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Abstract

Computational genomics develops and leverages genomic tools and resources to address
fundamental questions, e.g., in biomedical, livestock, or aquaculture research. Aquaculture
genomics, for instance, addresses crucial questions, such as maker-assisted selection, de-
velopment of species-specific breeding programs, and stock management to ensure efficient
and sustainable production. Genome and transcriptome sequencing, assembly and anno-
tation, as well as genotyping of genetic variants have been dramatically enhanced in the
last decade due to marked improvements in computational methods and emerging next-
generation sequencing technologies. Pikeperch (Sander lucioperca) is a fresh and brackish
water percid fish natively inhabiting the northern Eurasian hemisphere. It has recently
gained a high commercial relevance and is emerging as a promising candidate for inten-
sive inland aquaculture. However, the successful positioning of pikeperch in large-scale
aquaculture requires a comprehensive understanding of its genome structure and organi-
zation, and the identification of critical genes that can be used as genetic parameters for
its optimal domestication and smart breeding.

This thesis provides the first genomic tools and resources to enhance pikeperch’s inno-
vative farming, optimal domestication, and adaption into modern intensive aquaculture
systems. These primarily include an annotated high-quality chromosome-level assembly,
a reference transcriptome, along the gene expression atlas based on multiple tissues and
individuals. The about 900 Mb genome assembly with 24 chromosomes was generated
combining second and third-generation high-throughput sequencing methods, high-density
SNP-based genetic linkage maps, and by integrating different bioinformatics approaches. In
addition, the transcriptomics data were used to refine and improve the annotation of the
predicted ˜24,000 protein-coding genes, and to analyze the expression and evolution of
crucial stress and development genes associated with fish performance and welfare. In a
subsequent application of these genomics tools, the pikeperch genome was utilized as a
reference for comparative genomics analyses among Percidae species, including positive
selection, gene duplication, and phylogenetic analyses. Finally, population genetics anal-
yses in a cohort of domesticated individuals were performed to establish the landscape of
genetic variations of pikeperch including structural variants (SVs), short tandem repeats
(STRs) and single-nucleotide polymorphism (SNP).

The reported genomic tools and resources provide groundbreaking data for genomic-based
breeding studies targeting phenotypic and production traits in pikeperch aquaculture. Both
genomic and transcriptomic data are valuable resources to investigate molecular hallmarks
for phenotypic characteristics of this species. Moreover, these findings lay the foundation
for addressing critical issues in genomics-informed pikeperch farming.
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Zusammenfassung

Computergestützte Genomik entwickelt und nutzt genomische Werkzeuge und Ressourcen,
um grundlegende Fragen zu beantworten, z. B. in der biomedizinischen, Nutztier- oder
Aquakulturforschung. Die Aquakultur-Genomik befasst sich beispielsweise mit entschei-
denden Fragen wie Markergestützte Selektion, Entwicklung artspezifischer Zuchtprogramme
und Bestandsmanagement, um eine effiziente und nachhaltige Produktion zu gewährleisten.
In den letzten Jahren wurden Genom-und Transkriptomsequenzierung, Assemblierung und
Annotation sowie Genotypisierung genetischer Varianten aufgrund deutlicher Verbesserun-
gen der Rechenmethoden und der aufkommenden Sequenzierungstechnologie der nächsten
Generation erheblich verbessert. Zander (Sander lucioperca) ist ein Süßwasserfisch, der
ursprünglich die nördliche eurasische Hemisphäre bewohnt. Es hat in letzter Zeit eine
hohe kommerzielle Bedeutung erlangt und entwickelt sich als vielversprechender Kandi-
dat für die Diversifizierung der Binnenland-Aquakultur in Europa. Die erfolgreiche Posi-
tionierung des Zanders in einer wirtschaftlich ertragreichen Aquakultur erfordert jedoch
das umfassende Verständnis seiner Genomstruktur und -organisation sowie grundlegende
Erkentnisse über kritische Gene, die als genetische Parameters für seine optimale Do-
mestikation und Züchtung genutzt werden können. Doch diese wichtigen Erkenntnisse
und grundlegenden genomischen Daten sind bisher für diese Fischart trotz ihrer hohen
kommerziellen Relevanz nicht verfügbar.

Diese Arbeit liefert die ersten genomischen Werkzeuge und Ressourcen, um die innova-
tive Zucht des Zanders, seine optimale Domestikation und Anpassung an moderne inten-
sive Aquakultursysteme zu untersuchen. Dazu gehören in erster Linie eine hochwertige
Assemblierung seines Genoms auf Chromosomenebene, ein Referenztranskriptom sowie
ein Genexpressionsatlas, der auf mehreren Geweben und Individuen basiert. Das etwa
900 Mb große Genom mit insgesamt 24 Chromosomen wurde durch Kombination von
Hochdurchsatz-Sequenzierungsmethoden der zweiten und dritten Generation, hochdichten
SNP-basierten genetischen Kopplungskarten und verschiedenen bioinformatischen Meth-
oden und Ansätzen generiert. Die Expression und Evolution von entscheidenden Stress-
und Entwicklungsgenen, die mit der Leistungsfähigkeit und dem Wohlergehen von Fischen
in verbunden sind, wurden ermilttelt. In einer nachfolgenden Anwendung dieser genomis-
chen Werkzeuge wurde das Zandergenom als Referenz für vergleichende Genomanalysen
in Barschartigen verwendet, um positive Selektion, Genduplikation und phylogenetische
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Orthologie-Inferenz zu bestimmen. Schließlich wurden populationsgenetische Analysen
in einer Kohorte domestizierter Individuen (N=394) durchgeführt, um eine Landkarte
genetischer Variationen beim Zander zu erstellen, einschließlich struktureller Variationen
(SVs), Short Tandem Repeats (STRs) und Single-Nukleotid-Polymorphismen (SNP).

Die hier vorgestellten genomischen Werkzeuge und Ressourcen liefern erste grundlegende
Daten und Ansatzpunkte für genombasierte Züchtungsstudien, die auf phänotypische und
leistungsbezogene Merkmale in der Zanderaquakultur abzielen. Beide Referenzgenom-
und Transkriptomsequenzen bieten wertvolle Ressourcen, um molekulare Kennzeichen für
wichtige phänotypische Eigenschaften dieser Spezies zu untersuchen. Außerdem sind diese
Ergebnisse hilfreich, um kritische Probleme in der genombasierten Aquakultur von Zan-
der anzugehen sowie die Effizienz der Marker-basierten Selektion, Krankheitsresistenz und
andere kommerzielle Merkmale zu erforschen und zu verbessern.
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1. General Introduction

A genome is the complete set of nucleotides (i.e., A, C, G, and T), the build-
ing blocks that make up all chromosomes of an organism or species. Genomics
aims to characterize and analyze the structure and function of entire genomes
employing computational and statistical approaches commonly termed bioinfor-
matics. Nowadays, sequencing the complete genome of any organism is made
possible through substantial progress in sequencing technology and bioinformat-
ics. Here, I will introduce the general context of this thesis, highlight its sig-
nificance, and outline a few significant developments in the field of genome
sequencing and assembly for enhancing aquaculture research.

1.1. Background and Motivation
Genome sequencing and analysis technologies are developed to study genomes’ struc-
ture, expression, and function to bring humans medical, economic, or nutritional ben-
efits. Deciphering the genome sequence of an organism produces large amounts of ge-
nomic data. Bioinformatic methods are essential to mine, analyze, and transform these
big genomic data into meaningful and usable insights for different applied life science
branches. The modern genomics and bioinformatics era started in the early 2000s with
the initial release of the first human draft genome sequence by the Human Genome Project
(HGP) Consortium [1]. Since then, life science research has witnessed tremendous develop-
ments in deoxyribonucleic acid (DNA) high-throughput sequencing (HTS) and assembly
algorithms. These developments have substantially contributed over the years to more
affordable sequencing costs per megabase (Mb) and the emergence of more accurate and
efficient assembly algorithms and computational approaches (Figure 1.1). For example,
long reads sequencing (i.e., third-generation sequencing) has dramatically changed the
way genomes are sequenced and assembled today [2, 3], by tackling major shortcomings
and drawbacks of short reads technology [4]. Technological advances and rapidly decreas-
ing sequencing costs have enhanced genome research in all taxa, including aquaculture
and fishery species.
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1. General Introduction

A decade ago, the daunting tasks of whole-genome sequencing and assembly of vertebrate
genomes were conducted mainly by consortiums and required hundreds of thousands of
dollars and several years to complete. Today, sequencing and assembling a midsize verte-
brate genome (e.g., fish ) can be achieved in the scope of a regular Ph.D. project with no
more than a five-digit budget. Like biomedical science, agriculture, or livestock genomics,
aquaculture genomics is also leveraged with these advancements. Hence, the advanced
genome sequencing technologies and assembly algorithms offer an unprecedented oppor-
tunity to decipher and characterize the genome of any economically relevant fish species
at affordable costs and in a reasonable time.

Although the first teleost fish genome, Fugu (Takifugu rupriens) [5], was sequenced in
2002, the first chromosome-scale assembly of an aquaculture species leveraging HTS tech-
nology was only achieved in late 2011 with the publication of the complete genome se-
quence of Atlantic cod (Gadus morhua) [6]. The amount of published chromosome-scale
fish genomes deposited in public data repositories has experienced a sharp growth from
only five genomes in 2011 to a total of 307 as of the time of this writing∗ (Figure 1.1A).
Among these high-quality fish genome assemblies, farmed species alone account for nearly
88% (N=270), attesting to the ongoing breakthrough in aquaculture genomics.

Aquaculture’s efficient production and profitability basically depend upon harnessing species-
specific genomic resources [7]. The majority of published genomes of farmed fish are at
chromosome levels with comprehensive annotation of genes and functional pathways, that
have practical relevance to aquaculture production. It could be the basic understand-
ing of the genetic makeup, evolutionary life history, performance and production traits,
or thorough analysis of genetic variations associated with environmental factors. Hence,
the insights gained from computational genomics are susceptible to improve production
efficiency, sustainability, and to ensure food security. Some of the most important applica-
tions of computational genomics in diverse aquaculture species include the identification
of SNPs and small insertion-deletions (Indels) in linkage disequilibrium (LD) with genetic
loci associated with skin color, body mass, cold tolerance, and growth rate in common carp
(Cyprinus carpio) [8, 9, 10]. In addition, harnessing genomic resources has allowed to iden-
tify genetic markers linked with adaptation to salinity in European seabass (Dicentrarchus
labrax) [10, 11], to predict sex-related genes for marker-assisted selective breeding in the
flatfish turbot (Scophthalmus maximus)[12], and to elucidate disease resistance traits in
salmonid species [13, 14, 15, 16]. As last illustration, sequencing and analyzing the grass
carp (Ctenopharyngodon idella) genome and transcriptome provided valuable support to
discover the genes responsible for the vegetarian adaptation and other commercial traits
in that herbivorous fish [17].

∗NCBI Genomes, 30th July 2021.
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1. General Introduction

A
B

Figure 1.1.: Trend of sequencing costs and number of omics related publications. (A),
depicts the dramatic decrease of sequencing costs per Mb DNA sequence and the sharp growth of
published high-quality fish genomes assembly since 2002. Sequencing cost data were obtained from
National Institute of Health [18]. (B), Cumulative number of PubMed Central (PMC) referenced
publications since 2001 reporting omics studies in exemplary aquaculture fish species compared to
pikeperch.

Pikeperch (Sander lucioperca L., 1758, taxonomy-ID: 283035), a member of the Percidae
family, is a fresh and brackish water piscivorous fish species, that has recently gained
high commercial and ecological significance in Europe. The international consortium con-
ducting the research project DIVERSIFY† has recently identified pikeperch as one of the
six species with the highest potential for inland aquaculture diversification in Europe
[19, 20, 21]. Further European projects such as LUCIOPERCA and LUCIOPERCIM-
PROVE have demonstrated the bioeconomic potential of pikeperch intensive rearing in re-
circulating aquaculture systems (RAS), which are modern and ecologically viable alterna-
tives to ponds [22, 23, 24]. Thanks to its flesh quality, which features low fat content (1-2%),
highly assimilable proteins, and delicate flavour without small intramuscular bones [24],
the aquaculture industry is facing a growing demand of this highly valued perch-like fish
(13€/kg on average, FAO European Price Report 2021) in the international markets. Its
relatively rapid growth, the resilience to disease and handling stress in captive environ-
ments also make pikeperch an attractive candidate for large-scale aquaculture[25, 26]. In
the decade 2007–2017, the global capture production of pikeperch increased from 17,891 to
20,481 tonnes, while the global inland aquaculture production doubled in the same time,
from 627 to 1418 tons [27], attesting the growing demand for this species.

However, despite this growing commercial significance, a number of production issues re-
main unresolved—what still hampers an efficient and sustainable production of pikeperch.
These include cannibalism, low larval survival, high incidence of deformities, impaired
and heterogeneous growth [28, 29, 30, 31]. In addition, we have currently no understand-
ing on the genetic variability and markers as a framework to study performance, welfare

†European project aiming to explore the biological and socio-economic potential of new/emerging
candidate fish species for the expansion of the European aquaculture industry.
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1. General Introduction

and production traits in pikeperch. Moreover, the lack of a reference genome and tran-
scriptome sequences as fundamental resources for genetic studies have been hindering our
better understanding of the genomic structure, and organization of this obligate piscivore
species, as well as the investigation of key genetic features at the basis of its adaptation
to environmental factors including stressors and pathogens. As a candidate aquaculture
species, it is essential to have genomic tools available to map complex traits such as body
mass, hypoxia and stress tolerance, sexual maturation time, fitness, viability, and fecun-
dity of the fish, among many others. Furthermore, indispensable tools for any farmed
species, including SNPs chips and sex-determination markers for selective breeding are
completely unavailable for this species. Customized use of genomic tools can be applied
at each stage of the domestication and selective breeding process to inform about opti-
mal hatchery parameters [32]. Addressing these gaps and unmet needs is still a pressing
research question.

Although international efforts have been initiated in recent years to develop initial genomic
resources for pikeperch [25, 26, 33, 34, 35], the scientific literature on multi-omics studies on
this species is still sparse. There are only six publications (N=6 abstracts and full articles)
reporting multi-omics (i.e., genomics, proteomics, metabolomics) studiess in pikeperch,
as recorded by PubMed Central (PMC), July 13, 2021– which is negligible compared to
successful aquaculture species such as rainbow trout (N=366), Atlantic salmon (N=387),
or crucian carp (N=30) (Figure 1.1B).

Taken all together, valuable genomic tools and resources are needed to enhance studies
that will contribute to the successful positioning of pikeperch in the aquarfarming sector.
Whole genome and transcriptome sequencing, assembly, and annotation of pikeperch will
provide important clues for stable and optimal rearing conditions, smart management of
broodstocks, and genome-based customized breeding programs.

1.2. Pikeperch Biology
The Percidae family is a diverse and economically important group of mostly freshwater
fishes that comprises 11 genera and about 275 identified species [21]. Some of these species
are valuable candidates for inland aquaculture, while other play important role in recre-
ational fishery. The native range of Sander lucioperca essentially spans streams and seas
of mainland Europe including the Caspian, Black, Aral and Baltic Sea drainages (Kaza-
khstan, Azerbajan, Hungary, Czechia, Germany, Finnland), where they inhabit brackish
waters. Meanwhile, pikeperch has been anthropogenically introduced into most regions in
Europe, Northern America, Asia [36, 37], and in few Maghreb countries, making it the Per-
cid species with the largest geographic expanse [38] (Figure 1.3). Although pikeperch are
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1. General Introduction

characterized as cool to warm water fish species, their high level of phenotypic plasticity
enable them to adapt to different environmental conditions throughout their geographi-
cal ranges [21]. Actually, Percidae are temperate mesotherms, that is, they are capable
to tolerate a large range of temperature distribution [39]. This makes them highly plas-
tic species able to thrive in environments ranging from small streams to large lakes and
bays. As such, the mechanisms controlling important traits including growth, reproduc-
tion, recruitment, and mortality likely vary both spatially and temporally across different
species, populations, and environments [21].

  

Figure 1.2.: The pikeperch (S. lucioperca) also known as zander. © Fotolia/Adobe Stock.

The size of the pikeperch haploid genome was estimated to 1.14 pg (i.e., 1114 Mb) uti-
lizing cytometric methods [40]. A diploid number of 48 (2n=48) chromosomes was re-
ported for this species [41, 42]. Previous studies have also reported a XY/XX heteroga-
metic sex chromosome system in the Percidae fish family [43]. Genetic analyses based
on microsatelites markers have indicated low levels of genetic diversity, and high rates
of heterozygosity and inbreeding in domesticated broodstocks and natural populations of
pikeperch [44, 45]. These findings are of concern towards the future establishment of op-
timal genetic breeding programs for sustainable domestication of pikeperch, because high
inbreeding can negatively impact the growth rate and other production traits [46, 47]. Be-
sides, intra-cohort cannibalism in all life stages [48] is one of the major issues while rearing
pikeperch. Population genetic studies could shed light on the molecular markers associated
with juvenile cannibalism and predation avoidance. However, essential genomics tools and
resources including reference transcriptome or genome sequences to conduct genome-wide
association studies (GWAS), and understand the mechanisms underlying these traits are
currently lacking.
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16

Geographic range of pikeperch

Introduced

Native

Figure 1.3.: Geographic range of pikeperch (Sander luicioperca). Pikeperch is native
to continental Europe including Germany, Finland, Poland, Serbia, Hungary, Letvia, Kazakhstan,
Iran, Norway, Finland, Azerbaijan, etc. (blue countries). Currently, pikeperch has anthropogeni-
cally been introduced into many regions/countries around the world such as China, Turkey, Algeria,
Morocco, Tunisia, USA, Bulgaria, Croatia, Cyprus, Sweden, Afghanistan, Denmark, France, Italy,
The Netherlands, Portugal, Slovenia, Spain, the United Kingdom, Russia, Belgium the USA, etc.
(red countries). Extensive data on the geographical expanse of pikeperch are available in this online
reference: https://www.cabi.org/isc/datasheet/65338

1.3. Objectives and Significance of this Thesis

Objectives

The overall aim of this Ph.D. research project is to develop state-of-the-art genomic re-
sources and provide genetic tools as a starting point towards understating systems biol-
ogy, evolutionary life history, and adaptive diversity of the emerging aquaculture species
pikeperch. Specifically, the research objectives are at:

i Building high-quality annotated reference genome and transriptome assemblies, to
serve as a backbone resource for future genetic and genomics studies in pikeperch;

ii Utilizing the built genome and transcriptome to establish a genome-wide catalog of
gene expression and co-expression atlas, and to capture global expression and recent
positive selection patterns in pikeperch;

iii Identifying and quantifying genomic diversity and variability of captive pikeperch
broodstocks in experimental RAS, to allow precise and targeted selection to improve
aquaculture performance;

iv Conducting whole genome comparative analyses with related percids species to identify
core genomic elements that cast light on their phylogentic and evolutionary history;
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1. General Introduction

v Establishing a catalog of putative genome-wide candidate markers associated with key
biological and commercial traits in pikeperch, in order to help decision how future
genetic breeding programs should be established for sustainable and optimal domesti-
cation.

To that end, I leveraged different HTS technologies to deeply sequence the pikeperch
genome and transcriptome. For de novo assembly and subsequent computational genomics
analyses, I setup and deployed analysis pipelines by creatively combining several command
line bioinfomatics tools/softwares and workflows with minimal customization, as well as by
using high-performance computing and scripting in R and Python programming languages.
To ensure the reproducibility of the data outputs, the analysis pipelines and workflows
I have deployed have been documented and containerized in reproducible environments
including Conda, Singularity or Nextflow.

Significance

Developing species-specific genomic resources (e.g., high-quality genome and transcriptome
assemblies) is a quantitative and qualitative foundation for future indept and targeted
genome research. Therefore, the resources produced in this work aim to build a frame-
work for aquaculturists to enhance their production through SMART Breeding (Selection
with Markers and Advanced Reproductive Technologies). Moreover, the data and tools
generated in the scope of this thesis along with the insights gained will serve as fundamen-
tal resources to a broader community of genome scientists enabling the investigation of
causal links between genome and phenome, and to understand the genomic architecture of
bioeconomical traits, thereby significantly enhancing the species-specific breeding and pro-
duction systems of pikeperch. Following the FAIR principles (Findability; Accessibility;
Interoperability and Reusability), whole genomic data including genome and transcrip-
tome sequences, gene expression and genotyping data have been structured and deposited
in public omics-data repositories for immediate use by the scientific community. Finally,
and maybe most impactful, this thesis is a modest contribution to the Fish10K project
[49], a large-scale genome sequencing effort aiming to sample, sequence, assemble, and
analyze genomes of 10,000 representative fish species within 10 years, till 2030.

1.4. Outline of the Dissertation
This dissertation is structured into five separate, though built on one another parts.
Namely, theoretical background on methods deployed in this thesis (1); whole genome se-
quencing and analysis (2); Multitissues transcriptome assembly and analysis (3); population-
wide genotyping of genetic variations (4), and comparative phylogenomics analyses (5).
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1. General Introduction

Part I provides readers detailed background of existing state-of-the-art methods and
approaches to genomes sequencing, assembly, annotation and analysis.

Part II comprehensively presents the newly assembled pikeperch genome, including func-
tional and structural annotation. Here, I additionally quantified further genomic features
such as repetitive elements, noncoding RNA (ncRNA), and recent genome duplication
events.

In Part III, I performed data integration of the newly built genome with multitissue bulk
RNA-Seq to generate a reference transcriptome and gene expression atlas of pikeperch.
Moreover, I used these transcriptomic data to perform tissue-specific expression and co-
expression analysis.

In Part IV, I investigated genetic variations in a sample of farmed pikeperch population.
In particular, diffident types of genetic variants are genotyped and annotated at genome-
scale and population-level.

In Part V, I interrogated the evolutionary history of pikeperch genome with a series of
comparative phylogenetics analyses.
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Introduction
The genome is like an information storage medium. It harbors and encodes the func-
tions of all observable physical or physiological traits (phenome) of an organism. The
genome contains structural and functional information, which is transferred and expressed
in phenotypic traits through complex biological processes (Figure 1.4). Two of these pro-
cesses are transcription and translation, by which segments of DNA are written into other
biomolecules such as RNA and proteins, respectively. Proteins can further get involved in
metabolic processes with other biological molecules.

However, the genetic information stored in DNA is essentially abstract and encoded by
four organic compounds (nucleotides) including adenine (A), cytosine (C), guanine (G),
and thymine (T). Genome sequencing and assembly aim to reliably read, decipher, and
mine this abstract information using molecular genetics and diverse biological technolo-
gies. Shotgun sequencing is a molecular genetics technique for reading the DNA sequence
of an organism’s genome. This method involves breaking up the genome randomly into
libraries of smaller pieces that are individually sequenced (i.e., read sequentially) to ob-
tain sequencing reads. A computer program called assembler looks for overlaps between
these reads and places them in the correct order and orientation to reconstitute the initial
genome. The raw assembly, i.e., the sequence of nucleotides alone, is meaningless. There-
fore, the subsequent step is to annotate the assembled genome, to mine its structural and
functional features of scientific relevance.

Phenotype
(Function)

Genotype
(Information)

Assignment

DNA RNA Protein Other biomolecules

Eukaryotes 
organisms

Transcription Translation Metabolism

Metabolism

Figure 1.4.: The flow of genetic information. The information preserved in DNA flows into
RNA via transcription and ultimately to proteins via translation. Processes like reverse transcrip-
tion and replication also represent mechanisms for propagating genetic information in different
forms in eukaryote organisms. Proteins are the functional units of the genome involed in enzy-
matic reactions and processes with other proteins and biomolecules. Proteins are also involed in
metabolic processes with other molecules in the cells.
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This section (Part I) will provide a comprehensive introduction to fundamental concepts
and experimental approaches in the generation, integration, analysis, and interpretation
of experimental genomics data. It will be covering the fundamental concepts of genome
sequencing and analysis as well as computational and statistical methods used in this
thesis. A diverse range of genomics and bioinformatics concepts, including modern DNA
sequencing technologies, genome assembly, computational genome annotation, and analy-
sis, as well as data validation and dissemination, will be explored. Readers who are more
or less familiar with genomics and bioinformatics will gain a basic technical and theoretical
understanding of the main methods and approaches used in the different experiments and
analyses throughout this thesis.
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2. Massively Parallel DNA Sequencing
Next-generation sequencing (NGS) is a generic term referring to different massively parallel
genome sequencing technologies offering ultra-high throughput, higher scalability, yield,
and speed, compared to the traditional dideoxynucleotide sequencing technologies based
on the Sanger chain termination method. NGS includes two major paradigms: short-read
sequencing and long-read sequencing. Short read NGS approaches are highly accurate
(error rate < 0.05%) [50, 51], cost-effective, and are well suited for applications such
as high-resolution population-level genotyping and discovery of SNPs and short indels
associated with quantitative or commercial traits.

Read length (kb)0 50 100

Ac
cu
ra
cy

80%

100%SHORT 
READS

Length: <0.8 kb
Accuracy: 99.99%

CCS 
READS

Length: 10‐20 kb
Accuracy: 99.8%

CLR 
READS

Length:  50 kb
Accuracy: 90%

ONT 
READS

Length: 100 kb
Accuracy: 85%

LO
N
G
 R
EA

D
S 
N
G
S

SH
O
RT

 R
EA

D
S 
N
G
S

Figure 2.1.: NGS reads length and accuracy. The reads length and accuracy of the two
main NGS technologies are shown here. Short reads NGS such as from Illumina usually do not
exceed 800 bp and yield an average base-level accuracy of 99.99%. Long reads NGS include circular
consensus sequence (CCS) also known as HiFi reads, and circular long reads (CLR), both from
Pacific Bioscience. Oxford nanopore technology (ONT) reads are much longer, but also with higher
average error rate.

In genome assembly, highly accurate short reads (SRs) are harnessed to correct erroneous
long reads (LRs), assist scaffolding, and polish assemblies. However, due to their short
length, they are unable to resolve long eukaryotic repeats and segmental duplications
(SDs). De novo genome assembly with SRs leads to highly fragmented assemblies with a
substantial amount of short contigs. Hence, SRs alone are not adequate to produce high-
quality assemblies of complex eukaryotes’ genome. By contrast, although less accurate,
long read assembly produces much longer contigs that span most of the problematic regions
of the genome. The average error rate of LRs ranges from 1% (e.g., HiFi reads) to 15%
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(e.g., ONT reads), depending on the sequencing platform and chemistry used (Figure 2.1).
Though, they have been excellent for applications such as de novo assembly and genome
finishing, full-length RNA-Seq, and identification of structural variants (SVs) and complex
genomic rearrangements. Today, LRs sequencing is the technology of choice in genome
assembly projects of eukaryote organisms and many other animal genomics applications.

2.1. Short Reads NGS Technology
Illumina is currently the leading short read sequencing platform. The Illumina platform
uses sequencing by synthesis (SBS) in a workflow described as following (Figure 2.2):

1. Since entire DNA cannot be read at once, the first step is to break up the DNA
into more manageable fragments of around 300 to 800 bp, called inserts. Adapter
sequences (short artificial DNA sequence) are then attached to these DNA fragments
to prepare sequencing libraries.

2. Libraries are loaded into the a flow cell and fragments are hybridized to the flow
cell surface. Each bound fragment is amplified into clonal cluster through bridge
amplification.

3. DNA polymerase, connector primers and four dNTPs labelled with base-specific
fluorescent dyes are added to the reaction system. The 3’-OH of these dNTPs are
protected by chemical methods, which ensures that only one base will be added at a
time during the sequencing process. The flow cell is imaged and the emission of each
cluster is recorded. The incorporated base (A, T, C or G) is uniquely and precisely
identified by its emission wavelength and intensity. The cycles are repeated k times
or theoretically, until the polymerase lifetime, to create reads of length k bases.

The library inserts can be sequenced either from both ends (3’-end and 5’-end) or from
solely one end—resulting in paired-end (PE) and single-end (SE) reads, respectively. PE
sequencing generate high-quality and mappable reads that enable the detection of repeats,
genomic rearrangements, as well as gene fusions and novel transcripts.

Depending on the library preparation protocol, we distinguish between two kinds of PE-
reads: short-insert paired-end reads (SIPERs) and long-insert paired-end reads (LIPERs). The
latter one is also known as mate-pair (MP) reads. The substantial difference between the
two variants is the insert length. SIPERs are 200-800 bp long, while LIPERs can be longer
up to 10 kbp. Besides Illumina, other cutting-edge short-reads sequencing technologies
such as linked-reads sequencing are commercialized by 10x Genomics.
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2

A B C

Figure 2.2.: Illumina DNA sequencing workflow. Illumina NGS includes three main steps:
Library preparation (A), cluster generation (B), and sequencing by synthesis (C). Adapted and
minimally edited from Illumina technical handbook: https://www.illumina.com/content/dam/
illumina-marketing/documents/products/illumina_sequencing_introduction.pdf

2.2. Long Reads NGS Technology
There are currently two competing technologies that dominate the long-read sequencing
space, namely nanopore sequencing commercialized by Oxford Nanopore Technologies
[52], and single-molecule real-time sequencing (SMRT) by PacBio [2]. Also termed third-
generation sequencing, both technologies offer real-time, long-read, direct, and large-scale
sequencing of DNA or RNA.

Nanopore Sequencing

ONT allows nucleic acids to be sequenced without PCR amplification or chemical labeling
of the sample. A nanopore is simply a nanometer-size hole found on specific transmembrane
cellular proteins. The sequencing principle relies on detecting electrical current changes
induced by the passing DNA stand (one base at a time or in a stretch of k bases) through
the nanopore channel immersed in a conducting fluid with voltage applied on it. Each
passing nucleotide induces a specific shift in the current value. The resulting signal is then
decoded to infer the specific DNA or RNA sequenced read. With ONT sequencing, there is
no limit to read length since a single molecule can (theoretically) be sequenced end-to-end,
achieving ultra-long reads that can reach a length of hundreds of kilobases. The longest
read recorded so far was over four Mb.

A major limitation of nanopore sequencing is its high base calling error rate, which, despite
recent improvements to nanopore chemistry and base caller tools, still ranges between 5%
and 15% [53]. The most recurrent errors are homopolymers, recording the same signal for
different nucleotides in a row. However, this limitation can be mitigated through error
correction with highly accurate SRs from Illumina.
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PacBio Sequencing

In contrast to its counterpart (ONT), PacBio SMRT sequencing requires a library prepara-
tion step including DNA fragmentation and size selection to the optimal length determined
by the sequencing protocol and the ligation of specific adapters to fragments of the DNA be
to sequenced. The circularized DNA templates to be sequenced are immobilized in a zero-
mode waveguide on a sequencing device. Next, four nucleotides are added, each labeled
with a different fluorescent dye. When the DNA polymerase incorporates a specific nu-
cleotide, the emitted light signal is measured in real-time, the corresponding base is called,
and the fluorophore is cleaved off. This process can be repeated until the polymerase dies
and breaks the read. Most SMRT reads obtained from newer PacBio sequencing platforms
such as Sequel II are larger than 10 kb, while some reads surpass 100 kb.

Here also, high base calling error rate used to be a notorious limitation. However, an
improved sequencing protocol, HiFi sequencing, has recently been released [54]. HiFi se-
quencing has dramatically improved the average read quality to > 99.99% (Q40; 1 error
in 10 kb) by leveraging that sequencing errors tend to be random. Therefore, if the same
region is sequenced several times, the resulting consensus accuracy of the circular consen-
sus sequence is optimized. Hence, HiFi protocol enables us to get the benefits of short
reads and traditional long reads in one easy-to-use technology, making it to the new gold
standard for reference-quality de novo assembly.
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Genome assembling problem is usually illustrated as solving a large jigsaw
puzzle with million of pieces. Hence, assembling sequence reads to the initial
genome is similar to assembling millions of puzzle pieces into the reference
picture. Here, some pieces might be dirty or missing (e.g., sequencing bias or
errors), other might be ambiguous and highly similar (e.g., repetitive sequences
in the genome). Thus, the assembly complexity increases with the number of
reads, the genome size and the repeat content. One can build an assembly using
a backbone sequence as reference by read alignments. This approach is termed
reference-guided or comparative assembly. De novo assembly refers to building
a genome from ’scratch’, with no a priori knowledge of the correct sequence or
order of the genomic fragments (reads).

3.1. Definitions and Notations
Let ∑ = {A,C,G, T} the DNA alphabet, and R = {r1, r2, ..., rm} the set of m strings
(e.g reads) obtained by sequencing the target genome S of length |S| = g. If S = uvw for
possibly empty sequences u, v, w ∈ ∑∗, we call u a prefix, v a substring (subsequence),
and w a suffix of S. A super-sequence (superstring) is a large sequence containing every
sequence of a string set as substrings, e.g., S is a superstring of all reads in R. A k-mer
of the read ri is a substring of length k, k < |ri|. More generally, a sequence of length L

will have (L − k + 1) k-mers, and nk total possible k-mers, where n = |∑ | (e.g., four in
the case of DNA alphabet).

A contig is a contiguous (gap-free) sequence assembled from a set of overlapping reads.
Assembly scaffolds are obtained by chaining contigs together utilizing additional informa-
tion about the relative position and orientation of the contigs in the genome. Gaps of
variable number of ‘N’ letters are introduced between contigs in the scaffolds during a
computational process called scaffolding.
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A de Bruijn graph (DBG) of order k built on a set of reads R is a directed graph DGk

representing the overlaps between reads in R. Depending on the way of expressing the
nodes and edges, DBGs are classified into two types: Hamiltonian and Eulerian DBGs

[55]. In the former type, the k-mers are nodes and edges are pairwise overlaps between
consecutive reads in R, whereas in the latter, edges represent k-mers and nodes are (k-
1)-mers [56] (Figure 3.1). An overlap graph (OG), on the other hand, is a directed graph
where each sequence is a node and the overlap between suffix of ri and prefix of ri+1

(consecutive reads) are edges joining the two nodes (reads) involved. OGs differ from
Hamiltonian DBG in that nodes are reads (strings) in OGs, whereas they are k-mers in
Hamiltonian DBGs.

Figure 3.1.: The two types of de Bruijn graphs. A genomic read split in 4-mers (A). Eu-
leurian de Bruijn graph, where the k-mers (substrings) are the egdes (B), whereas they are nodes
in Hamiltonian de Bruijn grpahs (C). Reprinted from Sohn and Nam (2016) [57]. © Jang-il Sohn

3.2. De novo Assembly Problem
In the strict theoretical perspective, the de novo assembly problem is stated as follows:
Given a set of strings (reads) r ∈ R, find a minimum length string S ∈

∑∗ such that
every r ∈ R is a substring of S. The de novo assembly problem is a shortest common
superstring problem (SCS), which is a combinatorial optimization problem known to be
NP-complete [58]. The SCS problem ultimately aims to find the shortest possible string
that contains every string in a given set as substrings. Exact solutions are intractable, but
most assemblers implement approximation algorithms. For the case of Hamiltonian DBGs
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and OGs, solving the SCS problem is to find a Hamiltonian path, that is, a walk in the
directed graph that visits each vertex exactly once. For Eulerian DBG, the SCS problem is
reduced to finding an Eulerian path in the directed graph, a trail that visits every edge of
the graph exactly once. The complexity scales polynomial with the number of vertices. The
SCS assumes no errors and known orientation of the reads. Moreover, if entire reads do
not span long repeats, then the target common superstring (genome) will not be the
shortest possible, i.e., the assembly algorithm will not produce the correct result. However,
real-world assemblers give up on unresolvable repeats and use a tractable algorithm to
assemble the resolvable portions of the genome. That is why real-world assemblies are
usually fragmented, consisting of hundreds to thousands of contigs.

3.3. Bioinformatic Approaches in Genome Assembly
There are two computational strategies for genome assembly, which depend on the type
of input reads: De Bruijn graph (1) and overlap-layout-consensus (OLC) approaches [56,
59]. Since DBGs are particularly sensitive to sequencing errors, highly accurate SRs are
well suited for algorithmic solutions finding Eulerian trails. On the other hand, LRs, which
are more prone to errors, are well adapted for the OLC approach (finding Hamiltonian
trails). OLC approaches leverage the fact that OGs can tolerate a moderate amount
of errors (mismatches and indels) in the overlap alignment, in contrast to DBGs which
usually require exact matches in the overlaps (Figure 3.2).

De Bruijn Graph (DBG) Assemblers

DBG-based genome assemblers are widely applied to SRs. A whole panel of short-read
assembly softwares have been developed for small eukaryote and bacterial genomes as well
as for metagenome assembly. Notable examples include SPAdes, DISCOVAR, Megahit,
SOAPdenovo2, and Platanus. The conceptual approach of all these DBG assemblers is to
first build a k-mer set from genomic reads. Second, for a given k-mer, construct its prefix
and suffix, and connect two k-mers (nodes) with an directed edge, if they completely
overlap except for one nucleotide at each end. Finally, look for an Hamiltonian path
that represents the candidate genome. This path will have minimal length (minimality
requirement for the superstring) because per definition, a Hamiltonian trail travels each
k-mer (node) exactly once. DBG approach does not require all vs. all overlaps alignment,
and consequently, does not need to store the reads and their overlaps in the memory, which
makes assembly of small genomes very efficient. However, for larger genomes, massive
amount of memory resources might be necessary to contain all k-mers and their DBG.
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Overlap-Layout-Consensus (OLC) Assemblers

OLC assembly tools leverage the length of LRs to build genomes de novo. Some popular
OLC assemblers include Flye [60], Hifiasm [61], Canu [62], Falcon [63], and Shasta [64].
The algorithmic approach of OLC assemblers builds on three main stages to capture the
global relationship between the input reads [65]. The first stage is to construct an OG that
captures all read connections by exhaustively computing all-vs-all overlaps (O) among the
reads. The overlaps are only taken into consideration between reads if they share the same
k-mer. Therefore, the choice of the k-mer length and the minimum overlap alignment score
are critical parameters of this step. Then, the exact layout (L) of the OG containing all
reads and overlaps is determined by simplifying the graph in that the errors are corrected
where possible, and transitively inferrable connections are pruned. Dynamic programming
(DP) is used in a computationally and memory intensive process to find the optimal overlap
alignments. Finally, the consensus sequence is inferred by tracing the Hamiltonian path
and collapsing paths until a breakpoint is reached, e.g, an unresolved repetitive region of
the genome that is longer than the read. Each collapsed path generates a contig.

In practice, both DBG and OLC assembly approaches handle ambiguities or unresolvable
repeats by essentially leaving them out. Unresolved repeats break the assembly graph into
different contigs. Hence, genome resolution will increase with the read length. Moreover,
the advantages of SRs and LRs can be combined to improve the completeness and cor-
rectness of an assembly, making it a hybrid assembly method. The hybrid sequencing and
assembly approach is the optimal strategy for obtaining high-quality data in de novo as-
sembly. The MaSuRCA assembler [66] is an example of such computational solutions that
combine the benefits of DBG and OLC assembly approaches to produce more accurate
and highly contiguous assemblies. However, it should be noted that no assembler is a silver
bullet to reconstruct high-quality genomes. A combination of different kinds of sequencing
data, assembly approaches, and iterative parameters tweaking and manual curation are
usually needed to obtain reference-quality assemblies.

3.4. Chromosome-scale Scaffolding
The raw assembly output is a large collection of fragmented contigs, hampering down-
stream analyses such as functional annotation and comparative genomics, which heav-
ily rely on assembly of high contiguity. Thus, it is crucial to anchor the contigs into
chromosome-level pseudomolecules and in the correct orientation, relative distance, and
order. Unfortunately, NGS data alone are currently unable to achieve chromosome-level
scaffolding. Additional technologies harnessing long-range chromosomal interactions are
required to achieve chromosome-scaffolding.
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A. Overlap-layout-consensus (OLC)  assembly approach B. De Bruijn graph (DBG)  assembly approach

Figure 3.2.: Simplified overview on OLC and DBG assembly approaches. Illustration of
the Overlap-Layout-Consensus assembly paradigm (A), and de Bruijn graph paradigm (B).

Incorporation of Hi-C Data
Hi-C sequencing is a high-throughput chromosome conformation capture technique to
analyze the 3D genome organization and map higher-order chromosome folding and topo-
logical associated domains [67, 68]. Hi-C quantifies all interactions between genomic loci
that are closely located in the 3-D space but may be separated by millions of base pairs
in the linear genome. Genomic segments that are spatially close along the DNA sequence
are preferentially ligated to one another. These fragments are used to prepare paired-end
libraries sequenced using NGS technology. Paired-end sequencing allows the retrieval of
sequence information from each end of ligated fragments. This long-range information is
used in assembly scaffolding to retrieve, anchor, and order contigs that originated from
the same chromosome.

Incorporation of Genetic Maps Data
A genetic map shows the relative locations of genes and other genetic markers on a linkage
group (LG), usually mapping the entire chromosome. Genetic maps build on the idea of
linkage, which suggests that the closer two genes/markers are to each other on the chro-
mosome, the greater the probability that they will be inherited together. The inheritance
patterns allow to find the relative locations of markers along the chromosome [69]. High-
density linkage maps for example, are used as a chromosomal framework to anchor de novo
assemblies, by orienting and ordering contigs/scaffolds into chromosome-scale sequences.
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3.5. Assembly Assessment and Validation, Genome Finishing
Assembly assessment and validation is a crucial step of any de novo assembly workflow
since it can inform potential users on the levels of structural and functional accuracy,
and completeness of the data, as well as on their inherent limitations. There are different
methods and metrics to validate and gauge the quality of genome assemblies, summarized
in Table 3.1. These quality metrics gauge both the completeness and contiguity of an
assembly and provide confidence in using the data for downstream analyses.

Assembly Contiguity
Assembly contiguity describes how contiguous an assembly is, using length metrics such
as contig/scaffold N50, NG50, and L50. Contig N50 is the shortest contig’s size (in bp)
that needs to be included in the assembly for covering 50% of the assembly size. At the
same time, L50 represents the number of contigs whose sum length makes 50% of the
assembly size. The NG50 metric is the same as N50 except that the statistic considers
50% of the known or estimated genome size instead of the assembly size, typically shorter
than the known genome size. The Vertebrate Genome Project (VGP) standard suggests
that high-quality genomes should have a minimum contig and scaffold N50 length of 1Mb
and 10Mb, respectively [70, 71].

Genes and Repeat Space Completeness
A highly accurate and complete assembly should span the whole known repeat and genes
space of the sequenced species or orthologs from different species in the same lineage.
BUSCO (Benchmarking Universal Single-Copy Orthologs) provides robust metrics for
quantitative and qualitative assessment of genome assembly, gene set, and transcriptome
completeness based on evolutionarily informed expectations of gene content from near-
universal single-copy orthologs [72]. LTR Assembly Index (LAI) is a standardized metric
to evaluate the assembly in repeats space completeness. A complete and structurally ac-
curate assembly should resolve must of repeats and genes (> 98%) [71].

Genome Finishing
Genome finishing is the final step in genome assembly workflows prior to submission into
public genome databases. Genome finishing is achieved by filling the remaining gaps in the
chromosomes and performing intensive manual curation to fix errors (misassembly) and
ambiguities. The final completed assembly is often referred to as ”closed” or ”finished”.
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Table 3.1.: Overview of the assessment methods and quality standards of high-quality genome
assemblies.

Quality Metrics Methods

Contiguity Contig N50 ≥ 1 Mbp
Scaffold N50 ≥ 10 Mbp Quast

Structural accuracy False duplications, Reliable blocks
Genomic reads mapping rate (>95%)

Merqury, BWA
samtools

Base accuracy QV >50, k-mer completeness MaSuRCA, Merqury

Haplotype phasing No. of phased blocks (NG50) Merqury

Gene space completeness BUSCO (> 90%)
RNA-Seq reads mappability (>95%) Merqury

Repeat space completeness LAI GenomeQC

Functional completeness Functional databases mapping(>90%)
RNA-seq reads mappability (>95%) Merqury, BLAST

Gene metrics
No. of genes models, CDS content
Average exon/intron length distribution
exons count per genes, etc.

GenomeQC, Quast

Note: In addition to these metrics, the Vertebrate Genome Project (VGP) committee proposes
additional quantitative assembly standards for reference-quality genome assemblies. These in-
clude: < 5% false duplications; > 90% kmer completeness; > 90% sequence assigned to candidate
chromosomal sequences; > 90% transcripts from the same organism mappable. QV: consensus
assembly quality value. LAI: LTR asembly index.
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4. Bioinformatic Approaches to Genome
Annotation

The raw assembly sequence is nearly meaningless without information on its structural
features and functions. Genome sequences become only meaningful and practically useful
when they are annotated with genes in particular [73]. Genome annotation is the sub-
sequent step after de novo assembly that can provide this information [74]. Annotation
is the process of identifying and describing structural and functional elements along the
genome sequence.

4.1. Structural Genome Annotation
Structural annotation of genomes refers to the process of predicting coding and noncoding
gene models and all other structural elements of the genome, such as repetitive elements,
genes, and segmental duplication events. The prediction of protein-coding genes is gener-
ally performed combining ab initio and evidence-driven computational methods.

In ab initio gene finding, the intrinsic features of the DNA sequence are scanned for
gene-specific signals. These can be the promoter and regulatory sequences, transcription
factor binding sites (TFBS), CpG islands (regions with a high frequency of CpG sites),
GC-content (region of high GC density), and k-mer statistics. To that end, different gene
finders trained to recognize and discriminate these gene-associated patterns apply complex
statistical and probabilistic models such as hidden Markov models (HMMs) or machine
learning techniques like support vector machines and neural networks. Some popular and
sound performing ab initio gene finders include Augustus, GLIMMER, GeneMark, GEN-
SCAN, and SNAP. In contrast, evidence-driven or homology-based gene prediction meth-
ods rely on external evidence provided by RNA-Seq, CDSs, or protein sequences of closely
related species to predict gene models [74]. The available well-curated protein databases
such as NCBI nonredundant protein, RefSeq, and Uniprot provide strong support for
homology-based gene prediction. In addition, transcript and protein sequences from the
same species or evolutionarily related species provide valuable evidence and pieces of in-
formation to be exploited in the structural gene annotation. When developing structural
genome annotation pipelines in practice, both intrinsic and extrinsic-based methods and
tools should be integrated with different kinds of evidence to achieve high-confident and
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reliable gene model predictions. However, errors (false predictions) propagation from ex-
trinsic evidence remains a real caveat in computational genome annotation that should be
considered when using the data.

4.2. Functional Genome Annotation
The functional annotation aims to assign putative names and biologically relevant informa-
tion to predicted structural features of the genome by homology searches. The underlying
idea is that a high degree of sequence similarity implies a high likelihood of homology,
hence a high probability of functional convergence. For instance, the observed structural
similarities between proteins suggest that these proteins perform identical or similar func-
tions. The function of genes can then be computationally inferred based on their sequence
similarity to gene sequences in public repositories, including but not limited to Uniprot,
Pfam, PANTHER, or eggNOG. Caution should be taken because sequences may be similar
by chance without strictly being homologous. Therefore, it is better to perform different
searches and merge results into a consensus annotation. Obtaining the best functional
annotation in any case will still require intensive manual curation and experimental vali-
dation through in vivo or in-vitro assays.
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5. Genomic Data Sharing, Dissemination,
and Usability

A significant challenge in whole-genome sequencing projects is to make the amount of
post-genomic datasets and resources accessible and reusable by the scientific community.
Some challenges in sharing and disseminating genomic data include the large data volume
(big omics data), the complexity of data structure, formats, nomenclature, the metadata
description, and the choice of appropriate repositories to deposit these data. Datasets and
resources, including genome and transcriptome assemblies, sequencing reads, genotyping
data, codes, and workflows generated during this thesis, have been made accessible in pub-
lic data repositories following the FAIR standards where possible. I will briefly introduce
some of these principles here and the used omics data repositories.

5.1. FAIR Genomics Data Principles and Standards
FAIR data principles are simple guidelines to ensure that researchers can find, reuse, and
interpret scientific data together with the tools and workflows that led to these data.

Making Data Findable

The produced (omics)-data and metadata should be discoverable, uniquely identifiable and
locatable by means of standardized identification mechanisms such persistent and unique
identifiers (e.g., Digital Object Identifiers) [75]. Here, community adopted naming and
conventions should be followed and version numbers of the data clearly provided.

Making Data Openly Accessible

The findabilty of omics data is ensured by making data openly available in public genomic
repositories as well as documenting the methods and softwares needed to access the data.

Making Data Interoperable

To make genomic datasets interoperable, it is essential to share them in standard file
formats and ontologies compliant with open software applications, to enable smooth data
exchange and reuse between researchers.
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Making Data Reusable

To guarantee data reuse, it is important to clarify any licences or restrictions on the data.
Moreover, data should be released with a clear and accessible data usage license, when
applicable.

5.2. Public Genomic Data Repositories
Genomic data generated in this project have been submitted in the following public omics
databases, mostly hosted and maintained by the National Center for Biotechnology Infor-
mation (NCBI):

• Sequence Read Archive (SRA) is a bioinformatics database that provides a
public repository for DNA high-throughput sequencing data, such as short reads and
long reads data. SRA stores raw reads along with associated alignment information
to enhance reproducibility and facilitate new discoveries through data analysis [76].

• NCBI reference sequences (RefSeq) is a curated non-redundant sequence database
that organizes information on genomes, including transcripts, proteins, maps, chro-
mosomes, and annotations [77].

• The Single Nucleotide Polymorphism Database (dbSNP) is public resource
for genetic variation, in particular SNPs genotyping data.

• The European Variation Archive (EVA) is an open-access database of all types
of genetic variation data from all species. EVA archives genotyping and variant data
including, but not limited to, SNPs, SVs, Indels, short tandem repeats (STRs), and
transposable elements (TE).

Most of these databases provide tools and application programming interface (API), for
fully automated and programmatic upload and retrieval of genomic (meta)data and in-
formation. How to submit, retrieve, and access omics data in these public repositories is
beyond the scope of the thesis.
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Part II.

The Pikeperch Reference Genome,
Fundamental Resource for the

Development of Customized and
Smart Breeding Programs
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The analyses and the results presented in this section of the thesis have already been
published in peer-reviewed scientific journals. Hence, Part II is substantially based on
the following published manuscripts:

• Nguinkal, J.A.; Brunner, R.M.; Verleih, M.; Rebl, A.; de Los Ŕıos-Pérez, L.;
Schäfer, N.;Hadlich, F.; Stüeken, M.; Wittenburg, D.; Goldammer, T. The First
Highly Contiguous Genome Assembly of Pikeperch (Sander lucioperca),
an Emerging Aquaculture Species in Europe. Genes (Basel) 2019,10(9):708.

Contribution: I designed and performed the bioinformtics analyses including pipelines
development, data visualization and validation. I additionally wrote the manuscript.

• De Los Ŕıos-Pérez, L.; Nguinkal, J.A.; Verleih, M.; Rebl, A.; Brunner, R.M.;
Klosa, J.; Schäfer, N.; Stüeken, M.; Goldammer, T.; Wittenburg, D. An ultra-high
density SNP-based linkage map for enhancing the pikeperch (Sander lu-
cioperca) genome assembly to chromosome-scale. Sci Rep 2020, 10(1):22335.

Contribution: I performed the bioinformtics analyses, visualization and valida-
tion. I contributed substantially in writing parts (sections) of the manuscript.
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6. Introduction
Dedicated breeding programs have substantially optimized rearing conditions and en-
hanced the productivity of a multitude of aquaculture species [78, 79, 80, 81, 82], showing
that, smart and tailored breeding programs are crucial to support further growth of the
sustainable aquaculture sector. The development of species-specific breeding programs in
aquafarming is based on economic goals of the industry and relies on the comprehen-
sive understanding of the genomic architecture of commercial traits, and the elucidation
of genetically informed breeding parameters [83]. As a promising European aquaculture
species, the elucidation of the pikeperch genome along with its genes and other functional
features should provide an essential resource and fundamental meta(data) towards the
development of customized, smart breeding approaches.

This chapter reports the first nearly complete high-quality reference genome sequence
of pikeperch along with a comprehensive annotation and analysis of its functional fea-
tures. This first ever developed genomic resource for pikeperch should pave the way for
the investigation of genotypes associated with key production traits, analysing family
and population structures of domesticated animals, as well as to aid the identification of
genetic-informed indicators for monitoring the fish growth, health and welfare.

The assembly and annotation were constructed using different methods integrated into
customized assembly and annotation pipelines. Therefore, I used long-read sequencing
by PacBio and took advantage of accurate Illumina short reads to improve the base-level
quality of the assembly and gene prediction reliability. The chromosome-level assembly was
achieved by integrating an ultra-high-density SNP-based linkage map into the scaffolding
process. I subsequently applied different approaches to evaluating the assembly, including
reads alignment statistics, gene space statistics, and comparative alignments with other
teleosts, which has revealed this genome assembly, to my knowledge, as the most complete
in the Percidae fish family.
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7. Materials and Methods
Whole genome sequencing is a modular project that involves a variety of methods, software
tools and hardware requirements at each step, throughout data generation to data analysis
and dissemination (Figure 7.1).
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Figure 7.1.: Modular workflow including generation of input data, assembly and annotation
pipelines and post-assembly analyses.

7.1. Hardware Platforms
Data generated in sequencing projects is ordinarily large, and genome assembly and an-
notation require specific hardware resources depending on the size of the input data. The
following hardware platforms and resources were used here: Small automation scripts and
analyses were performed on a Linux-based desktop computer equipped with eight cores
and 32 GB of RAM. The sequencing data and annotation tasks were run in-house on the
FBN compute server, requiring up to a 2 TB storage peak and 500 GB RAM for certain
computations. More computationally intensive pipelines and tasks such as running the
MaSuRCA assembly toolkit were deployed on a dedicated virtual machine on the de.NBI∗

OpenStack cloud system with up to 1.5 TB storage and 256 GB of peak memory.

∗de.NBI is the German Network for Bioinformatics Infrastructure, https://www.denbi.de/cloud
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7. Materials and Methods

7.2. Software and Application Tools
Most software tools used in the analyses performed in this thesis are community-developed
and maintained open-source bioinformatics softwares. The different tools will be refer-
enced where mentioned for the first time. The task-specific analysis pipelines were de-
veloped by automating workflows involving multiple softwares/tools, by means of bash
and python scripting. Most software tools were installed, packaged and deployed in Ana-
conda [84] and Mamba [85] environments, or using containers like Singularity [86] and
Dockers [87]. Downstream genomics analyses were performed mostly using Bioconductor
packages in R. Data wrangling, integration and visualization were primarily performed in
the R tidyverse ecosystem, and secondarily with the panda and numpy libraries.

7.3. Genome Survey Analysis
Every genome project is different because distinctive properties of the genome influence
the decision on the type and amount of data needed, the suitable methods and techniques
to use for analyses, as well as the overall budget [74]. Genome survey analysis aims to pro-
vide a preliminary understanding of the genomic characteristics before large-scale genome
sequencing for the species of interest. Prior to sequencing, I investigated the properties
of the pikeperch genome, including expected genome size, repeat content, heterogeneity,
ploidy level, GC-content, and sex-determination system (SDS). I was not able to clarify all
these properties. However, a summary of some of the putative or expected characteristics
of the pikeperch genome to be sequenced is reported in Table 7.1.

Table 7.1.: Summary of pikeperch genome survey based on literature and previous work.
Genome Properties Prospective Information References
Genome size C-value (pg): 1.14 ⇔ 1114 Mb [40]
Ploidy level Diploid (2n = 48) [41, 42]
SDS XY heterogametic [43]
Genome sequence available No —
Transcriptome sequence available No —
Heterozygosity rate ?? —
Repeat content ?? —
GC content ?? —

32



7. Materials and Methods

7.4. High-throughput sequencing - Experimental Design
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Figure 7.2.: Overview of NGS project’s experimental design and workflow. A male Sachsen strain
of pikeperch (fish) was sequenced with NGS technologies including PacBio and Illumina, followed
by de novo assembly and annotation.

Sample Collection, Library Preparation
The sample tissues were obtained from a single adult maleS. lucioperca, collected at the
state’s aquaculture facilities in Hohen Wangelin, Germany. Genomic DNA was extracted
from liver, muscle, and spleen tissues that had been previously isolated and stored in liquid
nitrogen. All DNA samples were pooled for the library’s preparation. For whole-genome
sequencing, multiple types of libraries were used. One short insert (paired-end, 470 bp)
shotgun library was prepared using Illumina’s TruSeq DNA PCR-free library preparation
kit. In addition, two size-selected mate-pair libraries with 2–8 kb and 2–10 kb long inserts
were prepared following the Nextera mate-pair library preparation protocol. To overcome
the limitations of short reads for the assembly of complex eukaryote genomes, 20 kb large-
insert PacBio libraries were also prepared according to the guidelines for preparing the
SMRTbell template for sequencing on the PacBio Sequel System.

Whole Genome Sequencing, Quality Control
The size-selected 20 kb DNA libraries were pooled and sequenced in 10 single-molecule real-
time sequencing (SMRT) Cells on the PacBio Sequel II systems according to the SMRT®

sequencing guide. In total, 66 Gb of raw data, accounting for 6.4 million polymerase reads,
were generated. Polymerase reads were trimmed using SMRT Link v6.0.0 to obtain 5.2
million high-quality subreads (Table 8.1). Additionally, one paired-end and two mate-pair
libraries were sequenced on the Illumina HiSeq X Ten platform. The average length of a
short insert was 470 bp, while long inserts ranged from 2 to 10 kb.
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To assess the overall quality of sequencing data, FastQC (version 0.11.8) [88] was ap-
plied. Trimmomatic (version 0.38) was used to trim adapters, filter low quality reads (poorer
quality < Q28), and discard reads that were less than 40 bp. Since the mate-pair reads
contained overrepresented sequences (about 0.1–1.2%), which probably originated from
TruSeq adapter contamination, I iteratively removed them using fastp (version 0.19.3) [89].

7.5. Genome Characteristics Estimation — k-mers Analysis
Extensive knowledge of basic genome properties such as genome size, repeat content,
and heterozygosity rate supports the decision for an appropriate assembly strategy and
adequate parameter tuning. K -mer profiles analysis is an efficient, assembly-independent
approach to estimate these genome characteristics prior to assembly. I generated k-mer
profiles from high-quality genomic paired-end reads using the program Jellyfish (version
2.2.10) [90], and a custom R script to estimate the genome size of S. lucioperca. As applied
in previous studies [91, 92, 93, 94], the genome size G was calculated with the following
formulas: N = M ∗L/(L−k+ 1) and G = T/N , where N is the mean PE-reads coverage,
M the mean k-mer depth, L the mean read length, k the k-mer size, and T the total
number of base pairs. To evaluate the robustness of this method, I applied different k-mer
lengths, with k ∈ {17, 19, 21, 31}. The estimated genome size ranged from 1006.86 Mb (k
= 17) to 1024.35 Mb (k = 31), depending on the k-mer length (Table 7.2).

The genome size estimate of 1014.28 Mb (k = 19) was considered to be more reliable,
as a k-mer of 19 is long enough to yield fairly specific genomic sequences, but also short
enough to give sufficient data (Figure 7.3). Low coverage (< 50) 19-mers with high fre-
quency are putative erroneous k-mer, whereas deep coverage (> 450) k-mer with low fre-
quency more likely originate from repetitive genomic sequences. The frequency of 19-mers
follows a bimodal distribution with two distinct main peaks, α (heterozygous 19-mers)
and β (homozygous 19-mers), indicating a heterozygous genome [95]. However, using the
GenomeScope R-script [93], the heterozygosity rate, which is proportional to the α/β ratio,
was estimated to be 0.14% (14 SNPs per 10 kb). The k-mers located in single-copy regions
of the genome will appear uniquely in the k-mers profile and will fit the non-stationary
portion of the k-mer histogram.

In the analysis summarized in Figure 7.3, these are 19-mers with depths between 150
and 450. Hence, the total length of unique genomic regions (i.e. single copy portion) is
estimated by the area spanned by unique k-mers divided by the depth of the maximal k-
mer frequency (here β peak) [96]. Based on the 19-mer histogram in Figure 7.3, the single
copy portion in the pikeperch genome is estimated to approximately 55% and obtained
with the following formula:
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SC =
450∑

c=150
c · freqc/B

where SC is the single copy size (in bp), c is the k-mer depth, freqc the corresponding
frequency and B the depth of the main peak β. Consequently, we expect repeated se-
quences including duplicated genes, interspersed and tandem repeats to account for about
45% of the pikeperch genome (Table 7.2).

Table 7.2.: Summary of genome characteristics based on k-mer analysis.

Mean k-mer
depth (bp)

Estimated
heterozygosity (%)

Estimated
genome size (Mb)

Single copy
size (Mb)

Single copy
portion (%)

k = 17 367 0.106 1006.86 533.41 53
k = 19 358 0.117 1014.28 552.45 54.5
k = 21 350 0.108 1024.35 562.85 55
k = 31 318 0.12 1039 645.33 62
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Figure 7.3.: Histogram of 19-mers distribution. K-mer histogram depicting estimated char-
acteristics of Sander lucioperca genome based on 19-mer analysis. The horizontal axis represents
the 19-mer depth, and the vertical their corresponding frequency. α is the heterozygous and β the
homozygous peak. Low coverage (< 50) 19-mers are putative erroneous sequences, whereas deep
coverage (> 450) 19-mer indicate repetitive genomic sequences.
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7.6. De novo Assembly, Scaffolding

Hybrid and Modular de novo Assembly
A hybrid assembly approach was adopted to generate the primary contigs using the Ma-
SuRCA Genome Assembly and Analysis Toolkit vers.3.4.02 and by integrating PacBio LRs
with Illumina SIPERS and LIPERs data (Table 8.1). The MaSuRCA assembler combines
the benefits of DBGs and OLC assembly approaches to build high-confident hybrid assem-
blies. Flye (version 2.3.7) [97] was used to generate preliminary contigs with an optimized
k-mer size of 19. Flye is a fast and accurate de novo assembler for long error-prone and
noisy reads using an A-Bruijn graph to find preliminary inaccurate contigs. The inaccurate
contigs are transformed into a repeats graph, which can tolerate a higher noise level than
DBGs. The long reads are then iteratively mapped back to the repeat graph to accurately
resolve repeats and polish the contigs to a final assembly of high nucleotide-level quality.

Chromosome-scale Scaffolding with Genetic Maps
To anchor the initial assembly into the chromosomal framework, flanking sequences of the
SNP loci (i.e., 100 bp upstream and downstream from the SNP position) of the sex-average
genetic map generated in Part III were extracted and aligned to the newly assembled
genome with BWA [98]. In total, 723,360 SNPs markers were uniquely mapped to 706
contigs which were ordered and integrated into 24 pseudomolecules using the software
Chromonomer v1.11 [99] (Figure 7.1). The genome was polished in three iterations with
POLCA polishing module [66] using short paired-end reads.

7.7. Assembly Quality Assessment and Validation
To evaluate the quality of the assembled genome, I analyzed gene space and k-mer com-
pleteness with BUSCO and Merqury [100], respectively. BUSCO provides quantitative
measures for the assessment of assembly completeness in regard to the expected gene con-
tent, while the k-mer completeness informs how the assembly accurately represents the
input reads, with a value of > 97% being indicative of a highly confident assembly. The
structural accuracy of the assembly was additionally validated by mapping genomic paired-
end reads obtained by re-sequencing of 394 conspecific individuals and gauging the rate
of concordantly mapped reads. Additionally, misassemblies and base-level accuracy were
evaluated.
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7.8. Genome Structural and Functional Annotation

7.8.1. Genome Structural Annotation
Structural feature were annotated using homology to closely related species as well as
intrinsic and extrinsic methods. Structural elements include different types of repetitive
DNA sequences, protein coding genes, and diverse classes of ncRNA.

Repetitive Elements Annotation

RepeatModeler version 2.0.1 [101] was used to identify transposable elements (TE) in the
genome assembly. To specifically identify miniature inverted-repeat transposable elements
(MITE), the open source software MITE-Tracker was applied. Subsequently, the out-
puts from RepeatModeler and MITE-Tracker [102] were combined with FishTE database
(http://www.fishtedb.org/) and RepBase [103] into a non-redundant custom repeat li-
brary for repeatMasker (http://repeatmasker.org), that was used to classify repetitive
elements and estimate their distribution in the pikeperch genome. Finally, the landscape
of segmental duplications (SDs), which are low copy repeats in the genome, was charac-
terized using the Segmental Duplication Evaluation Framework (SEDEF) [104]. SDs < 5
Kb and with an identity score < 90% were discarded.

Prediction of Gene Models

To computationally annotate putative protein-coding genes in the pikeperch genome, I
combined ab initio and homology-based methods along with RNA-Seq evidence in a cus-
tomized annotation pipeline. In homology-based gene prediction, I obtained homologous
protein sequences from closely related percid species, including walleye (Sander vitreus),
yellow perch (Perca flavescens) [105], European perch (Perca fluviatilis), Arkansas darter
(Etheostoma cragini), and orangethroat darter (Etheostoma spectabile) [106]. TBLASTN
vers.2.5.0 [107] was used to align these homologous protein sequences to the reference
pikeperch genome with an e-value cutoff of 1e-6, thereby retaining only the top scoring
alignment for each protein with a minimum identity of 80%. Exonerate vers.2.4.0 [108]
was then used to map these top-scoring proteins to the repeats-masked Sander lucioperca
genome in order to predict putative gene models.

In the ab initio approach, I combined different intrinsic gene finders including AUGUS-
TUS [109], GENSCAN [110], GlimmerHMM [111], SNAP [112], and GeneMark [113] to
predict gene structures on the repeat-masked genome. While Augustus was trained with
randomly selected full-length protein-coding genes as predicted by Exonerate, GENSCAN
was run with human genome parameters. The transcript-based gene prediction was per-
formed using RNA-Seq data of a conspecific individual, whose paired-end reads were
obtained from the Sequence Read Archive (SRA), (Accession-Nr: SRR2871497).
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These reads were mapped to our pikeperch genome using HISAT2 vers.2.1 [114], a splice-
aware aligner, to detect splice junctions. Cufflinks (version 2.2.1) [115] was subsequently
used to assemble transcripts based on HISAT2 alignments and to build gene structure
hints. The gene models prediction from the three methods was integrated using Evidence-
Modeler [116], to build a consensus, non-redundant Sander lucioperca gene set. Ultimately,
the resulting gene set was filtered to remove genes that had no start and/or stop codon, or
had an in-frame stop codon, or had a coding sequence (CDS) shorter than 150 nt. Genes
with significant open reading frame (ORF) homology to TE sequences were also discarded.

Moreover, I predicted four main classes of non-coding RNAs, which play important roles
in different cellular processes. Transfer RNA (tRNAs) were predicted using tRNAscan-
SE vers.2.0 with eukaryote parameters [117]. Eukaryotic ribosomal RNAs (rRNAs) were
annotated utilizing the software package RNAmmer vers.1.2 [118], and putative micro
RNAs (miRNAs) were predicted by homology to the known mature miRNAs sequences
available in the miRBASE database [119], by using the miRDeep2 pipeline [120].

7.8.2.Genome Functional Annotation
Functional annotations of predicted protein-coding genes were carried out based on several
functional databases, including Swissprot, Tr-EMBL, NCBI-NR, KEGG, and eggNOG. I
also used InterProScan (version 5) [121] to map protein domains in the InterPro database,
which includes CATH-Gene3D, CDD, HAMAP, PANTHER, Pfam, PIRSF, PRINTS,
ProDom, PROSITE, SMAT, SUPERFAMILY, and TIGRFAMs. Lastly, the high-scoring
functional annotations in each database were retained as the final consensus functional
annotation results.

38



8. Results

8.1. Genome Sequencing
Whole genome shotgun (WGS) strategy was used to produce 412.8 Gb (350X genome
coverage), 74.2 Gb (66X genome coverage) and 71.4 Gb (63X genome coverage), corre-
sponding to data yielded by Illumina paired-end, 2-8 kb and 2-10 kb mate-pairs libraries,
respectively. In addition, 66 Gb (60X genome coverage) data were generated with size
selected 20 kb PacBio libraries. The mean read length for Illumina data was 150 bp. The
PacBio read data had a mean read and N50 length of 12.7 kb and 16.4 kb, respectively
(Table 8.1). The paired-end reads were primarily used for genome properties estimation,
to assess and improve the base-level quality of the assembly. The estimations based on
k-mer analysis have shown that the pikeperch genome is as large as 1014 Mb, which is
consistent with the previous estimate of 1114 Mb, based on cytometric methods [40]. The
k-mer analysis also revealed that, one should theoretically expect about 45% of repeti-
tive DNA sequences, since the single copy portion in the pikeperch genome was roughly
estimated to 55%.

Table 8.1.: Summary statistics of generated whole genome sequencing data of pikeperch

Platform
Library
Type

Insert
Sizes

Total No.
of Reads

Total No.
of bp (Gb)

Mean
Coverage

Mean read
Length (bp)

Hiseq X Ten Paired-end 470 bp 2,761,296,894 412.8 ∼350X 150
Hiseq X Ten Mate-pair 2-8 kb 491,748,132 74.2 ∼66X 150
Hiseq X Ten Mate-pair 2-10 kb 473,090,686 71.4 ∼63X 150
PacBio Sequel — 20 kb 5,258,946 66.5 ∼51X 10,891

8.2. A Highly Accurate Chromosome-scale Assembly
The draft genome preliminary consisted of 1602 contigs with an N50 length of 6.6 Mb and
spanned 900,47 Mb in total. In particular, 75.8% of the draft genome is covered by 207
contigs larger than 1 Mb, and only 3.9% of the genome is spanned by contigs shorter than
100 kb. The integrated final chromosome-scale assembly yielded 336 scaffolds with an N50
of 41.06 Mb. The 24 largest scaffolds represented the putative 24 pikeperch chromosomes,
and covered 896.48 Mb (99.47%) of the total assembly size (901 Mb). Three hundred
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twenty-two (322) short contigs/scaffolds covering 4.74 Mb (0.53% of assembly size) were
not placed into pseudomolecules. This chromosome-level assembly also yielded five con-
tigs > 17 Mb spanning full chromosome arms, indicating high assembly contiguity. The
average base-level accuracy (QV) was 99.9996 (Q50, i.e., one error in 100 kb), correspond-
ing to the defined VGP (VGP-2020) accuracy standards [100]. Approximately 99.80% of
genomic PE-reads were obtained by resequencing of ca. 400 conspecific individuals have
been confidently aligned to the chromosome-level assembly with concordant read mapping
at a rate of 97.50%. This high mapping rate of external reads of conspecific individuals is
a solid and extrinsic cross-validation of the high structural accuracy of this assembly (Fig-
ure 8.1). Moreover, from a total of 4584 actinopterygians core genes, BUSCO assessment
recovered 96.27% as full-length single-copy (with 2.45% being duplicated), 1.94% as frag-
mented and only 1.79% were missing. Similar rates were also obtained with Vertebrates
single-copy orthologs, indicating that most genic regions were accurately assembled and
that the gene space spanned by this assembly is nearly complete (Table 8.2). Collectively,
these assessment scores show that this assembly is the most contiguous and complete
genome published so far in the Percidae fish family (Figure 8.1, Table 8.3).
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Figure 8.1.: Assembly assessment statistics. (A): Strong positive correlation between repeat
content and the genome sizes in recently published genomes of Perciformes fish species. R is the
Pearson’s correlation coefficient and p the associated p-value. (B): The contiguity (as contigs N50
metric) of the pikeperch assembly compared to all currently published genome assemblies in the
Percidae fish family. (C): Mapping rates of genomic paired-end reads from resequening of 394
pikeperch individuals (conspecific), compared with PE-reads of the same fish used for de novo
assembly (reference).
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Table 8.2.: Summary statistics of BUSCO analysis for Sander lucioperca genome assembly
Actinopterygii Vertebrata

Categories #Genes Percentage (%) #Genes Percentage (%)

Complete single-copy 4413 96.27 2523 97.56
Complete duplicated 112 2.45 26 1.01
Fragmented 89 1.94 40 1.54
Missing 82 1.79 23 0.89

Table 8.3.: Comparison of Percidae genome assemblies currently available in GenBank/NCBI

Percid
Species

Total
Size (Mb)

Gaps
Size (%)

Contigs
N50 (Mb)

Unplaced
Size (Mb)

Completeness
BUSCO (%)

S. luciopera 901.23 0.02 6.66 4.74 96.27
S. vitreus 782.90 — 0.004 — 78.87
E. spectabile 854.80 0.47 0.026 148 94.10
E. cragini 643.07 0.51 0.045 14.81 92.67
P. fluviatilis 951.34 0.03 4.19 9.58 89.00
P. flavescens 924.95 0.04 4.26 10.65 93.50
P. caprodes 1011.96 — 1.42 — 85.23

8.3. Architecture and Organization of the Pikeperch Genome

Repeat Content
In total, repetitive sequences accounted for ca. 39% of the assembled genome and spanned
334 Mb, which is in range with the repeat content reported in other Percidae fish [105].
With more than 250 Mb (27.76% of assembly size), DNA transposons and retroelements
were the most abundant type of repeats found in the pikeperch genome. In particular,
long interspersed nuclear elements (LINEs), long terminal repeat (LTR) elements, and
hobo-Activator occupied 10.16%, 3.22% and 4.94%, respectively, of the assembled genome
(Figure 8.2A, Table 8.4). More than 46% of the base pairs are contained in SD regions
which are uniformly distributed across the genome with the exception of chromosomes 4,
5 and 8 which have a higher SD density per Mb (Figure 8.3). Overall, 2050 MITEs families
spanning 22.7 Mb were also predicted genome-wide. I investigated the correlation between
repeat content and the genome size of the most contiguous assemblies of Perciformes
species, which have recently been published, assuming that a strong positive correlation
might support a coherent prediction of S. lucioperca repeats. As it was expected based on
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prior knowledge, the repeat content was strongly correlated with genome sizes (Pearson
R = 0.91, p = 0.00065), whereby pikeperch had the largest genome length and repeat
content among the compared Perciformes (Figure 8.1).

Figure 8.2.: Summary of TE elements and genomic features. (A):The percentage coverage
of the most abundant families of transposable elements in pikeperch. LINE: long interspersed
nuclear elements; LTR: long terminal repeat. Correlation between (B) otal introns length, (C)
total exons length, and (D) gene content per chromosome and chromosome size (Mb).

Gene Models
Like in most sequenced percid species, the pikeperch genome comprises 24 diploid chro-
mosomes, as revealed by this assembly. The obtained consensus gene models included a
total of 33,456 high-quality gene models with an average coding sequence (CDS) length
of 1451 bp. The genes possibly express up to 56,557 different proteins (Table 8.5). On
average, each S. lucioperca gene comprises 7.8 exons, each with an average length of 156
bp. About 82% of the 278,346 exonic sequences were shorter than 200 bp, while introns
showed an average length of 2276 bp, with only 2% of them being longer than 10 Kb. The
total lengths of intronic and exonic DNA on each chromosome were significantly correlated
to the chromosome size with correlation coefficients of R = 0.78 and R = 0.81, respec-
tively (Figure 8.2B,C). Consequently, the gene content per chromosome was also in strong
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dependence to the chromosome size, with a correlation coefficient of R = 0.96 (Figure
8.2D). All together, the distribution of CDS length, introns length and exons number is
comparable with other percid genomes [105]. The 24 chromosomes were sorted by physical
size in bp, from largest to smallest and named accordingly (Table 8.5, Figure 8.4). Given
a genome-wide average of 40 genes per Mb, the chromosomes 21 and 23 displayed the
highest and lowest gene density with 52 and 34 genes per Mb, respectively. Additionally,
we observed a putative nucleolus organizer region (NOR) on chromosome 7, which had
already been observed in previous cytogenetics analysis on pikeperch [41].

8.4. Functional Annotation of Genomic Features
Homology and structure-based approaches were used for functional annotation of protein-
coding genes. I was able to find 31,234 genes (93.36% of protein-coding genes) with at
least one significant hit in the different functional databases queried for homology-based
annotation (Table 8.4). Over 9277 (36%) genes were predicted to be involved in cellular
processes and signaling functions, 3742 (14.62%) were associated with information storage
and processing, and 3095 (12.10%) were associated with metabolism processes. A total of
7926 (30%) genes were poorly characterized or had unknown functions. A comprehensive
annotation report is available in Appendix 22.4. Non-coding genes included 2345 transfer
RNA (tRNA), 160 ribosomal RNA (rRNA) and 145 microRNA (miRNA) (Table 8.4).

  

Chr4

Chr5

Chr8

A     SDs coverage in 1 Mb window
B   SDs density and coverage on Chromosomes 4, 5, 8

Figure 8.3.: Genome-wide SDs coverage in the pikeperch genome. (A): Genome-wide
SDs coverage in 1 Mb window across pikeperch chromosomes (B): SDs coverage and density across
chromosomes 4, 5, and 8.
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Table 8.4.: Summary of the different assembly levels along with the landscape of structural
genomic features and functional annotation of protein-coding genes.

Chromosome-scale Draft assembly

ASSEMBLY METRICS
Total assembly size (bp) 901,221,791 900,477,756
Number of contigs 870 1602
Contig N50 length (bp) 6,668,792 2,995,800
Number of scaffolds 336 1313
Scaffold N50 length (bp) 41,060,379 4,929,547
Longest scaffold size (bp) 54,393,628 19,065,786
Scaffold L50 10 52
Base-level accuracy 99.9996 (QV50) 99.998 (QV40)
Σ Scaffolds >10 Mb (% of assembly size) 99.47 26.60
Σ Unplaced scaffolds (% of assembly size) 0.53 -
GC-content (%) 41.00 40.91
REPETITIVE DNA ANNOTATION
DNA 27.76% 25.10%)
LINEs 10.16% 3.92%
SINEs 1.02% 0.69%
LTRs 3.22% 1.94%
SDs 46.30% 38.79%
SSRs 3.20% 3.78%
GENES ANNOTATION
Number of genes 36,010 24,278
Number of protein-coding genes 33,456 21,249
Mean gene length (bp) 10,697 10,961
Mean CDS length (bp) 1451 1313
Mean exon count per CDS 7.80 6.70
Functional annotation 31,234 (93.36%) 18,536 (87.23%)
Mean intron length (bp) 276 1696
Mean exon length (bp) 156 196
% of genome covered by exons 3.82 3.11
Number of tRNA 2345 2313
Numer of rRNA 160 180
Number of miRNA 145 166
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Figure 8.4.: Genome structure of pikeperch along with its gene density. (Gene density on
each pikeperch chromosome ordered by length and distribution of non-coding RNA loci including
miRNA (orange triangle), tRNA (purple circle) and rRNA (green square). The colour code within
each chromosome represents the gene density from low (blue) to high (red) in a window of 1 Mb.
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Table 8.5.: Summary of gene annotation statistics on chromosomes ordered by size with corre-
sponding LG. LG: linkage group, Mb: Megabase.

ChrNr LG
No. of
Markers

No. of
Contigs

No. of
Genes

No. of
Proteins

Physical
Size (Mb)

Density
(genes/Mb)

1 15 33,239 33 2095 3212 54.39 38.52
2 4 38,017 26 2071 3136 49.41 41.92
3 1 38,493 34 1598 2346 46.65 34.25
4 2 40,980 24 1846 2967 45.68 40.41
5 6 33,387 48 1675 2286 44.88 37.32
6 12 35,005 31 1722 2807 43.59 39.50
7 3 41,147 24 1692 2861 43.41 38.98
8 10 29,918 35 1739 2678 42.48 40.94
9 5 40,404 33 1793 3002 42.11 42.58
10 23 27,205 25 1777 2777 41.06 43.28
11 11 32,750 29 1668 2508 40.55 41.14
12 18 24,823 41 1697 2813 39.47 43.00
13 19 28,731 24 1329 2446 36.97 35.95
14 9 24,299 29 1260 2229 35.01 35.99
15 7 28,542 24 1249 2137 34.13 36.59
16 24 18,151 38 1263 1792 32.13 39.31
17 13 28,606 58 1288 2010 31.68 40.65
18 17 33,245 27 1383 2089 31.57 43.81
19 21 23,452 26 1288 1970 31.48 40.91
20 22 21,440 14 1202 1585 29.81 40.32
21 8 31,401 19 1531 2283 29.61 51.70
22 14 25,569 31 1254 2202 29.18 42.98
23 16 20,259 19 708 927 20.93 33.83
24 20 24,297 14 864 1390 20.30 42.57
Total - 723,360 706 35,992 56,557 896.48 -
Average - 30,140 29.42 1500 2356 37.35 40.27
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Discussion
In this study, I have used modern NGS technologies to sequence, assemble, and annotate
the pikeperch’s first chromosome-level genome, a promising species for aquaculture diver-
sification in Europe. The pikeperch genome assembly was produced entirely with PacBio
and Illumina sequencing data and integrated SNP-based genetic linkage map (LM) in-
formation. This approach has been used in several assembly projects of fish genomes,
including Atlantic salmon [122], mandarin fish [123], or yellow perch [124]. However,
chromosome-level assemblies harnessing LM data are becoming outdated because Hi-C
technology offers a higher resolution and map of the chromosome architecture. Hi-C data
can provide long-range linkage information across different length scales and spanning tens
of megabases. Hence, this method has been established today as the standard approach for
achieving chromosome-scale assembly [125]. Nevertheless, the scaffolding of high-quality
long read assemblies assisted with LM data is still able to produce very competitive de
novo genome assemblies, and in some cases, even outperforms Hi-C based scaffolding, as
demonstrated in this work (Table 8.3, Figure 8.1).

The quality and accuracy of the reported genome assembly were assessed by state-of-the-
art approaches such as the completeness of lineage-specific single-copy orthologs, estimat-
ing the mapping rate of genomic reads, or comparing the assembly and annotation metrics
with closely related species. This assembly has outstanding contiguity metrics compared
to recently reported assemblies of Perciformes fishes with even less complex genomes than
pikeperch. In addition, the unprecedented rate of concordantly mapped paired reads is in-
dicative of a highly contiguous and structurally accurate genome assembly. Nevertheless,
further improvements on assembly structure and annotation are still required. The re-
ported assembly still contains gaps, missamblies∗, and missing core genes at some places.
Genome assembly has traditionally been an iterative process until full completion. For
example, the complete gapless and telomere-to-telomere reference assembly of the human
genome was achieved only this year (2021) by Nurk et al. [126], that is, exactly 20 years
after the first draft genome sequence was released.

∗missassembly is an assembly error where the same contig is mapped to different locations of a reference
genome, suggesting that this contig was built by nonconsecutive genomic regions.
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Conclusion
In summary, the genome assembly and sequencing data I have reported here are the most
awaited genomic resources to pave the way for genomic studies such as genotyping by
sequencing, genetic selection, and biodiversity on pikeperch. Such studies will provide
an impetus for the industrial production of this species. The structural and functional
annotations of genes provide the first overview of pikeperch’s gene content and structure.
These data represent the first step towards making deep sequencing data resources for this
commercial fish species available in public HTS sequence databases. It will also serve as
a basis and framework for the development of resources like population-scale genotyping
and transcriptomics data in the following sections (Part III, IV) of this thesis.
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Part III.

The Reference Transcriptome and
Multi-tissue Expression Atlas –

Powerful Tool for Functional
Genomics in Pikeperch
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The analyses and the results presented in the present Part of the thesis have already been
published in a peer-reviewed scientific journal. Hence, Part III is substantially based
on the following published manuscript:

• Nguinkal, J.A.; Verleih, M.; de los Ŕıos-Pérez, L.; Brunner, R.M.; Sahm, A.; Bej,
S.; Rebl, A.; Goldammer, T. Comprehensive Characterization of Multitissue
Expression Landscape, Co-Expression Networks and Positive Selection in
Pikeperch. Cells 2021, 10, 2289. https://doi.org/10.3390/cells10092289

Contribution: I designed the experiments and performed the bioinformtics analy-
ses including data processing, visualization and validation. I additionally wrote the
manuscript.
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10. Introduction
In the preceding section (Part II), the reference genome sequence of pikeperch was deci-
phered, and its global architecture was characterized. These data are fundamental genomic
resources to understand organism biology. However, the functional features of the genome
are better captured and understood through expressed genes, which are the basic func-
tional units of genomic DNA [127]. Transcriptomics analyzes the complete set of RNA
transcripts profiles produced by the genome, under specific circumstances, time points,
or in a specific tissue or cell type. Transcriptome analysis is the state-of-the-art approach
to gain a broader overview of cellular processes and interpret the functional elements of
genomes, such as functional genes that correlate with crucial traits in aquaculture, includ-
ing adaptation, growth, and disease resistance. Therefore, providing an annotated tran-
scriptome sequence of pikeperch along with the landscape of gene expression will serve as
another critical genomic resource and powerful tool for examining the relationship between
the genotype and phenotypic traits with economical relevance [128]. It will additionally
help to understand the genetic architecture of these traits comprehensively.

In this section of my thesis work (Part III), I used the reference genome developed in
Part II as a framework along with deep RNA-Sequencing of ten vital tissues collected in
eight pikeperch animals to build a high-confident and annotated trancriptome assembly
and expression atlas, to characterize the tissue-specificity of genes expression and co-
expression network modules. Pathway enrichment and protein-protein interaction network
analyses were performed to characterize the unique biological functions of tissue-specific
genes and co-expression modules.
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11. Materials and Methods

11.1. Experimental Design, Multi-Tissues RNA-Sequencing
Tissue samples were collected from eight adult pikeperch individuals (3 males, 5 females)
in the Experimental Aquaculture Facility of the Research Institute for Farm Animal Bi-
ology (FBN) in Dummerstorf/Germany. Prior to tissue collection, fish were euthanized
by immersion for 15 min in an overdose of 2-phenoxyethanol (50 mg/L) followed by a
bleed cut in the head as well as cutting of the spinal cord posterior to the head. For each
individual, different tissues including gonads (testis or ovary),mliver, spleen, muscle, gills,
brain, head kidney, skin, and heart were sampled and snap-frozen in liquid nitrogen. They
were ultimately transferred to a −80 °C freezer until required for RNA extraction. In total,
eight individuals were euthanized and 72 tissue samples were obtained. These samples were
separately homogenized in 1 mL TRIzol reagent (Invitrogen, Darmstadt, Germany). Fol-
lowing phenol-chloroform extraction, the obtained RNA was purified using the RNeasy
Mini Kit (Quiagen, Hilden, Germany) according to the manufacturer’s protocol. Extracted
RNA was quantified using the NanoDrop (Thermo Scientific™ NanoDrop 2000) and its
integrity was assessed by electrophoretic profiling with Agilent Bioanalyzer 2100 (Agilent,
Santa Clara, CA, USA). Subsequently, the purified mRNA from the same tissue type were
pooled. With exception of the gonads sample which were sex homogeneous, the other pools
were sex heterogeneous in the ratio of 3 males vs. 5 females (Table 11.1).

11.2. De novo Transcriptome Assembly, Functional Annotation
Despite the availability of diverse tools and documented pipelines for the purpose of tran-
scriptome assemblies, de novo transcriptome assembly from short PE-reads remains an
extremely challenging task, which requires, like genome assembly, a customized use of
different strategy to achieve the most optimal assembly. To achieve the most biologically
meaningful and representative set of S. lucioperca transcripts, I setup an analysis pipeline
combining different assembly strategies (Figure 11.1). De novo assembly algorithms in-
cluded Trinity (version 2.8.1) [129], and rnaSPAdes (version 3.14.1) [130]. Trinity assem-
bly was performed by pooling reads of all tissues and setting strand-specific parameters,
whilst rnaSPAdes assembly was iteratively built with k-mer sizes of 27, 33, 55, 77, and 99.
Additionally, I generated a genome-guided assembly with StringTie2 (version 2.1.2) [131].
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Table 11.1.: Experimental design of multitissues RNA-Seq samples. F: female; M: male

Pools for RNA-Seq Libraries Pooled Samples Sex-specificity of samples

Pool SL01 He S02 S03 S04 S73 Heterogeneous (3×M + 5× F )
Pool SL02 HK S06 S07 S08 S74 Heterogeneous (3×M + 5× F )
Pool SL03 Mu S10 S11 S12 S75 Heterogeneous (3×M + 5× F )
Pool SL04 Li S14 S15 S16 S76 Heterogeneous (3×M + 5× F )
Pool SL05 Sk S18 S19 S20 S77 Heterogeneous (3×M + 5× F )
Pool SL06 Gi S22 S23 S24 S78 Heterogeneous (3×M + 5× F )
Pool SL07 Br S26 S27 S79 / Heterogeneous (3×M + 5× F )
Pool SL08 Sp S30 S31 S32 S80 Heterogeneous (3×M + 5× F )
Pool SL09 Go ♂ S34 S35 S69 S72 Homogeneous 3×M
Pool SL10 He S37 S38 S39 S40 Heterogeneous (3×M + 5× F f)
Pool SL11 HK / S42 S43 S44 Heterogeneous (3×M + 5× F )
Pool SL12 Mu S45 S46 S47 / Heterogeneous (3×M + 5× F )
Pool SL13 Li S49 S50 S51 S52 Heterogeneous (3×M + 5× F )
Pool SL14 Sk S53 S54 S55 S56 Heterogeneous (3×M + 5× F )
Pool SL15 Gi S57 S58 S59 S60 Heterogeneous (3×M + 5× F )
Pool SL16 Br S61 S62 S63 S64 Heterogeneous (3×M + 5× F )
Pool SL17 Sp S65 S66 S67 S68 Heterogeneous (3×M + 5× F )
Pool SL18 Go ♀ S36 S70 S81 / Homogeneous 3× F

Briefly, the combined RNA-Seq reads of all tissues were aligned to the latest pikeperch ref-
erence genome built in Part II using HISAT2 (version 2.2.0) [132]. Reads alignments were
then assembled with StringTie2 setting the ′ −merge′ option to obtain a non-redundant
set of transcripts across all tissue samples. Subsequently, raw assemblies were piled into
a meta-assembly and large redundant transcripts were clustered using cd-hit-est (version
4.6.1) [133] with an identity threshold of 98%. Note that the clustering threshold of 98%
used here, is slightly lower than the 100% suggested by Nakasugi et al. [134]. This ap-
proach was chosen because the pooled libraries of our tissue samples represent individuals
with different genotypes. A too stringent identity threshold (e.g., 100%), would result
in too many transcript variants remaining unclustered, and thus make the redundancy
removal suboptimal. Finally, I used EvidentialGene tr2aacds pipeline [135] to collate the
overassemblies into a less redundant and high confident transcript set, thereby maximizing
the diversity and completeness of the final transcriptome assembly.
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Figure 11.1.: Workflow of the different steps carried out in the RNA-Seq assembly
pipeline. The diagram shows the main steps and bioinformatics tools of the RNA-Seq assembly
pipeline.

The resulted multitissue transcriptome was functionally annotated using the eggNOG
mapper (version 5.0) [136] as well as through homology search against protein sequence
databases, including SwissProt and nonredundant RefSeq (NCBI) proteins. Moreover, I
performed protein domain identification and functional sites mapping with InterProScan
(version 5) [121]. The quality of our newly built transcriptome assembly was gauged
using multiple strategies and quality metrics. Assembled transcripts were aligned with
minimap2-splice option (version 2.21) [137] to the pikeperch reference genome to produce a
GTF annotation file which was then compared to the pikeperch reference annotation (Gen-
Bank: GCF 008315115.2) with gffcompare (version 0.10.4) [138]. I also used BUSCO to
explore the assembly completeness regarding the conserved actinopterygians (Actinoptery-
gii dataset) single-copy orthologs. To assess the RNA-Seq reads representation of the as-
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semblies, merged RNA-Seq reads were mapped to the assembly using Hisat2, and the
mapping statistics were estimated. Finally, I queried (BLAST) the assembled transcripts
against different protein databases, including UniProt and NCBI RefSeq nonredundant
proteins, and performed full-length transcript analysis using a utility Perl script provided
in Trinity.

11.3. Quantification of Tissues Expression Profiles
The trimmed and filtered RNA-Seq reads from each sample were individually mapped to
the pikeperch reference genome (Part II) using STAR (version 2.7.5a) [139], in two-pass
mode. Abundance levels of transcripts were estimated using TPMCalculator [140], a one-
step software to quantify mRNA expression abundance directly from RNA-Seq alignments.
TPMCalculator reported the expression matrix including transcripts per million (TPM)
values and raw read counts for each gene across all samples. We removed genes with mean
expression over all tissues ≤ 1 TPM, as well as those tagged as noncoding RNA (ncRNA).

11.4. Tissue Specificity Index, Differential Expression Analysis
Spatial transcriptomics (e.g., multi-tissue) aims to comprehensively characterize the gene
expression landscape in an organism to explore these genes’ function and adaptive evo-
lution ultimately. Tissue-specific genes have significantly enhanced expression levels in a
given tissue relative to the baseline expression in all other tissues. Tissue-specific expres-
sion profiling is crucial in elucidating the development, the complexity, and evolutionary
history of an organism at the systemic level. Furthermore, the classification of genes con-
cerning their expression patterns across organs or tissue types is important for a deeper
understanding of the molecular mechanisms of tissue activity and function, to discover key
regulatory features, and to shed light on the correlated phenotypic and functional evolu-
tion of tissues [141, 142, 143]. To characterize the gene expression atlas and the landscape
of tissue-specific expression (TSE) in pikeperch, I made use of standard differential expres-
sion (DE) analysis statistics and the index of tissue specificity (τ). To that end, the per
sample average (arithmetic mean) expression values (TPM) were used to calculate the in-
dex of tissue specificity (τ) for all pikeperch protein-coding genes. Following the approach
described in Yanai et al. [144] and Mank et al. [145], I calculated tissue specificity (τ) for
protein-coding genes with the formula:

τ =
∑N

i=1(1− T P Mg,i

T P Mg,max
)

N − 1
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where N is the total number of tissues examined, TPMg,i is the expression of a gene g in
tissue i, and TPMg,max is the maximal expression level detected for a given gene g over
the examined N tissues. Tau (τ) index has been demonstrated to be the most suitable
metric to measure gene tissue specificity [146]. It varies between 0 and 1, where highly
tissue-specific transcripts have values approaching 1 (τ > 0.85), and broadly expressed
transcripts, e.g., from housekeeping genes, have a tissue-specificity index approaching 0
(τ < 0.3) [143, 146, 147]. In addition, I analysed differential expression (DE) between
tissue samples in a “one vs. all” design, utilizing the likelihood ratio testing (LRT) under
the generalized linear model (GLM) framework in the package edgeR [148].

I then iteratively detected genes whose expression levels change by a significant amount
between the two groups—namely X and non-X, where X is one of the ten tissue sam-
ples. Instead of considering only statistical significance like in standard DE tests, we
applied a combination of fold-change (log2 FC > 3) and p-value (p < 0.05) cut-offs to
deem genes as differentially expressed (DEGs) between the respective comparison groups
(X vs. non−X). Lastly, I performed tissue enrichment analysis using the teGeneRetrieval
function in the Bioconductor package TissueEnrich [149]. This package applies the algo-
rithm from the Human Protein Atlas (HPA) [150] on expression data (normalized counts)
and classifies genes into different categories based on their expression levels across the
tissues. More details about the tissueEnrich algorithm can be found in Jain et. al [149].

11.5. Tissue-specific Co-expression and PPI Networks Analysis
To assess the tissue-specificity of genes in the context of functional modules, I examined
whether tissue-specific expression patterns are also reflected in tissue-specific co-expression
and network modules. To that end, I used CEMiTool [151], a Bioconductor package to
identify differential co-expression modules. Tissue-specific co-expression modules were de-
fined as a subset of tissue-specific genes which show relatively high co-expression in one
tissue, while having consistently lower co-expression in all other tissues. Tissue-specific
protein–protein interaction (PPI) networks were predicted as follows: we first constructed
global (i.e., based on all genes) interactions by exhaustively mapping pikeperch proteins
to PPI networks supported by experimental evidences using STRING (version 11). Only
proteins with a minimum interaction score of more than 0.7 were kept in the PPI net-
work. Given a pikeperch tissue, a subnetwork in the global network is labeled specific to
that tissue if the interacting proteins in that subnetwork are differentially co-expressed
and tissue-specific. Hence, a PPI network is specific to a given tissue, if it is induced by
tissue-specific proteins, whose coding genes are additionally co-expressed in that tissue.
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12.1. RNA-Seq, Assembly and Functional Annotation
In this work, transcriptome profiles of ten different pikeperch tissues were first analyzed
by integrating state-of-the-art RNA-Seq methods. Messenger RNA-Sequencing yielded
between 32.5 and 49 million PE-reads per library, with an average of nearly 38 million
reads per library (Table 12.1). About 92% of the raw reads were ultimately retained
after QC. Then, different sets of transcriptome assemblies, including Trinity, rnaSPAdes,
and Stringtie2 were built. A summary of the assembly statistics and their characteristics
including functional annotations are reported in Table 12.2 and Figure 12.1. The number
of transcripts greatly varies among assemblies.

De novo assembly with Trinity and rnaSPAdes substantially yielded a more significant
number of contigs, with 438,462 and 295,387 contigs, respectively. The reference-guided
assembly with StringTie2 yielded 79,936 contigs in total. As expected, merging all assem-
blies with EvidentialGene substantially reduced the contig count to a number of 56,302
contigs, which is entirely consistent with the total number of proteins (N = 56,557) an-
notated in the pikeperch reference genome (Chapter 8), indicating that our multi-issue-
assembly nearly spans the whole pikeperch proteome. Overall, the meta-transcriptome
outperformed the separate assemblies (Trinity, rnaSPAdes and Hisat2+StringTie2) con-
cerning BUSCO completeness and protein functional database records.

Interestingly, mapping this transcriptome assembly to the pikeperch reference genome
showed that all reference loci were recovered (100%), and approx. 94% of reference in-
trons were accurately captured, while only 4% of reference exons were missed by this
transcriptome assembly, validating its high accuracy. Regarding assembly metrics and
transcript coverage, Hisat2+StringTie2 yielded the best results (Table 12.2, Figure 12.1).
In particular, nearly 89% of transcripts were assembled in full length (Table 12.2). This
result is in line with previous studies [152], where reference-guided assemblies tended to
produce longer and more full-length transcripts compared to reference-free approaches.
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Table 12.1.: Summary statistics of paired-end RNA-Seq reads yielded from 18 libraries of ten
different pikeperch tissues using Illumina NovaSeq 6000 System.

Libraries
No. of Raw

Reads
Q30 Raw
Reads (%)

No. of Clean
Reads (%)

Q30 Clean
Reads (%)

Heart-1 33,908,652 93.98 30,984,679 97.42
Heart-2 35,031,697 94.16 33,180,437 97.49
Head kidney-1 33,002,587 93.95 30,015,644 97.51
Head kidney-2 39,938,681 94.16 36,623,609 97.50
Muscle-1 35,047,416 94.74 32,410,797 97.52
Muscle-2 39,426,896 94.32 36,506,458 97.53
Liver-1 32,566,471 94.20 30,209,964 97.42
Liver-2 35,071,990 94.11 32,007,540 97.65
Brain-1 40,422,234 93.58 37,106,005 97.40
Brain-2 35,567,608 93.46 36,458,085 97.41
Skin-1 37,989,173 94.21 35,172,646 97.42
Skin-2 40,633,032 94.34 37,687,356 97.47
Gills-1 38,586,131 93.97 35,630,505 97.42
Gills-2 39,427,046 94.51 36,458,085 97.41
Spleen-1 45,127,155 94.00 41,790,579 97.36
Spleen-2 33,329,198 94.27 30,504,153 97.44
Ovary 37,553,020 94.38 34,742,133 97.51
Testis 48,694,199 93.90 44,903,971 97.37
Average 37,851,288 94.12 35,132,924 97.45
Total 681,323,186 — 632,392,646 —

12.2. Gene Expression Atlas, Tissue-specific Expression Patterns
Spatial transcriptomics (e.g., multitissue) aims to characterize the landscape of gene ex-
pression in an organism and to explore the function and adaptive expression of these
genes. Tissue-specific genes are those with significantly enhanced expression levels in a
given tissue, relative to the baseline expression in all other tissues. Tissue-specific expres-
sion profiling is crucial in elucidating the development, the complexity, and evolutionary
history of an organism at the systemic level. Furthermore, tissue-specific expression pat-
terns across organs or tissue types are important for a deeper understanding of the molec-
ular mechanisms of tissue activity and function, to discover key regulatory features, and to
shed light on the correlated phenotypic and functional evolution of tissues [141, 142, 143].
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Figure 12.1.: Contigs length distribution and BUSCO score of the different assem-
blies. Contigs length (scaled to log10) of the different transcriptome assemblies (A). BUSCO
completeness for each assembly, showing the proportion (%) of complete (C) and single-copy or-
thologs (S), complete and duplicated (D) orthologs, missing (M) and fragmented (F) orthologs.
Transcripts were queried against the Actinopterygii gene set (N = 4584) (B).

Table 12.2.: Summary of pikeperch transcriptome assembly and assessment. Bold values are
comparatively, the best values in term of quality metrics.

Trinity rnaSPAdes Hisat2 + StringTie2 EvidentialGene

Number of contigs 438,462 295,387 79,936 56,302
Cumulative contigs length (Mb) 399.28 502.46 299.28 85.73
Mean contigs length (bp) 910.65 1701.05 3744.49 1522.81
N50 contigs length (bp) 1340 3436 4934 1977
Largest contig (bp) 70,079 80,089 78,909 79,815
σ contigs >1 Kb (%) 57.11 83.16 98.31 80.51
% of FL transcripts 60.57 72.84 89.52 86.73
% of transcripts with ORFs 76.73 80.53 88.84 85.07
% of BUSCO complete 80.27 96.58 96.62 96.87
% of transcripts with NCBI NR hits 72.83 78.04 86.27 88.35
% of transcripts with Swiss-Prot hits 55.76 60.23 75.86 78.57
Mapping rate RNA-Seq reads (%) 83.92 84.75 90.86 88.15

This analysis showed that most of the expressed protein-coding genes in pikeperch were
detected in the testis (N = 22,097), brain (N = 19,481), and gills (N = 17,417), While mus-
cle expressed the least genes (N = 10,529). A mean number of 15,820 genes were detected
per tissue. Since cDNA libraries were constructed with equal amounts of cDNA from each
tissue, the differences in the number of detected protein-coding genes suggest genuine bi-
ological variations. Genes with detected expression signals (N = 19,542) were binned into
four categories, based on their expression levels and tissue-specificity index (Table 12.3).
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Table 12.3.: Classification of protein-coding genes based on transcript expression levels and index
of tissue specificity (τ) across 10 pikeperch tissues.

Category No. of Genes Fraction of Detected Genes (%)

Tissue-Specific 2930 15
Group-Enriched 3809 19.5
Expressed-in-All 5810 29.8
Mixed 6970 35.7
Total detected 19,541 100

Mixed-Expressed Genes
The largest group of genes (35.7%) encompassed 6970 genes in the category termed
“Mixed”, which includes detected genes that could not be assigned to any of “Tissue-
Specific”, “Group-Enriched” or “Expressed-In-All” categories (Figure 12.2). This class
features the lowest expression variance (σ = 102.3) and the least average expression
(x = 20.2), suggesting a lower within-group expression variability. Moreover, the τ in-
dex in this category is more dispersed (σ = 0.13) compared to the three other categories
(σ < 0.06). This is coherent with my definition of Mixed-Expressed genes, which are
highly enriched in a subset of tissues while being broadly expressed at moderate or lower
levels in the others. Thus, this explains the stretched distribution of the tissue speci-
ficity index (Figure 12.2A). GO enrichment analysis revealed that 3,586 genes (51.44% of
“Mixed”) contained significant (FDR < 0.05) enrichment for 78 GO-terms (20 GO:MF,
44 GO:BP, 14 GO:CC), five KEGG and two Reactome (REAC) pathways. However, most
of these genes (> 80%) were associated with only two significant GO terms, namely
GO:0005515 (MF:Protein binding, FDR < 10−9) and GO:0003824 (MF:Catalytic activ-
ity, FDR < 10−4). Transcription factor genes (TF) of which 2733 have been identified in
fish species and reported in the Animal Transcription Factor Database (AnimalTFDB3.0)
[153], were mostly (12% of all TF genes in fish) found in this category.

Expressed-In-All Genes
The second largest class (29.8%) consists of 5810 genes ubiquitously expressed in all tis-
sues, termed “Expressed-In-All”. These gene products are needed in all cells and tissues
for the maintenance of essential cellular functions. Functional enrichment of these genes
include primarily, ribosomal and spliceosomal proteins involved in protein biosynthesis
and metabolism, RNA processing and transport, as well as proteins responsible for the
structural integrity and stability of the cells (Figure 12.3). The average expression lev-
els (x = 65.8) in this group is significantly higher (p-value < 10−16) than in “Mixed-
Expressed” and “Group-Enriched genes”, but still lower than in “Tissue-Specific” genes
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(x = 102.9), suggesting that these genes are relatively upregulated in all analysed pikeperch
tissues (Figure 12.2B). The top 5 most abundant “Expressed-In-All” genes include known
housekeeping genes such as EEF1A1 (Elongation factor 1-alpha 1), ACTB2 (Beta-actin),
RPS2 (40S ribosomal protein S2), RPL7A (60S ribosomal protein L7a) and RPL4 (60S
ribosomal protein L4).
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Figure 12.2.: Classification of protein-coding genes detected in pikeperch. (A), Sinaplot
showing the distribution of the tissue specificity index τ in each genes class. (B), Violin plot
showing the distribution of genes expression levels within each class. Statistical significance ns:
Not significant; ****: Extremely significant (p < 0.0001).
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Figure 12.3.: Genes functional annotation. Enrichment of Gene Ontology (GO) terms,
KEGG and Reactome (REAC) pathways for each genes class. The top 4 significant (FDR ¡ 0.05)
GO terms/functional pathways are depicted here, including REAC (Reactome Pathways), KEGG
(KEGG Pathways), GO:BP (Biological Process), GO:CC (Cellular Component), and GO:MF
(Molecular Function).

Group-Enriched Genes
The third category contains 3809 genes (19.5%), termed “Group-Enriched”. Group-Enriched
genes are non-housekeeping genes with enhanced expression in a limited number of 2–7 tis-
sues and with an index of tissue specificity τ > 0.5. They are often involved in coordinated
biological processes in different tissues/organs, and thus highly enriched in those tissues. I
obtained 36 sets of Group-Enriched genes, comprising two (12 sets) to five (one set) differ-
ent tissues. The groups {brain; testis} (N = 1760) and {ovary; testis} (N = 1458) are the
pairs sharing most of the Group-Enriched genes (Figure 12.4). GO overrepresentation anal-
ysis indicated that genes enriched in the group {brain; testis} are predominantly involved
in plasma membrane bounded cell projection organization (GO:0120036; FDR < 10−16),
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and small conductance calcium-activated potassium channel activity (GO:0016286; FDR
< 10−3). Genes in the group {ovary; testis} (gonads) are primarily involved in cellular ni-
trogen compound metabolism (GO:0034641; FDR = 0) and in nucleotide and nucleic acid
metabolic process (GO:0006139; FDR = 0). Genes enriched in the triplet {brain; testis;
ovary} did not have any overrepresented GO terms. Global functional analyses indicated
that ncRNA processing (GO:0034660) was the most significant biological process of all
Group-Enriched genes (Figure 12.3).
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Figure 12.4.: Shared genes between tissues along with their expressions levels. Upset
plot depicting different gene sets and the number of shared Group-Enriched genes in each set. The
box-and-whisker plot summarizes the expression levels of all genes contained in each intersection
set. Red dots beyond whiskers represent genes displaying outlier expression within the group.

Tissue-Specific Genes
The last category termed “Tissue-Specific” (N = 2930) constitutes about 15% of all de-
tected protein-coding genes in pikeperch (Table 12.3). These are genes with an index
of tissue-specificity τ > 0.85 and at least five-fold higher expression in one tissue com-
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pared to all other tissues. Ovary (N = 563) and testis (N = 379) had the largest numbers
of tissue-specific genes detected in our analysis, while the head kidney (N = 109) had
the least (Figure 12.5D). GO enrichment analyses indicated that the most significant
biological process in the ovary is cell cycle process (GO:0022402), reproductive process
(GO:0022414) in the testis, homeostasis (GO:0007599) in liver, nervous system devel-
opment (GO:0007399) in brain, developmental process (GO:0032502) in gills, humoral
immune response (GO:0006959) in spleen, muscle structure development (GO:0061061)
in muscle, circulatory system development (GO:0072359) in heart, and hematopoietic
stem cell migration (GO:0035701) in head kidney. Tissue-specific genes in the skin did
not show any significantly overrepresented terms. Moreover, KEGG pathway analysis was
performed to identify which pathways were significantly enriched with tissue-specific genes.
A total of nine significantly enriched pathways were identified, whereas cell cycle, biosyn-
thesis of antibiotics, glycolysis/gluconeogenesis and biosynthesis of amino acids showed
the strongest KEGG enrichment signal across multiple tissues. For example, seven tissue
types were involved in the biosynthesis of amino acids with at least two genes (Supplemen-
tary Figure S1). As expected by construction, the logarithmized expression fold-change
for a gene in a given tissue compared to all others tissues is positively correlated with
the index of tissue specificity (τ), confirming that tissue-specific genes are significantly
upregulated only in a particular tissue (Figure 12.5C).

12.3. Co-Expression Modules — Hubs and PPI Networks
To gain insights into the pikeperch interactome with the aim to detect hubs and co-
expression networks containing tissue-specific genes, I conducted genome-wide co-expression
network analysis. Overall, seven differentially co-expressed modules (M) displaying cor-
related expression were identified. They contain 55 to 14 genes, and involve 211 genes in
total. The largest modules consisted of 55 (M1) and 53 (M2) genes. These were specifically
upregulated in liver and muscle tissues, respectively (Table 12.4). By integrating interac-
tome information with co-expression modules, I identified potential hub genes specific to
each module (Figure 12.6A). GSEA highlighted which modules were induced or repressed
in the different tissues (Figure 12.6B). Finally, I performed overrepresentation analysis
(ORA) to determine which biological functions are associated with the identified modules.
For instance, the glycolysis/gluconeogenesis pathway is overrepresented in module M4,
which is enriched by muscle-specific genes (Supplementary file S1).

To identify network-based protein functional modules that are significantly associated with
different tissues, I integrated tissue-specific co-expression modules with genome-wide PPI
networks in pikeperch. Overall, four tissue-specific PPI networks (TSN) associated with
four tissues were predicted including skin, liver, muscle and heart (Figure 12.7). These TSN
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Figure 12.5.: Summary statistics on tissue-specific genes. (A), Uniform Manifold Approx-
imation and Projection (UMAP) clustering of 2930 tissue-specific genes in pikeperch based on their
expression levels (TPM), where clusters represent genes with similar or correlated expression. (B),
Correlation heatmap between tissues, based on their specific transcriptome profile. (C), Spearman
correlation between expression fold-change for each tissue vs. all, and the index of tissue specificity
(τ). R is the spearman correlation coefficient and p the corresponding p-value. (D), Number of
detected and tissue-specific genes in each tissues. (E), Percentage distribution of tissue-specific
genes across tissues.

Table 12.4.: Tissue-specific (differential) co-expression modules with their hub genes.

Module No. Genes Tisssue-Specific Upregulation Hubs (Gene Symbol)

M1 55 Liver C3, AFP4, C1QTNF3
M2 53 Muscle PYGM, TNNT3A, TRIM21, MYLPFA
M3 27 Ovary, Testis SERPINA12, ALOX12B, LOC116046623
M4 21 Skin RPS7, RPS3A, RPL5, RPL13A, RPL7A
M5 19 Head kidney, Spleen HBZ, NPRL3, AQP8A, HBB2
M6 15 Gills, Skin LOC116046623, ZG16B, MPO
M7 14 Heart TNNT2A, MYBPC3, TNNC1A, TNNI1, TPM4A

involve between tree genes (skin, heart) and 13 genes (muscle). GO analysis identified no
significantly enriched biological process in these functional modules. However, these genes
mostly describe biological processes specific to these tissues.
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Figure 12.6.: Gene co-expression network analysis. (A), Gene co-expression networks of modules
M2 (upregulated in muscle tissues) and M7 (upregulated in heart tissues). The top hubs (i.e.,
genes with highest connectivity) are labelled and coloured based on their source: if only present in
the co-expression module predicted by CEMiTool, they are coloured blue; if additionally present
in PPI networks, they are coloured green; if exclusively present in PPI network and not in co-
expression a network, they are coloured red. The size of the node is proportional to its degree. (B),
Gene Set Enrichment Analyses (GSA) showing the modules activity on each tissues type. NES
is the normalized enrichment score. Exhaustive figures for co-expression modules are available in
Supplementary file S2.
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Figure 12.7.: Predicted tissues-specific PPI networks. Tissue specific protein–protein in-
teraction networks predicted in four pikeperch tissues including skin, liver, muscle and heart.
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Discussion
Pikeperch is an emerging inland aquaculture species in Europe. For successful positioning
of this species in the European aquaculture industry, genomics insights can be harnessed
in all stages of its domestication to understand its adaption biology, optimize breeding
programs and improve commercial traits [32]. Hence, the comprehensive transcriptomics
data presented here provide a key molecular resource for in-depth informing on develop-
mental, evolutionary, and behavioural questions throughout the domestication process of
the pikeperch.

The quality assessment of this new pikeperch transcriptome using BUSCO and various
metrics suggest that a wide range of full-length transcripts were resolved since nearly
95% of single-copy orthologs in ray-finned fish (Actinopterygii) were covered by this tran-
scriptome assembly. Moreover, the merged assembly (EvidentialGenes) displayed the best
contiguity and mappability metrics compared to the other assemblies generated with Trin-
ity or rnaSPAdes assemblers (Figure 12.1). It has been demonstrated in similar studies
that combining transcriptome assemblies from multiple assemblers or assembly approaches
yields significantly better and optimized results compared to assemblies built with a single
assembler [134, 154, 155].

Tissue-specific gene expression is a well-known biological phenomenon by which the genome
expresses differentiated transcriptomes among tissues and cell types. Therefore, tissue-
specific protein-coding transcripts can explain the difference in the composition and com-
plexity of the transcriptomes of different tissues, as well as provide clues to detecting key
pathways and physiological and regulatory processes unique in a tissue [143]. My analy-
sis using the tissue specificity index (τ) with RNA-Seq expression profiles of tissues from
10 vital pikeperch organs allowed us to establish the first catalog of tissue-specific genes
and capture their specific metabolic process. In this dataset, testis and brain tissues
had the most complex transcriptomes. In contrast, ovary and testis tissues featured the
highest number of tissue-specific protein-coding genes, accounting for 19% and 13% of
all tissue-specific genes, respectively (Figure 12.5E). This trend is comparable with pre-
vious studies across different taxa, including domesticated animals. Different studies in
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pigs [156], salmons [157], and crucian carp [158], or well studied models such as rats [159]
and mice [160]—birds [143] and even on higher-order mammals such as humans [150],
have consistently shown that brain and gonad tissues express the most tissue-specific tran-
scripts. These suggest a conserved tissue-specific expression pattern across main vertebrate
taxa and lineages.

Among tissue-specific genes, I identified 151 transcription factors (TFs) validated in diverse
fish species, 15 immune-related genes (IRG), and three hypoxia-related genes (HRG),
suggesting that these important classes of genes are less likely to be uniquely expressed in
a specific tissue. In contrast, these genes were similarly expressed in all tissues (Expressed-
In-All), or moderately expressed in a subset of tissues (Mixed). More than one-third (35%)
of detected TFs, IRG, and HRG, were either classified as “Expressed-In-All” or “Mixed”,
while only 9% were “Tissue-Specific”. However, this is an expected observation, in that
transcription factors, for example, are more likely to be ubiquitously expressed, as they are
regulatory proteins acting as housekeeping genes in different tissue types. In addition, TFs
identified as tissue-specific in our data trigger the expression of genes involved in highly
specialized organ-limited functions. For instance, the GATA transcription factors family
including GATA4, GAT5, and GATA6, which are known to play a key role in cardiac
development and cardiomyocyte gene expression, was specifically expressed in the heart
tissues of pikeperch. Similarly, SOX32 (SRY-box transcription factor 32) and HSF5 (Heat
Shock Factor 5), which are known TFs playing an essential role in spermatogenesis in
Zebrafish [161] and other fish species [162], were testis-specific in pikeperch. Lastly, we
want to highlight three hypoxia-related genes including the hypoxia-inducible factor prolyl
hydroxylase 2 (EGLN1), ceruloplasmin (CP), and solute carrier family 2 (SLC2A2), which
have been identified as tissue-specific (in heart and liver, respectively). These transcription
factors are known to regulate the expression of hypoxia-responsive genes [163, 164, 165].

Conclusion
In this experiment, I first reported a multi-tissue reference transcriptome from 10 pikeperch
vital tissues along with a comprehensive landscape of tissue-specific expression and co-
expression networks for classifying protein-coding genes regarding to their unique expres-
sion pattern across tissues. Next, I characterized the specific tissue function by identifying
functional pathways and biological processes associated with tissue-specific genes and net-
work modules. These transcriptomics resources will be useful for functional genomics anal-
yses, including validating genetic markers and understanding the roles of specific metabolic
cycles in different tissues. This knowledge will then lay a framework for investigating
pikeperch’s important production and domestication traits. Ultimately, the transcriptome
dataset will complement this aquaculture species’ information in public data repositories.
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Part IV.

Genetic Diversity—Landscape of
Genetic Variations in Domesticated

Pikeperch Broodstock
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The analyses and the results presented in the present section of the thesis have already
been published or are being considered for submission in a scientific journal. Hence, Part
IV is partly based on the following manuscripts :

• De Los Ŕıos-Pérez, L.; Nguinkal, J.A.; Verleih, M.; Rebl, A.; Brunner, R.M.;
Klosa, J.; Schäfer, N.; Stüeken, M.; Goldammer, T.; Wittenburg, D. An ultra-high
density SNP-based linkage map for enhancing the pikeperch (Sanderlu-
cioperca) genome assembly to chromosome-scale. Sci Rep 2020, 10, 22335.

Contribution: I performed the bioinformtics analyses, data visualization and vali-
dation. I also contributed in writing parts (sections) of the manuscript.

• Nguinkal, J.A.; Adzigbii, L.; Brunner, R.M.; Goldammer, T. Identification
of High-Confidence Structural and STRs Variants in a Domesticated
Pikeperch Broodstock Population (Unpublished)

Contribution: Manuscript in preparation for first submission into a journal.
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14. Introduction

One of the grand challenges in aquaculture genomics is the lack of efficient genomic tools
to inform genomic biodiversity and adaptation of farmed animals. Genomic variations
are the basis of polymorphisms between the genomes of individuals within a population.
Several types of genetic variants can be found at the genome level: deletion of insertions
(indels) of one or more nucleotides (i); single base substitution at various position in the
genome (ii); structural genomic rearrangement of at least 50 bp encompassing deletions,
duplications, insertion , inversion and translations (ii); and microsatellites often referred
to as STRs (iv). These variations do not only influence the expression of genes but also
trigger advantageous or deleterious phenotypic changes.

This section (Part IV) of the thesis aims to provide catalogues of genetic variants in a
domesticated pikeperch population including seven families and 375 progeny as basis re-
sources and instrument for understanding how genetic variation influences the adaptation,
health and well-being of animals in the domestication continuum. I restricted the variants
detection here to SNPs (i.e. non-somatic single nucleotide substitution), STRs, and SVs,
which are by far, the most common and widespread types of genomic variations with rele-
vance in aquaculture genomics [166]. The genomic and transcriptomic resources developed
in Parts II and III will serve here as backbone to perform the variants identification and
analysis using different bioinformatic software tools.
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15. Materials and Methods

The modular genotypoing pipeline includes reads mapping, variant calling, post-genoptyping,
data filtering and optimization as well as annotation and downstream analyses.

Broodstock Population, DNA Sequencing
Adults pikeperch individuals (N=18, 11 males and 7 females) were used to generate seven
matings representing seven families. A total of 375 progeny were obtained from the seven
matings. Genomic DNA from the 18 broodstock and 375 progeny was isolated using
DNeasy Blood and Tissue Kit (Qiagen) and following the manufacturer’s protocol. Whole
genome PE150 (150 bp paired-end) sequencing was performed for each individual on Illu-
mina NovaSeq 6000 platform with an average coverage of 30×.

Reads Preprocessing, Reference Mapping
Raw PE150 genomic reads were preprocessed to remove adapters and overepresented se-
quences using fastp. Clean genomic paired reads were mapped to the reference genome
built in Part II with BWA-MEM, and by including read group informations that are
important metadata information in the processing of mapping and genotyping data.

15.1. Population-wide SNPs Genotyping
Note: This specific experiment including the development of the SNPs genotyping work-
flow and and downstream analysis was mainly performed by my colleague Lidia Perez. I
have specifically contributed in the bioinformatics analysis and data visualization and inter-
pretation. (see Perez et.al., 2020 for detailed background and detailed methodology) [167].

Briefly, SNPs variants were genotyped following the the Genome Analysis Toolkit v4.0
(GATK) pipeline [168]. High-confidence variants were obtained using the following filtering
settings: QualByDepth (QD) < 10, Quality (QUAL) < 30, StrandOddsRatio (SOR) >3,
FisherStrand (FS)> 60, RMSMappingQuality (MQ) < 40, MappingQualityRankSumTest
(MQRankSum) < −12.5 and ReadPosRankSumTest (ReadPosRankSum)< −8.
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15.2. Population-wide STRs Genotyping
STRs are highly repetitive genomic sequences of tandemly repeated DNA motifs of usually
2-7 bp, e.g., (AT )n, (AGACT )n, or (TGCCA)n, where n ≥ 2. They are prevalent in all fish
genomes, and of particular interest in aquaculture because of their high mutation rate and
genome coverage. To call STRs genotypes in the broodstock of 394 pikeperch individuals, I
used HipSTR (version 0.5) [169], a genotyping tool that takes aligned reads (indexed bam
files) and a reference set of STRs panel as input and computes the maximum likelihood
diploid genotypes for each STR allele (length variation). To obtain phased STRs genotypes,
I integrated the phased SNPs data obtained in Section 15.1. A phased STR genotype call
is determined by a STR-containing reads that overlap a sample’s heterozygous SNP. High-
confident genotype calls were filtered using the filter vcf.py script in the HipSTR package
as following: min-call-qual≥ 0.9, max-call-flank-indel≤ 0.15, max-call-stutter≤ 0.15, min-
call-allele-bias ≥ −2, min-call-strand-bias ≥ −2. Furthermore, STRs with call rate < 80%
with expected heterozygosity < 99% were discarded to retain only highly polymorphic
STRs genotypes.

15.3. Population-scale Mapping of Structural Variants
SVs are sequence variations greater than 50 pb [170]. Deletions (DEL), duplications (DUP),
inversion (INV), and translocations (TRANS) are the most common types of SVs. They
are beside SNPs and STRs, another important source of genetic variations that can im-
pact gene expression and numerous phenotypes in farmed animals [171, 172]. To detect
SVs genotypes, I used the smoove wrapper (https://github.com/brentp/smoove) to de-
ploy the genotyping pipeline which includes existing tools such as lumpy, svtyper, svtools,
mosdepth, bcftools and duphold. To reduce false positive calls, read pairs overlapping
gaps, low complexity and high coverage (> 200×) genomic regions were also discarded
from the SV detection. Population-level SVs detection includes the following steps: SVs
were initially identified for each sample in parallel, and then SVtools (version 0.5.1) [173]
was utilized to combine all SVs calls across samples. SVtyper (version 0.7.1) [174] and
Duphold (version 0.2.1) [175] were used to genoptype and annotate SVs with read cov-
erage, respectively. High-confidence SVs calls were obtained after applying the following
filtering criteria: SVs with size less than 50 bp were excluded using BCFtools v1.9 (i); SVs
overlapping with the extreme high-read coverage (≥ 200×) regions or gaps of the reference
genome were also discarded using bedtools (ii); based on duphold annotation, deletions
with DHFFC (fold change for the variant depth relative to flanking regions) > 0.7, du-
plications with DHFFC < 1.3 and inversions with DHFFC > 1.3 or DHFFC < 0.7 in at
least one sample were excluded using BCFtools (iii); SVs variants with allele frequencies
(AF) ≤ 1% or ≥ 99% were ultimately filtered out (iv).
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16. Results

16. Results

16.1. High-density SNPs Landscape of the Pikeperch Genome
A total of 1,387,169 high confident and informative SNPs variants were obtained after
filtering, with an average of 1107 SNPs per million base pairs (i.e., one SNP per kb). A
chromosome-wide SNPs density analysis (Table 16.1) has revealed that the highest number
(6.12%) of SNPs were detected on chromosome 2. However, the highest density per Mb
(1348 SNPs per Mb) was obtained on chromosome 24, the shortest (20 Mb) in the pikeperch
genome. Based on their alternative allele frequency (AAF), the variants were binned into
three classes, including rare (AAF< 5%), low frequency (AAF< 10%), and common (AAF
>= 10%) variants. AAF denotes the percentage of reads supporting any base other than
the reference found at that variant’s locus. That is the relative frequency of an allele in
the population not found in the reference genome. Nearly 90% of all informative SNPs
were categorized as ”common” (Figure 16.1C). However, SNPs were only the second most
abundant type of variants in terms of allele frequency, behind STRs, which were by far the
most frequent type of genomic variants in the population (Kruskall-Wallis-Test, p < 10−6)
(Figure 16.2). Moreover, the substitutions G>A and C>T were the most common SNP
genotypes in the analyzed pikeperch cohort, making in total more than 30% of all high-
quality SNPs genotypes (Figure 16.1B). Genome-wide annotation found out that only 9%
of these SNPs were located on exons (exonic), while most of them were either intronic
(36%) or intergenic (55%).

16.2. A Population-level Catalog of STR Variants
A reference panel of 189,649 high quality STRs of S. lucioperca was used for population-
wide STRs genotyping. In total, I identified 119,401 polymorphic STRs (mean heterozy-
gosity: 0.44) in the analyzed samples after filtering to keep high-confident genotypes (Table
16.1). On average, there are 10,694 STR loci per sample, and 92% of loci are shared by
at least 5 samples. Di-nucleotide motifs are by far the most abundant (89.86%) repeat
motifs in the genome, while septa-nucleotide (7 bp) repeat motifs occur in less than 1%
of all polymorphic STRs (Figure 16.3). I used Beagle (version 4.0) [176] to impute STRs
to SNP genotype data generated in section 15.1. This imputation showed that 80% of the
STRs variants are associated with phased SNPs with a genome-wide imputation accuracy
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16. Results

Table 16.1.: Number of polymorphic genetic variants including SNPs, STRs and SVs predicted
in a broodstock population of 394 individuals along with the corresponding per mega base pairs
(Mb) density.

CHR Size (Mb) SNPs Mb Density STRs Mb Density SVs Mb Density

Chr1 54.43 54,338 998.86 7762 142.68 1145 21.05
Chr2 49.40 60,738 1229.51 6609 133.79 995 20.14
Chr3 46.65 57,479 1232.13 6292 134.88 1047 22.44
Chr4 45.68 55,388 1212.52 6817 149.23 1022 22.37
Chr5 44.88 50,563 1126.63 5440 121.21 743 16.56
Chr6 43.62 50,561 1159.66 5588 128.17 1022 23.44
Chr7 43.40 52,629 1212.65 5635 129.84 758 17.47
Chr8 42.48 52,108 1226.65 5395 127 853 20.08
Chr9 42.11 50,925 1209.33 5314 126.19 961 22.82
Chr10 41.05 41,011 1000.27 5691 138.8 854 20.83
Chr11 40.54 42,901 1058.24 5594 137.99 713 17.59
Chr12 39.46 33,634 852.36 5593 141.74 888 22.5
Chr13 36.96 32,928 890.91 4225 114.31 834 22.56
Chr14 35.08 34,228 977.94 4441 126.89 833 23.8
Chr15 34.13 38,897 1139.67 5038 147.61 642 18.81
Chr16 32.12 27,858 867.31 4283 133.34 788 24.53
Chr17 31.68 39,895 1259.31 3692 116.54 1087 34.31
Chr18 31.56 33,851 1072.59 4370 138.47 824 26.11
Chr19 31.48 28,745 913.12 4131 131.23 799 25.38
Chr20 29.80 31,481 1056.41 4689 157.35 644 21.61
Chr21 29.61 34,917 1179.23 3820 129.01 738 24.92
Chr22 29.17 33,940 1163.52 3697 126.74 663 22.73
Chr23 20.93 25,931 1238.94 2505 119.68 510 24.37
Chr24 20.30 27,367 1348.13 2780 136.95 544 26.8
Total 896.47 992,313 1106.91 119,401 133.19 19,907 22.21

of 95%. Since the family structure of this pikeperch population was known beforehand,
I used this structure to detect potential de novo mutations for 1143 STR loci, where a
progeny had an STR allele not observed in either of the parents. Overall, 8586 STR loci
overlap coding regions, 70% of which contain either dimeric, trimeric, or tetrameric repeat
motifs.
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Figure 16.1.: Statistics on genetic variants in pikeperch genome. Annotation of structural
variants (SVs) as exonic, intronic or genic (A). Most abundant types of base substitutions (SNPs)
in the pikeperch genome (B). Classification of the three types of variants based on alternative allele
frequency (AAF) into three classes including rare (AAF< 5%), low frequency (5% 6 AAF< 10%)
and common (AAF > 10%) variants (C). Boxplots and distributions showing lengths distribution
of SVs in four windows size (50-1000 bp; 1000-10,000 bp; 10-100 kb; and > 100 kb (D).
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Figure 16.2.: Alternative allele frequency of the most common genomic variants in
pikeperch. Boxplots summarizing the distribution of AAF (alternative allele frequency) on each
pikeperch chromosome. SNPs, STRs and SVs genotypes were called in a domesticated pikeperch
population of 394 individuals. AAF denotes the percentage of reads supporting any base, other
than the reference, that is found at that variant’s locus. That is, the relative frequency of an allele
in the population, that is not found in the reference genome.
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Figure 16.3.: Most abundant STR motifs in pikeperch genome. Summary of the top 10
most abundant di, tri, tetra, penta, hexa and septa STR repeat motifs in the pikeperch genome.
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16.3. The Structural Variants Landscape in 394 Broodstock
Individuals

After rigorous filtering as described in the methods section, 19,907 high-confidence SV calls
including 15,147 deletions (DEL); 2601 inversions (INV); and 2145 duplications (DUP)
were obtained across all 394 individuals (Table 16.1). On average, there are 22 SVs geno-
types per Mb, affecting 551 million base pairs in total. The number samples (individuals)
sharing high-confidence SVs ranged from 4 to 390 with a median of 171 samples associ-
ated with an SV event. The SV sizes ranged from 100 bp to 3 million bp (median: 656 pb,
mean: 50.8 kb) and 95% of the SVs are shorter than 5 kb. The SV size distributions show
that inversions span longer distances than deletions and insertions (Figure 16.1D). As ex-
pected and observed in other aquaculture species [171, 172], SVs are less common with a
significant lower allele frequency than SNPs and STRs in the analyzed pikeperch sample
population (Figure 16.2).

The annotation of high-confidence SV calls was performed using SnpEff [177]. Most dele-
tions span both exons and introns (genic). In contrast, duplications mostly span intergenic
regions, and inversions are predominantly located on exonic sequences. Overall, 45% of
all SVs overlap at least with one protein-coding gene (Figure 16.1A). Some long deletions
even span multiple genes. For example, a 55 kb DEL on chromosome 1 (Chr1) identified
in nine samples, affects three genes including NFKB1, SQSTM1, and MGAT4B, which are
known to play key roles in immune response in teleosts. (Figure 16.4).
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Figure 16.4.: A two Mb genomic region on chromosome 1 (RefSeq: NC 050173.1)
displaying annotations of SV genotypes. Region on chromosome 1 (RefSeq: NC 050173.1)
displaying SVs annotation including deletions, duplications and inversion predicted in nine sam-
ples. There is 55 kb deletion around 7 Mb affecting three genes, including NFKB1, SQSTM1, and
MGAT4B on Chr1. The paired-end reads coverage as well as the inserts size are depicted for each
sample. Red lines denote duplications, blue lines inversions and blank regions with zero coverage
are deletions. The left y-axis display the reads insert sizes for each sample and the right y-axis the
co responding reds coverage.
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17. Discussion and Conclusion

Discussion
Genomic variants such as SNPs, STRs, or SVs constitute a significant genetic and pheno-
typic variation source, still largely unexplored in pikeperch. This study aimed to fill that
gap by providing the first catalog of these variants and characterizing their landscape in a
cohort of domesticated pikeperch. Using short-read NGS data, high-confident SVs, STRs,
and SNPs variants were comprehensively identified, quantified, and annotated. This initial
study on a cohort of broodstock individuals is of particular interest because domesticated
fishes appear to accumulate more variants than their wild relatives, probably due to in-
creased selection pressure in captive environments [171]. Hence, genetic variations offer
unprecedented opportunities for advancing aquaculture production.

Future applications of this resource include, for example, gene expression analysis to quan-
tify the impact of different variant classes, genome-wide analyses to confirm or refute their
causative effects, and ultimately, their integration into GWAS fine-mapping to identify
candidate QTLs [83, 171, 172]. STRs, for example, are efficient tools for genotyping and
mapping specific traits or following the flow of genetic material in a population [169]. STRs
have been successfully applied in diverse aquaculture species to derive causative vari-
ants [178, 179]. The predictive power of SVs and SNPs variants has shown promising
results in estimating breeding values of farmed fishes [171, 180]. This clearly demonstrates
the great potential of genetic variations to increase genetic gains for specific traits of
interest using genomics insights. However, this study is limited to a purely descriptive
characterization of genetic variations without further functional investigations of putative
causative effects on phenotypic traits. In addition, the analyzed cohort comprising seven
broodstock families is not representative and randomized enough for powerful and robust
inferences on genetic diversity in pikeperch. Large-scale studies including hundreds of do-
mesticated and wild animals and individuals from different geographical locations and
environments would give a broader picture of pikeperch’s genetic variation landscape. The
results reported here merely serve as groundbreaking findings and initial work and frame-
work to such large-scale analyses.
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17. Discussion and Conclusion

Conclusion
In summary, this part of my dissertation has provided a descriptive catalog of the most
common genetic variants in pikeperch including SNPs, STRs, and SVs, which are a valu-
able genetic resource and tool for studying complex traits in pikeperch aquaculture. The
landscape of SVs, SNPs and STRs reported provides a novel resource for future studies
towards the elucidation of the genetic architecture of economical, welfare, and adaptation
traits in pikeperch. They will serve as first layer of genomics information to investigate
and understand the possible function and effects of every class of variants on the pikeperch
genome.
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Part V.

Comparative Genomics Analyses of
Pikeperch in the Percidae Fish

Family
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The analyses and the results presented in this Part have already been partially published
in a peer-reviewed scientific journal. Hence, Part V is partially based on the following
published manuscript:

• Nguinkal, J.A.; Verleih, M.; de los Ŕıos-Pérez, L.; Brunner, R.M.; Sahm, A.; Bej,
S.; Rebl, A.; Goldammer, T. Comprehensive Characterization of Multitissue
Expression Landscape, Co-Expression Networks and Positive Selection in
Pikeperch. Cells 2021, 10, 2289. https://doi.org/10.3390/cells10092289

Contribution: I designed the experiments and performed the bioinformtics analy-
ses including data processing, visualization and validation. I additionally wrote the
manuscript.

84



18. Introduction

Comparative genome analysis is a powerful tool in genomics studies, especially for poorly
studied and understood species, which facilitates the transferring of genomic information
and insights from well-studied species to newly or less investigated species within a given
taxonomic lineage [181]. Comparative genomics allows a better understanding of genome
arrangement during evolution and enhances the discovery of orthology among species
of interest. For poorly studied aquaculture species like pikeperch, comparative genome
analyses should inform the evolutionary conservation of genes and their functions, recent
or ongoing selective signatures, and better characterization of its genome organization.

Traditionally, phylogenetic analyses were performed using morphological data and mi-
tochondrial DNA only. However, with significant advances in analytical bioinformatics
methods and the democratization of NGS technologies, phylogenomics analyses are now
broadly performed at genome-scale. Phylogenomics analysis uses genome-wide data such
as protein sequences or molecular markers to find evolutionary ties in a group of genetically
related organisms (i), clarify relationships between ancestral sequences and their descen-
dants (ii), and estimate divergence time between groups of organisms sharing a common
ancestor (iii).

This section (Part V), will first focus on orthology analysis and inference between percid
fishes, then elucidate the recent phylogeny of this family. Finally, positive selection will
be investigated to capture fast-evolving genes among percids.
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19. Materials and Methods

19.1. Orthologs Analysis and Inference
To investigate the phylogenetic history of S. lucioperca, genome-scale orthologous groups
(OGs) from six percid species, namely, pikeperch, walleye, yellow perch, European perch,
Arkansas darter, and orangethroat darter, were constructed to facilitate phylogenetic anal-
yses. Orthologs are genes descended from a single gene in two species’ last common an-
cestor (LCA). For this analysis, the Asian sea bass, (Lates calcarifer) and channel bull
blenny (Cottoperca gobio), were used as outgroup species.

The longest CDS for each gene locus of these species were aligned in an all vs. all fash-
ion using BLASTP with an e-value threshold of 1e-5. In order to reduce the redundancy
caused by alternative splicing variations, only the longest CDS of gene models at each gene
locus were retained in the analysis. Coding sequences shorter than 50 amino acids were
also excluded. BLASTP alignments were fed to the OrthoFinder pipeline (version 2) [182],
which applied the Markov Cluster Algorithm (MCL) to cluster BLASTP alignments into
38,222 orthogroups (families). Subsequently, a phylogenetic tree of all six species, includ-
ing outgroups, was built based on the predicted 3980 one-to-one single-copy orthologous
gene clusters. For each single-copy cluster (i.e., family), and each species, single-copy
orthologs were concatenated into a supergene, and multiple sequence alignments (MSA)
were generated using mafft (version 7) [183]. The rooted species tree was inferred from
the generated MSA using approximately maximum-likelihood methods implemented in
FastTree (version 2.1) [184].

To elucidate the evolutionary timescale of pikeperch in the Percidae lineage, the divergence
time among the different species was estimated using the PATHd8 algorithm [185]. The
input of PATHd8 consists of a tree file in Newick format, and an arbitrary number of age
constraints of nodes, specified either as fixed age, minimum age, or maximum age. The
output file includes a tree in Newick format as well as a list of estimated node ages
(in million years), their mean path lengths, and their estimated substitution rates. The
relative age was calibrated by using a reference node from fossil data (as recorded in the
TimeTree database - http://www.timetree.org/) between sea bass and yellow perch on
the one hand, and between channel bull blenny and Arkansas darter on the other hand.
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19. Materials and Methods

19.2. Positive Selection Analysis in Percidae
Spatial transcriptomics (e.g., multitissues) and genome sequencing can explore the adap-
tive evolution of genes, i.e., genes under positive selection (GUPS), and provide a founda-
tion for lineage-specific evolutionary and fitness features among species. Positive selection
analysis can provide clues to the genes and mechanisms that drive adaptation to different
environments, including external stimuli temperature and pathogens. Another interesting
question is whether the expression of genes evolving under positive selection in pikeperch
is correlated with tissue specificity. In addition, we want to clarify whether GUPS act as
hubs (key players) in specific cellular and biological processes.

Here, I have investigated putative GUPS in pikeperch and related Percidae to examine how
recent natural selection might be associated with tissue specificity (Section 12.2), and to
interrogate how it might have shaped the phenotypic and physiological diversification in
the Percidae branch. To that end, I performed a genome-wide analysis of positive selection
in six representative species in the Percidae family. Briefly, I obtained coding sequences of
six percids species, including pikeperch, walleye, yellow perch, European perch, Arkansas
darter, and orangethroat darter. Based on these single-copy orthologs, positive selection
was scanned using PosiGene pipeline [186], which makes use of CODEML program in
the PAML package to conduct branch-site tests of positive selection. The same outgroup
species in section 19.1 were used here. Candidate genes under positive selection were those
with a false discovery rate (FDR) < 0.1. Finally, I explored the relationship between
positive selection, tissue specificity, and gene expression levels in pikeperch.
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20. Results

20.1. Orthology Inference — Phylogenetics Analysis of Percidae
To generate the phylogenetic relationship of pikeperch and find its relative evolutionary
position in the Percidae clade, a rooted phylogenetic species tree was inferred based on
1:1 single single-copy orthologs between the analyzed species (see methods). A total of
38,222 orthogroups (gene families) were predicted, of which 3980 (10.41%) are 1:1 single-
copy. Moreover, 627 gene families are pikeperch specific (Table 20.1). Among the compared
species, pikeperch (SLUC) had the largest number of shared gene families (N=21,776). In
contrast, its closest relative walleye (SVIT) had the smallest number (N=18,632) of shared
OGs. All other species were involved in around 20,000 OGs (Table 20.1).

Phylogenetic analysis using 1:1 single-copy orthologs between these species suggested that
the pikeperch and walleye have probably recently diverged as species from their last com-
mon ancestor (LCA), i.e., Luciopercinae. The relative divergence time of pikeperch dates
around 3.5 million years ago (MYA), which is relatively recent for a species. The global
picture shows that Sander spp. are evolutionary closer to Perca spp. (yellow perch and
European perch) than Etheosomatidae (darters), since Luciopercinae and Percinae build
a monophyletic clade with an estimated divergence time from their LCA around 27 MYA
(Figure 20.1A). Darters clustered together in one branch, which is also consistent with the
species taxonomy of percids.

As expected, the two Sander species included in this analysis shared the maximum number
of orthologs when comparing pikeperch to all species pairwise. In particular, pikeperch
and walleye (SVIT) shared the most many-to-one orthologs. Many-to-one orthologs are
multicopy orthologs in one species with only one copy in the other species. They have
747 one-to-one orthologs in common. Only the European perch (PFLU) shared fewer 1:1
orthologs (N=280) with pikeperch (Figure 20.1B). Walleye (SVIT), however, experienced
much fewer (N=1931) duplications than pikeperch (SLUC).

Additionally, species-specific gene duplication events were identified by examining each
node of each orthogroup gene tree using the orthofinder pipeline. Species-specific dupli-
cation events occur in the branch leading to the corresponding species in the species tree
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(e.g., duplications on a terminal branch of the species tree). Pikeperch (SLUC) experi-
enced the largest number of gene duplication events, with nearly 32% (N=9362) of its
genes involved in at least one duplication event. The European perch (PFLU) had the
fewest number with only 467 (2% of all genes) duplication events. With more than 7000
duplications involving 28% of its genes, the Arkansas darter also had a relatively high rate
of gene duplication (Table 20.2).

Table 20.1.: Species-specific statistics on orthogroups analysis in the Percidae lineage. OGs:
Orthogroups, ECRA: Etheostoma cragini, ESPE: Etheostoma spectabile, PFLA: Perca pflavescens,
PFLU: Perca pfluviatilis, SLUC: Sander lucioperca, SVIT: Sander vitreus.

ECRA ESPE PFLA PFLU SLUC SVIT

No. of proteins (CDS) 41,178 41,686 38,939 24,326 50,557 34,698
Proteins in OGs 40,273 40,682 37,875 23,193 50,094 28,381
% of proteins in OGs 97.80 97.62 97.26 95.34 99.08 81.80
No. of OGs containing species 20,690 20,076 20,861 20,002 21,776 18,632
% of OGs containing species 85.00 82.50 85.70 82.21 89.53 76.64
No. of species-specific OGs 61 106 172 47 171 875
No. of proteins in species-specific OGs 216 383 514 171 627 3119
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Figure 20.1.: Percidae phylogenetic species tree. (A), species tree of representative percids
species based on single copy orthologs. Internal node labels indicate the divergence time in million
years from their last common ancestor (LCA). ECRA: Etheostoma cragini, ESPE: Etheostoma
spectabile, PFLA: Perca pflavescens, PFLU: Perca pfluviatilis, SLUC: Sander lucioperca, SVIT:
Sander vitreus, LCAL: Lates calcarifer (as outgroup). (B) Number of SLUC ortholgs in different
orthologous genes classes compared to other five percid species including N:N (many-to-may), N:1
(many-to-one), 1:N (one-to-many) and 1:1 (one-to-one) orthologs.
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Table 20.2.: Species-specific statistics on gene duplication events in the Percidae lineage. ECRA:
Etheostoma cragini, ESPE: Etheostoma spectabile, PFLA: Perca pflavescens, PFLU: Perca pfluvi-
atilis, SLUC: Sander lucioperca, SVIT: Sander vitreus.

Species
No. of gene
duplication events

% of all genes

ECRA 7061 29.42
ESPE 7193 27.66
PFLA 6875 24.55
PFLU 467 2.12
SLUC 9362 32.37
SVIT 1931 8.10

20.2. Insights into Positive Selection Signatures in Percids
Six representative percid species were analyzed for candidate GUPS (see Methods in
19.2). Overall, 43, 63, 137, 154, 152, and 124 putative candidate genes under selection pres-
sure were detected in S. lucioperca, S. vitreus, P. flavescens, P. fluviatilis, E. spectabile,
and E. cragini, respectively (Table 20.3). Only two tissue-specific genes, SLC13A2 and
VWA1 were found to be under positive selection. Although the expression levels of GUPS
in Sander lucioperca did not significantly vary across tissues (One-way ANOVA, F < 1),
they were markedly expressed in higher levels in some tissues, such as head kidney, spleen,
and gills (Figure 20.2B). Relative to tissue-specific genes (TS), GUPS were less tissue-
specific (Kruskal–Wallis-Test, p-value < 0.0001). Although GUPS showed a higher tissue
specificity index than genes not under positive selection (non-GUPS) (Kruskal–Wallis-
Test, p-value < 0.01), and their expression levels were not significantly different (Figure
20.2A).

GO enrichment analysis of GUPS in S.lucioperca, S. vitreus, and E. spectabile revealed no
significantly overrepresentated terms. Though, several GUPS in Sander lucioperca were
associated with metabolic process, regulation of cellular process and response to stimulus.
On the other hand, GUPS in P. fluviatilis, P. flavescens and E. cragini were significantly
(FDR < 0.05) enriched with immune-related biological processes, including regulation
of immune system process (GO:0002682), regulation of defense response (GO:0031347),
myeloid leukocyte activation (GO:0002274), neutrophil degranulation (GO:0043312), leuko-
cyte mediated immunity (GO:0002274) or neutrophil activation (GO:0042119) (Supple-
mentary file S3). A broader overview of the functional terms associated with GUPS is
shown on the treeMap in Figure 20.3, representing clusters of GO terms based on their
context similarity. Each rectangle in the treeMap represents a cluster of GO terms asso-
ciated with genes under positive selection. The size of rectangles reflects the significance
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of the cluster (i.e., the number of GO terms in the cluster). Closely related GO terms are
clustered together in a supercluster of the same colour (Figure 20.3).

Table 20.3.: Statistics on lineage-specific positive selection in the representative Percidae species.

Branch No of. CDS No. of GUPS Mean ω (dN/dS) Avg No. of Sites

Sander lucioperca 56,899 43 5.11 6.63
Sander vitreus 34,187 63 4.08 9.16
Perca flavescens 43,150 137 3.41 8.41
Perca fluviatilis 50,212 154 5.97 7.80
Etheostoma spectabile 45,699 152 4.07 9.10
Etheostoma cragini 45,199 124 3.24 9.22

  

A B

Figure 20.2.: Gene expression levels of GUPS vs. Tissue-specific genes. Violin plot
comparing log transformed expression levels of GUPS, TS (Tissue-specific) and non-GUPS (all
genes not under positive selection) (A). The expression levels between GUPS and non-GUPS are
not significantly different (Kruskal–Wallis-Test). Log transformed mean expression of GUPS and
non-GUPS in each tissue type (B). Statistical significance ns : Not significant; ****: Extremely
significant (p < 0.0001).
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Clusters of GO terms – Biological Process 
 of GUPS in pikeperch (Sander lucioperca)

Clusters of GO terms – Biological Process 
        of all  GUPS predicted in Percidae

A B

Figure 20.3.: Treemap clusters of GO-terms based on their semantic similarity.
TreeMaps depicting GO terms (Biological Process) clusters GUPS in pikeperch (A) and in Per-
cidae (all analysed species) (B), respectively. Each rectangle represents a cluster of related GO
terms. The sizes of rectangle reflect the significance of the cluster (# of GO terms included in the
cluster). Closely related GO terms are grouped together in a super-cluster of the same colour.

21. Discussion and Conclusion

Discussion
Comparative genomics is an approach to understanding and quantifying the contribution
of natural selection to the molecular evolution of biological species. Given the divergent
temperature habitats and morphological traits of Percidae species, this genome-wide or-
thology and positive selection analysis aimed to discover the genes and mechanisms that
drive adaptation to different temperature environments on the one hand and to shed light
on their phylogenetic history. Comparisons among representative Percidae genomes al-
lowed us to identify fast-evolving genes in different species. These insights are crucial to
investigate how molecular evolution relates to adaptation and phenotypic evolution in this
fish family.

Functional annotation found no significantly overrepresented biological process among the
putative positively selected genes in pikeperch. However, a substantial number (2/3) of
pikeperch genes were associated with organic substances, metabolic process and cellular
response to stimuli (Figure 20.3A). GO terms associated with GUPS in Percidae mainly
included the regulation of the immune system and cellular secretion (Figure 20.3B). This
result suggests that most of these genes are implicated in the process of immune regula-
tion and activation [187]. Subsequent functional analyses would broadly characterize their
adaption features in the life history of percids fish.
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In an attempt to associate tissue specificity with fast-evolving genes in pikeperch, the
expression levels of GUPS predicted in the pikeperch-specific lineage were analyzed across
the pikeperch tissues reported in Part III. Unexpectedly, only two GUPS were found
tissue-specific (liver-specific), and no significant correlation between positive selection and
tissue-specificity was established. Moreover, most of the detected GUPS (27/32) were
classified as “Mixed” (19) or “Expressed-In-All” (8) and tended to be expressed at lower
levels relative to tissue-specific genes. This result strengthens the previous hypothesis
that genes under natural selection are more likely to be expressed at moderate or lower
levels [188, 189]. On the other hand, highly tissue-specific genes are significantly expressed
at higher levels. Thus, we can hypothesize that high tissue specificity in Percidae might
release some genes from selection pressure.

The phylogenomics analysis based on gene orthologs has confirmed the known evolution-
ary taxonomic classification of percid species by perfectly clustering each genus in the
expected species tree. I also expected Perca species to be evolutionary closer to Sander
spp. than Etheostoma spp. Interestingly, these results also reveal pikeperch as a relatively
new species, as the genus Sander diverged only around four million years ago from the
LCA of Luciopercianae. This result is consistent with previous studies dating the origin
of the European Sander spp. to the Pliocene and Pleistocene, approx. 2.4 - 5.4 million
years ago [190]. Moreover, the estimated divergence time of 20.18 MYA of the genus Perca
including PFLU and PFLA, is also supported by previous findings, which suggested an
estimated origin 19.8 million years ago during the early Miocene Epoch [191]. The same
reference dated the fossil ancestor of Sander and Perca genera around 25-33 MYA, which
is in the same range as my estimate of 27.18 MYA in this study. Collectively, these phy-
logenetic analysis results can be considered confident and accurate since they have strong
support in independent studies, which were based on mitochondrial DNA rather than on
whole-genome orthologs like in this work. Therefore, these results are more robust and
significant since they involved thousands of single-copy genes across species.

The classification of orthologous gene families showed that the number of single-copy genes
in Sander species (SVIT and SLUC) was lower than in the other species, suggesting a higher
level of gene duplication in pikeperch, for example. This assumption is substantiated by
a large number of many-to-one orthologs (30415 OGs) and duplication events (ca. 9000)
identified in SLUC . Pikeperch has, namely, experienced the most gene duplication events
among the analyzed percids species. I assume that this has also contributed to the higher
repeat content (39%) of pikeperch predicted on the reference genome in Part II. SLUC
has the highest rate of repetitive DNA among percids. Since the walleye (SVIT) genome
(the closest relative of SLUC) used in this analysis was highly fragmented and not at the
chromosome level, we cannot confidently interpret the lowest rate (2%) of gene duplication

93



21. Discussion and Conclusion

observed in its genome. However, we speculate that most gene duplication events could
not be detected because of too many partial and missing genes in the walleye genome.

Conclusion
In summary, I have analyzed the phylogenetic relationship between selected species repre-
senting three subfamilies in the Percidae lineage based on genome-wide orthologs analy-
sis. Comparative genome analyses provided new insights into recently duplicated genes in
the species-specific branch. They informed about differences in terms of orthologs content
between Percidae. In addition, molecular phylogenetic dating allowed to reconstruct the
evolutionary history of percid species with confident estimates of their relative divergence
time.
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22. General Discussion, Perspectives and
Conclusions

Fishes are the most diverse vertebrate lineage with about 34,000 living fish species recorded
by FishBase (https://www.fishbase.de/), of which only 270 have their reference genome
sequenced or other genomic resources and information available at different levels [10,
49]. The picture is even more dramatic for farmed fish species, where more than 90% have
no genetically informed breeding programs for selective and precision farming [192]. At the
start of this PhD project, pikeperch did not have any genome data and resources available
to enhance its innovative farming, optimal domestication, and adaption into intensive
aquaculture systems.

The primary purpose of this thesis was to fill these essentials, however unmet research
needs by developing state-of-the-art genomic data, genetic tools, and resources as a land-
mark scientific contribution in the genome-based aquaculture research of pikeperch. In this
chapter, the critical contributions will be discussed in a general context and its concrete
implications for applied and translational aquaculture genomics research will be exempli-
fied. Results and insights will be put into a general context. Their potential implications
for aquaculture genomics will be discussed. Readers should please refer to the specific
’Results and Discussion’ sections of each Part for discussion on the methods developed
and applied, as well as for the interpretation of the specific results.

22.1. General Context and Main Contributions of this Work
The development of genomic tools and resources and their application has enabled the
emergence of genome-informed technologies to improve the rearing, conservation, and sus-
tainability of aquaculture species. These various genomic resources promote basic research
such as comparative genomics, association studies, and genome-wide detection of selection
signatures and support applied and translational research in aquaculture and fisheries.

This thesis has contributed to that hot genomics research question by leveraging modern
high-throughput sequencing and computational genomics and bioinformatics methods to
develop and share fundamental, but necessary species-specific resources for the commu-
nity and to support genome-based aquaculture research. Starting from a single animal, I
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have elucidated its genome organization and architecture with a comprehensive annotation
of its structural elements. This genome of competitive quality helped in the subsequent
transcriptomic analyses to develop and validate a genome-wide catalog of gene expression,
co-expression networks, and functional modules across multiple tissues. Both genomic and
transcriptomic resources and data sets have built a framework for resequencing and geno-
typing various genetic variants such SNVs, STRs, and SVs and for comparative genomics
analyses. Gained insights and generated resources have been validated and made publicly
available in peer-reviewed publications and public genomic databases for the scientific
community.

This work does not claim nor aim to provide ready to use solutions for the research
challenges in aquaculture genomics, since the data presented here only provide ground-
breaking resources and instruments, which are indispensable for more targeted and ap-
plied large-scale investigations. However, this thesis demonstrates effectively how—like
in transnational biomedical research—basic science in genomics and bioinformatics can
provide useful data and basic insights for translation research in livestock and aquacul-
ture. In particular, the developed resources and tools serve as raw materials for advanced
studies towards the development of customized and SMART farming approaches as well
as for translational research in the aquaculture of this species. The subsequent challenges
are how to efficiently harness these genomic data and transform these basic findings into
optimal aquaculture practices, such as smart stock management, precision and selective
breeding.

22.1.1 Contribution: Genomic Resources for SMART Farming

Genome and transcriptome sequencing is the initial step in a whole genome project, since it
generates reference genome and transcriptome data that is useful for downstream analyses
and applications. In this work, I have leveraged different NGS technologies including SRs
and LRs sequencing to produce the first genomic and transcriptomic sequencing data of
the pikeperch.

Whole Genome and Transcriptome Sequencing

Even though decreased sequencing costs have made genome projects feasible for small
labs—what was a few years ago only possible by the combined efforts of multiple research
groups, whole-genome sequencing remains a challenging task for eukaryote species. In par-
ticular, fish genomes underwent at least three whole-genome duplications [193], resulting
in a substantial accumulation of repetitive genomic sequences, which complicates sequenc-
ing and assembly for major fish species. For instance, well-established European farmed
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fish such as Atlantic cod or Atlantic salmon got their whole genome completely sequenced
only in 2011 and 2016, respectively. This was achieved through international efforts in-
volving scientists from different labs around the world, including Norway, Germany, Chile,
Canada, China, and USA [6, 122]. With a genome size of nearly 1000 Mb, the sequencing
of the pikeperch genome was challenged by low complexity regions, usually within repeats,
which made up roughly 40% of the genome. However, combining LRs and SRs NGS tech-
nologies has mitigated this challenge, such that a high rate (> 99%) of genome coverage
was achieved, hence facilitating subsequent assembly and annotation.

The raw NGS data generated here are indispensable for developing genome and tran-
scriptome assembly and analyzing genome-wide gene expression and design of genetic
(bio)-markers for molecular analyses. Much more, its usefulness substantially relies on the
efficient and adequate annotation of genomes, which in turn depends on the availability
of several genomic resources and tools, including reference genome and transcriptome se-
quences, characterization of genetic variation, and noncoding features of the genome. The
raw sequencing data developed here are available in public sequence databases. They can
be retrieved and used by scientists for comparative genome mapping, design of primers
for molecular analyses, and targeted screening of the pikeperch genome.

Fundamental Genomics Resources

Genomic and transcriptomic data of competitive quality have been developed in this thesis
by integrative NGS data analysis and harnessing different computational and statistical
methods in customized analysis pipelines (see Methods section in Parts II–V).
Building a high-confident genome sequence is a key prerequisite towards the development
of specie-specific, customized breeding approaches in aquaculture, including the identifi-
cation of genome-informed indicators and parameters for monitoring fish’s health, growth,
welfare, and adaption to environmental stressors [83]. Transcriptomics resources comple-
ment genomics information by providing a solid basis to develop molecular tools for, e.g.,
diagnosis and the recording and quantifying stress and performance parameters. Transcrip-
tomic data additionally improve our thorough investigation and assessment of commercial
traits. Transcriptomics ultimately aids our understanding of the adaptation, development,
and metabolism parameters, which can inform aquaculturists in making customized ad-
justments to environmental conditions, such as hypoxia, temperature, nutrition, or salinity
levels.

Genomics resources such as reference genomes have been developed for major comestible
fishes of commercial relevance [7, 10], where they have proven to be instrumental in
addressing many challenges of sustainable fisheries and aquaculture through the use of
SMART breeding approaches. Since there are no SMART breeding programs nor genome-
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based intelligent monitoring systems for pikeperch farming so far, the resources developed
here represent a fundamental contribution that will lay a ground framework for research
towards innovative and optimal animal rearing, broodstock management, and breeding
schemes. Moreover, with the genome and transcriptome annotation, the identified key ge-
nomic features, measuring characteristics like i.e. animal health, resilience, environmental
impact, and reproduction parameters, are considerably facilitated. In sum, the compre-
hensive and informative genome, and transcriptome assembly, and functional annotation
presented here could empower a standardized assessment and monitoring of both ecologi-
cally and production-relevant traits.

Resource for Gene Expression and Genetic Diversity
As part of my thesis work, I have comprehensively characterized the spatial landscape
of gene expression and co-expression network modules in pikeperch (Part III), and pro-
vided an end-to-end workflow to predict, genotype, validate and annotate high-confident
genetic variants including SNVs, SVs, and STRs in domesticated pikeperch broodstock
(Part IV). Spatial, i.e., multitissues gene expression atlas and catalogs of genetic variations
are other necessary resources used in fish genomics and biology for the characterization
of family structures [171, 172], to perform GWAS [194], correlate important commercial
traits with genetic variants, and to measure QTLs [195]. The genetic variation landscape of
a species is a crucial resources to investigate genetic plasticity and diversity in that species,
as demonstrated in some commercial fish species like salmonids [196, 197] or European
seabass [198].

The expression and co-expression atlas in pikeperch was characterized for a panel of vi-
tal tissues sampled from animals of both sexes. This allowed quantifying the divergence
and correlation between the transcriptomes of the different tissues, but also the charac-
terization of sex-specific and tissue-specific gene regulation and evolution of transcript
complexity. These insights are of scientific importance in aquaculture research in that
they contribute to a deeper understanding of the molecular mechanisms of tissue activity
and function, help to discover key regulatory features, and shed light on the correlated
phenotypic and functional evolution of tissues, which in turn—provide a basic understand-
ing of the key production and life-history traits of the animal [199]. Besides, the panels
of genetic variants and their distribution in a domesticated pikeperch population have
determined family structures and detected signatures of ongoing positive selective. It is
well known that variants such as SVs and microsatellites constitute a significant source of
genetic and phenotypic variations with potential impact on fitness, resilience, and adap-
tation [171, 172]. Integrating spatial gene expression and co-expression networks with the
catalog of genetic variants and both transcriptomic and genomic data has provided raw
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ingredients to analyze genetic biodiversity, and investigate omics-informed farming prac-
tices for this percid fish. Collectively, the development of sequencing data, genome and
transcriptome sequences, gene expression, and genetic variation data are instrumental in
addressing most of the basic challenges hampering sustainable fisheries and aquaculture
production of pikeperch.

22.1.2 Contribution: Genomics Tools towards Translational Aquaculture

Data such as gene expression profiles, SNV markers, structural variants, STRs variants
generated in this thesis could also serve as genetic tools for applied aquaculture research,
including genotype-phenotype correlation, marker-assisted selection, QTLs mapping, sex
and straits discrimination, and genome editing technologies.

Tools for Customized Genomic Selection

Genomic selection (GS) is a technique used to estimate individualized breeding parameters
using a large number of markers distributed across the genome [200]. The idea of GS is
to directly predict productions characteristics in terms of breeding values (BVs) solely
from high-density genomic markers, without integrating phenotypes information. It uses
a test population with phenotypic data along with a training set of individuals who have
been genotyped and phenotyped to develop mathematical and machine learning predictive
models to determine the optimal BVs [200]. The new tools presented here aim to accelerate
the identification and design of specific breeding parameters through targeted sequencing
or resequencing of core genes affected by markers like SNPs, STRs, or SVs. Gene expression
data can then be used to quantify these qualitative parameters. In European carp, for
example, only 20 molecular markers were used to develop a practical selective breeding
approach in a pool of over three million individuals [201], which demonstrates the vast
opportunities that offer genetic tools for marker-assisted selection.

Tools for Genetic and Phenotypic Correlation

Genome-wide catalogs of genome variations, high-throughput genotyping, and expression
datasets are an instrument for GWAS in a population of interest. A great challenge in
the industrial application of aquaculture research is to quickly and efficiently measure
performance and production traits in different broodstocks [7]. However, these traits often
underlie hidden causative genomic signatures, revealed through reference genome and
transcriptome sequences and annotations, genome-wide polymorphic markers, efficient
genotyping, and high-density linkage maps. Hence, the data developed here fulfill this
requirement in that subsequent research can use them to investigate if any polymorphic
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marker or variant in the genome is associated with a trait of interest. This association of
phenotypic data with observable characteristics is a way to identify causal genes.

Tools for Genome Editing Technologies

Genome editing (GE) refers to a set of technologies that give the ability to perform spe-
cific changes at targeted genomic sites of interest [202]. Notable genome editing tech-
nologies comprise transcription activator-like effector nucleases (TALEN) and CRISPR-
associated protein-9 nuclease (Cas9). The potential of GE to improve aquaculture breed-
ing and production has been successfully demonstrated in diverse aquaculture species
of Salmonidae [203], Cyprinidae [204, 205] and Siluridae [206] fish families. In all these
examples, species-specific genomics information and tools have been harnessed to use
these technologies efficiently. Therefore, this work paves the way to future applications in
pikeperch and other percids species where genome-based technologies in aquaculture still
fall short.

Tools for Sex and Complex Traits Discrimination

In aquaculture, it is often crucial to know the sex of individuals because some species
show differentiated or sex-specific straits, e.g., growth rate. To that end, practical tools are
needed to determine sex and characterize sex-specific growth. High-density STRs and SNPs
polymorphic markers developed here offer a considerable opportunity for investigating sex-
linked markers, which facilitates future selection and broodstock management strategies.

Tools for the Development of SNPs Chips
The comprehensive SNPs panel developed in this work could serve as a predictive tool
for developing SNPs chips using significantly predictive SNPs between groups of individu-
als. For instance, SNPs displaying significant heterozygous genotypic differences between
disease resistant and robust pikeperch and more susceptible individuals of a given co-
hort can now be identified. Short oligonucleotides encompassing a subset of significant
SNPs, e.g., 1000 SNPs per Mb, could be immobilized on an SNPs array as allele-specific
oligonucleotides. These high-density SNPs array are most frequently used in aquaculture
for genome-wide association studies, selection of complex traits, and in studies aiming to
detect loss of heterozygosity in broodstocks.
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22.2. Perspectives and Future Directions

This Ph.D. thesis is a substantial contribution to the pikeperch genome project. How-
ever, the elucidation of the pikeperch genome, with the underlying resources developed
here, is not the end of the project. Rather, this opens promising perspectives for in-depth
functional genomics studies, which are crucial for biological inference and a better under-
standing of pikeperch biology.

The newly developed pikeperch reference genome provides essential genomic resources to
investigate genomic and transcriptional hallmarks for the phenotypic characteristics of this
species. Additionally, it paves the way for a comprehensive analysis of genome resequencing
data from larger cohorts of individuals to enlighten our understanding of the genomic basis
of natural selection and how pikeperches adapt to changing environments. These insights
will ultimately aid stock management programs and bring pikeperch genomic research to
the next level. Moreover, the genomic tools and resources developed in this work will be
essential for addressing the genomic effects of smart selection related to breeding programs
and thus, enhance the efficiency of selection for improved growth, disease resistance, and
other economically important traits for its aquaculture.

A future direction shall be the functional analysis of key genes that have advantageous
implications in pikeperch farming. Ultimately, a customized selection scheme that builds
upon utilizing the genome information from both wild and captive populations should
be developed. For a viable and sustainable future in the aquaculture, these approaches
will be inherent components towards the construction of a successful breeding program
for pikeperch. Finally, future domestication research projects using modern genomic tools
should also benefit from this work.

However, for the developed genomics resources to effectively be helpful, they need to
be combined with phenotypic data and other identifiable traits correlated with genomic
markers and functional features. This work has neither addressed these kinds of functional
associations nor validated the function of the predicted genes and genomic markers.
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22.3. General Conclusion

This doctoral thesis aimed to develop and establish essential species-specific genomic re-
sources and genetic tools for the valued farmed fish pikeperch, an emerging aquaculture
species for the European aquaculture sector. To unveil comprehensive and accurate ge-
nomic information for this commercial species, I applied state-of-the-art next-generation
sequencing technologies and integrated different high-throughput data and bioinformatics
methods to build and annotate reference-quality genome and transcriptome data. These
data are the first quantitative and qualitative foundation for future in-depth and targeted
large-scale genomics research in pikeperch. These initial resources were leveraged in subse-
quent analyses to characterize the genome-wide atlas of gene expression and co-expression
networks and functional modules across multiple individuals and tissues. Moreover, ge-
nomics and transcriptomics information was used to establish the landscape of genetic
variation, including SNPs, STRs, and SVs in broodstock families, including several hun-
dred individuals. Finally, comparative genome analyses provided critical insights into the
recent positive selection and evolutionary life history of pikeperches within the Percidae
fish family.

The reported genomic resources will enhance genomics, genetics, and breeding research
in pikeperch. More specifically, the data generated and insights gained through this thesis
will serve as essential resources to a broader community of genomicists to investigate
the causal links between genome and relevant aquaculture traits. It additionally lays the
fundamental framework for understanding the genomic architecture of these traits, thereby
significantly enhancing the species-specific breeding programs, rearing, and production
practices. Ultimately, these species-specific resources provide crucial insights susceptible
to improving pikeperch production efficiency and sustainability in the aquaculture sector.

The findings, output data, and resources have been validated, structured, and disseminated
for easy use by the scientific community in peer-reviewed publications and public genomic
data repositories, respectively, following the FAIR principles.
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22.4. Data and Resources Availability

Genomics Resources and Data
The raw sequencing data generated in this project is available at the NCBI Sequence
Read Archive (SRA) under Accession Number PRJNA626522. The annotated assem-
bly of Sander lucioperca is available at the NCBI GenBank under the Accession Num-
ber GCA 008315115.2. Raw genomic reads are available at SRA BioSample-accession
SAMN12618724.

Transcriptomic Resources and Data
The raw RNA-Seq reads are openly available at NCBI SRA (BioProject PRJNA752979).

The transcriptome shotgun assembly has been deposited at DDBJ/EMBL/GenBank un-
der the accession GJIW00000000. The version described in this paper is the first version,
GJIW01000000. Codes used for data analysis as well as generated figures, tables, and ex-
tended methods are available on github (https://github.com/bbalog87/Pikeperch_

transcriptomics, accessed on 28 September 2021).

Pipeline Codes and other Resources
Codes and pipelines used in the analyses as well as extensive methods and data are avail-
able on the following Github repositories:

ngs containers set of singularity and docker containers for NGS analysis pipelines.
– https://github.com/bbalog87/ngs_containers

Pikeperch transcriptomics pipelines and scripts fo multitissues transcriptome assembly
of pikeperch, tissue expression atlas, co-expression and positive selection analyses.
– https://github.com/bbalog87/Pikeperch_transcriptomics

SLUC assembly Scripts and resources for pikeperch (S. lucioperca) genome project
– https://github.com/bbalog87/SLUC_assembly
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Pikeperch Genes — Functional Annotation

COG Categories Distribution
Information Storage and Processing:
Transcription (K): 1950
RNA processing and modification (A): 643
Translation, ribosomal structure and biogenesis (J): 477
Replication, recombination and repair (L): 409
Chromatin structure and dynamics (B): 263
Total: 3742 / 14.62%
Cellular Processses and Signaling:
Signal transduction mechanisms (T): 5331
Posttranslational modification, protein turnover, chaperones (O): 1591
Intracellular trafficking, secretion, and vesicular transport (U): 819
Cytoskeleton (Z): 672
Extracellular structures (W): 310
Cell cycle control, cell division, chromosome partitioning (D): 233
Defense mechanisms (V): 190
Cell wall/membrane/envelope biogenesis (M): 102
Cell motility (N): 19
Nuclear structure (Y): 10
Total: 9277 / 36.26%
Metabolism:
Inorganic ion transport and metabolism (P): 573
Carbohydrate transport and metabolism (G): 554
Lipid transport and metabolism (I): 503
Amino acid transport and metabolism (E): 427
Energy production and conversion (C): 417
Secondary metabolites biosynthesis, transport and catabolism (Q): 295
Nucleotide transport and metabolism (F): 222
Coenzyme transport and metabolism (H): 104
Total: 3095 / 12.1%
Poorly Characterized:
Function unknown (S): 7926
General function prediction only (R): 0
Total: 7926 / 30.98%
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