molecular
profiling, these methodologies provide invaluable insights into the underlying mechanisms of
diseases, enabling early detection and fast therapeutic interventions (Casetta et al., 2020, Chen et

al., 2023, Jiang et al., 2011).

1.2 NEURONAL CEROID LIPOFUSCINOSIS

1.2.1 History of neuronal ceroid lipofuscinosis
Neuronal ceroid lipofuscinosis (NCL; Batten disease) are a group of fatal rare inherited disorders
primarily affecting the nervous system. The worldwide incidence of NCL, as a group, is estimated
at a rate of 2—4 per 100,000 live births, while the prevalence is approximately 2-4 cases per

1,000,000, mainly data from Western countries where the molecular diagnosis has become the
3



norm over the last 10-15 years (Mole and Haltia, 2015, Rider and Rider, 1988, Santavuori, 1988,
Williams, 2011, Teixeira et al., 2003, Sleat et al., 2016); therefore global wide, the exact frequency
and prevalence is difficult to determine due to under -and - misdiagnosed cases.

The first published NCL cases were in 1903 and 1826 by Batten and Stengel. Batten reported two
siblings with brain and macular degeneration (Batten), and Stengel documented four siblings with
vision impairment, cognitive decline, speech loss, and seizures (Stengel, 1982). Since then, 14
subtypes of NCL (Figure 1) have been discovered (Mole and Cotman, 2015) that exhibit broadly
similar clinical and pathological features such as the buildup of ceroid lipofuscin storage material
within lysosomes, accompanied by the deterioration of motor and cognitive functions, seizures,
and vision impairment (Nelvagal et al., 2020, Zeman and Dyken, 1969) yet, each caused by a
mutation unique to a specific gene (CLNI-CLNS, CLN10-CLN14) (Schulz et al., 2013, Kousi et
al., 2012, Butz et al., 2020).

Nevertheless, the onset and disease progression exhibit diverse patterns , even among members of
the same family (Warrier et al., 2013). The first gene identified was the PPT1 (Vesa et al., 1995),
followed by CLN3 (1995). Subsequently, TPP1 (Sleat et al., 1997), CLNS5 (Savukoski et al., 1994),
CLNS8 (Ranta et al., 1999), CLN6 (Wheeler et al., 2002, Gao et al., 2002), CTSD (Steinfeld et al.,
2006, Siintola et al., 2006), MFSDS (Siintola et al., 2007) and DNAJC5 (Noskova et al., 2011)
were identified. The most recent discoveries include GRN (Smith et al., 2013), ATP13A2 (Bras et
al., 2012), CTSF (Smith et al., 2013) and KCTD7 (Staropoli et al., 2012). However, no causative
gene has been identified for CLN9 disease (Warrier et al., 2013).

There is still anticipation for additional NCL genes to be discovered as CLN15 has partially been
associated with NCL (Beck-Wodl et al., 2018). Depending on the disease's genetic variant, the
disease's onset and progression vary considerably (Warrier et al., 2013). The inheritance pattern of
all NCL subtypes is autosomal recessive except for the adult-onset form (ANCL) which can be
inherited in either an autosomal recessive or dominant manner (Noskova et al., 2011). Previously,
NCLs were classified by the child's age at onset and their clinical features into congenital, infantile
(INCL), late-infantile (LINCL), juvenile (JNCL), and adult (ANCL) neuronal ceroid
lipofuscinoses. Their shared clinical spectrum encompassed a combination of cognitive and motor
decline, visual impairment, seizures, and psychomotor regression. Furthermore, there is notable

neuronal, primarily observed in the cerebral and cerebellar cortices (Mole et al., 2005). The
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sequence in which these symptoms manifest varies depending on the subtype, affecting children

during neonatal, early childhood, or young adulthood. Unfortunately, the prognosis is invariably

fatal.
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Figure 1. Timeline for identifying genes associated with CLN diseases. The figure shows the
chronological order of the identification of genes related to various types of CLNs, the

corresponding disease names, and the years in which the genes were identified.

1.2.2 Neuronal ceroid lipofuscinosis type 6 (CLN6)

Neuronal ceroid lipofuscinosis type 6 (CLN6) (OMIM 601780) is the late infantile form of NCL
and, like other types of NCL, is an inherited rare autosomal recessive disorder caused by a
deficiency in the CLN6 gene (Mole et al., 2004). The CLN6 gene is located on 15q23 and encodes
a 311-amino acid transmembrane endoplasmic reticulum protein with a structure composed of an
N-terminal cytoplasmic domain, seven putative transmembrane domains, and a luminal C-terminus
(Wheeler et al., 2002, Gao et al., 2002). Mutations in the CLN6 gene, which encodes the ceroid
lipofuscinosis neuronal protein 6 (a transmembrane protein of unknown function), lead to the loss
of function of the CLN6 gene (GenBank accession no. NM_017882.3.) and trigger the onset of
CLNG disease (Teixeira et al., 2003, Gao et al., 2002).

Despite two decades of ongoing research since the CLN6 disease identification (Gao et al., 2002,
Wheeler et al., 2002), the precise function of the CLN6 proteins has not yet been established.

Although it is assumed to be involved in intracellular trafficking and lysosomal function, it is not



yet clear how dysfunction of CLNG6 protein - leads to a buildup of lysosomal storage material
(Heine et al., 2004, Benedict et al., 2009), posing a continuous obstacle to developing targeted
therapies for CLN6 disease. Clinically, CLN6 disease is characterized by a broad spectrum of
progressive features that can vary in severity and age of onset (Canafoglia et al., 2015). The first
signs appear between the ages of 2 and 4 years (Mole and Cotman, 2015), affected individuals
exhibit motor regression, visual impairment, tremors, and seizures (Cannelli et al., 2009, Nita et
al., 2016), and as the disease progresses, patients experience ataxia, advanced cognitive decline,

and motor impairments (Nafi et al., 2019).

1.2.3 Diagnosis
Considering that there is rapid disease progression, an early diagnosis is imperative for the effective
management and future treatment of the CLN6 disease and also for other forms of NCL to improve
the quality of life of affected individuals (Augustine et al., 2021, Fietz et al., 2016). The timely
implementation of appropriate disease management may help slow the disease progression and
facilitate genetic counseling and testing for family members to identify at-risk individuals
(Kaminiéw et al., 2022). Furthermore, early diagnosis is critical for screening and randomizing the
patients for inclusion in clinical trials and research studies, which, if successful, will lead to
effective treatments (Kliegman et al., 2017). The Clinical trials investigating potential disease-
modifying therapies for NCL are more effective when initiated early in the disease course. Efforts
are underway to enhance the diagnosis of NCL, focusing on developing novel biomarkers and
imaging techniques (Johnson et al., 2020). Overall, early diagnosis of NCL is essential for optimal
management and treatment of the disease, and further research is needed to improve diagnostic
methods besides identifying effective therapies (Trivisano et al., 2022, Simonati and Williams,

2022).

Currently, the diagnosis of CLNG6 is based on clinical symptoms, neurological examination, genetic
tests, and imaging tests. Genetic testing involves analyzing an individual’s DNA sample to identify
mutations in the CLN6 gene that cause the disease. Clinical examinations and imaging tests, such
as brain magnetic resonance imaging (MRI), help identify characteristic features of CLN6 disease,
such as progressive brain atrophy and white matter abnormalities (Johnson et al., 2019). As these
testing methods are costly and invasive, there is a continuous need for more advanced, less

invasive, cost-effective diagnostic methods. One suitable method would be using non-invasive
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biomarkers, potentially reducing the need for invasive diagnostic procedures (Johnson et al., 2020,

Best et al., 2021, Iwan et al., 2021).

1.24 Treatment options
In recent years, several clinical trials have been initiated to develop targeted treatments for various
types of CLNs. Presently, targeted therapy is underway for CLN2, CLN3, CLNS, and CLN7
disease reflecting significant advancement in this area of research (Rosenberg et al., 2019, Johnson
et al., 2019) (ClinicalTrials.gov). Among the promising developments is the possibility of small-
molecule therapies, gene therapies, and enzyme replacement treatments (Specchio et al., 2020,
Johnson et al., 2019). Upon their effectiveness and more extensive scale application, these clinical
trials may have relevance to CLN6 disease, yet it is crucial to acknowledge that the likelihood of

success is uncertain (Mole et al., 2019).

The only interventional trial focused on human CLNG6 disease was the Phase I/II Gene Transfer
Clinical Trial, an open-label, single-dose study of AT-GTX-501 administered by a single
intrathecal injection started in 2016 by Amicus Therapeuticus (Clini calTrials.gov:
NCTO02725580). However, this clinical attempt has yet to be successful so far. Unfortunately, the
current lack of knowledge regarding the functions and mechanisms of CLN6 has presented a
significant obstacle in identifying effective therapeutic targets for treating CLN6 disease
(Kollmann et al., 2013, Kyttala et al., 2006). Currently, clinical treatment is focused on symptom
management and includes the management of seizures, sleep alterations, extrapyramidal
symptoms, behavioral disturbances, anxiety, and psychosis (Nita et al., 2016). Thus, developing a
targeted treatment for CLN6 is of utmost importance. However, until such a therapy becomes
available, early disease diagnosis remains critical in assisting affected individuals and their families

(Fietz et al., 2016).

1.2.5 Biomarker studies on NCL
Various technologies have been utilized in NCL biomarker research to identify and monitor disease
progression. One notable contribution in this field comes from the study conducted by Hersrud et
al. Their research employed a plasma-based approach and revealed elevated Clusterin,
Adiponectin, Apolipoprotein E, and Apolipoprotein E levels in juvenile NCLs (Hersrud et al.,

2016). Similarly, Sleat et al. utilized a CSF-based proteomics approach in CLN1, CLN2, and
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CLN3, identifying 18 altered proteins across these diseases (Sleat et al., 2017). Although these
biomarker candidates show potential for early diagnosis and treatment monitoring, their
effectiveness is yet to be determined (Kline et al., 2020). Until then, they remain potential indicators
of early-onset neurodegeneration. This demonstrates the difficulty in finding clinically valuable
biomarkers despite substantial advancements and the application of cutting-edge technologies. To
progress towards the clinical stage, it is crucial to analyze a suitable cohort of samples (Pepe et al.,
2015). Therefore, in the context of rare diseases like NCL, integrating multiple platforms is
essential to enhance our understanding of the disease and uncover a promising path for biomarker

identification.

1.3 METABOLOMICS

Metabolomics has emerged as a powerful tool for identifying and quantifying small molecules (80-
1200 kDa) known as metabolites, collectively forming the human metabolome. These metabolites
provide valuable insights into biochemical pathways, their regulation, and their role in biological
growth, maintenance, and functioning (Hollywood et al., 2006, Nicholson and Lindon, 2008,
Wishart, 2007). However, the extensive datasets generated by metabolomics make it challenging
to fully comprehend, particularly when studying the highly complex human metabolome. When
adding to this the dynamic nature of the metabolome earned to the fact that the composition of the
metabolome varies across different organisms and is constantly changing due to various chemical
processes, it brings a significant challenge in fully defining its extent (Holmes et al., 2008a, Holmes

et al., 2008b).

The human metabolome is influenced by internal factors like genetics, age, and health (Carayol et
al., 2015, Shin et al., 2014, Xiao et al., 2014) and the experimental methodologies employed during
research. These methodologies include sample collection, sample type, sample storage,
stratification of patient samples, and technical processes used. Considering these parameters is
crucial for obtaining reliable and accurate results during data analysis. The examination of
metabolite levels in diverse sample types, such as DBS or cell lines, nonetheless offers insightful
information about the pathophysiology of diseases (Cuperlovié-Culf et al., 2010). Dried blood
spots (DBS), particularly, have gained interest as a non-invasive and practical tool for blood-based
research due to their processing, storage, and transportation simplicity. Analyzing metabolites in

DBS has shown promising results in identifying biomarkers associated with various diseases and
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metabolic disorders. Similarly, studying the metabolic profiles of cultured cells can reveal

important insights into disease mechanisms and disease-specific biomarkers.

By incorporating biomarker analyses based on DBS and cultured cells, we can enhance our
understanding of the human metabolome, paving the way for better disease monitoring,
diagnostics, and advancements in biomedical research.

However, several variables must be considered when using dried blood spots (DBS) in biomarker
discovery studies. For instance, the age of the DBS card can affect the stability of analytes,
potentially impacting the reliability of biomarker studies. Storage conditions, including
temperature, humidity, and light exposure, can influence metabolite stability. Therefore, proper
storage protocols are essential to minimize sample quality degradation. Another critical
consideration is the choice of extraction solvent for metabolomics analysis, which can impact
metabolite recovery and detection. Optimization of the extraction protocol is necessary to target
specific metabolites of interest. These factors and others must be carefully addressed when utilizing
DBS in biomarker discovery studies. By understanding and effectively managing these elements,
researchers can improve the reliability and reproducibility of metabolomic analyses using DBS

samples.

1.3.1 Untargeted and targeted metabolomics

Two primary approaches are used in metabolomics: targeted and untargeted metabolomics (Patti
et al., 2012a). Targeted metabolomics involves the analysis of a specific set of metabolites in a
biological sample, whereas untargeted metabolomics is the identification and quantification of as
many metabolites as possible without prior knowledge of their chemical identity. Both approaches
have advantages and limitations, and the choice of methods depends on the specific research
question and available technical resources (Schrimpe-Rutledge et al., 2016).

Targeted metabolomics is ideal for quantifying a specific set of metabolites accurately but may not
be suitable for detecting novel metabolites or unexpected changes in the metabolome. In contrast,
untargeted metabolomics can capture the entire metabolome and identify unknown metabolites but
requires more accurate quantification of specific metabolites than targeted metabolomics
(Ribbenstedt et al., 2018, Patti et al., 2012b). While untargeted metabolomics has great potential,
further application of the unknown metabolites obtained from this method can take time and effort.

One of the challenges is the need for peak identification in the metabolite profile. This requires
9



more than precise mass measurement to annotate and comprehensively determine the structure of

these metabolites (Goodacre et al., 2004).

1.3.2 Analytical platforms

Recent years have brought significant advancements in metabolomics, resulting in the development
of disease-targeted procedures and techniques precisely tailored for diverse clinical applications
(Zhang et al., 2016). However, due to the chemical complexity of the metabolome, no single
analytical methodology can capture all the metabolites present in a biological sample. Therefore, a
combination of techniques is often used for metabolome analysis (Halket et al., 2005, Shulaev,
20006). Yet, the vast number of metabolites and their continuous fluctuations make a comprehensive
analysis challenging. Further research and development of novel analytical tools are necessary to
enhance our understanding of the metabolome. Nonetheless, with the evolution of metabolomics
technology, other mass detectors have caught attention for investigating a more comprehensive

range of metabolites (Liebal et al., 2020, Cao et al., 2022).

Mass spectrometry (MS) is one of the major detectors used in metabolomics due to its sensitivity
and the ability to screen on a large scale. The MS-based technique offers a quantitative analysis of
metabolites with high selectivity, sensitivity, and accuracy (Emwas, 2015), requiring separation
techniques to distinguish metabolites based on their properties, such as mass, charge, and retention
time (RT), and they have become the most widely used approach for analyzing the metabolome.
Separation technologies most commonly coupled with MS include gas chromatography—mass
spectrometry (GC-MS), gas chromatography—tandem mass spectrometry (GC-MS/MS), liquid
chromatography—mass spectrometry (LC-MS), liquid chromatography—tandem mass spectrometry
(LC-MS/MS), ultra-performance liquid chromatography—mass spectrometry (UPLC-MS), nuclear
magnetic resonance — mass spectrometry (LC-NMR-MS), and capillary electrophoresis — mass

spectrometry (CE-MS) (Katluzna-Czaplinska, 2011).

Among these, liquid chromatography MS (LC-MS), gas chromatography MS (GC-MS), and high-
performance liquid chromatography (HPLC-MS) are widely used for metabolomic analysis due to
their high precision and sensitivity (Lu et al., 2008, O'Hagan et al., 2007). GC-MS has the highest
resolving power but limited selectivity (Wei et al., 2012, Lenz and Wilson, 2007), whereas LC-MS

is often preferred due to its rapid sample preparation and small sample size, despite having lower
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resolving power than GC-MS (Lu et al., 2008). LC is the most widely used separation technology
in metabolomics, as it allows for a wide range of metabolites and avoids chemical derivatization
(Lopes et al., 2017). These techniques generate large and complex datasets, which can be used to
identify and quantify a wide range of metabolites. In recent years, high-resolution mass
spectrometry (HRMS) has emerged as a promising tool for metabolite profiling due to its superior
mass accuracy and resolving power, fostering better characterization of unknown metabolites and
precise identification of adducts (Junot et al., 2014). Overall, MS-based techniques are commonly
used to profile the metabolome of various diseases to identify disease-associated metabolites.
Regarding the pros and cons, the three primary analytical methods used in metabolomics, namely

NMR, GC-MS, and LC-MS, have been extensively reviewed (Wishart et al., 2022).

1.3.3 Untargeted metabolomics workflow

Untargeted metabolomics has emerged as a powerful technique for identifying disease biomarkers
as it enables the simultaneous analysis of numerous metabolites without prior knowledge of the
metabolites of interest, making it an attractive tool for biomarker discovery. The typical process
involves sample collection and preparation, conducting LC-MS analysis, performing statistical

analysis, and identifying biomarkers (Lee et al., 2010, Alseekh et al., 2021).

1.3.3.1 Sample source

Biological samples commonly analyzed in untargeted metabolomics include EDTA blood, plasma,
serum, urine, and cerebrospinal fluid (Beckonert et al., 2007, Wang et al., 2016) and DBS samples
that lastly gained popularity for clinical metabolomics applications (Drolet et al., 2017, Jung et al.,
2013). However, it is essential to acknowledge that variations in health status may limit the
accuracy of these biofluids in reflecting the metabolic state; consequently, although standardized
procedures exist for metabolomics analysis, additional standardization is required (Hernandes et
al., 2017, Wu and Li, 2016). Biofluids are favorable and preferred due to their ease of collection
(Beckonert et al., 2007) and non-invasive nature (Holmes et al., 2008b) . However, less frequently
used samples, such as cerebrospinal fluid and tissue samples, hold significant potential for
metabolomics research. Tissue samples, in particular, can provide organ-specific metabolic

profiling (Lin et al., 2007), allowing for investigations into the origins of metabolites.
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1.3.3.2 Sample collection and processing

The collection and handling of samples during experiments are critical factors in guaranteeing
reproducibility, particularly regarding the metabolite composition. Consistent sample handling and
immediate storage are essential for minimizing variability in subsequent analyses and maintaining
data quality. Storing samples at extremely low temperatures, such as —80°C or liquid nitrogen, is
recommended to prevent metabolite degradation. Other factors that should be considered when
collecting biofluids include the type of syringe for blood collection, anticoagulant, temperature,
duration of centrifugation, and speed (Lehmann, 2021, Yin et al., 2015). In the case of tissue
samples, various methods are available for harvesting and processing them, such as lyophilization,
homogenization, and tissue cell lysis. However, the sample stability is sensitive to other factors,
including the freezing and washing methods, storage conditions, and time storage (Dapic et al.,
2019). Human metabolomics studies typically analyze biofluids or tissue samples, making
biofluids more accessible for collection and analysis. It is essential to consider the choice of the
biological sample and to ensure that the collection and handling procedures are consistent and
adequately documented to obtain reproducible and reliable results (Yin et al., 2013, Kirwan et al.,

2018, Kamlage et al., 2014, Hirayama et al., 2015).

1.3.4 Metabolomics open-source software and statistical analysis

The massive volume of data generated in metabolomics presents a significant challenge that
requires sophisticated data analysis tools. Regardless of the technology used or the approach taken,
capturing the entire spectrum of metabolites in a sample is impossible, leading to a tremendous
amount of generated data that cannot be evaluated (Lu et al., 2008). Thus, developing and applying
effective computational methods is crucial extracting the relevant information for biological
interpretation from this vast amount of data. So far, established software tools such as XCMS
online (Huan et al., 2017), MZmine (Katajamaa et al., 2006), and OpenMS (Pfeuffer et al., 2017)
have been efficiently employed in metabolomics studies for biomarker discovery. Additionally,
publicly available databases such as METLIN (Tautenhahn et al., 2012), KEGG (Kanehisa, 2016),
HMDB (Wishart, 2007, Wishart et al., 2022), LIPID MAPS (Sud et al., 2007), ChemSpider (Little
et al.,, 2012) and PubChem (Kim et al., 2021) have proven valuable resources in assisting in

metabolite identification and data integration.
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Metabolomics data analysis includes multiple critical steps and necessitates significant
preprocessing of the raw data, followed by specialized mathematical, statistical, and bioinformatics
tools for conducting multivariate statistical analysis. At an advanced stage, it also involves data
mining, integration with other omics data, and mathematical network modeling (Shulaev, 2006).
Translating metabolomic data into practical applications for clinical use poses a significant
challenge, starting with acquiring data, preprocessing, and subsequent application into clinical
trials. The raw data must undergo preprocessing, which involves various steps such as quality
processing, normalization, or rescaling. In metabolomics, preprocessing of raw data entails noise
subtraction, chromatographic peak alignment, data normalization, and scaling before statistical
analysis. This preprocessing can be done using vendor-specific or open-source tools (Sugimoto et

al., 2012).

The data obtained through mass spectrometry (MS) appears in the form of spectra, comprising a
complex arrangement of peaks representing various metabolites. These peaks, alone or in
combination with others, represent distinct compounds (Stricker et al., 2021). Although the peaks
belonging to a specific molecule are generally located at the same position on the spectra, various
factors may cause slight shifts (Beckonert et al., 2007, Lenz and Wilson, 2007). To minimize the
risk of misidentifying metabolites, this issue can be addressed by integrating the spectra over small
chemical shift windows (Keun et al., 2004) or applying peak alignment algorithms before analysis
to reduce the likelihood of incorrect metabolite characterization. Peak alignment and deconvolution
techniques are typically utilized for preprocessing MS datasets to account for variances caused by
temperature, column fluctuations, instrument settings, and other sources of variability (Torgrip et

al., 2003).

Biomarker identification is crucial for advancing our comprehension of biological systems, yet
detecting unknown metabolites presents a significant challenge in untargeted metabolomics
studies. Addressing this challenge requires extensive LC-MS-based metabolomic studies and the
establishment of comprehensive databases, which hold immense potential for decreasing the
number of unknown metabolites identified in untargeted metabolomics, thereby providing a
promising approach for identifying previously unknown metabolites and furthering our knowledge
of biomarkers and biological systems (Ma et al., 2006). Numerous software programs have been

developed to facilitate the biomarker identification process, including free solutions such as
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MetaboAnalyst (Xia et al.,, 2009), which offers valuable data preprocessing, metabolite
identification, and various analysis methods such as PCA and PLS-DA for effectively identifying
biomarkers in metabolomic data. In conclusion, the availability of efficient and user-friendly
software programs is crucial for biomarker identification, and free programs provide a cost-

effective solution for researchers.

1.3.5 Analytical challenges

The field of metabolomics has made significant progress, yet several challenges remain to be
overcome. The foremost among these is the need for more annotated metabolites since, to date, a
small fraction of the detected spectra have been identified and quantified, leaving many metabolites
unannotated (Cui et al., 2018, Muthubharathi et al., 2021). To address this issue, the Human
Metabolome Database (HMDB) (Wishart et al., 2022) and METLIN (Xue et al., 2020) databases
are frequently employed in metabolomics research, and attempts are being made to expand these
databases continuously. However, determining the specific pathways affected by metabolites is
demanding, and ongoing efforts are being pursued to discover innovative approaches to these

limitations (Cui et al., 2018).

Another obstacle encountered in untargeted metabolomics pertains to annotating and identifying
metabolites, a persistent challenge despite the enhanced accessibility of mass spectral libraries
(Vinaixa et al., 2016, Dunn et al., 2013). Although such libraries contain many small molecules,
most are not derived from experimental data using pure standards. Moreover, even when standards
are obtainable, they encompass only 40% of the compounds detected in the human genome-scale
metabolic network (Frainay et al., 2018). As such, efforts to expand annotated metabolite databases
and develop innovative methods for identifying metabolites continue to be key research areas in

metabolomics.

1.4 GENOMICS FOR RARE DISEASE DIAGNOSIS

The application of genomic sequencing has reshaped conventional diagnostic methods, allowing
for fast, precise, and cost-effective genetic screening. This transformative technology has
particularly enhanced the detection of rare diseases, reshaping conventional diagnostic approaches
(Stark and Scott, 2023). Furthermore, the integration of sequencing methods, such as whole-exome

sequencing (WES) and whole-genome sequencing (WGS), into research and clinical areas has
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considerably enhanced the diagnosis of rare diseases. This progress has provided a more thorough
understanding of the molecular mechanisms underlying diseases, thereby driving significant

advancements in treatment strategies (Tambuyzer et al., 2020).

Nevertheless, there is a pressing need for innovation because the detection rate of uncommon
genetic disorders using genomic testing is much below 50%. Yet, improved sequencing techniques
and the incorporation of different omics data are some examples of recent advancements in
screening technology that may lead to increased accuracy. This advancement benefits patients by
enabling earlier and more accurate diagnostics and furthering our understanding of genetic diseases
(Smedley et al., 2021, Marwaha et al., 2022). For rare hereditary diseases, understanding the
causative variant and mode of inheritance provides patients with crucial insights into the risk of
transmitting the condition to offspring and facilitates facilitating informed decisions regarding

family planning alternatives (Mitsuhashi and Matsumoto, 2020).

Despite the benefits of genomic sequencing, diagnostic delays for rare diseases can be extensive,
often spanning over a decade (Molster et al., 2016, Heuyer et al., 2017), influenced by multifaceted
factors encompassing patient phenotype, age, and financial resources. Consequently, patients often
remain undiagnosed or even misdiagnosed, amplifying emotional distress. Challenges in
identifying causal variants using exome or genome sequencing are often addressed through Next-
Generation Sequencing (NGS) technologies. NGS-based genetic testing shows significant potential
as the most reliable approach for detecting rare diseases and delivering the fastest diagnosis
outcome (Liu et al., 2019, Clark et al., 2018). However, limited real-world evidence supporting
NGS-based genetic testing poses challenges as its lack of evidence may impede physician decision-
making and reduce patients’ willingness to undergo testing (Liu et al., 2019). Overall, genomics is
leading a significant change in diagnosing rare diseases, transitioning its focus from analyzing
symptoms to assessing molecular causes. This molecular diagnostic approach forms the
cornerstone of precision medicine offering, personalized treatment plans based on solid, evidence-

based results.
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1.5 BIOMARKER DISCOVERY

1.5.1 Biomarkers conceptualization

While the term "biomarker" was first introduced in 1973 to refer to the presence or absence of
biological material (Rho et al., 1973), the concept can be traced back to 1949 (Mundkur, 1949) and
1957 (Porter, 1957), when it was known as a "biochemical marker" and a "biological marker,"
respectively. In time, our understanding of biomarkers has advanced, and they have become
increasingly valuable for diagnosing and monitoring disease, guiding treatment decisions, and
predicting patient outcomes (Aronson and Ferner, 2017). However, despite their potential, the
reliability of the biomarkers has been hampered by limitations, inaccuracies, and gaps.

In 2001 (Group et al., 2001) and 2016 (FitzGerald, 2016), different teams aimed to define
biomarkers in such a way that would confer sustained usefulness. Regardless of their best efforts,
these definitions failed to capture biomarkers’ true nature and potential fully. Subsequent
investigations have shown that these definitions needed to be revised and aligned with the essential
principles of biomarkers (Califf and Medicine, 2018). A group of experts collaborated to create a
more resilient, simple, accurate, and adaptable definition, defining biomarkers as ’’a defined
characteristic that is measured as an indicator of normal biological processes, pathogenic processes,
or responses to an exposure or intervention” (Group, 2016). This definition is intended to withstand

the test of time and accommodate future scientific advances.

Biomarkers have emerged as essential components in clinical trials, providing significant insights
into the underlying pathophysiology of various neurodegenerative disorders (Konickova et al.,
2022). Specifically, the use of biomarkers within the framework of clinical trials involves
measuring and assessing the biological samples before, during, and after treatment, enabling the
monitoring of the efficacy of the therapeutic interventions and the refinement of the existing
therapeutic strategies. Hence, incorporating biomarkers in clinical trials presents a promising
approach to enhancing our understanding of the common neurodegenerative disease as well as the
rare NCL group and improving clinical outcomes (Nickel and Schulz, 2022, Ganesalingam and

Bowser, 2010, Hersrud et al., 2016),

In conclusion, biomarkers provide objective measurements and indicators of disease and offer
valuable insight for identifying potential therapeutic targets, monitoring disease progression, and

evaluating treatment efficacy (Ehrenberg et al., 2020). In clinical trials, biomarkers can aid in
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developing personalized treatment plans, resulting in better patient outcome (Qiu et al., 2023,
Fountzilas et al., 2022). However, it is essential to determine the differences in the sensitivity and
specificity of biomarkers to ensure the appropriate application of biomarkers in clinical and
research settings. Only then can biomarkers hold promises for advancing disease diagnosis,

monitoring, and treatment (Rachakonda et al., 2004).

1.5.2  The quest for biomarkers

Biomarkers are measurable entities that provide valuable information about various aspects of a
disease (Group et al., 2001, Mendrick and Tong, 2013). Their identification is possible at multiple
disease course stages, from pathogenesis, initial clinical signs, diagnosis, and therapy to recovery
(Jain, 2010, Khan et al., 2020). As a result, biomarkers may serve multiple purposes or possess
unique features that suit a specific application (Cagney et al., 2018). With the emergence of
precision medicine, it has become increasingly evident that diagnostic biomarkers serve multiple
functions beyond their traditional applications (Hartl et al., 2021). One of these functions includes
aiding in the stratification of patients (risk assessment) within a disease, which is particularly
important given the diverse disease subtypes associated with a disorder (Trusheim et al., 2007).
Such an example is neuronal ceroid lipofuscinosis (NCLs), which has distinct subtypes with
various onset, clinical features, and therapeutic responses, rendering diagnostic biomarkers critical
in enhancing the development of future therapies (Torres Moral et al., 2022, Hersrud et al., 2016,
Schulz and Kohlschiitter, 2013).

On the other hand, monitoring biomarkers are a type of biomarkers that are assessed at regular
intervals to monitor disease progression and treatment efficacy (Group, 2016). It provides valuable
insight into the emergence of novel disease symptoms, worsening of pre-existing symptoms, and
variations in disease severity or clinical manifestations (Verberk et al., 2021, Buchhave et al.,
2012). However, the conventional "one-size-fits-all" approach in clinical trials assumes a uniform
response in the population studies, which may only benefit a subset of patients. Thus, biomarker-
based clinical research can uncover response differences among patients. Nevertheless, finding an
ideal biomarker effective for everyone in real-life situations is rare (Gromova et al., 2020,

Frangogiannis, 2012).
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Consequently, caution should be exercised when evaluating clinical trials based on this approach
(Behl et al., 2022). Personalized medicine and discovering effective biomarkers for all patients
require an extensive and complex process. Nonetheless, the benefits of these endeavors are
substantial, benefiting many patients and guiding the development of additional studies to identify
more biomarkers and treatments. The widely accepted paradigm in biomarker research recognizes
the crucial role of practicality and cost-effectiveness in enabling routine clinical use of biomarkers
(Davis et al., 2009, Sturgeon et al., 2010). This paradigm emphasizes the need for biomarkers to
be easily quantifiable, readily available in samples, and cost-effective (Lescuyer et al., 2007).
Access to brain samples is critical to investigating neurological disorders (Shepherd et al., 2019,
Blennow and Zetterberg, 2018). However, the inability to monitor disease progression in living
patients hinders systematic biochemical studies using these samples (Bujak et al., 2015, Farahany
et al., 2018). As a result, biofluid samples such as blood, serum, and urine have been employed as
an alternative, although they often fail to provide a complete representation of the brain's condition
(Attard et al., 2019, Bujak et al., 2015, Huan et al., 2017). Alternatively, cell samples represent
substitutes (Son et al., 2017). However, their use presents numerous challenges, including high
costs, time consumption, and limited availability of patient samples, resulting in various
compromises that complicate the biomarker discovery process yet are necessary for advancing

research (Hosoya and Czysz, 2016).

1.5.3 Metabolomics for biomarker discovery

The need to identify biomarkers for rare and neurological disorders is growing, driving research in
this field. Metabolomics technology is significant in biomarker discovery and analyzing small-
molecule (metabolites) in human biofluid and cell line samples. However, the human metabolome
is subject to rapid changes caused by various metrics such as genetics, lifestyle, environment,
pathology, and development (Monteiro et al., 2012). Compared to genomics and proteomics
approaches, metabolomics offers several advantages for biomarker discovery, including capturing
a more comprehensive picture of cellular functions and physiological conditions, being more
dynamic and time-sensitive, and identifying biomarkers that reflect complex interactions between
proteins, signaling pathways, and cellular settings (Quinones and Kaddurah-Daouk, 2009, Martins-
de-Souza, 2022). This approach presents new possibilities for personalized medicine, particularly

diagnosing and treating rare and neurological disorders.
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Numerous metabolomics-based studies have aimed to identify potential biomarkers for
neurodegenerative diseases (Lanznaster et al., 2022). However, the practical usefulness and
efficacy of these biomarkers have yet to be demonstrated in clinical applications (Parker et al.,
2018). In particular, the translation of biomarker candidates from laboratory research to clinical
practice, especially in rare diseases, has been limited, which underscores the pressing need for an
effective methodology to measure biomarkers routinely (Seyhan, 2019, Perlis, 2011). Despite
sophisticated and sensitive methods, multiple factors can affect the results, and no single factor
alone can satisfy the requirements for developing a reliable and robust biomarker. These factors
include small sample sizes, sample complexity, and human metabolism's genetic and
environmental variability (Bax, 2021). Therefore, specific criteria must be met to develop
biomarkers successfully that can be used in future research studies and implemented on a large

scale (Califf and Medicine, 2018).

Over the last three decades, extensive research has been conducted on rare neuronal ceroid
lipofuscinosis (NCL) disorders, with some focusing mainly on identifying potential biomarkers.
Various omics-based approaches have been employed to achieve this goal. For instance, the blood-
plasma-based proteomics approach to juvenile and late infantile NCL patients identified seven
candidate biomarkers with potential therapeutic applications. Interestingly, some putative
biomarkers, such as brain-derived neurotrophic factor (BDNF), neuronal cell adhesion molecule,
adiponectin, and Apolipoprotein E (ApoE), due to their neuroprotective and lipid metabolism
functions have already been associated with or proposed as potential biomarkers for other common
neurodegenerative disorders. Among the identified biomarkers, myoglobin and vascular cell
adhesion protein 1 (VCAM-1) were significantly elevated in NCL, with VCAM-1 being the only
biomarker previously appointed as a potential biomarker in NCL (Hersrud et al., 2016).

The most recent study aimed at biomarker discovery was conducted in 2022 and highlighted the
potential development of a quantitative marker to measure disease progression in NCL-affected
patients. This biomarker study involved magnetic resonance imaging (MRI) analysis of 35 patients
diagnosed with CLN3 disease. It was found that the supratentorial cortical grey matter (GM)
volume exhibited a significant and consistent decline with age and was closely linked to the
disease-specific clinical scoring. These findings suggest that supratentorial cortical GM volume

can be a potential marker for monitoring disease progression (Hochstein et al., 2022). In 2020, a
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study conducted by Kline ef al. reviewed the potential of Omics technologies to understand NCL
disease mechanisms and identify specific biomarkers. The authors examined previous applications
of Omics technologies to various forms of NCL and identified common pathways affected by these
NCL disorders. The study concludes that using more advanced study models and well-defined
patient populations combined with omics techniques may identify clinically relevant biomarkers
for disease diagnosis, progression tracking, and treatment response (Kline et al., 2020).

Even with extensive attempts, identifying clinical applicable biomarkers that pass the validation
stage remains challenging. This is primarily due to the challenges associated with developing
robust biomarker development protocols and the heterogeneity of studies. In addition, only a few
metabolomics biomarkers for neurodegenerative diseases have met the regulatory standards for
clinical use. These limitations arise from the limited sample size for rare disorders and the
insufficient sensitivity of current mass spectroscopy technology, which hinder the identification of
reliable metabolomics biomarkers. To overcome these obstacles, advanced Al algorithms (Filipp,
2019, Schneider et al., 2020, Mamoshina et al., 2016) and chromatographic separation methods
may be necessary to mitigate potential interferences in human samples. For example, patients with
different subtypes of NCL disorder may require specific biomarkers, and advanced technology can

help identify these biomarkers and facilitate their translation into clinical use (Mayeux, 2004).

One study done in 2018 used a metabolomics-based approach to investigate potential biomarkers
for CLN2 disease and the efficacy of untargeted metabolite profiling of cerebrospinal fluid (CSF).
The study used LC-MS-based untargeted metabolite profiling and identified 29 metabolite features
that showed a linear correlation with disease severity. Among the eight confirmed metabolites
identified, seven acetylated species had decreased levels in CLN2 patients. These results may
indicate a deficiency in acetylated species in CSF that causes cerebral energy deficiency and
neurodegeneration. The study suggests that targeted analysis of these metabolites in CSF may help
monitor CLN2 disease progression and evaluate the effectiveness of current and future therapies
(Sindelar et al., 2018). The thorough evaluation of the sensitivity and specificity of potential
biomarkers for rare diseases holds paramount significance (Lescuyer et al., 2007). The limited
reproducibility can be addressed by utilizing modern workflows that enable high-throughput
analyses with large cohorts of samples that have undergone comprehensive characterization and
stratification. This approach provides a promising avenue to enhance previous methodologies

(Comes et al., 2018).
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A metabolomics-based approach utilizing blood, plasma, or serum samples is highly desirable for
profiling biomarkers in neurodegenerative disorders. These biological samples are commonly used
in clinical practice for routine diagnostic analyses, making their collection much more accessible.
While the cerebrospinal fluid (CSF) is particularly interesting for identifying potential biomarkers
due to its proximity to the brain, collecting it is a complex and invasive procedure. There are visible
signs and symptoms of neurodegeneration in some cases, but there is no cost-effective method to
identify them on time. Thus, biomarker studies based on accessible samples could provide a means

of identifying early changes in neuronal degradation (Bujak et al., 2015).

In conclusion, evaluating the sensitivity, specificity, and predictive values of potential biomarkers
for the disease of interest is crucial. Modern workflows that enable high-throughput studies with
large cohorts of well-defined samples represent an opportunity to improve the reproducibility of
past studies. As mentioned earlier, specific compounds, have been associated with certain NCL
diseases. Nevertheless, none of these have been proven to be a robust and reproducible biomarker.
Although identifying metabolomics biomarkers for NCL and neurodegenerative diseases is an
ongoing process, three crucial criteria must be met to make progress in this area: 1) accurate
selection and stratification of patients in the sample cohort, 2) shortened sampling time and suitable
storage, and 3) standardizing procedures for sample processing targeted to the disease. These
criteria are particularly important because of the broad spectrum of phenotypes in patients with the
same NCL disorder. The overlap of these traits in different CLN diseases often makes diagnosis

difficult and increases the heterogeneity of the clinical population being studied.

The current state of biomarker discovery has been affected by differences in sample processing
procedures and the varying sensitivity and power of different MS technologies. Identifying reliable
biomarkers could be possible by developing new combined technologies that have improved
quantity, power, and sensitivity. Nonetheless, integrating the extensive data generated by MS
platforms remains challenging (Misra et al., 2019). To address this issue, bioinformatics tools have
to be created to aid in our comprehension of the potential of this technology (Liang and Kelemen,
2018). Until then, biomarker validation has remained a lengthy and complex process involving
method and clinical validation to establish a direct connection between the biomarker and the

targeted disease or clinical endpoint.
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1.5.4 Biomarker discovery study design

The application of available technologies is instrumental for detecting variations in protein and
metabolite levels in biological samples with clinical relevance for disease diagnosis and prognosis.
Nevertheless, a biomarker must undergo extensive validation procedures that evaluate both the
analytical methodology and the putative biomarker to be deemed suitable for clinical applications.
This rigorous process ensures that only reliable and robust biomarkers are approved for clinical
use. Only after the successful completion of the validation process can the discovery of a viable

biomarker be confirmed (Issaq and Veenstra, 2020).

The ideal characteristics of a biomarker include non-invasive sample collection, such as biofluids,
and a technology that requires minimal sample preparation and is cost-effective. It should also be
easy to use, fast, reliable, and have user-friendly software and tools for data analysis and
interpretation. In addition, the biomarker should be readily available, sensitive, accurate, and
reproducible while remaining affordable (Figure 2) (Bodaghi et al., 2023). Regardless, a
biomarker’s most desired features are perfect accuracy, sensitivity, and specificity (Califf and

Medicine, 2018). However, it is essential to note that this is an ideal scenario.

Safety

Specificity Sensitivity

Reliability

Predictive value Non-invassiveness

Stability Quantifiable

Cost effective

Figure 2. General characteristics of an ideal biomarker. Adapted from Bodaghi et al. (2023).

1.5.4.1 Study design and execution
Ensuring a well-designed biomarker discovery study depends on careful consideration of certain

critical factors. These factors include, but are not limited to, the biological characteristics of the
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targeted disease, the accessibility of patient samples, the appropriate selection of controls, the
stratification of patients based on age, gender, clinical and genetic features, the type, quantity, and
suitability of samples being analyzed, and the molecular nature of the compounds under
investigation). Additionally, it is essential to ensure that a sufficient sample size is available and
easily accessible for analysis (McDermott et al., 2013, Pepe et al., 2015).

Therefore, designing a study for biomarker development depends highly on several other
laboratory variables. Primary elements that must be incorporated into the study design as they will
impact the accuracy and reliability of the results include sample collection, which entails a range
of factors such as the method and timing of collection and the tools employed. Storage conditions
(room temperature, refrigeration, freezing, or liquid nitrogen), storage time (short-term, long-term,
or no storage), sample type and preparation (fresh samples, frozen samples, extraction method, and
pre-post processing), the analytical method, number of replicates, and data analysis approach must
all be meticulously evaluated. Integrating these parameters into the study is of utmost importance
as they serve as the foundational framework for initiating and guiding the proper execution of the

study (Metcalf and Orloff, 2004, Zheng, 2018).

Despite challenges in achieving the mandatory sensitivity and specificity, searching for the “'easy-
to-use and fit-for-purpose metabolomic biomarkers remains a top priority if aiming for early
disease diagnosis and improved patient outcomes. Despite the observed slow progress, which can
be attributed to small sample sizes, unstable standard operating procedures, limited coverage, and
several other limitations, the current successful biomarker studies have shown promise in
identifying biomarkers for other diseases (Minno et al., 2022). The potential for discovering
qualitative biomarkers, particularly for rare and neurodegenerative disorders, is high if there are
advancements in technology and analytical methods (Ehrenberg et al., 2020) since incorporating
multiple approaches can speed up the process, enhance accuracy and ensure the long-term stability

of biomarkers (Xiao et al., 2022).

Dried blood spots (DBS) for biomarker metabolomics studies

Applying dried blood spots (DBS) for biomarker discovery in metabolomics is a long process.
Despite DBS's advantages over other sample types in terms of sampling and storage, apparent
drawbacks are associated with its use in metabolomics studies. One of the initial challenges is

related to the pre-analytical steps, namely the quality and consistency of the collected blood spots.
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Variables like hematocrit, dried blood spot size, and sample homogeneity can significantly impact
the accuracy and reproducibility of metabolomic measurements. Therefore, these variables must
be uniform across different samples to ensure accurate results. Another issue concerns the
analytical techniques employed for DBS-based metabolomics research. To mitigate the
interference caused by the filter paper and the presence of contaminants in the blood spots, specific
techniques are required for extracting and analyzing metabolites from DBS.

Consequently, there is continuing research into developing robust and effective analysis techniques
for DBS metabolomics studies. Despite the advancement in metabolomics research employing
DBS technology, the practical application of these findings in clinical practice remains limited.
Although DBS has the potential to be used in real-world clinical settings for various diseases and
clinical tasks, such as disease diagnosis, treatment effectiveness monitoring, and monitoring
therapeutic medication levels, its application is still limited, and further research and validation are
necessary to assess its practical value in clinical settings and address existing challenges. This
thesis addresses the challenges of using DBS in biomarker discovery studies, particularly in DBS
metabolomics studies. Several factors that can influence the reliability and accuracy of
metabolomic analysis, including card age, storage conditions, and analyte extraction solvents, were
comprehensively evaluated using samples from patients affected by several lysosomal storage

disorders.

2 SCOPE OF THE THESIS

This study aimed to identify specific biomarkers and the disease-related pathways associated with
CLNG6 disease using LC-MS-based metabolomics techniques. To achieve this, a comprehensive
methodology was developed that enabled the identification of potential biomarkers with a role in
the early diagnosis of CLN6 and possible monitoring of future clinical trials. The findings of this
study provide insights into the CLN6 disease pathophysiology, having significant clinical
implications that could accelerate the development of new therapeutic targets. The three studies are

aimed at achieving the following objectives:

* The first study focusing on Dried Blood Spot (DBS) Methodology Study for Biomarker
Discovery in Lysosomal Storage Disease (LSD) aimed to evaluate the suitability of using dried

blood spot (DBS) card samples for metabolomics-based biomarker discovery specifically targeting
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CLNG6 disease. It compared the efficacy of EDTA-blood and filter cards in metabolomics studies
to identify the most suitable sample type for disease-specific compound detection. Additionally, it
sought to optimize metabolite extraction to address the limitations of small sample sizes typical in
rare disease research. This involved evaluating various solvents for their effectiveness in metabolite
recovery and assessing the impact of storage conditions on metabolite stability. The study
employed DBS-based metabolomics, a promising methodology for diagnosing and monitoring rare

diseases.

The research addressed the challenges associated with using blood samples for biomarker
discovery, aiming to advance biomarker development techniques and improve the reliability of
compound detection. It employed three pivotal experimental strategies: Firstly, it involved a
comparative analysis of EDTA-blood versus filter card samples in metabolomics research to
identify the sample types most effective for detecting disease-specific compounds. Secondly, it
focused on determining the optimal storage conditions for these samples, a critical factor,
considering the challenges of small sample sizes in rare disease studies and the necessity of
reanalyzing the same samples due to the difficulties in obtaining new samples from individuals
with rare diseases. Lastly, it aimed to enhance metabolite extraction methods, significantly

increasing the number of detected compounds.

In summary, by carefully designing experiments to improve the detection and reliability of
compounds, the study aimed to establish a universally applicable testing framework, thereby

enhancing the process of discovering biomarkers.

* Recognizing the importance of careful sample selection and patient stratification, the
second study focusing on Clinical and genetic characterization of a cohort of 97 CLN6 patients
tested at a single center — aimed to comprehensively analyze this cohort, representing the largest
CLN6 group screened to date in a single center. Given the wide variability in symptoms and
variants among rare diseases like CLN6, meticulous patient selection is crucial to assemble a
homogeneous group. To achieve this, the study focused on conducting a thorough analysis of CLN6

genetic variants and investigating these patients clinical and genetic profiles.

Through comprehensive analyses of demographic, phenotypic, and genotypic data from CLN6
patients, the study sought to uncover correlations between genetic variants and various factors,

including gender, ethnicity, and clinical presentations. This approach provided deeper insights into

25



the intricate nature of the disease, revealing genetic heterogeneity within the CLN6 population and
establishing links between specific variants and aspects of patient demographics, clinical
symptoms, and disease progression. The study underscores the critical role of assembling a well-
defined cohort of CLN6 sample, laying the groundwork for identifying potential compounds
specific to CLNG6 disease.

* Furthermore, to refine the precision and applicability of biomarker discovery in CLN6
disease studies and to mitigate the impact of sample or patient variability on data accuracy, a robust
methodology was implemented. This led to the third study "Neuronal progenitor cells-based
metabolomics study reveals dysregulated lipid metabolism and identifies putative biomarkers for
CLNG6 disease". This study aimed to utilize untargeted LC-MS-based metabolomics to investigate
the metabolomic profile of human CLN6 neuronal progenitor-like cells, aiming to gain insights
into CLN6 disease metabolism. Despite the investigation being confined to only three available
CLNG6 cell lines - representing the entirety accessible in the market at that time - the study's efficacy
remained notable. The lack of iPSC availability posed additional challenges, as their potential use
could have significantly expedited the research process. This limitation necessitated modifying the
research approach by directly differentiating these cell lines into specific neuronal cells through
chemical conversion. This ensured consistent neuronal differentiation across samples, facilitating
the metabolomics approach for identifying potential biomarkers for CLN6. Notably, the study
revealed significant downregulation of several sphingolipids and glycerophospholipids CLN6-
affected cells compared to controls, a finding consistent with patterns observed in other
neurodegenerative disorders. These compounds serve as a foundation for further focused
investigations and future studies on their potential as candidate biomarkers for CLN6 disease,

thereby establishing a new framework for neuronal cell-based metabolomics studies.

3 MATERIALS AND METHODS

This section provides a brief overview of the techniques and analytical approaches utilized in each
study. However, referring to the original publication is recommended for a comprehensive and
detailed presentation of the methodology employed.

3.1.1 Study design and human samples

The first study involved a combined cohort of 66 subjects from diverse geographical backgrounds

categorized into four distinct groups based on their genetic features. Group one comprised 16
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subjects with CLN6 disease, while group two served as the control group with 27 individuals.
Group three constituted a mixed group of 26 NCL subjects, including 10 subjects with eight
different types of CLN disease and 16 CLNG6 subjects. The fourth group comprised 16 subjects
with 11 types of various lysosomal storage disorders (LSD). Each group underwent various
experimental design settings, including a stability study, an extraction optimization study, and a
cumulative study based on all the previous experimental data. The study was based on blood
samples from disease-affected patients sent by physicians to Centogene GmbH in Rostock,
Germany, for routine genetic diagnosis. The screening involved analyzing the patients’ genetic

material to identify potential genetic mutations or variations.

The second study was a retrospective cross-sectional study of 97 CLNG6 patients screened over ten
years at a single center. These genetically confirmed CLN6 sample, were sent by physicians to
Centogene GmbH in Rostock, Germany, between 2010 and 2020 for genetic diagnosis. The
samples provided included DNA, EDTA blood, dried blood spots, amniotic fluid, or saliva.

The third study utilized cell lines procured from a commercial source derived from patients
diagnosed with CLN6 disease (n=3), who carried bi-allelic pathogenic variants, and control/wild-
type cell lines (n=3) with no pathogenic genetic variants. Each cell line was cultured in triplicate,

resulting in a total of 9 CLNG6 and control cell lines, respectively.

3.1.2 Sample preparation and metabolite extraction

3.1.2.1 Dried blood spot card preparation

Before LC-MS analysis, the EDTA blood sample had to be transferred to a dried blood card format.
For the preparation of dried blood spots (DBS), a 50 uL aliquot (EDTA) was dripped onto each
spot of the CentoCard® and left to dry for at least two hours at room temperature (Figure 3). For
analysis, five center punches with a diameter of 3.2 mm were taken from each card and collected

into a 96-well microtitration plate using a PerkinElmer puncher.
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Figure 3. Standard CentoCard used to collect EDTA—treated blood. The blood is dripped onto the

pre-printed circles, and the card is left to dry at room temperature for 2 hours.

3.1.2.2 Metabolite extraction from DBS

The five punched blood spots were automatically transferred into a microtitration plate. To extract
the analyte, 50 puL of extraction solution, consisting of a single solvent or mixture-based e.g.,
dimethyl sulphoxide, isopropanol, acetonitrile, methanol, ammonium acetate, and water in varying
ratios based on the experimental design, along with 100 puL of internal standards solution containing
200 ng/mL lyso-Gb2, were added to each well of the microtitration plate. The plate was vortexed
for 10 minutes, sonicated, and then incubated for 30 minutes at 37°C and 700 rpm. Following
incubation, the liquid was transferred to an AcroPrep Filter Plate with a PTFE membrane, which
was placed on a 96-well V-shape bottom plate and centrifuged for 5 minutes at 3500 rpm to remove
any solid particles from the solution. This process effectively extracted the analytes from the blood

spots for subsequent mass spectrometric analysis.

3.1.2.3 Cell culture

The CLN6 (CLF064, CLF121, CLF210) and wild-type (GM0839, GM0565, GM0203) fibroblast
cell lines were grown in high glucose Dulbecco’s modified Eagle medium (DMEM) supplemented
with 10% fetal bovine serum (FBS), penicillin, and streptomycin until they reached 90%
confluence. Next, these were directly converted into neuronal cells using a cocktail of six chemicals
known to aid in NPC differentiation and then cultured in a neuronal medium consisting of a mixture
of DMEM/F12 and neurobasal medium (Dai et al., 2015). The cells were cultured for 21 days with
medium changes every third day. The cells were fixed, permeabilized, and blocked before being
incubated with primary and secondary antibodies. Cell images were acquired using a Keyence
fluorescence microscope BZ-X710E equipped with the BZ-X800 Analyzer software (Keyence,
Osaka, Japan) with a 20X Plan-Apo Gamma NA 0.75 objective and fluorescence filter set for GFP,
TRITC, and DAPI.

3.1.2.4 Metabolite extraction from cell lines
The cell culture plates were placed on dry ice, the medium was removed, and the cells were rinsed
with cold 0.9% NaCl solution. A prechilled extraction solvent consisting of methanol and water

was added to the cells, which were then detached using a scraper and transferred to a tube
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containing an internal standard. After vortex and centrifuging, the resulting supernatant was
transferred to a glass vial for LC-MS analysis (Figure 4). Quality control samples were generated
by pooling a small amount from each sample, while blank samples comprised 100% LC-MS water.
The standard, blank, and pooled samples were injected five times before the first sample injection

to establish system equilibrium and ensure stability throughout the batch.
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Figure 4. Schematic overview of the cell metabolites extraction procedure. Cells were cultured in
6-well plates, scraped using methanol: water (3:1, v/v), quenched and washed with 0.9 % NaCl.

The harvesting and scraping procedures were performed with the plates kept on dry ice.

3.1.3 LC-MS analysis

Extract analysis was performed on a Waters® i-Class ACQUITY UPLC (Waters, Borehamwood,
UK) coupled to a Vion™ IMS Q-Tof™ mass spectrometer (Waters, Borechamwood, UK) (Figure
5) equipped with an ESI ion source, system operating in negative (ESI—) and positive (ESI+)
ionization modes. The LC-MS method used a C18 Kinetex EVO LC (Phenomenex, Aschaffenburg,
Germany) column with a linear gradient of 1% to 100% B (50 mM formic acid in methanol:
acetonitrile 1:1 v/v) and A (50 mM formic acid in water) at a flow rate of 0.5 mL/min. Mass
spectrometry was acquired using High Definition MS® (HDMSF) with specific settings. Each signal
was identified by three parameters: retention time in minutes (RT), ion mass (m/z), and collision

cross-section (CCS) (Figure 6).
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Figure 5. Vion IMS QTof Mass Spectrometer depicting ion mobility separation device between the
StepWave and a mass-resolving quadrupole (Note. Retrieved from https:// www.waters.com,

Waters Corporation (Wang, 2017) ).
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Figure 6. From sample to spectrum: peak processing visualization for HDMSF data and MS/MS

spectrum of a random compound.

3.1.3.1 Overview of LC-MS

LC-MS is a robust analytical technique that identifies target compounds based on their mass,
collision cross section (CCS), and retention time (RT). Confined initially to specialized settings,
LC-MS systems have transitioned from expensive and intricate research instruments into accessible
and user-friendly detectors, reshaping analytical processes across scientific fields. Fundamentally,
LC-MS integrates two powerful analytical techniques: liquid chromatography (LC) and mass
spectrometry (MS). Liquid chromatography (LC) serves as the initial step where components
within a sample undergo separation using various modes such as partition chromatography, ion-
exchange chromatography, size-exclusion chromatography, or affinity chromatography. This
separation process relies on the interaction between the analytes and the column's stationary phase.
The retention time (RT) indicates their traversal duration. Retention time in chromatography
denotes the duration required for a compound or analyte to traverse the column and reach the
detector. This metric is essential in identifying and characterizing compounds within a given
sample. Through comparison with established standards, the retention time facilitates precise

determination of the compound's identity.

The separated components are then introduced into the mass spectrometer, where electrospray
ionization (ESI) or atmospheric pressure chemical ionization (APCI) is commonly used to generate

charged ions from the sample. These ions are then analyzed using their mass-to-charge ratio (m/z)
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to identify the desired analytes. Liquid chromatography-mass spectrometry (LC-MS) is now
widely used in biochemistry due to the simplicity and reliability of electrospray ionization (ESI).
As LC-MS instruments become more affordable and reliable, they are increasingly important in
clinical biochemistry, challenging traditional techniques like liquid chromatography and
immunoassay. Liquid chromatography involves injecting a precise volume of the sample solution
into a continuous flow of solvent, known as the mobile phase. As the sample solution-mobile phase
mixture traverses the column packed with a stationary phase, analytes interact differentially based
on their properties. Partition chromatography separates analytes based on their distribution between
the stationary and mobile liquid phases, while ion-exchange chromatography relies on ion charges.
Size-exclusion chromatography separates analytes based on size, and affinity chromatography

allows highly selective separation based on analytes' binding affinity to the stationary phase.

Following separation via liquid chromatography, the separated components are introduced into the
mass spectrometer. Electrospray ionization (ESI) or atmospheric pressure chemical ionization
produces charged ions from the sample. These ions are then analyzed based on their mass-to-charge

ratio (m/z), enabling the identification of desired analytes with high sensitivity and accuracy.

The ion intensities detected during the LC-MS sample analysis are depicted as a total ion
chromatogram (TIC). This visualization presents the intensity peaks of the analyte ions and their
retention times (RT). Each data point on the chromatogram corresponds to a mass spectrum, which
depicts the abundance of ions plotted versus their m/z (mass-to-charge ratio) values. The mass
spectrometer operates in two modes: scan and selected ion monitoring (SIM). In scan mode, it
detects ions across a range of m/z values within a set time, suitable for analyzing unknown samples.
Specific m/z values are targeted in SIM mode, which is ideal for precisely quantifying known

compounds.

By integrating two series-operating mass analyzers, enhanced sample identification and precise
quantification are achieved. The predominant tandem mass spectrometers used are the triple

quadrupole (QQQ) and quadrupole time-of-flight (QTOF) configurations.

In the QQQ setup, two quadrupole mass analyzers (Q1 and Q3) are interposed by a collision cell
(9/Q2). Q1 and Q3 are mass analyzers for scanning a mass range or monitoring specific m/z values.
Meanwhile, the collision cell facilitates the fragmentation of precursor ions isolated in Q1 through

high-energy collisions with a neutral gas.
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3.1.3.2 Chromatography columns

With different compositions and separation methods, chromatography columns are designed to
meet different analytical demands and requirements for separation. Typical varieties include some
of the following:

Reversed-phase columns are widely used in high-performance liquid chromatography (HPLC) to
separate non-polar or slightly polar compounds. They are equipped with a non-polar stationary

phase, which is usually hydrophobic.

In the normal phase column, the stationary phase is more polar than the mobile phase. Silica, a
polar material, is commonly used as the stationary phase. The separation of sample components
occurs based on their polarity, with more polar components interacting more strongly with the
stationary phase and less polar components interacting more strongly with the mobile phase. This

results in the separation of components based on their polarity.

Size Exclusion Columns utilize the stationary phase of porous beads, typically composed of
polymers such as polysaccharides or silica. These beads feature varying-sized pores, allowing
smaller molecules to penetrate and thus experience slower movement through the column. In
contrast, larger molecules cannot access the pores and consequently elute earlier. This separation
is based on the differential permeability of molecules through the porous stationary phase, enabling

the separation of molecules based on their size.

Ion exchange columns consist of a charged stationary phase and a polar liquid mobile phase, such
as a salt solution in water. With this configuration, molecules can be separated based on their
affinity for the charged groups on the stationary phase. The method facilitates the exchange of ions
between sample components and the stationary phase, leading to separation based on their ionic

properties. Readily ionizable compounds are often analyzed using this method.

3.1.4 Metabolomic data processing
The raw MS data were acquired using Unifi software v1.9 (Waters, Borehamwood, UK) and

exported as Unify export packages (.uep). Progenesis QI software v3 (Nonlinear Dynamics,
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Newcastle upon Tyne, UK) was used for automated data processing, which included retention time
correction, experimental design setup, peak picking, probabilistic quotient normalization (PQN)
(Dieterle et al., 2006), deconvolution, and compound identification. The statistical relevance and
robustness of the metabolites were evaluated based on predefined quality criteria, such as fold
change of at least 2-fold, charge < 3, the mass-to-charge ratio (m/z) > 179, and median normalized
abundance of > 350 counts relative to the reference compound in at least one of the cohorts. The

metabolites’ features with significant differences were identified using Student’s t-tests.

3.1.5 Data analysis

The following software and tools were used to perform the data analysis and generate the figures:
MetaboAnalyst (Pang et al., 2021) statistical analysis toolbox, which was utilized for study I (v4.0)
and III (v5.0), available at http://www.metaboanalyst.ca. Additionally, the “stats” package in R
(Team, 2021) was used for study 1 (v3.6.2) and study 2 (v4.0.4) and can be found at www.r-
project.org. GraphPad Prism (v9.5.0) was used for study 3, and this software was provided by
GraphPad Software, Inc., (San Diego, CA), and accessed at http://www.graphpad.com. Canonical
pathway analysis (study 3) was performed using Ingenuity Pathway Analysis (IPA) software from
QIAGEN (Ingenuity Systems, QIAGEN, Redwood City, CA, USA). Overall, the results obtained

from these analyses were critical to the conclusions and insights presented in all three studies.

3.1.6 Metabolites identification

Metabolites were identified by matching the obtained features against different metabolite
databases, which included the in-house compound library, Human Metabolome Database (HMDB)
(Wishart et al., 2022), PubChem (Sayers et al., 2022), ChemSpider (Pence and Williams, 2010),
and LIPID MAPS® Structure Database (LMSD) (Sud et al., 2007). The metabolites’ identities

were determined through accurate mass, retention time, and MS spectra.

3.1.7 Genetic analysis

All procedures were undertaken according to the German Gene Diagnostic Act
(Gendiagnostikgesetz) and the General Data Protection Act (Bundesdatenschutzgesetz) provisions.
Samples were processed at Centogene GmbH (Rostock, Germany) in a facility certified under the
Clinical Laboratory Improvement Amendments of 1988 and accredited by the College of American

Pathologists.
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Various sample types were utilized, including extracted DNA, EDTA blood, and dried blood spots
(DBS) on filter cards (CentoCard®), amniotic fluid, or saliva. DNA extraction was performed
using a QIAsymphony instrument with recommended reagents and kits from Qiagen (Hilden,
Germany). Variant screening procedures were performed as described previously (Trujillano et al.,
2017). Sequencing methods varied depending on the referring physician's specifications,
encompassing whole-exome sequencing (WES), gene panel sequencing (CentoMetabolic® or
Ceroid lipofuscinosis panels), or sequencing for CLN6 alone. A custom double-stranded DNA
capture bait pool was used for the gene panel. A custom double-stranded DNA capture bait pool
was employed for gene panel sequencing, targeting coding regions, flanking intronic sequences,
and known relevant variants beyond coding regions. Libraries were prepared with Illumina-
compatible adaptors and sequenced on an Illumina platform (Illumina, San Diego, CA) to achieve
adequate coverage depth. Sanger sequencing was utilized to complete missing fragments when
necessary. For whole-exome sequencing, human consensus coding sequences were enriched from
fragmented genomic DNA using the Nextera Rapid Capture Exome kit (Illumina)/SureSelect
Human All Exon V6 (Agilent)) TWIST Human Core Exome (Twist Bioscience). The generated
libraries were sequenced on an Illumina platform to an average coverage depth of 70-100x. Any

relevant variants detected by WES were validated by Sanger sequencing in both directions.

4 RESULTS AND DISCUSSIONS

4.1 Study 1: Dried Blood Spot (DBS) Methodology Study for Biomarker Discovery in
Lysosomal Storage Disease (LSD)

Liquid Chromatography-Mass Spectrometry (LC-MS) is a powerful tool in metabolomics research
that enables the detection and quantification of metabolites in a biological sample. However, LC-
MS sensitivity can be affected by several factors: sample type, storage conditions, sample age, and
patient stratification (Figure 7). This instability in the workflow can pose challenges in untargeted
metabolomics analysis (Li et al., 2020, Trifonova et al., 2019). Therefore, identifying and
understanding the biological and environmental factors that impact metabolites during analysis is

crucial to obtaining reliable data upon analyzing the targeted disease’s metabolomics profile.
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Figure 7. Standard workflow for DBS-based untargeted metabolomics. It entails study design,
sample collection, preparation, and LC-MS analysis. Preprocessing of the raw data includes
normalization, peak picking, filtering, and statistical analysis. Accurate mass and retention time
are used for metabolite identification, and MS2 fragmentation spectra are used for structural

elucidation. Adapted from Lee et al. (2010).

The first study focused on identifying and managing the factors that impact LC-MS sensitivity,
specifically when analyzing dried blood spot samples. The study comprised a series of experiments
aimed at quantifying the impact of various triggers on metabolome variability. This helped identify
critical factors that, when controlled, could enhance the biomarker discovery process. Recognizing
and managing the factors influencing LC-MS sensitivity proved essential in obtaining reliable and
precise results in metabolomics research. The findings from study 1 are further important in
developing effective metabolomics strategies, ultimately leading to improved efficiency in

biomarker discovery processes.

Thus, in the first study, the assessment of the variability of the human blood metabolome was based
on two distinct approaches: (1) the stability of the metabolites was assessed by analyzing the impact

of sample age (time since collection) and storage conditions; (2) the optimization of the extraction
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solvent for metabolomics analysis was conducted to determine the solvent that generated the

highest yield in metabolite extraction efficiency.

The stability study was further divided into two primary objectives: (a) to investigate the stability
of filter card samples from preparation to analysis and (b) to compare the effectiveness of using
old dripped DBS cards versus new dripped cards. For this, 36 blood samples were collected from
six participants over a six-year period before analysis. The results showed high fluctuations in
metabolite variations, implying that even if stored at -20 °C, the DBS cards’ yearly stability cannot

be guaranteed (Figure 8a, b).
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Figure 8. The impact of long-term storage on metabolites stability. The effect of six years of storage
time on the stability of the dried blood spot cards (a). Boxplots illustrate the variability in the
abundance of a specific metabolite from 2015 to 2018 (b).

After that, a follow-up experiment was carried out to investigate the impact of short-term storage
on analyte stability in the DBS samples. For this, duplicate DBS cards were prepared using freshly
collected blood and were then stored at various temperatures (RT, 8°C, -20°C) for three days before

undergoing metabolomics analysis. The results showed that even the DBS short storage
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significantly affects analyte stability, underscoring the importance of precise temperature control
to guarantee accurate results. An additional experiment was conducted to evaluate the suitability
of new dripped DBS cards stored at RT versus the new dripped DBS cards prepared the EDTA-
whole blood stored at -20°C. The results showed fluctuations in metabolite measurements,
underscoring the importance of preparing samples uniformly and storing them under consistent
conditions to minimize variability. These findings have considerable implications for biomarker
development studies, highlighting the need to adhere to established sample storage and handling

protocols when conducting metabolomics research to ensure reliable and reproducible results.

The second objective aimed to optimize the extraction process for LC/MS-based metabolomics
analysis and involved a comparison of four solvents based on the total number and abundance of
metabolites screened. The results indicated that DMSO in water provided the best coverage of the
metabolome. However, methanol-acetonitrile (3:1, v/v) yielded the highest number of high
intensity metabolites. In contrast, ammonium acetate generated slightly more metabolites with an
abundance of over one thousand than methanol-acetonitrile (3:1, v/v) but had lower global
metabolome coverage. Isopropanol-acetonitrile-water ranked second in metabolome coverage but
had fewer high-intensity compounds (Figure 9). It was ultimately determined that methanol was
the most suitable extraction solvent for detecting metabolites with high abundance, which could be

advantageous in the LC/MS-based metabolomics analysis extraction process.

Ammonium acetate
value: 5970 DMSO:H20
value: 9867

MeOH:ACN
value: 7759

Isopropanol:ACN:H20
value: 9290

Figure 9. The impact of four different extraction solvent mixtures on the metabolome coverage in

DBS samples. The data shows the relative number of metabolites detected using each mixture.

Finally, a cumulative comparative analysis was conducted to evaluate the efficacy of various
methanol mixtures (e.g., methanol 100%, methanol-water (1:1, v/v), methanol-acetonitrile (1:1,
v/v), and methanol-acetonitrile (3:1, v/)) in extracting high-intensity metabolites. The results
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demonstrated that the most efficient mixture was methanol-acetonitrile (3:1, v/’). Moreover, to
ensure the reproducibility of the optimized extraction method, 95 samples were analyzed, including
samples from CLN6 disease, control subjects, eight additional NCL, and nine types of LSD
diseases. The primary objective of this study was to identify specific compounds associated with

the diseases CLN6 disease, which was successfully achieved (Figure 10).
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Figure 10. The violin plot compares the abundance of a CLN6 compound (4.40 421.2811 m/z)
across four cohorts - CLN6, Control, Other NCLs, Other LSDs - with outliers represented by

rhombuses.

4.2 Study 2: Clinical and genetic characterization of a cohort of 97 CLNG6 patients tested at
a single center

Neuronal ceroid lipofuscinosis (NCLs) is a group of rare genetically heterogeneous disorders with
a diverse phenotype and global distribution. A thorough analysis of the NCL cohort (n=489) has
uncovered significant trends using data gathered from NCL patients diagnosed at Centogene GmbH
over a decade. The cohort comprised patients from around 40 countries, grouped into seven formal
regions. Notably, the Middle East accounted for the majority of patients, followed by Africa and
Europe (Figure 11). Specifically, the study has identified that certain regions, such as the Middle
East and North Africa, display a higher incidence of patients with NCL disorder. The NCL cohort
was composed of variants that were categorized as pathogenic (47%), likely pathogenic (24%), and
variants of uncertain significance (29%). Out of the total cohort of 489 patients, 40% were
classified as affected cases, 32% as carriers, 16% as probable carriers, and in 12% of cases the

status could not be determined (Figure 12).
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Figure 11. Geographical distribution of the NCL pathological patients screened at Centogene,
2009-2019. Blue dots represent the CLNG patients’ distribution. (Map created with QGIS 3.10.1).
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Figure 12. Distribution of the genetic variants in genes responsible for NCL (Neuronal Ceroid
Lipofuscinosis). Classified according to the clinical significance in the internal database
CentoMD. Affected — compound heterozygous or homozygous for pathogenic (P) or likely
pathogenic (LP), Carrier-heterozygous for pathogenic (P), likely pathogenic (LP) or variant of
unknown significance (VUS), Potential positive — homozygous or compound heterozygous for the

variant of unknown significance (VUS).

Among the most prevalent clinical manifestations seen in the NCL cohort screened during the ten
years were ataxia, seizures, and development regression (Figure 13), critical characteristics for the

majority of CLNs, as mentioned in the literature.

39



100
Ataxia 11.76 3235 2857 3333 2653 0 ﬂ 16.67
- ue 20
Developmental regression BsFEERGLE PN 28.57 27.78 38.46 BEIaR

Focal-onset seizure 0 17.65 0 5.56 4.08 0 0 0

Leukodystrophy 5.88  8.82 0 1111 408 769 40 0

80
Attention deficit hyperactivity disorder 0 588 1429 11.11 6.12 0 0 o
Dysarthria 11.76  5.88 0 0 6.12 0 0 16.67
Dystonia 5.88  5.88 0 0 6.12 0 0 16.67
Encephalopathy 0 0 0 5.56 6.12 0 40 0
Loss of ability to walk 0 2.94 0 5.56 6.12 0 0 1] 60
Mental deterioration 0 0 0 5.56 6.12 7.69 o] o}
EEG abnormality  5.88 8.82 0 5.56 8.16 7.69 o] o £
g
g
Generalized-onset seizure 5.88  23.53 0 5.56 10.2 7.69 0 16.67 g
s
Hyperreflexia 1] 5.88 0 0 10.2 7.69 20 16.67
Generalized myoclonic seizures  5.88 8.82 0 556 1224 769 0 0 40
Neurodegeneration 17.65  8.82 0 556 1224 769 0 0

Motor delay 17.65 17.65 0 556 1429 15.38 0 33.33

Brain atrophy = 28.41  14.71 0 556 1633 1538 3333

Delayed speech and language development 17.65 23.53 0 556 16.33 23.08 0 33.33
20
Global developmental delay 17.65 17.656 14.29 27.78 16.33 15.38 20
Spasticity 0 20.59 0 556 1633 769 20 16.67
Cerebellar atrophy 11.76  23.53 0 16.67 1837 30.77 20 a
Muscular hypotonia  17.65  5.88 0 556 2041 769 20 1]

Intellectual disability 23.53 26.47 14.29 33.33 2449 23.08 0] 16.67

CINI CIN2 CIN3 CLN5 CLNG CLN7 CLNS CLN14
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symptoms in the NCL. It includes CLN diseases with more than five pathologic (P) or likely
pathologic (LP) patients screened at Centogene GmbH.

40



CLNG6 disease is a subtype of NCL that results from mutations in the CLN6 gene. Because of its
rarity and diverse clinical manifestations, knowledge is scarce regarding the clinical and genetic
characteristics of CLNG6 disease, particularly among underrepresented populations. The second
study reports the findings of a retrospective cross-sectional study that aimed to explore the clinical
and genetic characteristics of CLN6 disease patients. The study analyzed data from 97 individuals
who underwent routine genetic testing for the CLN gene at Centogene GmbH over ten years. The
analysis identified 45 distinct variants, including 24 that had not been previously reported. Of the
45 unique variants identified, 16% were classified as pathogenic, 26% likely pathogenic, and 57%

were categorized as variants of unknown significance (VUS).

This study has revealed that the most common mutation detected among the examined patients was
in-frame deletion ¢.794 796del (p.265Sdel), with a detection rate of 31%. Furthermore, the novel
discovered variant, c.257A>G (p.H86R), was identified in five unrelated cases, making it the most

frequently reported new mutation (Figure 14).
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Figure 14. Sequence chromatograms depict the novel CLNG6 variants. The control © sequence is
displayed above the mutation sequence. The affected nucleotide is underlined by a red line,
indicating the variant’s location. The electropherograms of CLN6 variants were identified by
Sanger sequencing and included three novel variants: ¢.397 398del (a), c.2574>G (b), and
c.486+2T>4 (c).

The most prevalent symptoms observed included “Developmental regression” (n= 46, 53%),
“Seizure” 43%, “Ataxia” 33%, and “Intellectual disability” 30% (Figure 15 a, b). Other less

common symptoms included speech impairment, muscle weakness, hypertonia, and microcephaly.
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Figure 15. Clinical characteristics representative of CLN6 disease. The prevalence of the most
encountered clinical symptoms in the CLNG6 disease (a). Gender differences in the clinical

symptom’s occurrence (b).

This study presents a comprehensive description of the clinical and genetic characteristics of CLN6
disease, with the aim of identifying potential correlations between causative variants. The study is
particularly significant as it represents the largest cohort of CLN6 patients to undergo genetic
testing at a single center, thereby expanding our understanding of the disease’s mutational spectrum

and highlighting its genetic and ethnic diversity.

As illustrated in Figure 11, the origins of the highest proportion of patients are Middle East and
North Africa. This study emphasizes the importance of characterizing rare diseases in
underrepresented populations. It recommends including CLN6 in genetic testing for individuals

with developmental regression, seizures, ataxia, intellectual disability, and ocular symptoms. These
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findings will raise awareness for CLN6 disease, shorten the time to diagnosis, and ultimately lead

to more effective treatment.

4.3 Study 3: Neuronal progenitor cells-based metabolomics study reveals dysregulated lipid
metabolism and identifies putative biomarkers for CLN6 disease

The primary objective of the third study was the comprehensive investigation into the
metabolomics profile of individuals affected by CLN6 disease and to determine the corresponding
metabolomics response in human CLN6 neuronal cell lines. This study expanded upon the initial
CLN6 biomarker discovery (study 1), which involved the utilization of DBS cards, and delved
further into investigating the potential effectiveness of employing cell lines in metabolomics

studies.

Since CLNG6 disease is a rare genetic disorder that affects the nervous system (Mole et al., 2004),
it is reasonable to anticipate that the changes associated with the disease would be noticeable at the
neuronal level. However, obtaining neuronal samples for research purposes can present significant
challenges. Notably, commercially induced pluripotent stem cell (iPSC) models for CLN6 were
unavailable, and the available cell lines were limited to three fibroblast lines. Thus, the reduced
number of CLNG6 cell samples, the lack of commercially available induced pluripotent stem cell
(1PSC), and challenges associated with generating iPSCs from human dermal fibroblasts hinder
cellular-level investigations. To address this, based on a methodology previously described by Dai
etal. (Dai et al., 2015), neural progenitor cell-like cells were directly generated from human dermal

fibroblasts (Figure 16).
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Figure 16. Scheme of direct conversion of human dermal fibroblasts into neuronal-like cells. The
experiment starts by plating the fibroblasts in the DMEM medium, designated "Day”0." After one
day, the cells were transferred to an induction medium containing chemical compounds and
supplementary chemicals to promote differentiation into neuronal progenitor cells. Adapted from

Dai et al. (2015).
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The differentiation process resulted in the formation of neuronal cell-like clusters observed on day
12. Over time, from day 12 to day 20, the chemical-induced neuronal progenitor cells underwent
visible transformations in their morphology. Notably, they exhibited the growth of axons and
dendrites, indicating the development of essential neuronal structures. Moreover, these cells
demonstrated distinct neuronal properties, including a well-defined central cell body housing a
nucleus and multiple organelles. Furthermore, the formation of synapses was observed,
highlighting their capacity for establishing functional connections (Figure 17 a). Following a
three-week differentiation period, the expression of NPC markers, represented by GABA, GFAP,
TUJ1, and MAP2, was confirmed through immunofluorescence staining, and comparable marker

expression levels were observed between CLN6 and control (wild-type) NPCs (Figure 17 b).
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Figure 17. Representative microscope images of chemical-induced neuronal cells at various
developmental stages in the induction medium (a). Immunofluorescence staining of neuronal
cultures with anti-MAP2 antibody (mature neurons). Nuclei were stained with DAPI (blue). Scale

bars = 50 um. MAP, microtubule-associated protein 2 (b).
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In this study, the cells were cultured in triplicates to enhance the statistical power, and an untargeted
LC-MS metabolomics approach was employed. Upon automated data preprocessing, 2720 spectral
features (ESI") were identified, revealing the significant influence of sample type and preparation
method on the number and types of metabolites detected. It is worth noting that this number is four

times smaller than the number detected using DBS cards.

The variation in metabolite quantity and diversity observed can be attributed to the influence of
sample type and the variability in pre- and post-preparation processes. Dried blood spots could
encompass a broader range of metabolites due to external factors, such as collection and storage,
compared to cultured cells. Accordingly, distinct sample types may exhibit distinct metabolic
profiles, affecting the detection of metabolites in terms of both quantity and variety. Additionally,

disparate preparation techniques may result in the identification of different metabolites.

Metabolomics studies are complex and subject to various sources of variability, including but not
limited to the sample type, storage temperature, sample processing, and pre-analytical methods.
These factors require careful consideration and management to ensure accurate and reproducible
results. The current lack of a standardized sample preparation protocol significantly contributes to
the observed variability in the number of detected metabolites. Therefore, a rigorous and
standardized protocol is required to minimize variability and ensure accurate and reproducible

results in metabolomics studies (Ehrenberg et al., 2020, Kiseleva et al., 2021).

Furthermore, cell lines are helpful in metabolomics research as they provide consistency and
reproducibility, allowing for easy manipulation of various factors, which are important to analyze
and identify metabolites accurately. Cell-based samples can be grown in large quantities for high-
throughput screening and are easy to maintain, increasing the reproducibility of results. Although
cell lines may not fully capture the complexity of in vivo metabolic processes due to their limited
nature compared to biofluids, they still play an essential role as a tool in metabolomics research
(Cuperlovié-Culf et al., 2010, Hayton et al., 2017). Therefore, while cell lines can be helpful for
metabolomics research, it is essential to consider their limitations and potential impact on the

number of metabolites detected.

After automatic data preprocessing, qualitative and quantitative filters were applied to enhance the
accuracy and reliability of the metabolomics data while reducing the risk of false positives and

negatives in downstream analysis. The filters included a signal-to-noise ratio, coefficient of
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variation < 30%, a maximum abundance > 350, and maximum fold change > 2. Only the
metabolites meeting the criteria above and passing the quality filters of m/z > 179 and retention
time > 1 were retained for subsequent analysis to ensure data quality. Finally, the identified
metabolites were analyzed using uni -and multivariate approaches. A student t-test was used for
metabolite feature ranking in the univariate analysis, and the top 250 (p < 0.005) were selected for
further multivariate analysis. The principal component analysis score plot indicated a notable
separation between the CLN6 and control groups, with glycerophospholipids showing the most

significant influence on variations.

In the final multivariate analysis, it was found through fold-change calculations that 15 lipids
displayed regulation in opposing directions when comparing the two cohorts, with significant
intensity differences noted. The top 15 metabolites were carefully selected based on their ability to
differentiate between groups. Following the exclusion of compounds with low peak intensity, the
analysis revealed that five of these metabolites, namely C16 GlcCer, C24 GlcCer, C24:1 GlcCer,
and glycerophospholipids PG 40:6 and PG 40:7, were identified as potential biomarkers for early
disease prognosis. The ROC curves revealed high precision and accuracy in distinguishing between
the two groups (Figure 18 a, b). Despite the need for more thorough clinical investigations to
evaluate the effectiveness of these metabolite markers, they show potential as diagnostic markers

for individuals affected by CLN6 disease.
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candidates for CLNG6 disease.

46



Metabolomics data enrichment investigated the metabolic pathways and networks involved in
CLNG6 disease pathogenesis. The most significantly affected pathways were sphingolipid and
glycerophospholipid metabolism, as the MetaboAnalyst pathway analysis module revealed.
Further analysis using Ingenuity Pathway Analysis identified NAD signaling pathway and cyclic
ADP-ribose deregulation significantly associated with differentially expressed metabolites in
differentiated neurons from CLN6 patients. Moreover, a regulator effect network highlighted cell

signaling, molecular transport, as well as vitamin and mineral metabolism functions.

S Summary and outlook

This dissertation emphasizes the importance of in-depth research in addressing rare diseases like
CLNG6, highlighting LC-MS-based metabolomics as a valuable tool for biomarker discovery. It
explores the potential of dried blood spot (DBS) samples in metabolomics-based biomarker
research, investigating factors affecting metabolite stability over time and assessing various
extraction solvents. Results indicate that while DBS samples may maintain short-term stability at
room temperature, long-term storage at -20 °C is necessary for ensuring metabolite reliability.
Sample type, card age, and storage conditions significantly impact metabolite yield, underscoring
the need for consistent sample preparation and storage procedures. Methanol emerges as the most
effective extraction solvent, enhancing metabolome coverage and peak intensity in LC-MS-based

analyses.

Integrating DBS-based metabolomics into biomarker discovery holds promise for identifying
disease-specific biomarkers. However, future studies should prioritize large cohort studies,
carefully considering the influence of sample type, age, and storage conditions on metabolite
stability. Standardizing these parameters is crucial for ensuring the reliability of metabolomics data.
Furthermore, optimizing extraction protocols to maximize metabolome coverage is essential.
These findings offer valuable insights into advancing biomarker research through DBS-based

metabolomics, potentially enabling cost-effective and accessible biomarker screening methods.

The comprehensive analysis presented in this thesis highlights the intricate process of identifying
biomarkers within rare diseases, particularly emphasizing the challenges posed by the

heterogeneity of patients. Patient diversity, encompassing variations in age, sex, geographical
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origin, and clinical presentation, complicates biomarker discovery, necessitating a new approach

to address these complexities effectively.

Examining 97 CLN6 patients provided valuable insights into the disease's demographic,
phenotypic, and genotypic characteristics. The prevalence of cases from the Middle East,
particularly Egypt and Saudi Arabia, underscores the global impact of CLN6 disease, while the
observed slight male predominance highlights the diverse nature of its affected population. The
wide range of onset ages further emphasizes the significant implications of CLN6 disease across
different stages of life. Key clinical features such as developmental regression, seizures, ataxia,
and intellectual disability are prominently observed, illustrating the multifaceted nature of CLN6
disease. Identifying 42 unique CLNG6 variants, including 22 novel ones, increases our

understanding of the disease's genetic landscape.

Additionally, this study points out the importance of ongoing genetic testing and clinical research
to establish genotype-phenotype correlations and develop personalized therapeutic interventions
for CLN6 disease. It emphasizes the necessity of global awareness and diagnosis to enhance
diagnostic capacities worldwide, supporting the inclusion of diverse populations in genetic
investigations. Early and accurate genetic diagnosis remains crucial for effectively managing rare

diseases like CLN6 and ultimately improving patient outcomes.

In summary, this thesis marks significant progress in understanding the metabolic changes linked
with CLN6. Affected pathways and potential biomarker candidates were identified through a
comprehensive analysis of the metabolome of human CLN6 ciNPCs using LC-MS-based
metabolomics. Insights into alterations in sphingolipids and glycerophospholipid metabolism
deepen our understanding of the fundamental pathophysiology of the condition. Investigating the
global metabolic profiling and pathways in CLN6-affected patients constitutes a step toward
understanding this disease. The insights obtained from LC-MS-based metabolomics shed light on
the metabolic shifts associated with CLN6 disease, facilitating the identification of potential
biomarker candidates for early disease detection. The promise of these biomarker candidates in
aiding early diagnosis or treatment monitoring of CLN6 disease is considerable. Continued
research and validation efforts are imperative to ascertain the clinical efficacy of these compounds,
especially given the current absence of treatment options for CLN6 disease and the limitations of

existing genetic tests in tracking disease progression and therapy response.
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Abstract: Lysosomal storage diseases (LSDs) are a heterogeneous group of inherited metabolic dis-
eases caused by mutations in genes encoding for proteins involved in the lysosomal degradation of
macromolecules. They occur in approximately 1 in 5000 live births and pose a lifelong risk. Therefore,
to achieve the maximum benefit from LSDs therapies, a fast and early diagnosis of the disease is
required. In this framework, biomarker discovery is a significant factor in disease diagnosis and in
predicting its outcomes. On the other hand, the dried blood spot (DBS) based metabolomics platform
can open up new pathways for studying non-directional hypothesis approaches to biomarker discov-
ery. This study aims to increase the efficiency of the developed methods for biomarker development
in the context of rare diseases, with an improved impact on the reliability of the detected compounds.
Thereby, we conducted two independent experiments and integrated them into the screening of the
human blood metabolome: (1) comparison of EDTA blood and filter cards in terms of their suitability
for metabolomics studies; (2) optimization of the extraction method: a side-by-side comparison
of a series of buffers to the best utility to the disease of interest. The findings were compared to
previous studies across parameters such as metabolite coverage, sample type suitability, and stability.
The results indicate that measurements of metabolites are susceptible to differences in pre-analytical
conditions and extraction solvents. This proposed approach can increase the positive rate of the
future development of biomarkers. Altogether, the procedure can be easily adapted and applied to
other studies, where the limited number of samples is a common barrier.

Keywords: mass spectrometry; metabolomics; biomarkers; lysosomal storage diseases (LSD); dried
blood spot (DBS)

1. Introduction

After five decades of comprehensive research on the sample quality in metabolomics
study, the criteria needed for quality sampling and their influence on the research outcome
are still not resolved to complete satisfaction [1]. Hundreds of scientific publications pro-
vide a set of guidelines to help select the sample types for different studies [2]. Since there is
no universal approach, a clear understanding of patient samples’ characteristics is essential
to select the appropriate sample matrix that derives meaningful findings [3]. Over the
past decades, dried blood spot (DBS) technology has become a convenient tool in both
qualitative and quantitative laboratory analysis [4]. Its applicability saw a significant
expansion in recent decades, with a shift from basic to clinical research and medicine [5].
The advantage of DBS technology over other sampling techniques has been extensively
tested and published [6]. There are a number of characteristics that make DBS “easy”: it is
easy to prepare, easy to receive, easy to use, and easy to store. These key elements made
them the method of choice in research [7].
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To date, over 6000 distinct types of rare diseases have been described in the literature [8,9],
and the number is updated every year with 250-280 new conditions [10]. Of these, lyso-
somal storage diseases, also referred to herein as LSDs, are a group of more than 70
different inborn metabolic errors with a combined occurrence of around 1 in 5000 live
births [11]. This research focused on LSDs due to their monogenic origins, as the majority of
metabolic defects are detectable in the metabolomic profile. Novel analytical technologies
are needed [12] to advance knowledge and speed up progress towards treatment options
for rare diseases [13]. The field of translational metabolomics helps to boost biomarker de-
velopment [14]. Biomarkers play a pivotal role in preclinical studies [15] as key indicators
that allow for the early diagnosis and monitoring of disease [16,17].

The need for disease-specific biomarkers is high [18], and many putative biomarkers
are identified in publications every year [19]. Nonetheless, only a few of them have made
their transition from bench to bedside [20], and the approval rate remains too low [21].
Successful biomarker discovery requires extensive research, yet the process is slow [18],
and some shortages occur at various stages of discovery [22]. There are several reasons
for the shortfall in the biomarker pipeline [23], and lack of standardized methodology was
cited as the number one purported reason.

Numerous studies have linked the sample selection and extraction protocols as factors
that provide the best outcomes [24]. However, there is no consensus on the optimal experi-
mental design, and the approaches are usually correlated with immediate availability and
depend on personal aims, triggering deviating results [25,26]. Here, we report the estab-
lishment of a proper stratification of the samples used in metabolomics studies to identify
the processing methods that bring accurate results in the field of biomarker discovery. This
approach helped to minimize the extraneous variable disunity and reduced the errors of
analytical experiments to acquire specificity.

2. Results
2.1. Stability Study

The stability study was divided into (1) study evaluating the stability of the metabolites
in DBS samples; (2) study testing the stability of the metabolites in DBS cards prepared
from fresh and frozen blood.

2.1.1. Stability Study 1
Storage at —20 °C over an Extended Period Has a Major Impact on Metabolite Stability

For the samples used in the stability study, the extraction was carried out using
the method described by Cozma et al. 2017 [27]. First, metabolite variation was studied
using samples collected from the same individuals (1 = 6) over six years and stored at
—20 °C. Figure 1a shows that a low coefficient of variation (<5%) was present in only 1%
of the metabolites, whereas more than 40% of them had a coefficient of variation in the
range of 20% to 50%. Additionally, Figure 1b exemplifies the year-to-year variation of the
metabolites in DBS stored at —20 °C. These findings indicate that filter cards, even when
kept at low temperatures (—20 °C), are unstable from one year to the next.

The Stability of the Metabolites Is Affected by Short-Term Storage in Various Conditions

To validate the prior findings, another test was performed to evaluate the inter-day
variation of metabolite yield. This test required the analysis of fresh blood samples stored
at RT and —20 °C. Blood was drawn from the same control subjects as in the previous
experiment. Following blood collection, duplicate filter cards were prepared. For three
days, one duplicate was kept at room temperature (RT), while the other was stored in
the freezer (—20 °C). The samples were prepared, extracted, and analyzed in a batch to
exclude any deviations. The results showed that three-day storage was sufficient to detect
variations in the stability of the analytes when comparing DBS samples stored at RT to
those stored at —20 °C (Figure 2).
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Figure 1. Investigation of the DBS stability. (a) The effect of six years of storage on the stability of DBS
cards. Per year, blood was drawn from the same individuals (six controls), dripped onto DBS cards
within two hours of collection, and stored at —20 °C. As seen in the figure, the optimal variation (5%)
was present in few metabolites, while most of them had variations of up to 50%. (b) Box plots show
an example of a random compound (7.30_439.3416 m/z) in DBS samples from the six control subjects
collected from 2014 to 2019 and its variation in abundance throughout the years. Box = 25th and 75th
percentiles; bars = min and max values.
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Figure 2. Inter-day influence (three days) of the storage conditions on the human blood metabolome.
When DBS samples stored at room temperature were compared to DBS samples maintained at
—20 °C, majority of the compounds showed a CV ranging from 20% to 50%.

2.1.2. Stability Study 2
Metabolite Yield Is Influenced by Storage Conditions, Sample Types, and Card Age

The next approach was to compare the DBS samples obtained by spotting fresh
EDTA whole blood and frozen blood, after long and short-term storage. Here, the cohort
comprised subjects with different types of LSDs, and the patients selected were the ones
from whom we received both DBS and EDTA whole blood samples for analysis (Figure 3a).
From the EDTA blood, the cards were prepared in duplicates at separate points in time.
Therefore, one set of DBS cards was prepared within one day of receiving the blood (fresh
whole blood), and the other set was prepared after the storage of the EDTA blood at
—20 °C for a long period of time (frozen blood). Figure 3b represents a detailed overview
of the sample selection and preparation before the analytical study. The results once
again revealed a high fluctuation of metabolites (Figure 4). These findings reiterate the
importance of sample storage conditions, sample age, and type regarding their suitability
for metabolomics studies. These parameters accounted for the differences in the metabolite
yield when the assessed batch was made up of heterogeneous samples.

2.2. Optimization of Extraction Solvent
2.2.1. The Extraction Solvent Methanol: Acetonitrile Produced Metabolites with the
Highest Peak Intensity

Four different buffers were tested and compared for the LC-qTOF/MS-based metabolomics
analysis. These were as follows: dimethyl sulfoxide: water, methanol: acetonitrile, iso-
propanol: acetonitrile: water, and ammonium acetate: water (Table 1a). The data were
evaluated based on the total number of metabolites and their abundances.
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Figure 3. Overview of sample selection, storage and DBS preparation. (a) Type of samples received from physician per

patient. The samples received from each patient were in the form of either DBS card, or whole EDTA blood, or DBS and

EDTA. Stability study 2 comprised only patients with DBS and EDTA samples combined. (b) Three different categories of

samples were used in stability study 2.

Table 1. Summary of the amount and type of solvent used and its performance on DBS extraction.

(a)
Metabolites .
Extraction Ratio v/v Features Detected Abundance > Metabolome Metabolites
Coverage Abundance
10.000
dimethyl sulphoxide: water 3:2 9867 16 ++++ +
isopropanol: acetonitrile: water 3:3:2 9290 49 +++ ++
methanol: acetonitrile 3:1 7759 70 ++ +4++
ammonium acetate: water 2 mM 5970 95 + +4+++
(b)
Metabolites .
Methanol Mixtures Ratio v/v Features Detected Abundance > Metabolome Metabolites
Coverage Abundance
10.000
methanol: acetonitrile 3:1 7759 70 + +4+++
methanol 100% 9120 39 +++ +4++
methanol: acetonitrile 1:1 9964 29 ++++ ++
methanol: water 3:1 7833 25 ++ +

(+) indicates the solvents performance ranking from weakest + to strongest ++++.
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Figure 4. The heatmaps show differences in the abundance of identified compounds across various types of samples.
Only the 50 most significant compounds were selected. The colors indicate the abundance of the metabolites: brown
indicating the higher level and blue the lower level. The darker the square, the more significant the difference. The data
were log-transformed and auto-scaled. The individual samples (columns) and compounds (rows) are separated using
hierarchical clustering (Ward’s algorithm).

The raw abundances detected by untargeted MS were normalized in Progenesis using
the default parameters. It is important to note that a filter was applied for the selection of
compounds. This means that specific values for m/z, retention time, charge, fold change,
coefficient of variation, and compound abundance were chosen. Only the compounds that
passed the filter were considered trustworthy for further investigations.

The results revealed that dimethyl sulfoxide: water was the most effective extraction
buffer in terms of metabolome coverage (Figure 5), whereas the mixture of methanol and
acetonitrile (3:1, v/v) provided the highest number of metabolites with intensities exceeding
one thousand (Figure 6).

Solvent

. ammonium acetate

. dimethyl sulphoxide - water (3:2)

. isopropanol : acetonitrile : water (3:3:2)
. methanol : acetonitrile (3:1)

Figure 5. A comparison of the total number of compounds extracted from each of the four extrac-
tion solvents.
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Figure 6. Dotted lines represent the number of features detected and their abundances across the
four different extraction solvents. Each dot represents a solvent type.

Extraction with 2 mM ammonium acetate in water (pH = 8) produced metabolites with
high concentrations, but the global metabolome coverage was the lowest of the four solvents
studied. The isopropanol: acetonitrile: water ranked second in the metabolome coverage,
but the number of compounds with high intensity was lower than the other mixtures.

Given the preliminary results, we assume that methanol is a better complement for
detecting high-abundance metabolites (Figure 7). Furthermore, this study demonstrated
that the extraction solvent for LC-MS-based metabolomics has a visible effect on biomarker
discovery projects (Figure 8).
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Figure 7. Heatmap showing the reproducibility of the extraction procedure.
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Figure 8. Boxplots showing the distribution of a random metabolite (4.40_421.2811 m/z) across different extraction solvents.

Control-asymptomatic LSD subjects (1 = 12); affected-LSD symptomatic patients (1 = 8). Box = 25th and 75th percentiles;

bars = min and max values.

2.2.2. Methanol-Acetonitrile (3:1) Ranks Well in Terms of Metabolome Coverage and
Metabolite Intensity

The next step was a comparative study of methanol-acetonitrile (3:1, v/v) with other
methanol mixtures at various ratios, such as methanol 100%, methanol-water (1:1, v/v),
and methanol-acetonitrile (1:1, v/v). The results were evaluated based on the total number
of features and their abundances. Methanol-acetonitrile (3:1, v/v) proved to be the most
effective mixture for extracting metabolites with high intensity. Table 1a shows the subtle
but significant differences among the four different extraction solvents and the comparison
of the various methanol mixtures. The considerable overlap between methanol 100% and
methanol: acetonitrile (1:1, v/v), Table 1b, is noteworthy in terms of metabolome coverage
and the number of features with high intensity.

2.2.3. The Application of Learned Principles to the CLN6 Metabolomics Study Helps in the
Discovery of Disease-Specific Metabolites

The reliability of the selected buffer, namely methanol-acetonitrile (3:1, v/v), was assessed
on a full batch of 95 samples performed on the LC-MS QToF Vion. The batch included,
among the CLN6 and the control group, a group made of eight types of neuronal ceroid
lipofuscinoses diseases (CLN2, CLN3, CLN5, CLN7, CLN8, CLN12, and CLN14), and one
that comprised ten types of LSDs (Mucopolysaccharidosis type I, Mucopolysaccharidosis
type II, Mucopolysaccharidosis type IIla, Mucopolysaccharidosis type IV, Spinal muscular
atrophy, Fabry disease, Gaucher disease, Krabbe disease, Metachromatic leukodystrophy,
and GM1 gangliosidosis disease). Due to the utility of this extraction, we were able to
retrieve a larger number of metabolites with high intensity (over 1000), as well as identify
compounds that differentiated between diseases and could be used in later stages of the
discovery phase (Figure 9).
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Figure 9. Boxplots showing the “behavior”:abundance distribution of a CLN6 (red color) specific
biomarker candidate (4.42_384.3240n) in four cohorts (LSD n = 27, NCL n = 19, CLN6 n = 30, control
n = 20) using methanol extraction. The circles represent the outliers. Boxes represent the 25th and

75th percentiles, while bars represent minimum and maximum values.

3. Discussion

There are numerous studies conducted on the factors that contribute to the stability
of the metabolites in human samples [3]. Still, there is a big gap between the number of
stability studies performed on DBS samples and non-DBS samples, such as serum, plasma,
urine, and tissue [28].

In the current study, we explored the profile variation of the human metabolome
using DBS from two different angles: (1) assessing the stability of metabolites over time;
(2) investigating the extraction solvents suitable for metabolomics studies.

It is well known that storage conditions for a given biological material varies de-
pending on the type of sample and the predetermined storage time. Typically, one of
three temperatures is considered adequate to store blood samples: room temperature,
refrigerated storage (4 °C), or freezer storage (below —20 °C) [29].

Trifonova et al. 2019 [30] examined the stability of several types of single patient-based
filter cards stored for four weeks at room temperature. The obtained results showed no
significant impact on DBS stability during the four-week storage period. In contrast, the
study designed by Drolet et al. 2017 [22], namely a short-term stability study (maximum
two weeks) of DBS and urine, showed that DBS cards are unstable at room temperature.
According to our results, a limited storage time at —20 °C is crucial in maintaining the
reliability of metabolomics studies, while at room temperature even short-term storage can
affect the stability of the metabolites. This contradicts the study reported by Prentice et al.
2013 [31], who found that filter cards are stable for weeks at room temperature and up to a
year if kept at —20 °C.

Furthermore, we observed that sample types and the card age have an impact on
metabolite yield. To ensure the reliability of the data obtained from the metabolomics study;,
using samples prepared in an identical way and under similar storage conditions is recom-
mended. Several studies reported on the tactics used to improve the extraction efficiencies
in metabolomics [32]. Nonetheless, relatively, very few attempted to examine the global
metabolome coverage of DBS, as most of them addressed either specific metabolites or
other biofluids [33]. Considering the chemical diversity of the human blood metabolome,
capturing all its features is challenging [34]. In principle, it is preferable to determine the
extraction method that best suits a purpose and optimize it to maximize the number of
metabolites. However, it is a daunting task to choose one that applies to such a large scale
and fits such a broad spectrum of diseases.
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Comparison of fourteen extraction methods on serum samples revealed that methanol
was the most effective extraction and provided the highest metabolome coverage [35].
Similar to our results and in agreement with the previous study done by Alshammari et al.
2015 [36], methanol is a better addition to identify high-intensity metabolites. Therefore,
our data highlighted the importance of the solvent on untargeted metabolomics and
demonstrated that the extraction solvent for LC-MS-based metabolomics has a visible effect
on biomarker-focused studies.

Although knowledge of the stability of the analytes in DBS is of crucial importance
for biomarker discovery, data available on the assessment of human DBS stability for
metabolomics analysis are still scarce. Existing publications on untargeted metabolomics
mention several protocols intended to improve the metabolome coverage [37,38]. Yet, few tar-
geted large cohorts of patients and, to our knowledge, none focused on disease-specific
metabolites. Moreover, due to the scarce data available on the assessment of DBS appli-
cability to metabolomics studies, the final goal is to incorporate this approach into future
studies in biomarker research.

4. Materials and Methods
4.1. Chemicals and Reagents

The solvents used in metabolite extraction, such as methanol, acetonitrile, isopropanol,
and formic acid 99% (eluent additive for LC-MS), were all UPLC-MS grades from Biosolve
(Dieuze, France). Water LC-MS grade was purchased from VWR (Darmstadt, Germany),
ammonium acetate was obtained from Sigma Aldrich (St. Louis, MO, USA), and ethanol
96% from ROTH.

4.2. Mass Spectrometric Analysis

The extract analysis was performed on Waters i-Class ACQUITY UPLC (Waters, Bore-
hamwood, UK) coupled with a Vion IMS-QToF mass spectrometer (Waters, Borehamwood,
UK) equipped with an ESI ion source. The chromatographic run was in the positive ion-
ization mode in the mass range of 100-1000 r/z. From each extract, 10 pL was injected
into a Kinetex EVO (C18, 2.1 x 150 mm, 5 pm) LC column (Phenomenex, Aschaffenburg,
Germany) preheated at 50 °C with a flow rate of 0.5 mL/min. The analytes were eluted by
using a linear gradient in a range from 1% to 100% B (50 mM formic acid in methanol: ace-
tonitrile vol. 1:1) and A (50 mM formic acid in water). The following parameters were used
for mass spectrometric acquisition: high-definition mass spectrometry (HDMSE), capillary
voltage 1.2 kV, source temperature 150 °C, desolvation temperature 600 °C, desolvation gas
1000 L/h, cone gas 50 L/h, low collision energy 6 eV, high collision energy ramp 2040 eV,
scan mass 50-1000 m1/z, scan time 0.5 s.

4.3. Data Acquisition and Analysis

The acquisition was carried out using the Unifi software v1.9 (Waters, Borehamwood,
UK), and the results were exported as Unify export packages (.uep). The file was imported
into the Progenesis QI software v2.3 (Nonlinear Dynamics, Newcastle upon Tyne, UK)
for normalization, metabolites filtering and exported as a .csv file for statistical analysis.
The analysis was conducted using MetaboAnalyst tool 4.0 [39], R version 3.6.2 [40], and
the figures were produced using the package ggplot2 [41].

4.4. Blood Sample Collection and Preparation

In the current study, the participants were divided into two groups: (i) a control
group with no LSD symptoms and DBS cards prepared in-house; (ii) an LSD group with
samples (DBS card and/or EDTA blood) shipped by the physician. Following that, the LSDs
samples were divided into two cohorts: one set of eighteen types of LSDs, and one of
NCL disorder with its nine types of ceroid-lipofuscinosis neuronal diseases, also known as
CLNs diseases (Supplementary Table S1). Blood samples derived from the control subjects
were initially collected for routine metabolic research and processed within two hours of
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blood withdrawal. For the DBS preparation, the EDTA blood tube was gently inverted
five times, and a 60 uL aliquot was spotted onto each spot of the CentoCard® (Centogene
GmbH, Rostock, Germany). After drying for at least four hours at room temperature, the
cards were sealed into plastic bags and stored at —20 °C until further processing. The DBS
samples from the LSD-affected patient were prepared by the physician and shipped to
us for routine diagnostic analysis. The samples were kept at room temperature after they
arrived, pending further analysis. Per analysis, five (3.2 mm diameter) center punches
were taken from each card. The spots were cut with the PerkinElmer puncher (PerkinElmer
LAS, Rodgau, Germany), which were then collected into a 96-well microtitration plate.

4.5. Dried Blood Spot Extraction

All samples were prepared under the same conditions. The extraction of the metabo-
lites for the stability study has previously been described [30]. Briefly, an extraction
mixture of 50 pL DMSO in water (3:2 v/v), and 100 pL internal standard 200 ng/mL (lyso-
Gb2, Matreya LLC, State College, PA, USA) dissolved in ethanol was added to each well.
The aforementioned protocol was modified solely for the extraction-optimization study:.
Here, the extraction was performed by adding 50 pL of the extraction solution (Table 1)
and 100 uL internal standard solution 200 ng/mL dissolved in methanol. After adding the
corresponding buffer to the DBS punches, the plate was sonicated for 10 min (Sonoswiss
Ultrasonic Cleaner SW12H, Ramsen, Switzerland) and incubated for 60 min at 37 °C with
700 rpm (Heidolph, Schwabach, Germany). Following incubation, the samples were soni-
cated for 10 min then centrifuged for 5 min at 3500 rpm in a Hermle Z300 plate centrifuge
(Hermle Labortehnik, Wehingen, Germany).

4.6. Patients Inclusion

The samples varied in age (children and adults), sex, time of sampling, and stor-
age duration, thereby having considerable variations in factors that could influence the
metabolome. All samples analyzed were anonymized, so there is no overall breach of data
privacy. The study included 27 controls (13 male and 14 female) ranging in age from 23 to
65 years old, as well as 39 LSD patients (18 male and 21 female) ranging in age from 2 to 65
years old (Supplementary Table S2(a—c)). They were divided as follows: (1) stability study,
(2) extraction study, and (3) cumulative study (Table 2).

Table 2. Distribution of the individuals by experiments.

(1) Stability Study (2) Extraction Study (3) Cumulative Study
Subjects Control CLN6 LSD Control LSD Control NCL LSD
male/female 3/3 2/8 6/5 10/11 4/7 10/11 19/30 10/15
age (mean £ SD) 36.5 6.5 15.8 32 6 33 6 6.5

5. Conclusions

The sample grouping procedure was done based on three metrics: sample types,
sample age, and sample storage conditions. These key metrics are not commonly used in the
existing biomarker-focused metabolomic studies. According to our findings, differences in
these parameters have a considerable impact on the stability of the metabolites. In addition,
the use of different solvents for the extraction has shown variable results on metabolite
intensity and abundance scale. We conclude that the reliability of metabolites is higher if
the following conditions are met: similar sample types, similar sample age, and similar
storage conditions are obtained; methanol is used as the extraction solvent.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10

.3390/metabo11060382/s1. Table S1: Overview of lysosomal storage diseases (LSDs); Table S2(a—c):
List of the total number of patients and controls used in the study.
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of a cohort of 97 CLN6 patients tested at a single
center
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Abstract

Background: Ceroid lipofuscinoses neuronal 6 (CLN6) disease belongs to the neuronal ceroid lipofuscinoses (NCLs),
complex and genetically heterogeneous disorders with wide geographical and phenotypic variation. The first clinical
signs usually appear between 18 months and 8 years, but examples of later-onset have also been reported. Common
manifestations include ataxia, seizures, vision impairment, and developmental regression. Because these are shared by
other neurological diseases, identification of CLN6 genetic variants is imperative for early diagnosis.

Results: We present one of the largest cohorts to date of genetically diagnosed CLN6 patients screened at a single
center. In total 97 subjects, originating from 20 countries were screened between 2010 and 2020. They comprised 86
late-infantile, eight juvenile, and three adult-onset cases (two patients with Kufs disease type A, and one with teenage
progressive myoclonic epilepsy). The male to female ratio was 1.06: 1.00. The age at referral was between six months
and 33 years. The time from disease onset to referral ranged from less than 1 month to 8.3 years. The clinical phe-
notype consisted of a combination of symptoms, as reported before. We characterized a total of 45 distinct variants
defining 45 distinct genotypes. Twenty-four were novel variants, some with distinct geographic associations. Remark-
ably, c.257A > G (p.H86R) was present in five out of 23 unrelated Egyptian individuals but in no patients from other
countries. The most common genotype was homozygosity for the c.794_796del in-frame deletion. It was present in
about one-third of CLN6 patients (28 unrelated cases, and 2 familial cases), all with late-infantile onset. Variants with a
high likelihood of causing loss of CLN6 function were found in 21% of cases and made up 33% of all distinct variants.
Forty-four percent of variants were classified as pathogenic or likely pathogenic.

Conclusions: Our study significantly expands the number of published clinical cases and the mutational spectrum
of disease-associated CLNG6 variants, especially for the Middle Eastern and North African regions. We confirm previous
observations regarding the most prevalent symptoms and recommend including CLN6 in the genetic diagnosis of
patients presenting with early-onset abnormalities of the nervous system, musculoskeletal system, and eye.
Keywords: Rare disease, Lysosomal storage disorder, Batten disease, Neuronal ceroid lipofuscinoses, CLN6, New
variant, Genotype, Phenotype
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Background

Neuronal ceroid lipofuscinoses (NCLs) are a geneti-
cally heterogeneous group of inherited lysosomal stor-
age disorders [1, 2]. Together, they constitute the most
prevalent class of rare childhood-onset neurodegen-
erative diseases [3—5]. The estimated total incidence of
all NCLs ranges from 0.01 to 9 per 100 000 live births
[6—8] but varies between countries and geographical
regions [5]. NCLs are characterized by an accumula-
tion of intracellular auto-fluorescent storage material
(ceroid) and neurodegeneration [9]. The clinical spec-
trum consists of a combination of symptoms including
intellectual and motor deterioration, visual impair-
ment, seizures, psycho-motor decline, and loss of neu-
rons [2]. The order in which these symptoms appear
differs between the disease subtypes, but the outcome
is always fatal. NCLs have been subclassified accord-
ing to age at onset and clinical features into congenital
(CNCL), infantile (INCL), late-infantile (LINCL), juve-
nile (J]NCL), and adult (ANCL) neuronal ceroid lipofus-
cinoses. Thirteen genes with NCL associated variants
have been established to date, named CLNI-CLN8 and
CLN10-CLNI4 [10, 11]. Additionally, a new subtype
of NCL (CLN15) has been proposed [12]. The general
pattern of inheritance is autosomal recessive, except
for ANCL which can be either autosomal recessive or
dominant [13]. Genetic heterogeneity and overlapping
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clinical features make the diagnosis of NCL disease
challenging.

Ceroid lipofuscinosis neuronal protein 6, encoded by
the CLN6 gene, forms complexes with other proteins
which act as key-regulators of vesicular sorting and traf-
ficking. Defects can have a variety of consequences,
from diminished lysosomal function to impaired neu-
rotransmitter secretion and neurite outgrowth [14-16].
The worldwide incidence of CLN6 disease is currently
not accurately known. The classical clinical subtypes are
late-infantile and juvenile (OMIM# 601780). In addition,
atypical phenotypes such as Kufs disease type A (OMIM#
204300), with or without teenage progressive myoclonic
epilepsy, have been reported [17]. The major clinical
manifestations of classical-onset CLN6 are similar to
that of other NCLs and premature death typically occurs
between five and 12 years of age [18]. Recent research
has improved knowledge of the pathogenic mechanisms
but therapy to delay disease progression exists so far only
for patients with defects in CLN2 [19]. However, CLN6
gene therapy has shown encouraging results in mice and
primates [20], and is currently being trialed in humans
(NCT02725580) [20-22].

Here, we present an analysis of a large cohort of
patients (n=97) who were referred to us for molecu-
lar genetic testing and diagnosed with disease-asso-
ciated CLNG6 variants (Fig. 1). Our aims were a better
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Fig. 1 Schematic representation of the variant type and exon-intron distribution of the variants in CLN6. Each symbol represents the
corresponding variant type (see legend). Novel variants identified in this study are shown above the grey boxes (a) and previously reported variants
from this study are presented below the grey boxes (b). The majority of variants are missense variants. Most of the novel reported variants are
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understanding of the diversity of clinical symptoms and
the characterization of CLN6 variants, especially in geo-
graphical regions which were underrepresented in public
datasets.

Results

Demographic and clinical characteristics of the cohort

At the time of writing, CentoMD® 5.8 [23] stored curated
data for 97 individuals genetically diagnosed with CLN6
disease. These included 85 (87%) unrelated individuals
and 12 (13%) familial cases. The familial cases were six
sibling pairs with late-infantile disease and variable age
of referral. Three sibling pairs were from Egypt (North
Africa), two from Lebanon, and one from Saudi Arabia
(Middle East). The following analysis was performed
without accounting for family membership, except when
noted and implicitly when calculating the frequency of
distinct alleles in the cohort.

Patients originated from 20 countries, grouped into
six geographical regions. Most cases were from the Mid-
dle East (59%) and North Africa (32%). Within these
regions, respectively, Saudi Arabia (22%) and Egypt (27%)
were the countries that contributed the greatest number
of cases in the total cohort (Table 1). The ratio of males
(n=47) to females (n=44) was nearly equal. Accord-
ing to categorical disease subtype information, 86 (89%)
of patients had late-infantile, 8 (8%) juvenile, and 3 (3%)
adult-onset disease [24]. The adult-onset cases comprised
two Kufs disease type A, and one teenage progressive
myoclonic epilepsy.

In addition, the ages of onset and at referral for genetic
testing were provided for a subset of patients (Fig. 2A).
The median age of onset was 3.8 years, with a range from
less than a month to 15 years and an interquartile range
(IQR) of 3.0-5.0 years (n=34). The median age at refer-
ral was 6.1 years (range 7-33 years, IQR: 5.3-8.7 years,
n=2388). The median time from disease onset to refer-
ral was 2.7 years and ranged from less than 1 month—
8.3 years (IQR 2.0-3.6 years, n=32) (Fig. 2B).

Clinical symptoms were provided for 86 patients and
catalogued into 213 Human Phenotype Ontology (HPO)
terms. The most frequent were “Developmental regres-
sion” (n=46, 53%), “Seizure” (n=37, 43%), “Ataxia”
(n=28, 33%), and “Intellectual disability” (n=26, 30%).
Figure 3 shows the 31 terms that were used in five or
more patients. Alternatively, grouping HPO terms at the
“Phenotypic abnormality” level provided a low-resolu-
tion overview that revealed that after nervous and mus-
culoskeletal systems, the eye was indeed the third most
affected organ in CLN6 patients. The symptoms were
diverse and included various degrees of visual impair-
ment in 12 patients, macular and other retinal abnormal-
ities in eight and abnormalities of eye movement in five.
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Age of onset and time to referral

The ages at which patients were referred for genetic test-
ing differed according to disease onset type as would be
expected (Fig. 4A). The median referral age for patients
with late-infantile.

CLNG6 disease was 5.8 years, but with a wide range of
from six months to 17.2 years, and IQR of 5.2-7.8 years.
The median age at referral for juvenile-onset patients was
9.8 years (range 7.8—18.9 years, IQR 8.9-16.9 years). The
age of referral for the three adult-onset patients was 22.5,
31.8, and 33.2 years. A weak correlation existed between
the ages of onset and referral (Pearson R*=0.23, p<0.01)
when disregarding the adult-onset outlier (Fig. 4B).

Known and novel CLN6 transcript variants discovered

in this study

Sequencing of the cohort identified 45 distinct CLN6
transcript variants of which 24 (53%) have not been
described previously (Fig. 5A). Frameshift, splicing, non-
sense, start loss and gross deletions or duplications are
genetic alterations with a high likelihood of causing com-
plete loss of function (LoF) of a gene. This type accounted
for 15 (33%) distinct variants, the remaining were 25 mis-
sense substitutions and five in-frame deletions (Fig. 5B).
Among the novel mutations, 9 were LoF, 12 missense,
and three in-frame. According to clinical significance,
seven variants were classified as pathogenic (P), 12 as
likely pathogenic (LP), and 26 as a variant of uncertain
significance (VUS) (Fig. 5C). Novel variants comprised
one P, seven LP, and 16 VUS.

By far the most prevalent variant in our cohort was the
in-frame deletion ¢.794_796del (p.265Sdel) which was
present in 30 out of 97 patients (Fig. 6, further details
in Table 1). The most frequent new variant, c.257A>G
(p-H86R), was identified in five unrelated cases. Thirty-
three variants were represented by a single case only.

Association of CLN6 variant classes with disease subtype
and age of onset in homozygous cases

There were only missense cases in the adult-onset and
87% of juvenile cases. (Fig. 7A). Moreover, the age of
onset in patients homozygous for a missense variant dis-
played a wider range and slightly higher median than the
ages of onset in the other two variant categories (Fig. 7B).

Association of individual CLN6 variants with disease
subtype and age of onset

A detailed overview of the variants and the associated
patient characteristics is given in Table 1. The most
prevalent variant in the cohort, the in-frame deletion
c.794_796del (p.S265del), was exclusively found in 30
(36%) (26 unrelated and 2 familial cases) homozygous
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Table 1 CLN6 gene variants and associated patient characteristics; entries are in bold for variants that have not previously been

described
cDNA Protein Predicted Clinical Evidence Disease Age(s) No. of times  Patient origin
effect significance (ACMG) subtype of onset observed
[years]® (sibling
cases)
c.1_11del p.M1? LoF VUS PM2_P PM2_P Late-infantile 1 Saudi Arabia
PVS1_P
c.83G>A p.R28K Missense VUS PP3,PM2_P Juvenile 2,85 4 Oman (3), Saudi
PM3 Arabia
c.84-1G>A p.? LoF LP PVS1_S, Juvenile 1 Sri Lanka
PM2_P, PM3_P
c.115C>G p.R39G Missense VUS PM2_P Juvenile 1 Lebanon
c.144G>A p.w4g* LoF LP PVS1,PM2_P Late-infan- 1 Jordan
tile
c.-158_83del p.? LoF LP PVS1_S, Late-infan- 1 United Arab
PM2_P, tile Emirates
PM3_P
c.-158_83dup p.? LoF Vvus PM2_P, Late-infan- 1 Saudi Arabia
PVS1_S tile
c.164A>C p.N55T Missense Vvus PM2_P,PP3  Juvenile 13 1 Egypt
c.177C>G p.D59E Missense VUS PM2_P, PP3 Juvenile 7.0 1 Morocco
c214G>T p.E72* LoF p PM2_P PVS1_ Late-infantile 1 Lebanon
VS, PM2_M,
pPS3_P
c.224del p.P75Hfs*41 LoF LP PVS1,PM2_P Late-infan- 1 Iran
tile
€.244G>C* p.G82R Missense VUS PM2_P,PP3, Late-infan- 1 Mexico
PP1_P tile
c.247G>A p.D83N Missense vus PM2_P,PP3, Late-infan- 4.7 2(1) Egypt
PM3_P tile
c.248A>G p.D83G Missense VUsS PM2_P, Late-infan- 1 Saudi Arabia
PM3_P tile
c.257A>G p.H86R Missense Vvus PM3, PP3, Late-infan-  3.0,4.0 5 Egypt
PM2_P tile
c.281C>T p.P94L Missense VUs PM2_P Late-infan- 1 Egypt
tile
c299T>G p.L100R Missense VUS PM2_P, PP3, Late-infantile 1 Egypt
PM3_P
c308G>AS p.R103Q Missense LP PM5, PM3, Adult 1 Colombia
PM2_P PP1,
PP3
c316dup p.R106Pfs*26  LoF p PVS1_VS, Late-infantile  3.1,5.1 2 Pakistan, Saudi
PM2P_P PM3 Arabia
c.350T>G p.1117S Missense vus PM2_P,PP3, Adult 1 Lebanon
PM3_P
c.379C>T p.H127Y Missense VuUs PM2_P,PP3, Late-infan- 5.5 1 Turkey
PM3_P tile
¢.395_396del p.S132Cfs*18  LoF P PVS1_VS, PM3, Late-infantile 3.0, 3.1, 4.0, 6 (1) Saudi Arabia
PM2_P 4. (3), Egypt (2),
Turkey
c.397_398del p- LoF P PVS1_VS, Late-infan- 0.1 2 Iran
V133Qfs*17 PM2_P,PM3 tile
c406C>T p.R136C Missense LP PM2_P PP3, Late-infantile 3.5 1 Egypt
PM3, PP1_P,
PM5
c407G>A p.R136H Missense LP PM2_P PP3, Late-infantile 34 2 Tunisia, Libya
PM3_S, PM5
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cDNA Protein Predicted Clinical Evidence Disease Age(s) No. of times  Patient origin
effect significance (ACMG) subtype of onset observed
[years]® (sibling
cases)
c.434A>C p.H145P Missense VUS PM2_P, PP3 Late-infan- 1 Egypt
tile
c434A>G p.H145R Missense VUS PM2_P PP3 Late-infantile 1 Saudi Arabia
c445C>T p.R149C Missense VUS PM2_P PP3, Late-infantile 1 Egypt
PM5, PM3_P
c461_463del p.154del In-frame P PM4, PM2_P. Late-infantile 4 Brazil (2), Turkey,
PS3_P PM3_S, Algeria
PP1_M
c476C>T p.P159L Missense VUS PM2_P, PP3, Late-infantile 2.1, 3.0 3 Iran (2), Turkey
PM3
c486+2T>A p.? LoF LP PVS1_S, Late-infan- 6.1 1 Egypt
PM2_P, tile
PM3_P
c486+2T>C p.? LoF LP PVS1_S, Late-infan- 3.0 1 Tunisia
PM2_P, tile
PM3_P
c.543-2A>G p.? LoF LP PVS1_S, Late-infan- 2.9 1 Egypt
PM2_P, tile
PM3_P
c.552del* p.F1855fs*21 LoF LP PVS1_VS, Late-infan- 1 Mexico
PM2_P tile
c.587G>T p.C196F Missense vus PM2_P Late-infan- 1 Iran
tile
C659A>C p.Y220S Missense VUS PM2_P PP3, Late-infantile 1 Iran
PM3_M
C662A>C p.Y221S In-frame VUS PM3, PPT, Late-infantile 5.0 4(1) Lebanon (3),
PM2_P Pakistan
c.715_717del p.F239del In-frame VUsS PM2_P,PM4 Late-infan- 1 Egypt
tile
¢.757_759del p.L253del In-frame VUsS PM2_P, Late-infan- 1 Egypt
PM3_P,PM4 tile
c.765_785del p.D256_ Missense VUS PM4,PM2_P, Late-infan- 4.0 1 Pakistan
L262del PM3_P tile
c.768C>G p.D256E Missense LP PP1_S,PM2_P Teenage 15 1 Pakistan
PP3, PM3
c.773A>G p-N258S Missense VUsS PM2_P,PP3, Late-infan- 4.0 3(1) Saudi Arabia
PM3_P, tile
PP1_M
c775G>AS p.G259S In-frame VUS PM2_P, PP3, Adult 1 Colombia
PM3_P
c.794_796del p.S265del Missense LP PM2_P PP1, Late-infantile 3.0, 3.0, 3.0, 30(2) Egypt (7), Iraq,
PM3, PM4 3.5,3.5,40, Jordan (2),
50,56 Kuwait (4),
Lebanon (7),
Saudi Arabia (9)
€.829_836delinsCCT  p.V277Pfs*5 LoF P PM2_P Late-infantile 1 Brazil
! PVS1_S,
PM3_S

T Where data were available

* Heterozygote c.244G > C/c.552del

S Heterozygote c.308G>A / c.775G>A
9 Heterozygote c.461_463del / ¢.829_836delinsCCT
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patients with late-infantile onset. Likewise, none of the
other alleles were shared by cases across disease onset
groups. The missense variant ¢.83G>A (p.R28K) was
exclusively present in three of the eight homozygous
juvenile-onset patients (unrelated) and could be charac-
teristic of this disease onset type. The four variants which
were found only in adult-onset patients were ¢.768C> G,
(p.D256E) and ¢.350 T > G (p.I117S) in homozygous, and
¢.308G > A (p.R103Q) and ¢.775G > A (p.G259S) as com-
pound heterozygous genotype.

Association of individual CLN6 variants with geographical
region

CLNG6 variant c.794 796del (p.S265del) was present in 22
out of 57 Middle Eastern, and in seven of the 31 North
African patients from our cohort. Discounting sibling
cases, the frequency was 39% and 21%, respectively. By
contrast, this variant was absent in the nine patients from
the Indian Subcontinent and Latin America. Some vari-
ants appeared to be more prevalent in specific countries.
For example, all three unrelated patients from Oman,
and one from Saudi Arabia had the ¢.83G>A (p.R28K)

mutation. Of the novel described variants six originated
from North Africa, four from the Middle East, one each
from the Indian Subcontinent and Latin America. Cases
with novel discovered variants were most prevalent in
subjects from Egypt and Iran where they were present in
over half of the cases (14/26 and 4 / 7, respectively). Spe-
cifically, ¢.257A > G(p.H86R) was found in five unrelated
Egyptian individuals but none of the patients from other
countries. New variants were much less frequent in Saudi
Arabia (five of 21 cases) and Lebanon (one of 13 cases),
the countries with the second and third-largest numbers
of patients.

Discussion

We undertook a comprehensive analysis of the demo-
graphic, genetic, and clinical data collected from 97 diag-
nostic cases (85 unrelated and 6 pairs of siblings). To our
knowledge, this is the largest cohort of CLN6 patients
described so far for which genetic testing was performed
at a single center. At the time of writing, the NCL Muta-
tion and Patient Database [10, 25] listed 145 cases and
73 disease-associated CLNG6 protein variants. We found
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45 distinct variants, including 24 that were novel identi-
fied. Our report therefore significantly expands the pub-
lished dataset. Of particular interest, we describe CLN6
disease and variants which are prevalent in regions that
were underrepresented in the previous dataset com-
pared to Europe and North America (Fig. 8A, B). Causa-
tive variants of the CLN6 gene have been described in
a wide range of ethnic groups [26-28]. These studies
suggested a regional predominance of certain variants
such as ¢.214G>T (p.E72*) in Costa Rican patients [29,
30]. This variant was observed in our cohort of mainly
Middle Eastern and North African patients only once.
Instead, the late-infantile onset associated with c.794
796del (p.S265del) was predominant (Fig. 6). While our
patients originated from twenty different countries, by
far the highest numbers were from Egypt (27%), Saudi
Arabia (22%), and Lebanon (13%) (Table 1). Egypt was
also the country with the highest number of novel dis-
covered alleles, which represented more than half of the
distinct variants in this population. Interestingly, the
c.257A >G (p.H86R) variant was found in five out of 23

unrelated Egyptian individuals but not in patients from
any other countries. Together, these data confirm the
genetic and ethnic heterogeneity of CLN6 disease [10].
They also highlight a need that has been motivating the
CentoMD® database: Better characterization of rare dis-
eases in populations that are currently underrepresented
in public data, to improve patient care, and to generate
novel insights into genetics and disease mechanisms [23].
Percentages of missense, in-frame, and LoF mutations
were similar in novel and previously described variants.
A limitation of most studies, including ours, is that the
sequencing method can fail to detect LoF due to large-
scale genomic alterations: an example is a rare 12 kb
deletion involving exon 1 of the CLN6 gene recently
described in two Japanese patients [31]. One of the new
variants could be classified as pathogenic due to being an
amino acid sequence deletion of considerable size.
Among the 31 cases in our cohort with novel discov-
ered variants 91% were late-infantile, 6% juvenile, and
3% adult onset / Kufs type A. Ignoring additional disease
subtypes and missing information, the NCL Mutation
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represents one of 88 patients for which age was provided. Grey areas show the smoothed distribution of ages or years, white boxes interquartile
ranges, and lines inside them the medians. B Correlation between age of onset and age of referral in 32 patients for which both ages were recorded.
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level. A linear model was fitted without considering the outlier in the upper right corner of the plot
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to clinical significance as pathogenic (P), likely pathogenic (LP), or a variant of uncertain significance (VUS). B Distribution of the causative variants at
the protein level. The loss of function (LoF) group comprises frameshift, splicing, nonsense, start loss mutations, and gross deletions or duplications.
C Numbers of previously published vs. novel described variants in this study
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and Patient Database [10] lists 110 cases with these clini-
cal descriptions. Of these, 85% were late-infantile, 3%
juvenile, and 13% adult onset / Kufs type A or B. There-
fore, the distribution of onset types in cases with the
novel discovered variants were similar to the published
frequencies. The correlation between the ages of onset
and referral was weak, and the time from first symptoms
to referral for genetic diagnosis ranged from less than a
month to up to eight years (Fig. 4).

Symptoms involving the nervous system, the muscu-
loskeletal system, and the eye were the most common.

In agreement with the current literature, we found no
significant gender disparities in our cohort for patient
numbers, age of onset, and occurrence of clinical symp-
toms (not shown). An interesting question is how the
described variants can help to predict the onset and
clinical symptoms of the disease. Our preliminary
results suggest a trend for missense variants to be asso-
ciated with a later onset (Fig. 7) but a detailed analysis
was beyond the scope of this study. However, we hope
that by increasing knowledge of the mutational spec-
trum and raising awareness of the disease this study
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will contribute to earlier diagnosis for CLN6 patients
worldwide. Early and accurate identification of the
genetic cause will be critical for effective treatment,
including the gene therapy approaches as have been
recently started [21] for this devastating progressive
disease.

Conclusions

We report the largest single-center cohort of CLN6
patients analyzed so far. It considerably expands the
public data on CLN6 disease and CLN6 mutational
spectrum, especially for North Africa and the Middle

East. It is hoped that this study will raise awareness for
CLNG6 disease and reduce the time from first symptoms
to diagnosis for patients and their relatives worldwide.
Including CLN6 in the genetic diagnosis is recom-
mended for individuals presenting with developmental
regression, seizures, ataxia, intellectual disability, and
ocular symptoms.

Methods

Patients and study design

A retrospective cross-sectional study was performed
to investigate the clinical and mutational spectrum of
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CLNG6 disease. It involved 97 subjects submitted for
routine genetic diagnosis of CLN genes between Janu-
ary 2010 and October 2020 at Centogene GmbH (Ros-
tock, Germany). Clinical symptoms were the cause of
referral in 72 cases, for the rest no information was
provided.

Sample preparation and genetic analysis

All procedures were undertaken according to the pro-
visions of the German Gene Diagnostic Act (Gendi-
agnostikgesetz) and the General Data Protection Act
(Bundesdatenschutzgesetz) to guarantee confidential-
ity and data protection. The samples were processed
at Centogene GmbH (Rostock, Germany) in a facility
certified under the Clinical Laboratory Improvement
Amendments of 1988 (CLIA), accredited by the Col-
lege of American Pathologists (CAP). Samples were
provided either as extracted DNA, EDTA blood, dried
blood spots (DBS) on filter cards (CentoCard®, Cen-
togene GmbH, Rostock, Germany), amniotic fluid, or
saliva. DNA extraction was done on a QIAsymphony
instrument using reagents and kits recommended by
the manufacturer (Qiagen, Hilden, Germany). Pro-
cedures used by us for variant screening have been
described previously [23, 32]. Depending on the refer-
ring physician’s request, sequencing was performed
either as whole-exome sequencing (WES), as gene
panel in the CentoMetabolic® or Ceroid lipofuscino-
sis panels or for CLNG6 alone. For gene panel sequenc-
ing, a custom double-stranded DNA capture bait pool
was used to selectively enrich the coding regions,
including 10 bp of flanking intronic sequences and
known relevant variants beyond the coding regions,
based on HGMD® and an in-house databank. Librar-
ies were generated with Illumina compatible adaptors
and sequenced on an Illumina platform (Illumina, San
Diego, CA) to obtain> 20 x coverage depth for>99.5%
of the targeted bases. Missing fragments were com-
pleted by Sanger sequencing when necessary. For WES,
human consensus coding sequences were enriched
from fragmented genomic DNA using the Nextera
Rapid Capture Exome kit (Illumina) / SureSelect
Human All Exon V6(Agilent)/ TWIST Human Core
Exome (Twist Bioscience). The generated libraries were
sequenced on an Illumina platform to an average cov-
erage depth 70-100 x. Any relevant variants detected
by WES were validated by Sanger sequencing in both
directions.

An in-house bioinformatics pipeline was applied for
read alignment to the GRCh37/hgl9 genome assembly,
variant calling, annotation, and comprehensive vari-
ant filtering. The investigation focused on coding exons
and flanking 410 intronic bases. Results were reviewed,
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interpreted, and reported by our scientific and medical
experts. All potential disease-causing variants, includ-
ing those reported in HGMD®, ClinVar, and in our data-
bank were considered. Detected variants were classified
according to published ACMG guidelines as pathogenic
(P), likely pathogenic (LP), and variant of unknown sig-
nificance (VUS) [33-35]. Clinical data provided by the
referring physician were annotated in conformity with
the Human Phenotype Ontology (HPO) nomenclature
[36].

Statistical analysis

Medians, median-unbiased quartile ranges, and the cor-
relation coefficient (Pearson’s R) and its significance
were calculated using the stats package in R.
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Neuronal progenitor cells-based
metabolomics study reveals
dysregulated lipid metabolism
and identifies putative biomarkers
for CLN6 disease

Corina-Marcela Rus?*, Daniel L. Polla?, Sebastiano Di Bucchianico?3*, Steffen Fischer?,
Jérg Hartkamp?, Guido Hartmann?, Yunus Alpagu?, Claudia Cozma?, Ralf Zimmermann?23* &
Peter Bauer'®

Neuronal ceroid lipofuscinosis 6 (CLN6) is a rare and fatal autosomal recessive disease primarily
affecting the nervous system in children. It is caused by a pathogenic mutation in the CLN6 gene

for which no therapy is available. Employing an untargeted metabolomics approach, we analyzed
the metabolic changes in CLN6 subjects to see if this system could potentially yield biomarkers for
diagnosis and monitoring disease progression. Neuronal-like cells were derived from human fibroblast
lines from CLN6-affected subjects (n=3) and controls (wild type, n=3). These were used to assess

the potential of a neuronal-like cell-based metabolomics approach to identify CLN6 distinctive

and specific biomarkers. The most impacted metabolic profile is associated with sphingolipids,
glycerophospholipids metabolism, and calcium signaling. Over 2700 spectral features were screened,
and fifteen metabolites were identified that differed significantly between both groups, including the
sphingolipids C16 GlcCer, C24 GlcCer, C24:1 GlcCer and glycerophospholipids PG 40:6 and PG 40:7. Of
note, these fifteen metabolites were downregulated in the CLN6 disease group. This study is the first
to analyze the metabolome of neuronal-like cells with a pathogenic mutation in the CLN6 gene and
to provide insights into their metabolomic alterations. This could allow for the development of novel
biomarkers for monitoring CLN6 disease.

Neuronal ceroid lipofuscinoses (NCLs) are among the most frequently encountered groups of rare, inherited
neurodegenerative lysosomal storage disorders in children'=. The worldwide prevalence of NCLs varies based
on the region and the variant type. Their frequency is estimated at 0.01 to 9 per 100,000 live births*>. NCLs are
caused by mutations in one of the thirteen CLN genes (CLN1-CLN8, CLN10-CLN14)% that impact different
proteins, one of which is the transmembrane protein CLN6°. Neuronal ceroid lipofuscinosis—type 6 (CLN6)
[OMIM# 601780] is an autosomal recessive disease caused by pathogenic mutations in the CLN6 gene that
encodes for the CLN6 protein, whose function is not yet fully understood®’. The CLN6-affected subjects develop
symptoms between 18 months and 8 years of age, and among the first clinical signs are ataxia, seizures, and
progressive mental deterioration'®!!,

Early diagnosis of CLNG6 is essential for developing treatment and managing disease prognosis'®'2. However,
diagnosis is based on combined clinical symptoms and genetic testing and is often made at an advanced disease
stage, which brings an unfavorable prognosis. Research on CLN6 has intensified over the past decade as exten-
sive attempts were made to develop therapies and understand the disease pathology'?™**. Even so, the disease
mechanism underlying CLN6 pathogenesis remains unclear, and the development of an appropriate treatment
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is pending. Among the clinical needs awaiting to be achieved is the discovery of specific biomarkers for disease
screening, prognosis, and monitoring'>*®.

Liquid chromatography-mass spectrometry (LC-MS) is a robust platform that may uncover intricate meta-
bolic pathways, deepen our understanding of the biochemical processes, and aid in biomarkers discovery in
clinical and translational research'”'®. Likewise, non-targeted metabolite profiling is a valuable tool for comparing
metabolic changes between pathological and non-affected subjects. These together may assist in identifying a
wide range of critical metabolites whose changes are linked to specific diseases'*?.

Only a few LC-MS-based metabolomics studies in NCLs have been conducted to identify potential biomark-
ers of disease progression?"?2. Furthermore, CLN6 disease metabolomics studies are scarce and mainly related
to animal models*>**. Hence, this implies that the metabolome of human CLN6 disease in neuronal-like cells
is largely unexplored.

Here, we sought to compare the metabolomic profile in neuronal-like cells generated from fibroblasts of
CLN6-affected and unaffected subjects (wild type). First, we set out to differentiate human CLNG6 fibroblast lines
into chemical-induced neuronal progenitor cells (ciNPC). Next, this model was used for biomarker discovery,
which may aid in a rapid and inexpensive diagnosis and prognosis of the neurodegenerative disease®.

Considering that no human CLNG6 studies have been published that addressed the metabolomic changes in cell
lines of CLNG6 patients, we aimed to analyze and compare the changes in the global metabolome of the induced
neuronal-like cell lines from subjects with CLNG6 disease to that of healthy subjects. The present cell-based study
employed an untargeted LC-MS approach that, combined with in-depth data analysis, helped identify metabolic
alterations linked to CLN6 disease.

Results

The study was based on cell lines derived from subjects with CLN6 disease (carrying bi-allelic pathogenic vari-
ants, n=3) and controls (wild type, n=3). Inclusion criteria for the CLN6 subject were: (1) diagnosis of CLN6
based on genetic analysis, (2) both male and female subjects, (3) under 18 years at the time of sampling, and (4)
unrelated individuals. The only difference in the inclusion criteria for control subjects was that they must not be
diagnosed with any NCL disease and should not have any pathogenic or potentially harmful genetic variations.
Detailed information about the included subjects is provided in Table 1.

Generation of neuronal progenitor cells (NPCs) from human dermal fibroblasts

We used a simple and previously reported technique introduced by Dai et al. to directly generate ciNPCs from
fibroblasts?. Figure la visually presents the sequential stages of the differentiation process using a cocktail of six
small molecules, as outlined in the aforementioned protocol. As early as day 9 of differentiation, neuronal-like
cell clusters were observed, and the small colonies of ciNPCs were depicted by day 20 post-induction (Fig. 1b).
Three weeks after differentiation, the cells were harvested and checked for NPC markers via immunofluorescence
staining (GABA, GFAP, TUJ1, and MAP2) and the metabolites extracted for LC-MS analysis. The differentiation
resulted in the expression of neuronal markers, such as GABA (GABAergic neuron marker), GFAP (glial fibril-
lary acidic protein), TUJ 1 (Neuron-specific class III beta-tubulin), and MAP-2 (Microtubule-associated protein
2), as confirmed by immunofluorescence (Fig. 2). The CLN6 and WT NPCs had similar expression levels of the
neuronal markers listed above. Immunofluorescence images revealed that ciNPCs express neuronal markers at
day 20 of neuronal differentiation.

“Age at onset| Clinical Clinical
Group | Cellline | Sex |sampling YcDNA protein | Predicted effect | Type on DNA | Coding effect significance Evidence ACMG | symptoms
Movement dis-
1 M c.-158_83del p.2 | Deletion Gross deletion | Effect unknown L1k§1y patho- PVS1_S, PM2_B ordeljs? ep}lepsy,
genic PM3_P cognitive impair-
ment
Behavioural
abnormalities,
weight loss, cog-
itive regression,
€.896C>T ‘ - Probably damag- , PP3, PS3_P, mtive ¢
CLN6 1I 5|5% p.Pro299Leu Missense Substitution ing Pathogenic PM3_P, PM3_S pyramidal gnd
extrapyramidal
signs, myoclonus,
focal motor
seizures
Movement dis-
€.794_796del . Likely patho- PM2_P, PP1, orders, epilepsy,
I 45 p-Ser265del In-frame Deletion In-frame genic PM3, PM4 cognitive impair-
ment
I -8 NA
WT I It NA
111 |11 NA

Table 1. Clinical and genetic characteristics of subjects used in this study. WT wild type/control, *year,
®homozygous, NA not applicable.
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Figure 1. (a) Scheme of direct conversion of human dermal fibroblasts into neuronal-like cells. The experiment
starts by plating the fibroblasts in the DMEM medium, which was designated as "Day”0." After 1 day, the cells
were transferred to an induction medium containing chemical compounds and supplementary chemicals to
promote differentiation into neuronal progenitor cells. (b) Representative microscope images of human ciNPCs
morphologies at day 20 of development in the induction medium: (a) CLN6 group and (b) wild type/control

group.

MAP2 (20X) DAPI MERGE

TUBB3 (10X) DAPI MERGE

Figure 2. Immunofluorescence staining of neuronal cultures with anti-MAP2 antibody (mature neurons), anti-
GABA (GABAergic neurons), anti-TUB BIII (immature neurons), and anti-GFAP antibody (astrocytes). Nuclei
were stained with DAPI (blue). Scale bars=50 pm. MAP, microtubule-associated protein 2; GFAP, glial fibrillary
acidic protein; DAPI, 49,6-diamidino-2-phenylindole.
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Metabolomics analysis reveals distinct metabolic profiling in CLN6 subjects

Global metabolomic profiling of fibroblast-derived ciNPCs from CLN6 and healthy subjects was performed
using a non-targeted mass spectrometry (MS) approach. After conducting the sample quality check, two repli-
cates from each group [CLN6-1 (b3-t1, b3-t2) and control-3 (b2-t1; b2-t2)] were excluded from the batch. The
exclusion was necessary because there was no signal in the total ion chromatogram, likely caused by sample
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evaporation prior to the LC-MS measurement. As a result, 16 replicates (data points) per group were available
for further data analysis.

There were 2720 spectral features detected (Supplementary Table 1) and defined as molecular entities with
a unique retention time (RT) and mass value (m/z). The coefficient of variation (CV) across all cell lines and
cohorts was under 30% for more than 64% of the variables, meaning that both groups have a similar degree of
variability in their concentration across all cell lines and cohorts.

The datasets were then subjected to univariate and multivariate data analysis to assess the spectral features’
alteration in the two groups. Based on the entire metabolome datasets, we generated a principal component
analysis (PCA) score plot that revealed a significant separation between CLN6 and the control group. As depicted
in Fig. 3, PC1 contains the metabolites responsible for most between-group variations (36.8%), followed by PC2
(12.4%). As indicated by their high loadings in PC1, the glycerophospholipids such as PG 40:6, PG 40:7, PG 34:2,
PG 32:1, and PG 40:4 contributed significantly to the overall variance captured by PC1.

The individual selection of discriminating metabolites associated with CLN6 disease was based on folds
change of at least two and p <0.05. Figure 4a displays the volcano plot depicting the fold changes in metabolites’
abundance and highlights the most significantly altered metabolites in terms of fold change and discriminatory
power between the two groups. This analysis used the comprehensive dataset from Supplementary Table 1, incor-
porating the raw data obtained through LC-MS. The compounds chosen for further analysis were limited to the
top 20 from the list of upregulated and downregulated compounds shown in the volcano plot. They were selected
based on their intensity and discriminative power to differentiate between groups. It should be emphasized that
the selected compounds were exclusively downregulated upon this features screening.

The metabolites were putatively annotated, which involved matching their mass-to-charge ratio (m/z) and
retention time (RT) values to internal and external databases. Supplementary Table 2 lists the fold changes and
Student’s t-test p-values (not adjusted) for these metabolites. Additionally, the metabolites with a fold change
threshold of at least two are shown in a heatmap colored based on the actual peak intensity values to delineate
the differences between the two groups (Fig. 4b, Supplementary Table 3).

Two additional multivariate analyses were conducted to investigate the differences between the CLN6 and
control subjects: unsupervised hierarchical cluster analysis (HCA) and ortho partial least squares-discriminant
analysis (OPLS-DA). The unsupervised hierarchical clustering analysis based on the HCA technique was per-
formed to group the data into clusters (Fig. 5a). The OPLS-DA analysis, on the other hand, was carried out to
differentiate between the two cohorts and identify CLN6 dysregulated metabolites (Fig. 5b).

The metabolites with the highest discriminating power were chosen according to the Variable Importance
in Projection (VIP). A VIP score > 1.00 from PLS-DA was considered significant. Fifteen metabolites, all down-
regulated in the CLNG6 group, were differentially expressed in the CLN6 with significant discriminative power
from the control group (Fig. 6, Supplementary Table 2).

Five of all metabolites analyzed, met the stringent quality and quantity criteria in our detection process, as
depicted in Fig. 7. These criteria entail a significant difference between the control and targeted disease group,
a minimum fold change of twofold, and a high median normalized abundance. Furthermore, the compounds
were ranked based on ion alignment, peak picking inspection, chromatogram, and intensity visualization. Con-
sequently, these metabolites have been considered eligible in terms of quality and quantity for downstream

20
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bito CLNG6 -1
2 b3-t1 CLN6 - 2
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. @ -
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Figure 3. Principal component analysis (PCA) score plot of metabolites shows a separation of the CLN6 group

PC1 (36.8%)

from the control group, based on PC1 and PC2. The analysis was conducted using 16 data points (technical
replicates) per group.
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Figure 4. (a) Volcano plot displays the metabolites with a significant threshold of at least 2 x difference. The
values are log-transformed. The threshold is shown as a grey line. The metabolites highlighted in red are
upregulated for the CLN6 group, in blue are downregulated, and in black are not significantly changed (p <0.05).
(b) Heatmap showing the abundance levels of the 10% most distinct metabolites screened across the two groups.
The colors indicate increased (red) and decreased (blue) abundance for each metabolite across the samples. The
letters (bottom) represent the biological replicas (b) and the technical replicas (t). Total number of replicates
(data points) per group (n) =16. Observation: most of the metabolites are decreased in CLN6 samples.
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Figure 5. (a) Hierarchical clustering (Euclidean distance, Ward’s clustering algorithm) confirms the
biochemical differences between the two groups. (b) Ortho partial least squares-discriminant analysis
(OPLS-DA) score plot from CLN6 and control. The clear separation between the two groups indicates that their
metabolomic profile is distinct.

characterization. The identified metabolites, likely biologically relevant within CLN6 disease, belong to the
glycerophosphoglycerols and glycosphingolipids class. Specifically, they are represented by phosphatidylglycer-
ols PG (40:7) and PG (40:6), as well as glucosylceramides C16 GlcCer, C24 GlcCer, and C24:1 GlcCer. The key
characteristics covered by these metabolites are listed in Table 2.

They were selected as potential candidate biomarkers due to their differentiating power between the CLN6
disease and control groups (Fig. 8).

The five metabolites’ overlaid receiver operating characteristic (ROC) curves reveal that these compounds
delineate between the two groups with high precision and accuracy, indicating that they could be potential
biomarker candidates for the early disease prognosis of CLN6 disease (Fig. 9).

Pathway and network analysis of the differential expressed metabolites
To investigate the biological pathways and networks involved in the pathogenesis of CLN6 disease, we performed
metabolomics data enrichment on selected metabolites using two software tools: MetaboAnalyst v. 5.0 and
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Figure 6 . Variable importance in projection (VIP) score plot displays the metabolites with discriminating
power derived from the PLS-DA model. Only the metabolites with the strongest discriminating power are
represented here. These metabolites have contributed most to the variance between CLN6 and the control
group. The non-annotated metabolites were named based on the retention time (rt) and m/z values; ‘arrows’
indicate the five most discriminating metabolites.
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Figure 7. Metabolomics data analysis scheme for biomarker identification.
Class Synonim Mass (m/z, n) CCS (A) RT (min) P value Fold change Adducts Formula
Glycerophosphoglyc- PG 40:7 819.5m/z 2949 4.88 1.02E-10 -8 M-H CyH7,0,0P
erols PG 40:6 822.5n 299.1 497 251E-11 -3 M-H, M+Cl Cu6H,40,0P
M-H, M+Cl,
C16 GlcCer 699.6n 285.0 531 1.39E-15 -3 [MAHCOO]. CyoH,,NO,
Glycosphingolipids C24 GlcCer 811.7n 309.0 6.45 4.72E-06 -2 M-H, M+Cl C,gHg3NOg
. M-H, M+Cl,
C24:1 GlcCer 809.7 n 316.0 6.09 1.84E-13 2 [MAECOO]. CsHo NO,
Table 2. Characteristics of the top five putatively annotated metabolites.
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Figure 8. Potential metabolomic biomarkers for diagnosis of CLN6 disease. Representative Box plots showing
the intensity of the top five metabolites in the two groups of neuronal-like cells [cell lines (n=3) x biological
replicas (n=2-3) x technical replicas (n=2)]. Whisker’s end =the 10th and 90th percentile, bars =min and max
values, horizontal line in the boxes = median value, ‘+’ =mean. Dots represent the outliers.
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Figure 9. The overlaid ROC (receiver operating characteristic) curves were used to visualize the metabolites
with the maximum sensitivity for differentiating CLN6 disease subjects from controls. Four compounds had
100% overlapping ROC curves.

Ingenuity Pathway Analysis (IPA) (QIAGEN Inc., https://digitalinsights.qiagen.com/IPA)?*. The pathway analysis
module in the MetaboAnalyst software illustrates the most affected metabolic pathways of the screened metabo-
lites, as shown in Fig. 10a, with the sphingolipid and glycerophospholipid metabolism pathways being the most
significantly altered. Additionally, we utilized IPA to generate networks that allowed us to further explore and
understand the biological networks involved in disease pathogenesis. The IPA analysis on differentiated neuronal-
like cells from CLNG6 patients was performed with 298 mapped metabolites, of which 158 were downregulated,
and 140 were upregulated. Among them, 39 molecules showed significant regulation when applying a cut-off
of +1.5-fold changes and a p-value <0.05 (28 downregulated and 11 upregulated). The list of mapped molecules
by IPA can be found in Supplementary Table 4, while a summary of the obtained results is presented in Table 3.

The NAD signaling pathway showed significant association with the differentially expressed metabo-
lites (p-value=0.048, 5.3% overlap), and the deregulation of cyclic ADP-ribose (fold change=— 1.56,
p-value =0.00025). A regulator effect network was also identified (score 15) with associated cell signaling,
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Figure 10. (a) The affected pathway and (b) pathway analysis in CLN6 patient samples as determined by
MetaboAnalyst and Ingenuity Pathway Analysis software. The analysis reveals significant alterations in
sphingolipid and glycerophospholipid metabolism and provides a network visualization of the interactions
between different metabolic pathways and networks. The ‘arrow’ points to one of the metabolites among the five
differentially expressed that is interconnected within the network.

molecular transport, vitamin, and mineral metabolism functions (Fig. 10b). Causal relationships were con-
nected to the downregulated glucosylceramides via the upstream ORMDLI (p-value 8.08E-05) and ORMDL2
(6.33E-05) sphingolipid biosynthesis master regulators linked to annotated functions such as the quantity of
ceramide (p-value 1.25E-14), and synthesis of lipid (p-value 2.73E-08). Furthermore, the master regulator
EPAS]I, a transcription regulator often known as HIF2A, was also identified by IPA (p-value 2.54E-03, z-score
— 1.41) in participating to the accumulation of nitric oxide (p-value 1.56E—05) both via the downregulation of
glucosylceramides and cyclic ADP-ribose leading to the regulation of functions annotation like propagation of
signaling of Ca** (p-value 0.00261) with the predicted downregulation of quantity of Ca®* (p-value 5.91E-14),
mobilization of Ca?* (8.53E-07), and release of Ca** (p-value 5.11E-11). The participation of several upstream
regulators, including the transporter SCARBI (p-value 0.0302), targeting the downregulated vitamin k1 in our
dataset, the calcium and integrin binding 1 gene (CIB1, p-value 0.005), and the angiopoietin-2 protein coding
gene (p-value 0.0252) have been identified by IPA as regulators of calcium homeostasis functions.

Discussion

To our knowledge, this study is the first to use neuronal progenitor-like cells differentiated from human CLN6
fibroblast lines to identify differentiating metabolites that can distinguish CLNG6 disease from the healthy control
group.

Research on CLN6 disease aiming to understand the disease pathophysiology and develop therapies
has expanded significantly over the past decade. However, according to a literature review survey on the
PubMed' database (https://pubmed.ncbi.nlm.nih.gov)?, few studies aimed explicitly at metabolomics inves-
tigation of CLN6 disease, and the ones reported were model organisms-based using, for example, sheep and
mouse models?*?*%. Nevertheless, these used GC-MS and NMR platforms and discovered an alteration of the
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Canonical pathway p-value Ratio
NAD signaling pathway 4.87E-02 0.0526
Network bias-corrected
Master regulators p-value Target molecules in dataset Activation | p-value
Glucosylceramide (d18:1/16:0) glucosyl-
ORMDL2 6.33E-05 ceramide (d18:1/20:0) glucosylceramide | 1732 4.00E-04
(d18:1/22:0)
glucosylceramide (d18:1/16:0) glucosyl-
ORMDLI1 8.08E-05 ceramide (d18:1/20:0) glucosylceramide | 1732 4.00E-04
(d18:1/22:0)
Glucosylceramide (d18:1/16:0) glucosyl-
EPAS1 2.54E-03 ceramide (d18:1/22:0) - 1414 2.00E-04
SCARBI 3.02E-02 Vitamin K1 -1 1.52E-02
ANGPT2 2.52E-02 Cyclic ADP-ribose -1 6.60E-03
CIB1 5.05E-03 Cyclic ADP-ribose -1 6.60E-03
acetylcholine 2.02E-02 Cyclic ADP-ribose -1 6.60E-03
Functions annotation Molecules p-value
. . Ca?*, EPAS1, GBA1, ORMDL1, ORMDL2, pal-
Quantity of ceramide mitic acid, PSAP, SCARB1 1.25E-14
Acetylcholine, ANGPT2, Ca*', CIBI, cyclic ADP-
. 24 ribose, cyclic AMP, nicotinate adenine dinucleo- B
Quantity of Ca tide phosphate, nitric oxide, palmitic acid, Ryr, 591E-14
RYRI, RYR2, vitamin K1
Ca*, cyclic ADP-ribose, cyclic AMP, nicotinate
Release of Ca** adenine dinucleotide phosphate, nitric oxide, Ryr, | 5.11E-11
RYR1, RYR2, TRPM2
Acetylcholine, Ca?*, cyclic ADP-ribose, nicotinate
Mobilization of Ca** adenine dinucleotide phosphate, palmitic acid, 8.53E-07
Ryr, SCARB1
Acetylcholine, ANGPT2, Ca*, cyclic AMP, GBA1,
Synthesis of lipid nitric oxide, ORMDL1, ORMDL2, palmitic acid, | 2.37E-08
SCARBI1
Accumulation of nitric oxide Cyclic ADP-ribose, EPAS1 1.56E-05
Propagation of signaling of Ca?* | Cyclic ADP-ribose 2.61E-03

Table 3. Summary of IPA analysis.

glutamine-glutamate metabolism and a decrease of GABA in their quest for altered metabolic pathways that
lead to neuronal degeneration.

Given that no human CLNG6 studies have been published that addressed the metabolomic changes in the cell
lines of CLNG6 patients, we aimed to analyze and compare the changes in the global metabolome of the induced
neuronal-like cell lines from humans with CLNG6 disease to those of healthy subjects. For this, an LC-MS metabo-
lomics approach was employed to identify the metabolic pathways altered in CLNG6 subjects and acquire further
insights into potential markers of disease pathogenesis. The metabolic profiling analyses were performed on
induced neuronal-like cell lines from subjects with CLN6 disease and human controls. Fifteen metabolites were
markedly downregulated in CLN6 subjects and showed a robust discriminatory power between the CLN6 and
the control group.

Results of pathway identification performed with the MetaboAnalyst v 5.0 software and IPA analysis revealed
alterations in molecules relevant to sphingolipid and glycerophospholipid metabolism. Although no research has
yet addressed the role of sphingolipids in the CLN6 disease, our findings imply that disruptions in sphingolipid
metabolism are a feature of the CLN6 disease, which could represent a source for future biomarker discovery.
Among the dysregulated metabolites related to CLN6 disease were five distinct metabolites with a VIP score
greater than 1. They were represented by the two glycerophospholipids, PG 40:6 and PG 40:7, and the three
sphingolipids, C16 GlcCer, C24 GlcCer, and C24:1 GlcCer.

Studies on Alzheimer’s disease subjects proved that altered glycerophospholipids levels might lead to neuronal
damage, neuroinflammation®**!, and neurodegeneration®*%, features that resemble the NCL disorder’. Addi-
tionally, glycerophospholipids were proposed as putative biomarkers in neurodegenerative diseases*. Besides
glycerophospholipids, dysregulated glucosylceramide levels have also been linked with neurodegeneration in
lysosomal storage disorders (LSDs)*. Other investigations have shown a connection between increased gluco-
sylceramide levels, neuroinflammation, and neuronal loss.

Similarly, our study identified two distinct glycerophospholipids components (PG 40:6 and PG 40:7) with
statistically low abundance in the CLN6 group. Moreover, the compounds with the most discriminatory power
between CLN6 and the control group were C24:1 GlcCer and C16 GlcCer, highlighting their distinctive impor-
tance in the dysregulation of the sphingolipid metabolic pathways for CLN6 disease. However, in contrast to the
studies mentioned above, where the levels were elevated, our results showed that glucosylceramides were down-
regulated in CLN6 compared to the healthy control group. Equivalent results were reported in a CLN9-deficient
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cells-based study, where diminished levels of ceramide, glucosylceramide, and other sphingolipids components
were observed?.

Concerning the NCLs group, perturbed sphingolipid metabolism was described in various NCLs forms. One
of the first studies that mentioned dysregulation in phospholipid metabolism was done on CLN1 and CLN3
disease patients®. Later investigations considered that the perturbed sphingolipid metabolism may represent a
link between some forms of NCLs*. According to the study conducted in CLN3-defective cells, a decrease in
various sphingolipids, such as lactosylceramides and glycosphingolipids, and up to a 60% reduction in the level
of various HexCer components as compared to the control group was revealed*®’. A more recent study on CLN5
disease reported a similar outcome by exploring the connection between CLN5 disease and the degradation of
sphingolipid metabolism*'. These findings infer that CLN3 and CLNG5 play a critical role in the changes in sphin-
golipid metabolism. Altogether, several studies on infantile and late infantile variants mentioned abnormal lipid
metabolism®, and others noted changes in the composition of various phospholipid and ceramides classes®®*>*
(Table 4), yet our work is the first to link the sphingolipid metabolism to CLN6. Furthermore, the role of calcium
signaling has been investigated in several models showing an important role of calcium homeostasis in NCL
pathology**** and elevated calcium-binding protein calbindin 1 (CALB1) levels in cerebrospinal fluid from
CLN2 and CLN3 disease patients*. Similarly, our study found that the downregulation of glucosylceramides,
cyclic ADP-ribose, and vitamin K1 was associated with the inhibition of calcium signaling in CLN6 disease.

In summary, the current study compared the metabolomic profile of CLN6-neuronal progenitor-like cells
derived from fibroblast to the control group. Our findings showed that five metabolites were significantly dys-
regulated in the cell lines from CLNG6 subjects and may be considered potential candidate biomarkers for CLN6
disease. Additionally, the metabolic pathway analysis suggests the involvement of the sphingolipid, glycerophos-
pholipid metabolic pathway, and calcium signaling in the mechanism behind the CLN6 disease progression,
which is oriented toward the downregulation of sphingolipids and that of glycerophospholipids metabolism.

While our findings enhanced our understanding of the metabolomics of the CLN6 disease, scale-up research
involving additional cell lines and diverse patient cohorts is needed to validate the observed pattern in our data.
The corroboration of our findings would pave the way for advanced metabolomics studies of CLN6 disease that
may uncover potential therapeutic targets of CLN6 disease.

Given the significant milestones achieved in our study, which underscore the potential of ciNPCs within an
LC-MS-based metabolomics approach for biomarker discovery, we recognize the need to address the following
key research directions: (i) expand and diversify the cohort to encompass a broader range of ages and genders
to ensure a more comprehensive dataset and greater generalizability of our findings; (ii) incorporate additional

NCL type | Lipid class Lipid species Level | Refs
LBPA (36:2; 34:1); PC (32:1, 34:1)
PC (32:1, 34:1); PI (36:3, 38:5, 38:3); PC (32:1, 34:1) —_—
i
PE (38:5, 36:4, 38:5, 36:2, 34:1, 34:2) & .
Phospholipids 7-3042
PS (34:4, 38:3, 40:3, 34:1, 36:1, 36:2, 38:2)
CLN1
LBPA (38:1); PC (38:4, 38:6) L
ow
PE (40: 6, 38:4, 40:4); PI (38:4, 40:6); PS (40:6)
SM (16:0, 16:1, 18:1) High
Sphingolipids 38
SM (20:0) Low
GPE (18:1) High
CLN2 Phospholipids s
GPE (16:0, 18:0) Low
LPE (20:3); PC (32:1, 34:1, 36:3)
High
PS (38:3); PI (38:3); PE (38:3, 40:3) .
Phospholipids 3740
PA (36:1, 36:2); PC (38:4); LPI (18:0, 20:4); LPC (20:4) .
ow
PG (34:2, 34:1); PE (40:4); PI (36:1, 36:2, 36:3, 36:4, 36:5)
Cer (16:0, 24:0, 24:1); SM (24:1)
CLN3
GM3 (d18:1/24:1, d18:1/16:0, d18:1/24:0) High
Sphingolipids | GM3 (d18:1/24:1, d18:1/16:0, d18:1/24:0) 3940
GD1 (d18:1/25:0, d18:1/16:0, d18:1/22:0); SM (14:0, 15:0) L
ow
HexCer (22:0, 20:0, 18:0, 23:0); LacCer (16:0, 24:0)
Sterols CE (18:2, 18:3) Low 40
Cer (16:0, 24:0, 24:1)
CLN9 Sphingolipids Low |37%
dhCer (16:0, 24:0, 24:1)

Table 4. List of lipid species involved in dysregulated lipid metabolism in NCL disease. Cer: ceramide; CholE:
cholesterol Ester; dhCer: dihydroceramides; GD1: monosialoganglioside D1; GM3: monosialoganglioside
GM3; GPE: glycerophosphoethanolamine; HexCer: hexosylceramide; LacCer: lactosylceramide; LBPA:
lysobisphosphatidic acid; LPC: lysophosphatidylcholine; LPE: lysophosphatidylethanolamine; LPI:
lysophosphatidylinositol; PA: phosphatidic acid; PC: phosphatidylcholine; PE: phosphatidylethanolamine; PG:
phosphatidylglycerol; PI: phosphatidylinositol; PS: phosphatidylserine; SM: sphingomyelin.
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NCL disease subtypes for comparative analysis thus assessing the specificity and relevance of potential biomarkers
across diverse subtypes; (iii) undertake targeted MS/MS research, building upon the spectral features reported
in this study to deepen our understanding of the involved metabolites and pathways, ultimately amplifying the
precision and impact of our research.

The findings presented in this study offer valuable insights into the metabolic changes associated with CLN6
disease. However, further research is recommended to understand our results’ broader implications fully. To this
end, we propose several directions for future investigations:

1. Incorporating cellular vitality and stability assessments into upcoming research to enhance metabolomics
data precision and the reliability of biomarker discovery studies. While the primary goal of this study was
to assess the feasibility of ciNPC cells for identifying CLN6 biomarkers through metabolomics analysis, it is
crucial to consider the potential impact of cellular vitality and health on metabolomics profiling, potentially
affecting the detection of subtle disease- or treatment-related effects. Therefore, future study endeavors should
expand their scope to include an assessment of cellular health and stability, such as assessing DAPI+ spots
to evaluate vitality and cell death rates and employing Western blot analysis to evaluate protein expression
changes as well as quantitative staining. These methods provide valuable insights into ciNPCs, ultimately
enhancing understanding of cellular pathophysiology, particularly within the context of biomarker discovery.

2. Validation studies involving fibroblast cells under non-induced conditions are essential to ensure the reli-
ability of the identified metabolites in CLN6 disease. This additional validation step will offer valuable insights
into the accuracy and specificity of the identified metabolites as potential biomarkers, both in cost-effective
cells and in minimal-invasive specimens. Thereby, it will significantly enhance the potential of our research
findings for future applications.

3. Conducting targeted experiments, such as mass spectrometry-based proteomics, to identify and validate
the putative interactors and regulators predicted by in-silico analysis will yield robust evidence to support
the functional significance in the context of CLN6 disease.

To conclude, this study is the first to examine the metabolome of human CLN6 ciNPCs, which provides
metabolomics insight into the pathogenesis of CLN6 disease. Over 2700 spectral features were relatively quanti-
fied, two altered pathways were determined, and five putative biomarker candidates were identified. Altogether,
this demonstrates a solid basis for the applicability of LC-MS-based metabolomics, which ultimately, could
lead to an earlier diagnosis and prognosis of CLN6 disease and ease monitoring the effectiveness of upcoming
therapeutic trials.

Materials and methods

Cell lines

The biobank “Cell Line and DNA Bank of Genetic Movement Disorders and Mitochondrial Diseases”, a member
of the Telethon Network of Genetic Biobanks (project no. GTB12001), funded by Telethon Italy, and the Euro-
BioBank Network?* provided us with the CLNG6 fibroblast lines [CLF064, CLF121, and CLF210]. The following
cell lines (wild type) were obtained from the NIGMS Human Genetic Cell Repository at the Coriell Institute for
Medical Research: [GM0839, GM0565, and GM0203].

Chemicals and reagents

Ultra-high-performance liquid chromatography (UHPLC), grade acetonitrile (ACN), formic acid (FA), and
methanol (MeOH) were purchased from Biosolve (Dieuze, France). Water LC-MS grade was purchased from
VWR (Darmstadt, Germany). DMEM high-glucose medium (Gibco, Grand Island, NY), DMEM/F12 medium
(12634010, Gibco), neurobasal medium (21103049), fetal bovine serum (FBS) (26140079), and 1% penicil-
lin-streptomycin solution (15140122) were purchased from Thermo Fisher Scientific. Phosphate-buffered saline
(10x) (PBS) (AM9624) was purchased from Invitrogen. B-27™ Supplement (50x) (10828010, Gibco), N2 Sup-
plement (100x) (17502048, Gibco), and L-Glutamine (100x) (25030081, Gibco) were obtained from Life Tech-
nologies (Grand Island, New York, USA). CHIR99021 (130106539), SB431542 (131106275) were from Miltenyi
Biotec (Teterow, Germany) and PD0325901 (PZ0162), LDN193189 (SML0559), Pifithrin-a (P4359) and Forskolin
(F3917) were all from Sigma Aldrich (Taufkirchen, Germany).

Cell culture

The fibroblast lines were maintained at 37 °C and 5% CO, in high glucose Dulbecco’s modified Eagle medium
(DMEM) (Gibco, Thermo Fisher Scientific, Waltham, MA, USA), supplemented with 10% fetal bovine serum
(FBS) (Gibco, Thermo Fisher Scientific, Waltham, MA, USA), 100 U/mL penicillin, and 10 pg/ml streptomycin
until they reached 90% confluence.

Generation of chemical-induced neuronal progenitor cells

The direct chemical conversion of fibroblasts into neuronal-like cells was performed according to a previously
published methodology by Dai et al.?®. According to the protocol, once the cells reach the desired confluency,
they are further switched into a neuronal medium made of a mixture of one-part DMEM/F12 (1% N2 supple-
ment, Gibco) and neurobasal medium (2% B27 supplement, Gibco), and another part was a cocktail made of six
chemicals (v1: v1). The chemicals known to aid in the NPC differentiation were represented by SB431542 (2 uM,
TGF-p inhibitor), CHIR99021 (1 uM, GSK3Db inhibitor), PD0325901 (1 uM, MAPK inhibitor), LDN193189
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(1 uM, BMP inhibitor), Pifithrin-a (5 uM, p53 inhibitor), and Forskolin (7 uM, cAMP activator). The cells were
cultured until day 21, and the medium changed every third day.

Immunofluorescence

Cells were washed with PBS and fixed with 4% paraformaldehyde (Sigma-Aldrich, St. Louis, MO) for 15 min,
then permeabilized in PBS containing 0.3% (w/v) Triton X-100 for 10 min, lastly blocked in PBS containing 4%
(w/v) BSA for 2 h. Cells were incubated with the following primary antibodies (1:250 dilution) for 2 h at room
temperature): anti-pIII-tub (Biolegend, cat. 801201), anti-MAP2ab (Merck Millipore, cat. AB5622), anti-GFAP
(Biolegend, cat. 83721), and anti-GABA (Sigma Aldrich, cat. A2052). Subsequently, the cells were rinsed three
times with 0.1% (w/v) BSA in PBS-Tr and incubated with the secondary antibody (1:500 dilution) for 1 h at
room temperature in the dark (Alexa Fluor 488 A11029, and Alexa Fluor 568, A11036, Invitrogen). Nuclei were
counterstained with DAPI (Invitrogen, cat. 1:10000) for 45 min. Cell images were acquired using a Keyence
fluorescence microscope BZ-X710E equipped with the BZ-X800 Analyzer software (Keyence, Osaka, Japan) with
a 20X Plan-Apo Gamma NA 0.75 objective and fluorescence filter set for GFP, TRITC, and DAPIL

Sample preparation and metabolites extraction

While the adherent cell plates were kept on dry ice, the medium was removed, and the cells were quickly rinsed
with 1 mL of 0.9% NaCl (4 °C) (Baxter, Sydney, Australia) to remove extracellular metabolites. A 600 pL extrac-
tion solvent (methanol: water, 3:1 v/v), prechilled in a— 80 °C freezer for at least 1 h, was added to the cells, and
the cells detached using a scraper while the plates were kept on dry ice. The cell suspension was transferred into
a 1.5 mL Eppendorf tube containing 10 pL internal standard prepared using 200 ng/mL Lyso-Gb2 (Matreya LLC,
State College, PA, USA) dissolved in methanol. The mixture of cells, extraction solvent, and internal standard
(IS) was vortexed vigorously. It was then centrifuged at 14,000xg for 20 min at 4 °C. A volume of 150 uL super-
natant was transferred into an LC-MS glass vial. The quality control (QC) was generated by pooling 5 uL of
each sample. Blank samples consisted of 100% LC-MS water. Before injecting the standard samples, blank and
pooled samples were injected five times each in the beginning to establish system equilibrium. Throughout the
batch, 5 uL of the pool, blanks, and standard samples were injected intermittently during the run to ensure the
stability of the LC-MS system.

Chromatographic and mass spectrometric conditions

Mass spectrometry was performed on a Waters' i-Class ACQUITY UPLC (Waters, Borehamwood, UK) coupled
to a Vion™ IMS Q-Tof"mass spectrometer (Waters, Borehamwood, UK) equipped with an ESI ion source, system
operating in negative (ESI -) ionization mode. The LC-MS method was previously reported*®. It was based on a
5 L aliquot extract injected into a Kinetex EVO (C18, 2.1 x 150 mm, 5 um) LC column (Phenomenex, Aschaf-
fenburg, Germany) preheated to 50 °C at a flow rate of 0.5 mL/min. Analytes were eluted using a linear gradient
ranging from 1 to 100% B (50 mM formic acid in methanol: acetonitrile 1:1 v/v) and A (50 mM formic acid in
water). The following settings were used for mass spectrometric acquisition: High Definition MS® (HDMSE),
capillary voltage 1.2 kV, source temperature 150 °C, desolvation temperature 600 °C, desolvation gas 1000 L/h,
cone gas 50 L/h, low collision energy 6 eV, high collision energy ramp 20-40 eV, scan mass 50-1000 m/z, scan
time 0.5 s. Each signal had three identifiers: retention time in min (RT), ion mass (m/z), and CCS (collision
cross-section). Leucine-enkephalin (Sigma-Aldrich, Taufkirchen, Germany) (1 ng/puL) was used as a lock mass
reference compound ([M—H]-=554.2615, negative ion mode).

Metabolomic data processing

The raw MS data were acquired using Unifi software v1.9 (Waters, Borehamwood, UK) and exported as Unify
export packages (.uep). The generated datasets were imported to Progenesis QI software v 3 (Nonlinear Dynam-
ics, Newcastle upon Tyne, UK) for automatic data processing. The following steps were part of the data processing
and analysis workflow: retention time correction, experimental design setup, peak picking, probabilistic quotient
normalization (PQN)*, deconvolution, and compound identification. The metabolites were individually assessed
for statistical relevance and robustness. Only the variables that met the following quality filters were selected: sig-
nificant difference between the control and CLNG6 disease group (p <0.05), fold change at least twofold, charge <3,
mass-to-charge ratio (m/z) 2179, and a median normalized abundance > 100 counts relative to the reference
compound in at least one of the cohorts. The peak intensities of the selected compounds were transformed into
.csv files and uploaded into the ‘Statistical Analysis’ toolbox of MetaboAnalyst v5.0 at http://www.metaboanal
yst.ca””. Canonical pathway analysis was conducted using Ingenuity Pathway Analysis (IPA) software from QIA-
GEN (Ingenuity Systems, QIAGEN, Redwood City, CA, USA) with 298 mapped molecules by IPA using either
Human Metabolome database (HMBD) or CAS registry number, or PubChem CIS IDs. A cut-oft of + 1.5-fold
changes and p-value < 0.05 was applied. The Euclidean distance metric and the "Ward’ clustering algorithm were
used to create dendrograms. Heatmap with enforced sample grouping displayed value distributions and ranges.

Metabolite database searching

Metabolites were identified based on monoisotopic mass, retention time, and collision cross-section. The obtained
features were matched against several metabolite databases. Our in-house compound library, Human Metabo-
lome Database®, PubChem®', ChemSpider®, and LIPID MAPS’ Structure Database (LMSD) were among the
databases used in this study.
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Statistical analysis

Multivariate analysis of LC-MS data and pathway analysis were performed using the open-source software
MetaboAnalyst 5.0%. The box-and-whisker plots, ROC, and volcano plots were generated using the GraphPad
Prism (version 9.5.0) software (GraphPad Software, Inc., San Diego, CA, http://www.graphpad.com). A student’s
t-test was applied to identify with a 95% confidence level and 5% false positive (false discovery rate, FDR). The
level of significance was set at p <0.05.

Data availability
The datasets generated and analyzed during the current study are available from the corresponding author upon
reasonable request.
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