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Abstract

Yu, X. (2022). Genomic architecture of selection for adaptation to challenging
environments in Aquaculture. PhD thesis, Wageningen University and Research, the
Netherlands.

Aquaculture, including freshwater and marine farming, has been important for
global fish production during the past few decades. However, climate change
presents a major risk threatening both quality and quantity of aquaculture
production. The environmental stressors in aquaculture resulting from climate
change, are temperature rise, salinity changes, sea level rise, acidification and
changes of other chemical properties and changes of oxygen levels. Although a
reasonable genetic gain can be achieved by selective breeding, this genetic response
may not be enough to adapt fish species to the effects of climate change. Marker-
assisted selection focusing on specific genes or alleles that allow fish to cope with
these changes would allow more rapid adaptation of fish to these new
environments. In this thesis, | focused on three essential environmental stressors -
dissolved oxygen, salinity and temperature as primarily determined in aquaculture
production. The main objective is to provide insight in the genomic architecture
underlying the mechanism of adaptation to challenging environments of aquaculture
species under farming conditions. First, | determined candidate QTL associated with
phenotypic variation during adaptation to hypoxia or normoxia. | identified over-
represented pathways that could explain the genetic regulation of hypoxia on
growth. To identify fish with better hypoxia tolerance and growth under a hypoxic
environment, | quantified the genetic correlations between an indicator trait for
hypoxia tolerance (critical swimming performance) and growth. Moreover, the
genomic architecture associated with swimming performance was demonstrated,
while the effect of significant QTLs on growth was estimated. Beyond applying
genome-wide association studies, | used selection signatures to identify QTLs and
genes contributing to salinity tolerance. In addition, | also compared the genome of
the saline-tolerant and highly productive tilapia “Sukamandi”, that was developed
by the aquaculture research institute in Indonesia, to that of blue tilapia and Nile
tilapia, to identify the QTLs contributing to salinity tolerance. Finally, | investigated
QTLs associated with growth-related traits and organ weights at two distinct
commercial Mediterranean product sites differing in temperature (farms in Spain
and Greece). Overall, this thesis considerably adds to insight into how fish adapt to
challenging environments, which will aid marker-assisted selection for improved
resilience of aquaculture species under climate change.
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1 General introduction

1.1 From domestication to adaptation

Domestication is defined as a process by which animals become progressively
adapted to captive conditions (Price, 1997). The earliest domesticated animal was
dog (Canis familiaris), which started at least 15,000 years ago (Savolainen et al.,
2002), followed by goat, sheep, and pig between 10,500 and 10,000 B.P. (Zeder,
2006; Colledge et al., 2013; Alberto et al., 2018). Animal domestication has not only
provided food, clothing and companionship, but also changed the way how people
live and look at the world (Baenninger, 1995).

Compared to land animals, the domestication of fish species is much more recent
(Teletchea and Fontaine, 2014). Fish domestication is initiated to control part of the
life cycle, then close the entire life cycle and further establish a well-defined strain
or population displaying favorable traits. Although the history of domestication is
unique for every fish species, the domestication usually consists of several main
steps, until populations attain the desired phenotypes as shown in Figure 1. The first
step of fish domestication starts with transferring the fish from the wild (FO) to a new
environment, usually created or controlled deliberately. Several manipulations (e.g.
fishing, handling and transporting) occur during this stage, which include mechanical
and physiological stressors likely to disrupt fish endocrine function. The second step
of fish domestication is physiological acclimation to the captive environment, which
includes a diversity of environmental factors (Lorenzen et al., 2012). Successful
acclimatization requires adaptation to all these environmental factors within the
tolerance range of the fish. The third step of fish domestication is to reproduce the
next generation and start deliberate genetic adaptation to cultured conditions. If
survival rates are sufficient, and captured fish can be successfully reproduced, the
next generations can be progressively genetically adapted to the captive
environment. During step 4, phenotypic changes are driven by controlled selection
(selective breeding). In this phase, selection is primarily targeted at improvement of
growth and other production traits.

Over the last decades, advances in genotyping and whole genome sequencing have
opened up new ways of tailor-made domestication, focusing on understanding the
genomic architecture of complex traits under selection. Step 5 and 6 (Figure 1) show
how this information can be used in marker-assisted selection (MAS), which is to
indirectly select for desired traits based on molecular genetic markers and Genome
editing, (“CRISPR/Cas9”) where genes are manipulated at the level of DNA to
produce desired genotypes and phenotypes.
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1 General introduction

Phenotypic changes

Homeostasis l /\_l
< > <t > €—>

Stepl: Step2: Step3: Stepd: : %5: tep 6:
F0, capture  F0, acclimation  F0, reproduction FI-FX, adaptation FX + 1, adaptation FX + ), adaptation

Selective breeding MAS Genome editing
Wild conditions Captivity

< » <& >
< » <€ >

Figure 1. The main steps of fish domestication process, modified from Milla et al.
(2021).

Although fish farming has been ongoing for millennia, selective breeding has only
been applied recently in aquaculture. Currently only around 100 fish species are
considered fully domesticated (Teletchea, 2021). The oldest domesticated fish
species - common carp, dates back to about 2000 B.C. in China where carps were
caught during river floods and raised to market size in artificial ponds or lagoons
(Nash, 2010). Left-over fish were allowed to spawn to generate the next generation.
In Europe, domestication of the common carp is thought to have started in the
Danube delta from where it spread across the entire European continent during the
Middle Ages (Balon, 1995). Although carp is the earliest fish species to be
domesticated, it has not been subjected to selective breeding to the extent seen in
the other more recently domesticated fish species (K Janssen et al., 2015).

Rainbow trout is an important, but also only recently domesticated species. Farming
of Rainbow trout began in the 1870’s in California. In the 1950’s, several farms used
artificial selection to improve traits of interest, such as body weight and early
maturity, however the scientific basis of selective breeding was poorly understood
at that time (Gall and Crandell, 1992). In Europe, over 20 generations of mass
selection are thought to have been conducted with over 900% cumulative genetic
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1 General introduction

gain in harvest weight, which made Europe the leading Rainbow trout producer in
the world (Janssen et al., 2017).

Currently the most important cultured species by value, farming of the Atlantic
salmon began in the early 19t century in the United Kingdom (Ellis et al., 2016). The
first selective breeding program, however, was initiated in Norway. To generate a
diverse gene pool, salmon were collected from 40 Norwegian rivers and one Swedish
river by AKVAFORSK in the early 1970’s, to set up the first selective breeding program
(Gjedrem et al., 1991). The initial breeding goal was to select candidates based on
their growth performance. It has been shown that selection response for growth
was about 14% per generation, and that farmed Atlantic salmon in Norway can grow
twice as fast as their wild counterpart (Thodesen and Gjedrem, 2006).

Nile tilapia is considered to be one of the oldest tropical farmed species in the world,
with a history dating back to more than 3500 years ago in ancient Egypt (Harache,
2002). However, selective breeding only began at the end of the 1980’s with the well-
documented breeding program called “Genetically Improved Farmed Tilapia” (GIFT),
initiated by WorldFish with support of Norwegian and Philippine institutes. In order
to have a broad genetic diversity, broodstock fish for the GIFT strain were collected
from four strains of tilapia reared in the Philippines (Israel, Singapore, Taiwan, and
Thailand stocks) and four wild populations from Africa (Egypt, Ghana, Kenya, and
Senegal) (Gjedrem, 2012). The project aimed to select for better growth of Nile
tilapia (Eknath and Acosta, 1998; Ponzoni et al., 2011).

Another popular fish species in Europe is gilthead seabream (Sparus aurata), which
started to be cultured around 1970’s in the south of Europe (Morretti, 1999).
However, it was not until the early 2000’s that the first commercial breeding
program was initiated (Brown, 2004). To date, the reported number of selected
generations varies from 1 to 5, with selection response for harvest weight of 10 — 15
% per generation can be achieved (Kasper Janssen et al., 2015).

1.2 Selective breeding and marker-assisted selection

Overall, domestication is thought to be a slow process where fish gradually adapt to
the new, captive environment. By contrast, selective breeding could achieve a 7 to
25% selection response on harvest weight varied from species to species (Janssen et
al., 2017). The traditional methods for selective breeding are mostly mass selection
and pedigree-based selection. Mass selection is one of the earliest selection
methods, where the fish are ranked based on the observed phenotype. However,
mass selection does not consider family relatedness, which may result in a high
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1 General introduction

inbreeding coefficient. Selective breeding based on pedigree information is widely
used as it accounts for all family relationships and fixed environmental effect
simultaneously (e.g. best linear unbiased prediction: BLUP). However, keeping well-
maintained pedigree records is often a problem in aquatic species. It has been
reported that the selection intensity which can be achieved under family selection is
actually relatively small due to problems with fertility and fecundity (Farias et al.,
2017). Furthermore, reproductive biology is often limiting regarding the amount of
control over mating. Since 2001, the direction in animal breeding has gradually
shifted toward genomic selection, which aims to estimate a genomic breeding value
by using a large number of markers across the entire genome (Meuwissen et al.,
2001). So far, there are several advantages with applying genomic selection in
aquaculture breeding programs (Allal and Nguyen, 2022), including 1) improvement
of the genetic response and enhancing the accuracy of genomic prediction. 2)
reducing the generation interval time, and 3) reducing the rate of inbreeding while
increasing selection intensity.

MAS is regarded as a potentially more efficient method compared to the selective
breeding methods, because it allows breeders to select individuals based on a
particular genotype (Boopathi, 2020). This is of particular interest when targeting
difficult traits such as health and disease resistance. Most performance traits,
including growth and disease resistance, are regulated by multiple genes with small
effects and few quantitative trait loci (QTL) with larger effects. Analysis of these
associated genes and QTLs is essential to genetically improve fish performance.
Markers can be found located within the desired genes or nearby a gene regulating
the trait of interest. MAS has been shown to have several benefits : 1) select genes
for traits with low heritability 2) select for recessive alleles of a particular gene, 3)
understand the genomic architecture for phenotypes that are difficult, expensive
and time consuming to determine 4) more precisely estimate the genetic inbreeding
and manage genetic diversity (Collard and Mackill, 2008). One successful example in
fish is infectious pancreatic necrosis (IPN) resistance in Atlantic salmon. IPN is a viral
disease that resulted in a serious problem in salmon aquaculture especially at the
beginning of the 21% century, with outbreaks causing high mortality up to 90%
(Houston et al., 2020). Research teams from the UK and Norway identified a major
QTL on chromosome 26 that could explain 80 to 100% of genetic variation in IPN
resistance in seawater (Houston et al., 2008). The incorporation of these major QTLs
in the breeding program reduced the mortality by IPN to near zero from 2009 to
2015 in Norway (Norris, 2017). Whirling disease is another pathogen-caused disease
that leads to skeletal deformation and mortality of many salmonid species. A single
QTL on chromosome 9 was identified which explained 50 — 86% of phenotypic
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1 General introduction

variance in rainbow trout mortality to the disease (Baerwald et al., 2011). Finally,
photobacteriosis is an infectious bacterial disease and may cause high mortality (90
to 100 %) in seabream. A large genome-wide QTL was detected on LG17, which
explains 13-16% of the genetic variance (Aslam et al., 2018). These examples show
that the combination of selective breeding with MAS offers a great opportunity to
improve selective breeding for difficult traits, such as traits which are difficult to
measure and/or have low heritability. The information from these markers can be
simultaneously integrated into genetic assessments to estimate the genomic
breeding values.

1.3 Genomic resources for aquaculture breeding

The genomic resources for aquaculture are lagging behind those of plant and
livestock, including the sequencing and assembly of references genomes (Houston
et al., 2020). An important step for marker-assisted selection and genomic selection
is to collect genotypes. Currently, there are three widely used methods for
genotyping in aquaculture, i.e. Single Nucleotide Polymorphism (SNP) array,
Genotyping-By-Sequencing (GBS), and whole genome sequencing.

SNP array is a type of DNA microarray containing probes designed to characterize
polymorphisms known to exist in the species, or specifically, in a target population.
The density of SNP arrays can vary from low to high depending on the experimental
design. For example, the first SNP array for Nile tilapia was developed by Joshi et al.
(2018), and contains more than 58,000 SNPs (58K) identified in a Genomar farmed
strain. Another SNP array (65K) has been developed specifically for GIFT tilapia by
the Roslin Institute. This array was subsequently validated in six other tilapia
populations showing that at least 30,000 SNPs were segregating within each of these
six populations (Pefialoza et al., 2020). These SNP arrays provide a good opportunity
to conduct genomic selection and population management studies, e.g. assessing
genetic diversity and inbreeding levels.

GBS, which targets a reduced genome representation by using restriction enzyme
digestion combined with size selection, is regarded as a low-cost method for
genotyping (Wickland et al., 2017). This method provides greater flexibility in terms
of the targeted number of loci and aims at a genome representation from anywhere
between a few tenth of a percentage to a few percentages. The molecular markers
identified by GBS can be further used to address research questions in the domain
of genomics and quantitative genetics. So far, GBS has been applied in a range of
aquatic species summarized by Robledo et al. (2018), including Oreochromis
niloticus, Salmo salar, and Oncorhynchus mykiss. And the number of studies based
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1 General introduction

on GBS is continuously increasing. The main advantage of GBS is that it can be applied
to any species and can be done at low costs even for small experiments. Conversely,
SNP arrays require extensive SNP discovery in the target species or population prior
to design of the array. In addition, most of the high-density SNP array platforms only
become cost effective when large batches are ordered. The downside of GBS,
however, compared to SNP arrays is lower reproducibility of genotyping.

Whole genome (re-) sequencing is a comprehensive method for analyzing the entire
genome, contrary to GBS which sequences a reduced genome representation.
Aquaculture genome sequencing projects began in the USA, UK, some EU countries,
and China in the early 2000’s (Yue and Wang, 2017). Thus, the genomes of several
major aquaculture species have been sequenced, including catfish, Atlantic salmon,
rainbow trout, tilapia, Pacific oyster, and shrimp. There are currently several ongoing
well-known genome projects related to aquaculture: the Genome 10 k Project
(Koepfli et al.,, 2015), aiming to sequence the complete genomes of 10,000
vertebrate species, including 4000 fish species, to further understand their evolution
and to rescue the endangered species; the AQUA-FAANG project
(https://www.aqua-faang.eu/), aiming to improve annotation of functional genomic

sequences and to use that information for genotype-to-phenotype prediction in the
six most important European farmed fish species; the Fish 10 k project (Fan et al.,
2020), aiming to construct reference genomes of 10,000 representative fish species
and understand functioning of important issues, vertebrate evolution and fish
development. Furthermore, whole genome sequence information of fish
populations also allows identifying regions and genes under selection, including
those involved in the domestication process (Malinsky et al., 2018). Overall, these
genome resources promote not only fundamental research such as genome
characterization, comparative genomics, and evolution, but also applied research in
aquaculture production.

With the development of these genomic resources, QTL mapping, genome-wide
association studies (GWAS), marker-assisted selection (MAS) and genomic selection
(GS) are becoming routinely applied in aquaculture species. QTL mapping in
aquaculture has been explored for salinity tolerance (Jiang et al., 2019), body color
(Li et al., 2019), ammonia-nitrogen tolerance (Zhu et al.,, 2021), and sex-
determination (Palaiokostas et al., 2015). QTL mapping, however, does come with
limitations. For example, it requires genotyping both parents and progeny. It is also
difficult to identify the specific genes that have minor effect on the target traits. By
contract, a GWAS allows identifying genetic variants associated with complex traits
ranging from small to large effect (see BOX 1 for more detailed explanation).
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1 General introduction

Applying genome-wide markers of animals from a managed breeding program, it is
possible to select directly for favorable alleles associated with the target traits. Also,
the incorporation of whole genomic markers enables us to easily implement GS in
species with advanced breeding scheme.

1.4 Climate change and aquaculture

Aquaculture, including freshwater and marine farming, now produces more seafood
than wild caught fish, and this production is expected to double by 2050 (Pernet and
Browman, 2021). According to the FAO (2020), aquaculture contributes a total of
82.1 million tons (46%) to global fish production, and it has continuously been rising
in the past decades. However, climate change has been identified as a major risk to
the global food production and a big threat to both quality and quantity of
aquaculture production. The urgent concern is whether aquaculture can grow
sustainably and sufficiently to meet the future demand of a rapidly growing human
population given realistic climate change scenarios.

The most important threats to aquaculture resulting from global climate change are
high water temperatures outside the physiological tolerance range, increases and
rapid changes in salinity due to drought and flooding, acidification of seawater due
to carbon dioxide uptake, and oxygen shortages caused by any combination of the
above that could result in algal blooms (Myers et al., 2017; Reid et al., 2019). In this
thesis, | focus on three major environmental factors: dissolved oxygen, salinity, and
temperature. Because these three environmental factors primarily determine
productivity in aquaculture (more explanation see each section below). My
hypothesis is that, although a reasonable genetic gain can be achieved by selective
breeding, this genetic response may not be enough to adapt fish species to the
effects of climate change. That is because the genomic architecture of the traits
underlying adaption to these environmental stressors is complex. Marker-assisted
selection focusing on specific genes or alleles that confer fish adaptation could result
in more rapid progress and help aquaculture cope with the challenges posed by
climate change.

Fish have evolved various mechanisms, including morphological, biochemical,
behavioral, and physiological, to deal with environmental stressors. Every one of
these mechanisms is under genetic control, and hence phenotypic changes can be
found as a consequence of genetic adaptation to extreme environments, including
changes in the brain, head, and mouth of fish species (Palacios et al., 2013).
Morphological and physiological adaptations are usually accompanied by additional
changes such as behavior. Although non-genetic factors, often referred to as
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1 General introduction

phenotypic plasticity, can lead to adaptation to extreme environments, there is no
doubt regarding the importance of genetic variation during response to different
environmental stressors. Unravelling the candidate QTLs and genes underlying these
novel traits, could lead to the discovery of novel markers, incorporated into breeding
program for improved resilience of aquaculture species under climate change.

1.4.1 Adaptation to hypoxia stress

Dissolved oxygen (DO) is an important parameter for water quality. Hypoxia occurs
when DO decreases to a harmfully low level for fish species. Fish can perform various
behavioral responses to hypoxia (Chapman and Mckenzie, 2009; Domenici et al.,
2013). When confronted with severe hypoxia, fish reduce movement or feed intake
to conserve energy (Abdel-Tawwab et al.,, 2019). For species that regularly
experience hypoxia stress, it is important to optimize breeding programs to select
for fish that have better hypoxia tolerance. Although a simple solution seems to be
that smallholder farms aerate their ponds for more oxygen supply, aeration of fish
ponds is often not available or too expensive (Mengistu et al., 2020).

Fish behavior and physiological responses to hypoxia are well studied, however, the
studies focused on genetics and genomics of adaptation to oxygen stress are sparse.
Adaptation to oxygen stress in mammals is highly determined by genetics. Several
key genes were reported for activating hypoxia-regulating pathways in mammals.
For example, hypoxia-inducible factors (HIFs) are essential to regulate gene
expression under hypoxia (Kietzmann et al., 2016). However, physiological
adaptation to oxygen stress in fish species is far more complex and its genetics to a
large extent unknown. Thus, major QTLs and genes that contribute to adaptation to
hypoxia are not known.

In general, water contains less oxygen and the rate of oxygen diffusion is lower in
water than in air (Dejours, 1981). In many aquatic environments, hypoxia is
increasing in frequency, magnitude, and duration as a result of climate change and
human activities (Verberk et al., 2022). These changes limit the oxygen uptake by
fish, leaving them unable to meet their metabolic demand for oxygen. Nevertheless,
a threat to fish production is unavoidable. Therefore, it is essential to select fish that
survive and grow even when oxygen is limiting.

1.4.2 Adaptation to salinity

Shortages of freshwater for aquaculture have increased the need to develop
aquaculture in brackish water in many countries. Rising seawater levels and
prolonged periods of drought are expected to lead to salinization of groundwater,
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1 General introduction

surface water, and estuaries of coastal areas (Oppenheimer et al., 2019).
Furthermore, flooding and drought could also drive large fluctuations in water
salinity. Therefore, it is urgent to develop fish species for aquaculture that can adapt
to brackish water, and/or fluctuating salinity levels.

Salinity is specific to the aquaculture environment. Extensive studies have been
conducted on fish physiological responses under different levels of salinity.
Euryhaline fish — fish that can deal with a wide range of salinities - keep a stable
internal osmotic balance through the osmoregulatory systems involving gills,
kidneys, and intestine (Edwards and Marshall, 2012). When the salinity exceeds the
tolerance of the fish, inflammation, apoptosis and other negative consequences can
occur (Khairnar et al., 2015). Previous studies reported that genetics may play a key
role in adaptation to environmental salinity challenges. For example, genes coding
for prolactin (Breves et al., 2013), growth hormone (Deane and Woo, 2009), and
insulin-like growth factor 1 (Yan et al., 2020) were found to contribute to salinity
tolerance.

The salinity tolerance of fish varies among species and hybrids. The most widely
culture tilapia — Nile tilapia (Oreochromis niloticus), is only moderately saline-
tolerant. A significant growth decrease was observed for this species when salinity is
higher than 8 ppt (parts per thousand). Other species in the genus, notably
Oreochromis aureus and Oreochromis mossambicus, are saline-tolerant tilapias
(Kamal and Mair, 2005; Gan et al., 2016). Parental O. mossambicus has a higher
salinity tolerance and O. niloticus has a lower salinity tolerance compared to their F1
hybrids, and the salinity tolerance can increase in offspring if they are backcrossed
with the parental O. mossambicus (Baroiller and Rogfion, 2004). Such crosses can
also show significant heterosis, which could potentially lead to better growth
performance than parental O. mossambicus. Thus, a saline-tolerant and highly
productive tilapia can be produced by selective breeding of species hybrids. In this
thesis we use the Sukamandi strain developed by Research Institute for Fish Breeding
(RIFB) in Indonesia. This strain of hybrid origin shows increased salinity tolerance but
how the underlying genomic architecture was shaped by artificial selection for a
better adaptation to salinity tolerance is unclear.

1.4.3 Adaption to temperature

Global temperature obviously has been increasing and continues to increase even
more due to climate change (lona et al., 2018). Aquaculture losses and extreme
temperature events are linked. Some regions with the highest concern are the
largest aquaculture producing nations. For example, China, Vietnam, and part of the
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Mediterranean (i.e. Spain), are predicted to be highly influenced by extreme climatic
events (Reid et al., 2019). During marine heatwaves ocean temperatures rise over
five degrees centigrade above normal. This can lead to mass mortalities over a period
of a few days, as was seen in New Zeeland where high water temperatures caused
close to 1300 tons of dead salmon during the summer of 2021 based on the SPINOFF
report (https://thespinoff.co.nz/). During summer, heatwaves in the Mediterranean
have led to massive fish mortalities in aquaculture facilities and the wild (Rosa et al.,
2012).

The general principles of fish thermal physiology and stress responses have been
extensively studied (Faught et al., 2019; Alfonso et al., 2021). For most species, body
temperatures equal water temperatures and thus there is limited opportunity for
self-regulation independent of water temperature. Changes in water temperature
can have pronounced effect on fish physiology, such as muscle and cardiovascular
function, movement, and growth (Little et al., 2020). Like hypoxia and salinity
challenges, the response to a temperature challenge is also mediated by genetics.
Several genes were reported to play an important role in adaptation during
temperature challenge, such as Nuclear Protein-1 (Nuprl) and parkin E3 ubiquitin
protein ligase (Park2), to the extent that they are considered thermal stress markers
(Hori et al., 2010).

1.5 Objectives and outline of this thesis

Over the past decade, an increasing number of GWAS have been conducted for
aquaculture species, however mostly focusing on the traits related to growth,
disease resistance and sexual maturation (Palaiokostas and Houston, 2017). The
genomic architectures underlying adaptation to challenging environments, i.e., low
oxygen, fluctuating or high salinity and increasing temperatures, remain unclear.

In this thesis, | aim to provide insight into the genomic architecture underlying the
mechanism of adaptation to challenging environments of aquaculture species under
farming conditions. | specifically focus on two fish species which experience
environmental variability in three essential environmental factors: dissolved oxygen,
salinity, and temperature. The ultimate objective is to provide the genomic basis of
marker-assisted selection that should aid in breeding more resilient and robust fish
under challenging environments.
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1 General introduction

Box 1 The principle of genome-wide association study

The genetic variation is the major cause for difference between individuals. A
genome-wide association study (GWAS) is a statistical method to identify the
associations between genetic variation and phenotype. Single nucleotide
polymorphisms (SNPs) are the most common type of genetic variation. And a
GWAS is used to detect the association between genotype and phenotype.

Example: two groups of 16 small and 16 big Nile tilapia are sampled. Genotype
information is captured through a genotyping array. Thus, allele frequency of the
G allele for locus 1 is estimated as 0.44 (7/16) and 0.38 (6/16) for small and big
fish populations, respectively. A chi-square (x?) test shows that x? are 0.26 and
209.07 for locus 1 and 2, respectively. The probability 0.61 suggest that there is
no association between locus 1 and fish size, while the probability less than 0.0001
suggest that locus 2 is associated with fish size. Therefore, Locus 2 is a candidate
marker for body size (fish photo adopted from https://stock.adobe.com/).

a group of small fish a group of big fish
< &
b4 S
< -
Locus 1 Locus 2 Locus 1 Locus 2
AG GG TTTT GAAA
AAG A TCTT AGAG cccccccc
AAGA TTTT AAAA ccTe
AGGA TTTT GAG G ccce
Allele frequency Freq(G)=0.44 Freq(C)=0.06 Freq(G)=0.38 Freq(C)=0.94

Association test 7=y %
Locus 1: X2 = (7-6) 2/7 + (10-9) 2/9 = 0.26, P-value = 0.61 (1 degree of freedon
Locus 2: X2 = (15-1) /1 + (1-15) 2 /15 = 209.07, P-value < 0.0001

Whole genome level

o9l

Noteworthily, the significance at the whole genome level needs to be determined
by multiple testing corrections to avoid false positives. Furthermore, population
structure needs to be accounted for performing GWAS with many individuals.
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A graphical outline of the thesis and the individual objectives is shown in Figure 2.
The experimental basis for Chapters 2 and 3 is Nile tilapia (the GIFT strain) from
WorldFish at the Aquaculture Extension Centre in Jitra (Kedah, Malaysia). In Chapter
2, the objective is to understand the genomic architecture associated with
phenotypic variation during adaptation to hypoxia or normoxia, and further
elucidate the effect of hypoxia on the genetic regulation of growth. | apply a genome-
wide association study (GWAS) to identify genetic variants associated with growth
traits under normoxic and hypoxic environments, while the important genes and
over-represented pathways for better growth under hypoxic environment are
unraveled. In Chapter 3, the objective is to investigate the genomic architecture of a
potential indicator trait, critical swimming performance or Ug:, for hypoxia
tolerance, and quantify the correlations with the growth under hypoxic
environment. Uit is @ novel trait that determines the moment when fish become
fatigued and stop swimming during a swimming challenge at increasing flow rates.
Uit may reflect the oxygen uptake efficiency and cardio-respiratory health and
therefore the potential for growth under challenging oxygen conditions. | estimate
the heritability of swimming performance and the genetic correlations between Ut
with growth traits at an early life stage, and with growth traits at a later life stage
using a genomic relationship matrix under hypoxic environment. Furthermore, |
identify QTLs associated with Ucirand estimate the significant QTLs effect on growth.

growth under CHAPTER 1
hypoxia
dissolved
oxygen

swimming
performance CHAPTER 2

and growth

challenging . growth under

environments salinity high salinity CHAPTER 3

growth under
temperature different CHAPTER 4
temperatures
Figure 2. The outline of this thesis with specific objectives of the individual chapter.

A saline-tolerant tilapia was developed by the aquaculture research institute,
Research Institute for Fish Breeding (RIFB) in Indonesia. This strain, called
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“Sukamandi” shows a stable growth under high and fluctuating salinity varying from
30 to 58 ppt. The history of this strain, however, is not fully documented, but it is
assumed to be derived from a hybrid between Nile tilapia and blue tilapia. In Chapter
4, my objective is to identify the candidate QTLs and genes associated with salinity
tolerance. Instead of applying GWAS, | determined potential genes contributing to
salinity tolerance from signatures of selection with whole genome sequencing data.
Since the strain has been selected over four generations under a saline environment,
genome contributions of blue tilapia (Oreochromis aureus) and Nile tilapia
(Oreochromis niloticus) can be compared to identify the genomic regions
contributing to salinity tolerance. In Chapter 5, the objective is to identify the
genomic architecture associated with growth-related traits and organ weights under
two different temperature environments. Gilthead seabream is an important fish
species for Mediterranean aquaculture. More than 80% of the genetically improved
fingerlings of this species originate from a single country (Greece). With the observed
temperature divergence in the Mediterranean region, | investigate the QTLs
associated with growth-related traits and organ weights growing out in two distinct
commercial product sites (Spain and Greece farms), and further identify the over-
represented processes and pathways underlying temperature specific environment.
Finally, in Chapter 6, the overall findings relevant to this thesis are synthesized. | also
propose the future directions and give concluding remarks of the whole thesis.
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Abstract

Background: Tilapia is one of the most abundant species in aquaculture. Hypoxia is
known to depress growth rate, but the genetic mechanism by which this occurs is
unknown. In this study, two groups consisting of 3140 fish were raised in either
aerated (normoxia) or non-aerated pond (nocturnal hypoxia). During grow out, fish
were sampled five times to determine individual body weight (BW) gains. We applied
a genome-wide association study to identify SNPs and genes associated with the
hypoxic and normoxic environments in the 16th generation of a Genetically
Improved Farmed Tilapia population.

Results: In the hypoxic environment, 36 SNPs associated with at least one of the five
body weight measurements (BW1 till BW5), of which six, located between 19.48 Mb
and 21.04 Mb on Linkage group (LG) 8, were significant for body weight in the early
growth stage (BW1 to BW2). Further significant associations were found for BW in
the later growth stage (BW3 to BW5), located on LG1 and LG8. Analysis of genes
within the candidate genomic region suggested that MAPK and VEGF signalling were
significantly involved in the later growth stage under the hypoxic environment. Well-
known hypoxia-regulated genes such as igfirb, rora, efna3 and aurk were also
associated with growth in the later stage in the hypoxic environment. Conversely, 13
linkage groups containing 29 unique significant and suggestive SNPs were found
across the whole growth period under the normoxic environment. A meta-analysis
showed that 33 SNPs were significantly associated with BW across the two
environments, indicating a shared effect independent of hypoxic or normoxic
environment. Functional pathways were involved in nervous system development
and organ growth in the early stage, and oocyte maturation in the later stage.

Conclusions: There are clear genotype-growth associations in both normoxic and
hypoxic environments, although genome architecture involved changed over the
growing period, indicating a transition in metabolism along the way. The
involvement of pathways important in hypoxia especially at the later growth stage
indicates a genotype-by-environment interaction, in which MAPK and VEGF
signalling are important components.

Keywords: Nile tilapia, growth, hypoxia, oxygen stress, GWAS, meta-analysis
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2.1 Introduction

Tilapia is one of the most important species in aquaculture noted for their relative
ease of culture and rapid growth. Tilapia is currently cultured in over 120 countries,
mainly in the tropics and sub-tropics, with a production from 0.3 million tonnes in
1987 to closely 7 million tonnes in 2018, which makes it the second largest
aquaculture species in the world [1]. Tilapia is a valuable protein source in developing
and emerging economies. Due to its wide range of culturing conditions, tilapia is also
an excellent model to study adaptive responses to environmental stresses [2]. One
of the most important non-commercial breeding programs is the Genetically
Improved Farmed Tilapia (GIFT), executed by WorldFish in Malaysia. It has sustained
genetic gains for growth and body trait more than 10% per generation for more than
six generations [3]. However, rapid growth potentially exacerbates existing
limitations in the production environment. In non-aerated ponds, high stocking
density can lead to an extreme hypoxic environment, especially at the end of the
night (nocturnal hypoxia), when algae have higher rate of oxygen consumption than
oxygen production. The extreme hypoxic environment can lead to lower feed intake,
stagnated growth, and susceptibility to disease [4, 5]. The result is a higher mortality
and lower yield than what could potentially be achieved [6]. The effects can be
mitigated through mechanical aeration of ponds, but a daily fluctuation in oxygen
availability is nevertheless inevitable.

Response to hypoxia is a highly complicated biological process that has received
considerable scientific attention, both in fishes and in land vertebrates (e.g. high-
altitude adaptation studies). Most of these response processes happen very early at
the onset of hypoxia through the activation of pathways depending on proteins that
are already present [7]. But in the longer term, adaptive responses to hypoxia are
leading to different expression of genes. In mammals, studies in the past decades
pointed to an essential role of the hypoxia-inducible factors (HIF) for gene expression
regulation during hypoxia [8]. Other genes such as tyrosine hydroxylase (TH),
phosphoglycerate kinase 1 (PGK1) and vascular endothelial growth factor (VEGF) are
also important key actors [9]. Recent studies have described that fish have homologs
of HIF-a and -B, which may show similar function to those in mammals in the hypoxic
environment [9, 10]. Several other hypoxia-related proteins and signal pathways
have been reported, such as AMP-activated protein kinase (AMPK), reactive oxygen
species (ROS), mitogen-activated protein kinase (MAPK) and IGF-1/PI3K/AKT
signalling, which have been reported to be involved in hypoxia adaptation of some
fish species [11, 12].
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Genetic adaptation to hypoxia is important for survival in many aquatic species, since
variation in oxygen availability in water can vary far more, and far more rapidly, than
in terrestrial ecosystems. Hypoxia is an important cause of economic losses in
aquaculture. Understanding the genomic architecture of hypoxia adaptation could
help to improve resilience through breeding programs for economically important
species. So far, hypoxia tolerance has been studied in a limited number of fish
species, including catfish [13, 14], Atlantic salmon [15], and tilapia [16], with the aim
to identify QTLs for hypoxia-tolerant traits. Genome-wide association study (GWAS)
has been regarded as a powerful tool to identify genetic markers associated with
target traits, and a more complete gene network will provide the knowledge bases
required for the aquaculture industry to make improvements [17]. In hybrid catfish,
Zhong et al. [13] revealed in total nine SNPs associated with dissolved oxygen (DO)
level using a 250K SNP array. Analysis of the genes overlapping or close to those SNPs
suggested that many of those genes were involved in the PI3K/AKT and VEGF
pathways. In another study, Brennan et al. [18] aimed to identify population
differences in hypoxia tolerance by calculating the amount of time for Killifish to lose
equilibrium using GWAS. They found that variation in Hyaluronan synthase 1 (has1)
influenced the production of hyaluronan, which can directly affect hypoxia
tolerance.

There are only a few studies that focused on genetic bases of either hypoxia
tolerance or growth in Nile tilapia [16, 19], however, none of these investigated how
hypoxia influences growth in Nile tilapia. The main objective of this study was to
unravel the genomic architecture associated with phenotypic variation during
adaptation to hypoxia or normoxia, and to elucidate the effect of hypoxia on the
genetic regulation of growth.

2.2 RESULTS

2.2.1 Phenotype Statistics

Fish fry was produced from generation 15 of the GIFT breeding program. The
experiment was carried out in an aerated (normoxic) and non-aerated (nocturnal
hypoxic) ponds, each producing 1026 and 1037 fish that were involved in the
analysis. Body weight of growing fish was measured at five time points (Table 1). The
data show that the number of tilapia in both environments gradually decreased. This
effect was more pronounced in the hypoxic environment, with a total loss from
stocking to harvest of 23% of the initial number of individuals, compared to 14% in
the normoxic environment. The average body weight at five time points in the
normoxic environment was significantly higher than those in the hypoxic
environment, with the exception of the first time point (BW1). Interestingly, the
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coefficient of variation in body weight (CV) at each time point in the two separate

environments decreased.

The estimated phenotypic correlations for body weight between different time

points in the two environments are shown in Table 2. Results show that phenotypic

correlation between time points in the hypoxic and nomorxic environments was

initially high (0.80 and 0.81 separately), but decreased with increasing time between

measurements.

Table 1 Summary statistics of body weight across the whole growth period in Nile tilapia

cv
Trait Days Environments No. Mean Max Min SD (%) P value
BW1 O Hypoxia 1037 24.8 77.0 3.6 13.4 540 0.14
0 Normoxia 1026 254 77.1 2.9 13.1 51.7
BW2 55 Hypoxia 1037 144.3 328.0 26.0 54.7 37.9 3.81E-07
56 Normoxia 1026 159.1 394.3 30.2 63.1 39.7
BW3 104 Hypoxia 907 265.9 498.3 70.5 733 27.6 4.17E-08
105 Normoxia 941 289.4  650.5 63.3 92.5 32.0
BW4 167 Hypoxia 885 426.4 805.3 117.0 1189 279 2.20E-16
168 Normoxia 903 533.6 1079.1 68.2 177.2  33.2
BW5 217 Hypoxia 799 579.6 1003.4 1355 154.4 26.6 2.20E-16
218 Normoxia 885 780.9 1588.6 185.7 265.6 34.0
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Table 2 Phenotypic correlations of body weight across the whole growth period in different

environments

Trait BW1 BW2 BW3 BW4 BW5
BW1 -- 0.81 0.61 0.32 0.22
BW2 0.80 -- 0.77 0.44 0.32
BW3 0.59 0.80 -- 0.66 0.52
BW4 0.29 0.46 0.68 - 0.83
BWS5 0.15 0.31 0.56 0.85 --

The spearman’s rank correlation coefficient of body weight in hypoxia is presented below
diagonal, while the normoxia is above diagonal.

2.2.2 SNP statistic and Population structure

In total 27,090 SNPs that passed SNP minor allele frequency, genotype and
individuate call rate criteria, were used for subsequent analysis. Those SNPs were
found to be randomly distributed across the genome with a density of approximately
28 SNP per Mb. The highest number of SNPs (4,344) on LG3 while LG11 had the
lowest number of SNPs (630) (Figure 1A). A few windows on LG3 show a higher
density of SNPs (Figure 1B). Besides this exception, the distribution of SNPs is
uniform with the linkage group physical length of the Oreochromis niloticus genome
(GenBank accession GCF_001858045).

The PCA represents the genetic structure for individuals from the hypoxic and
normoxic environments, respectively (Figures 1C, 1D and Supplementary Figures 3,
4). In the hypoxic environment, the first three principal components (PCs) explain
47.0% of the total genotype-based variation and separate samples according to their
family differences. PC1 accounts for 15.2% of the total genotype variation and
separates families in hapa3 with other families. In the normoxic environment, the
first three components explain 39.8% of the total genotype variation, while the first
component accounts for 15.3%. Moreover, the largest PC (PC1) of all samples
separates disperse cluster from families in hapa3 again.

These results indicated that there was clear genetic variation caused by family
differences in both environments. This was partially caused by the different
distribution of the number of fish from four rearing hapas under the normoxic and
hypoxic environments. Additionally, the average body weight of fish in hapa3 was
larger than that of other hapas, especially the mean body weight of male fish at the
first time point was much higher in the normoxic environment than the hypoxic
environment (Supplementary Figure 2), indicating that a few families with high body
weight dominated in one environment but not the other.
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Figure 1. SNP statistics with all individuals. (A) Histogram of SNPs distribution across all
linkage groups. (B) SNP density plots across all linkage groups. (C and D) 3D PC plot for origin
of tilapia at BW1 in the hypoxic (C) and normoxic (D) environments using all SNPs that passed
filtering, where each dot represents one individual.

2.2.3 Single environmental GWAS at five different time points
Significant SNPs were detected with a univariate GWAS by implementing a linear
mixed model. We observed that sex and hapa effects can explain part of the
difference in body weight. Thus, these were treated as fixed factors in our analysis.
Overall, five association analyses, one for each time point where body weight was
measured, were performed for each environment. The Manhattan plots for each of
the five time points in the hypoxic and normoxic environments are shown in Figures
2A and 2B, respectively. In addition, Quantile-Quantile plots with genomic inflation
factors were created to aid in estimating the influence of population structure on
single environmental GWAS (shown in Supplementary Figures 5 and 6). The P values
of corrected thresholds for suggestive and genome-wide significant levels were 4.22
(-log10(1/16504)) and 5.52 (-log10(0.05/16504)), respectively.

In the hypoxic environment, the analyses showed 10 significant and 26 suggestive

SNPs associated with BW1 to BW5 (Supplementary Table 2). Among those, six SNPs
between 19.48 Mb and 21.04 Mb on LG8 attained genome-wide significance for BW1
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to BW3. However, those SNPs were not significant for BW4 and BW5. Two SNPs (LG1:
30766342 and LG1:30766336) were significant associated with BW3 to BWS.
Additionally, 16 SNPs above the suggestive level as defined above for BW1 to BW2
were found on LG8, LG18 and LG19, while 18 SNPs mostly located on LG1 and LGS,
were found for BW4 to BWS5. Interestingly, at BW3, SNPs on LG8 overlapped with
BW1 and BW2, while SNPs on LG1 overlapped with BW4 and BWS5, further

confirming that there is a transition in genomic architecture associated with growth
over time.

We also detected 2 significant and 27 suggestive SNPs across different growth stages
in the normoxic environment (Supplementary Table 3). The suggestive peak at BW1
covered the same genomic region as that found for the hypoxic environment
between 19.48 to 21.03 Mb on LG8. However, similar to the hypoxic environment,
the significance of those SNPs declined from BW1 to BW3, a pattern also seen for
the SNPs located on LG18 and LG22. A few SNPs on LG7 and LG15 also showed a
signal near the suggestive level from BW3 to BW5, which could be potentially
interesting, although they did not attain statistical significance.
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Figure 2. Manhattan plots across the whole growth period in the hypoxic environment (A) and
normoxic environment (B). Each dot on this figure corresponds to a SNP within the dataset,
while the orange and blue horizontal line represent the genome-wide significance (5.52) and
suggestive significance threshold value (4.22), respectively. The Manhattan plots contain —
log10 observed P-values for genome-wide SNPs (y-axis) plotted against their corresponding
position on each chromosome (x-axis).

2.2.4 Meta-analysis GWAS across two environments

A meta-analysis GWAS that considered the effects of 27,090 SNPs in common in the
hypoxic and normoxic environments was performed, and the results are shown in
Figure 3. In total 33 SNPs were detected to be significant with five measurements of
body weight during the whole growth stage. Clusters of significant SNPs were mostly
found on LG8, LG18 and LG22 (Supplementary Table 4). Interestingly, six SNPs
located between 19.48 and 21.03 Mb on LGS, three SNPs between 12.44 and 27.32
Mb on LG18 and three SNPs within 1kb at 35.25 Mb on LG22, were all significantly
associated with body weight at time points BW1 and BW2. However, the P-values of
those SNPs decreased in subsequent growth periods. Five SNPs between 30.54 and
31.19 Mb on LG1, and one SNP on LG15 (LG15:23051993), were associated with body
weight from BW3 to BW5. Moreover, two SNPs on LG8 (LG8:4319661, LGS:
11800435) were significant at BW4 and BWS5. Notably, those SNPs located on LG8
were found at a different region compared to SNPs on the same LG in hypoxic GWAS.
Hence, associations for BW1 to BW2 were different from BW4 to BWS5, although
BW3 shows both overlap to early and late growth stages, which could indicate that
a transition in the pathways involved occurred around this stage.
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Figure 3. Manhattan plots of Meta-analysis GWAS across two environments. The orange and
blue horizontal line represent the genome-wide significance (3.03E-06) and suggestive
significance threshold value (6.06E-05), respectively.

2.2.5 Functional annotation analysis

Based on the SNP association patterns for five measurements across the whole
growth stage, we defined the early stage as BW1 and BW2, while the later stage is
BW3 to BW5. Through gene identification within the associated genomic regions, the
functional processes and pathways were subsequently enriched for single
environmental and across environmental GWAS, respectively. Considering that BW3
is the transition point, SNPs that overlapped with the early stage were excluded in
the functional annotation for the later stage. The candidate genes derived from
single environment and across environment GWAS are shown in Figures 4A and 4B,
where 15 and 25 genes from the BW1 to BW2 and BW3 to BWS5 respectively, were
uniquely associated with body weight in the hypoxic environment while another 12
genes were unique to growth in the normoxic environment. It is also noteworthy
that three genes (raraa, rarab, bahccl) were significant for BW1 and BW?2 for both
single and across environmental GWAS.

During the early growth stage in the hypoxic environment, fourteen GO (Gene

ontology) terms were found to be significantly overrepresented (Supplementary
table 5), including central nervous system development and steroid hormone
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mediated signalling pathways. Six KEGG pathways were found at later growth stage
(Figure 4C), including MAPK and VEGF signalling pathways. Protein interaction
network analysis showed dock5, dock10, dock11, baiap2a, baiap2b, aurka and aurkb
strongly interacting with raclb and ppp3ca, which all are proteins participating in
MAPK and VEGF signalling (Figure 4D).

For the early growth stage of the normoxic environment, retinoic acid receptor
signalling pathway, apoptotic signalling pathway, liver development, signal
transduction, steroid hormone mediated signalling pathway and brain development
biological processes (Supplementary table 6), were significantly enriched, while two
(retinoic acid receptor and steroid hormone mediated signalling pathways)
overlapped with the same growth period in the hypoxia environment. However, in
contrast to the hypoxic environment, we did not find significant terms during the
later growth stage in the normoxic environment.

In the meta-analysis GWAS across the normoxic and hypoxic environments, nine GO
terms, including retinoic acid receptor signalling pathway and steroid hormone
mediated signalling pathway, were mostly enriched in the early growth stage. During
the later growth stage, two pathways involved in oocyte meiosis and progesterone-
mediated oocyte maturation process. Interestingly, none of hypoxia-related
pathway was enriched (Supplementary table 7).
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Figure 4. Functional annotation based on candidate genomic region associated with growth.
(A) Venn diagram summarising the gene count of the early stage (BW1 to BW2) from hypoxia,
normoxia and meta-analysis (cross normoxia and hypoxia). (B) Venn diagram summarizing
gene count of later stage (BW3 to BW5) from hypoxia, normoxia and meta-analysis. (C) KEGG
enrichment of candidate genes in later stage of hypoxia environment (D) protein association
network among candidate genes in later stage of the hypoxia environment.

2.3 Discussion

Hypoxia is one of the major environmental factors in fish. Hypoxia tolerance
represents the ability of fish species to tolerate low oxygen level and to maintain a
sustainable metabolic rate at lower dissolved oxygen levels [20]. Growth is a key trait
for aquaculture and can be assessed by weight gain in order to examine the impact
of hypoxic condition on fish production. For more than a half century, various and
divergent claims have been made regarding the interaction between body size and
hypoxia in teleost fish. Recent studies showed that small individuals have the least
hypoxia tolerance within some fish species, such as Oscar cichlid [21, 22] and Red
seabream [23]. In contrast, small fish chose lower oxygen levels more than large fish
in Largemouth bass [24] and Yellow perch [25], however, this behaviour was
suggested that the smaller fish utilize the hypoxic zone as refuge protected from the
bigger predators [26]. From these studies it is clear that selection for low oxygen is
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difficult to ascertain, indicating a clear added value of investigations into genetic
consequences of selection, such as the present study.

In general, metabolic rate is highly affected by dissolved oxygen in the rearing
environment. Generally, faster growing animals have a higher metabolic rate and
therefore require more oxygen. As a consequence, hypoxia is expected to adversely
affect fish growth and feed utilization [6]. On the other hand, large individuals have
an obvious advantage over small ones in severe hypoxic environments because small
fish will use up their glycogen reserves and reach mortality levels much faster with a
higher metabolic rate [27]. Overall fish production declines, and disease resistance
decreases as a consequence of hypoxia [28]. It has been observed that larger Nile
tilapia tolerated low DO levels better than small ones, thought partially due to the
fact that Nile tilapia immunity was stronger in larger than smaller [29]. Regardless of
the complexity of the relationship between hypoxia and growth, studies focused on
the genomic basis of hypoxia-growth interactions in Nile tilapia are sparse.

Our results suggest a number of genes and metabolic pathways involved in the
adaptation to differences in dissolved oxygen in Nile tilapia. In the hypoxic
environment, 14 significantly enriched processes were associated with the early
growth stage, including nervous system development and animal organ
development. Rara gene codes for the retinoic acid receptor alpha, a transcription
factor which regulates genes involved in cellular growth and differentiation [30]. In
addition, raraa and rarab play a key role during development in zebrafish [31].
Mediator of RNA polymerase Il transcription subunit 24 (med24), an orthologue also
found in human, mouse and zebrafish, participates in nervous system development
[32]. However, these genes and associated molecular pathways do not indicate a
clear link with hypoxia when comparing to other fish studies, and rather might reflect
a relation to general growth and development pathways.

During the later growth stage, the results of pathway enrichment suggest that
candidate regions are significantly enriched for adherens junctions, oocyte meiosis,
MAPK signalling pathway, VEGF signalling pathway, regulation of actin cytoskeleton
and progesterone-mediated oocyte maturation. Among these six pathways, various
studies in zebrafish, channel catfish, and sea bass have shown MAPK to be involved
in low oxygen tolerance in fish [14, 33, 34]. VEGF signalling was shown to be essential
for maintaining the vascular density and oxygen supply in tissues [35]. Additionally,
the VEGF pathway is also one of the targets of HIF-1a, which rapidly accumulates to
activate genes involved in a series of responses to hypoxia [8, 36]. The candidate
gene igfira, identified in this study, codes for IGF-1 receptor-a, a receptor of insulin-
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like growth factor that was reported to be a primary mediator of growth hormones
[37]. The ephrin-A3 gene (efna3) is shown as a key functional mediator of hypoxic
microenvironment and is regarded as a therapeutic target for hypoxia-specific
disease [38]. Retinoic acid receptor-related orphan receptor alpha (rora) was
demonstrated to be a key regulator of HIF-1a activities in human [39]. Finally, the
aurora kinase A (aurka) gene, a serine kinase in neuroblastoma related to cell growth
and migration, can up-regulate expression in human BE(2)-C cells under hypoxia [40].
Recently, Li et al. [16] also found that several regions were significantly related with
hypoxia tolerance, including LG3, 4, 11, 14 and 22, especially two regions
(LG4:15080000, LG11:24255000) are found to be adjacent with the peak in the
hypoxic environment (BW5) of our study. Nevertheless, our results suggest that
hypoxia has a non-significant effect on growth during the early growth stage, while,
conversely, faster growing tilapia have higher tolerance to hypoxia in the later
growing stage, reflected by survival probability. Interestingly, it has been shown that
tilapia exposure to a nocturnal hypoxia for 9 weeks led to a better growth
performance than normoxia, which is related with a compensatory appetite later in
the day [41]. Additionally, Roze et al. [42] has reported that fast growing fish display
a better ability to maintain balance to acute hypoxia exposure than slow growing
fish, by comparing two genetically different growth strains of Rainbow trout,
suggesting a better hypoxia tolerance similar to the findings presented in our study.

In the normoxic environment, six biological processes were significantly enriched for
BW1 and BW2, including retinoic acid receptor signalling pathway, apoptotic
signalling pathway, liver development, signal transduction, steroid hormone
mediated signalling pathway and brain development. Steroid hormone mediated
and retinoic acid receptor signalling pathway overlapped with the same stage in the
hypoxia environment, which seems mostly involved in general growth and
development processes. The overlap in the early growth stage between normoxic
and hypoxic environments may result from shared conditions until the first time
point. Another possibility is that hypoxia affected small fish less, and there still was
sufficient dissolved oxygen as a result of lower overall demand. As fish grew bigger,
the metabolic impact of high growth on oxygen consumption and availability may
have become more pronounced [43].

For the later growth stage, 12 suggestive SNPs tagging regions containing 22
candidate genes were identified. These included the gene coding for mitochondrial
calcium uniporter (mcu) that was reported to be a regulator in skeletal muscle
growth and homeostasis [44]. The genes coding for oncoprotein-induced transcript
3 (oit3) and MAP6 domain containing 1 (map3d1) were both reported to be related
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with calcium ion binding activity [45]. Yoshida et al. [19] performed the first genome-
wide association study to unravel the genetic architecture of harvest weight in a Nile
tilapia population derived from a mixture of the 8™ generation GIFT and the wild
strains from Egypt and Kenya. In that study, four regions were identified that were
significantly associated with harvest weight in LG12, 15, 18 and 22, respectively.
However, the genes lying in these regions were not significant in our study. One of
the reasons could be that the GIFT population has been selected on growth for many
generations and those regions have become fixed. This could also explain the limited
number of significant SNPs and candidate genes for growth observed in our study.
However, it is also likely the specific variants found by Yoshida et al. were never
present in our population to begin with.

The results from the meta-analysis show that five genes play a major role in growth
and development during the early growth stage, namely raraa, rarab, med24,
brms11a and prpf38b. Two of them (raraa, rarab) also showed significance for single
GWAS in the normoxic and hypoxic environments, respectively. Prpof38b only showed
a major effect in the hypoxic environment. The orthologues of this gene in human,
zebrafish and mouse have been shown to have a function in the central nerve system
[46]. Development related genes found in single GWAS, such as raraa, rarab, and
med24 were significantly associated in the meta-analysis during the later stages.
Nucleotide-binding protein 2 (nump2) was reported to be associated with both /GF1
and IGFP3 in a human GWA study [47]. Those results suggest that a few major QTLs
determine much of the growth rate. Even though growth rate is known to be
determined by many genes [48], similarly in human [49] and cattle [50], it was found
that a few genes were exceptionally important in explaining genetic variance.

Moreover, no pathway related to hypoxia tolerance was found in meta-analysis
GWAS, which indicates some genes affect body weight in the hypoxic environment
while different subset of genes is important for body weight under the normoxic
environment (see in Figure 4A and 4B). This indicates genotype-by-environment
interaction (GxE). However, a GxE analysis for growth rate in the normoxic versus
hypoxic environment, based on a quantitative genetic analysis using a genomic
relationship matrix derived from the genotyping dataset, showed that the genetic
correlation was close to 0.8 [51]. This value suggests some degree of GXE and some
reranking of genotypes. Furthermore, there was a large difference in body weight
and its variance between environments, which suggests scaling GxE. The genetic
correlation of 0.8 suggests that most fish that grow well in a normoxic environment,
are also able to grow well in an environment where they experience nocturnal
hypoxia. After all, Nile tilapia is a freshwater fish species that has evolved in
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environments where hypoxia (e.g. as a result of high temperatures, algal blooms or
drought) are nocturnal events. Natural selection would favour animals that would be
able to cope with these environments if larger fish would have higher reproductive
success.

2.4 Conclusions

Clear associations between genotype and growth were found for both hypoxic and
normoxic environments. The associated SNPs, and hence the underlying genomic
architecture, however, changed over the growing period. Furthermore, the meta-
analysis GWAS across two environments suggested that growth was not under the
control by the same genes compared to single environmental GWAS, which we
interpret as a genotype-by-environment interaction. The functional annotation
confirms that hypoxic stress pathways such as MAPK signalling pathway and VEGF
signalling pathway play an important role during the later growth stage in the
hypoxic environment. Our findings reveal the genetic complexity of body weight gain
under a variety of dissolved oxygen conditions in Nile tilapia, and provide an essential
insight into how hypoxia affects body weight gain during the growth stage, which
will benefit future tilapia breeding programmes in the context of genomic
architecture.

2.5 Methods

2.5.1 Animal Resource

The fish were derived from the Aquaculture Extension Centre of the Malaysian
Department of Fisheries at Jitra, Kedah State, Malaysia (6°15’32°N; 100°25’47°E).
Genetically Improved Farmed Tilapia (GIFT) strain was used in this experiment, and
it had been selected for growth based on estimating breeding value (EBV) of harvest
weight, with the genetic gain ranged from 5 to 15 percent per generation. The mate
allocation strategy has controlled inbreeding and maintained effective population
size [52]. The experimental fish were produced using 72 males from 56 families and
200 females from 73 families (total 81 unique families) of selection line of GIFT
generation 15. From each family, fish with EBV for growth that were closed to the
family mean EBV were selected as a breeder. The experimental fish were mass
produced in four hapas (net-enclosures, each 30m?) installed in a 500m? earthen
pond, aerated by a paddlewheel. For each hapa, 18 male and 50 female breeders
were distributed for stocking, and they were removed from mating hapa after 15
days. Fry were reared in the same hapas for 60 days until they reached a taggable
size. The fingerlings from each rearing hapa were tagged and then transferred into
two earthen ponds with an equal number. Overall, 1570 fish were reared in each
pond with stocking density of 3 fish/m?. We managed two ponds with the same
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feeding management (i.e. feeding frequency twice per day, feeding rate was
adjusted with fish number), while aeration was the only different treatment
between two ponds.

We measured DO every two hours for 24hours with a total of 7 days during the
different grow-out periods using EcoSense® DO200A. The average DO
measurements for aerated pond (normoxia) and non-aerated pond (nocturnal
hypoxia) are shown in Supplementary Figure 1 and Supplementary Table 1. Both
ponds were normoxic (5mg/L) from 13:00 to 19:00. Non-aerated pond became
hypoxic (under 3 mg/L) between 21:00 to next day 9:00. Body weight was measured
at five time points (stocking, 55/56 days, 104/105 days, 167/168 days and 217/218
days) growing out in the hypoxic and normoxic environments, respectively. Fish were
euthanized using clove oil at a dose of 400 ppm after the experiment. Fin clips were
preserved in 95% ethanol and stored at —20 °C until DNA extraction. More details
about this experiment can be found in Mengistu et al. [51].

2.5.2 Genotyping, variant calling and quality control

DNA extraction and genotyping procedures were described in previous study by
Mengistu et al. [51]. In short, we isolated genomic DNA from tilapia fin clips using
the DNeasy Blood and Tissue kit. DNA quality was assessed by 260/280 and 260/230
ratios on NanoDrop 2000 spectrophotometer. DNA concentration was measured
with Qubit 2.0 Fluorometer. DNA samples were digested with ApeKl, and polymerase
chain reaction (PCR) was used to amplify fragments varied from 170 to 350 bp. The
prepared libraries were sequenced on the lllumina HiSeq 2000 platform.

Raw sequence reads were trimmed for adaptors and low-quality bases with Sickle
(https://github.com/najoshi/sickle). The quality of each individual was evaluated by
FastQC (version 1.6) [53]. Sequence mapping for 2171 individuals was performed
using bwa -mem algorithm [54] aligning to the tilapia reference genome (GenBank
accession GCF_001858045.1). Variant calling was analysed with FreeBayes (version
1.0.2) [55] in a default setting except for these parameters: --min-base-quality 10, --
haplotype-length 0 and --ploidy 2. The SNP data was further filtered by Plink
(version1.9) [56] with the following exclusion criteria: Minor Allele Frequency < 2%,
genotyping call-rate for SNPs < 80% and individual rate < 70%. Finally, a total of 2063
individuals and 27,090 SNPs were used for subsequent analyses.
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2.5.3 Statistic description, Population Structure and Association
Analysis

Basic statistics of phenotype data was analysed in R (version 3.5.3). Body weight in
our study is not completely following a normal distribution as estimated by Shapiro-
Wilk test [57]. Therefore, we compare two paired groups at five time point using the
Wilcoxon test. The phenotypic correlation was calculated by spearman’s rank
correlation coefficient method. Then, body weight was transformed to better fit the
normal distribution by square root method [58]. To estimate the influence of factors
such as hapa (early rearing environment) and sex in our experiment, they were
tested in a linear model using Stepwise Algorithm [59] with the formula: y;;=u + a;
+ Bj+ a; * Bj+ £, while y is the body weight; u is the population mean; a; is the
effect of the i" level of hapa; Bj is the effect of the j™ level of sex; € is the random
error effect. It suggested that hapa, sex and their interaction were significant with
body weight. Therefore, residuals from the fixed effects model were used for the
subsequent association analysis [60].

A principal component analysis (PCA) was performed to estimate population
structure before GWAS in Plink (version 1.9) [56]. The top five principal components
were added as covariates and included in subsequent GWAS model as fixed effect to
account for the sample structure in this association analysis. Considering the
Bonferroni method being overly conservative, we defined the genome-wide
significant using the SimpleM method [61]. In total 16,504 independent tests were
calculated based on LD (linkage disequilibrium) characteristics. The significant and
suggestive lines are 1 and 5% genome-wide significant divided by the SNPs number
of independent SNPs in the association. Given the number of effective independent
tests, the thresholds for genome-wide and suggestive significance P-value were
evaluated as 3.03E-06 (0.05/16504) and 6.06E-05 (1/16504), respectively.

A univariate GWAS was performed by implementing a linear mixed model in GEMMA
[62]:
y=Wa+ x+ pu+ ¢

In this equation, y is a vector of observation on body weight; W is a covariate matrix
of fixed effects (including top five PCs) used to adjust population structure; a is a
vector of the corresponding coefficient including the intercept; x is a vector of the
marker genotypes and f is the corresponding vector of marker effects for the
phenotypes; p is a vector of random effects and € is the random residuals. We
performed the Wald statistic for each SNP which means we tested the alternative
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hypothesis Hi: B #0 compared to null hypothesis Ho: B =0 for each SNP, which is
one of common methods in GWAS studies of quantitative traits [63] .

Meta-analysis is powerful to detect shared genetic architecture across traits and
populations [64]. Thus, we applied an inverse-variance weighted (IVW) method to
estimate the SNP effect and significance combined normoxic and hypoxic
environments through Meta (Version 1.7) [65, 66] . The weight (w;) for ith

environment was calculated by the following equation:

1
W =—
1 Slz

Here s; is the standard error of the SNP effect in it environment GWAS. Then, the
effect size and standard error for i environment GWAS were estimated by the

following:
2

B = iz1 WiB;
==

ic1 Wi

s? = _1

- 32
i=1 Wi

The statistical significance was estimated by a z-score of IVW as bellow:

_B_ i wiBi

S
2
i=1 Wi

Z

2.5.4 Post-GWAS analysis

Manhattan and quantile-quantile (Q-Q) plots were generated through the “ggman”
package (https://cran.r-project.org/web/ packages/qgman/). The inflation factor A
was calculated to indicate the influence of population structure in the association
analyses. Candidate regions were defined as the genomic regions that located 20 kb
upstream and downstream of the genome-wide significant SNPs. In order to identify
candidate genes nearby the significant SNPs, we used the Custom Annotations
function to create an annotation set with parameters (--distance 20000 --
gene_phenotype --symbol) in Ensembl Variant Effect Predictor (VEP) [67]. All protein
sequences of candidate genes were extracted through reference protein sequence
with an inhouse python script, and were further used for functional enrichment
analysis in STRING V11.0 [68]. The false discovery rate (FDR) adjusted p-value of 0.05
was used to define significant enrichment.
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2.6 Abbreviations

AMPK: AMP-activated protein kinase; AURKA: aurora kinase A; BW: body weight; CV:
coefficient of variation; DO: dissolved oxygen; EBV: estimated breeding value;
EFNA3: ephrin-A3; FDR: false discovery rate; GIFT: Genetically Improved Farmed
Tilapia; GO: Gene ontology; GWAS: Genome Wide Association Study; GxE: genotype-
by-environment interaction; HAS1: Hyaluronan synthase; HIF: hypoxia-Inducible
factors; IVW: inverse-variance weighted; KEGG: Kyoto Encyclopedia of Genes and
Genomes; LD: linkage disequilibrium; LG: lineage group; MAPK: mitogen-activated
protein kinase; MAP3D1: MAP6 domain containing 1; MCU: mitochondrial calcium
uniporter; MED24: Mediator of RNA polymerase Il transcription subunit 24; NUMP2:
nucleotide-binding protein 2; OIT3: oncoprotein-induced transcript 3; PCA: principal
component analysis; PC: principal component; PGK1: phosphoglycerate kinase 1; Q-
Q: quantile-quantile; RORA: retinoic acid receptor-related orphan receptor alpha;
ROS: reactive oxygen species; SD: standard deviation; SNP: single nucleotide
polymorphism; TH: tyrosine hydroxylase; VEGF: vascular endothelial growth factor;
VEP: Variant Effect Predictor.
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Supplementary Figure 1. Variation of dissolved oxygen in the normoxic and hypoxic
environments during the 24-hour cycle.

Supplementary Figure 2. Body weight comparison amongst four hapas in the
normoxic and hypoxic environments.

Supplementary Figure 3. Two-dimensional plots of all individuals using SNP markers
in the hypoxic environment.

Supplementary Figure 4. Two-dimensional plots of all individuals using SNP markers
in the normoxic environment.

Supplementary Figure 5. Quantile-quantile plots through the whole growth stage in
the hypoxic environment.

Supplementary Figure 6. Quantile-quantile plots through the whole growth stage in
the normoxic environment.

Supplementary Table 1. Measurements of dissolved oxygen in the normoxic and
hypoxic environments.

Supplementary Table 2. Information of genome-wide significant and suggestive SNPs
in the hypoxic environment.
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Abstract

Critical swimming speed (Uc«it) is an important measurement of swimming
performance and a good indicator for cardio-respiratory health. It offers a new
opportunity to select fish with better fitness. However, the genomic architecture of
swimming performance at whole genome level is not clear in Nile tilapia. For this
study, swimming performance was measured in 1500 fish from the Genetic
Improvement of Farmed Tilapia strain in their early life, which were subsequently
grown in a non-aerated pond (nocturnal hypoxia) until harvest. Our results showed
that the heritability for Uerit was 0.31 + 0.04. Genetic correlations between Ucrit and
harvest weight (-0.13 £ 0.13) and between Ucit and daily growth coefficient (DGC)
(-0.26 % 0.13) were slightly negative. Nine single nucleotide polymorphisms (SNPs)
were found to be suggestively associated with Ucrit, of which five are located in a
region between 12.18 and 19.89 Mb on linkage group (LG)14, while two SNPs are
located between 18.85 Mb to 18.94 Mb on LG13. The remaining two SNPs are
located on LG19 and LG12, respectively. Candidate genes in high linkage
disequilibrium (LD) with these SNPs were identified, including hip1, hectdl, elna,
smyd1b, rrp12 and pprcl. This suggests possible involvement of neuronal growth,
muscle activity, cardiovascular development and angiogenesis, and oxygen/hypoxia
regulation. Three of these nine SNPs were significantly associated with both harvest
weight and DGC, and SNP genotypes that associated with lowest mean Uqit were
associated with highest mean harvest weight and DGC. In conclusion, we found a
clear pleiotropic effect of some SNPs that affect both growth and swimming
performance in a hypoxic environment, while other SNPs had only effect on
swimming performance, but not on growth. Although fast swimming fish are
assumed to show slower growth, such as lower DGC and harvest weight, candidate
genetic markers identified in this study provide an opportunity to select fish with
good cardio-respiratory health and growth.

Keywords: Nile tilapia, hypoxia, swimming performance, growth, QTL
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3.1 Introduction

Tilapia is the second most important farmed fish species for aquaculture production.
It is farmed in >120 countries across the world in a wide range of culture
environments. Global tilapia aquaculture production grew 11% annually and
increased from 383,654 metric tons in 1990 to almost 7,000,000 metric tons in 2020
according to FAO Fisheries and Aquaculture statistics (El-Sayed, 2019) and the
worldwide tilapia market was USS 7.9 billion in 2020 (from IMARC,
https://www.imarcgroup.com/tilapia-market). Many selective breeding programs
have been established (Tayamen, 2004; Ponzoni et al., 2011; Thodesen et al., 2011).
One of the most important breeding programs is called the “Genetic Improvement
of Farmed Tilapia” (GIFT) implemented by WorldFish in Malaysia, which has played
an important role in boosting tilapia production in many countries in Asia and the
Pacific region (Ponzoni et al., 2011; Bentsen et al., 2017). However, a yield gap is
often observed in environments where fish are farmed without aeration. Low levels
of dissolved oxygen, can adversely affect growth, feed conversion ratio and survival
in Nile tilapia (Mengistu et al., 2020b). For most smallholder farmers, aeration of
fishponds is not available or too expensive. In non-aerated ponds extreme hypoxia
(below the critical level of 3 mg/L) can frequently occur, especially during the night
when algae become net oxygen consumers (Mengistu et al., 2020a; Yu et al., 2021).
Therefore, it is crucial to select tilapia that grow better and healthier under
conditions where dissolved oxygen is limited (such as hypoxia) by breeding
companies and organizations. Smallholder tilapia farmers can then use these for
more efficient fingerling production.

Swimming performance of fishes has been widely studied over half a century
(Kieffer, 2010). Swimming performance is an important feature that correlates with
fitness, survival and metabolism in aquacultural species (Palstra and Planas, 2012).
It also plays a crucial role in several other aspects, such as migration, habitat
selection, predator-prey interaction, and reproduction (Cano-Barbacil et al., 2020).
Prolonged swimming performance in fish can be measured in a critical swimming
challenge test, by which critical swimming speed (Ucit) can be assessed. During the
test, swimming speeds are incrementally increased at prescribed intervals until fish
become fatigued and stop swimming. The moment of fatigue determines the Ucrit
which is primarily aerobically driven and at which maximum oxygen uptake occurs
(as smoothened average over this last swimming period but with significantly higher
peaks during burst-and-glide swimming (Brett, 1964; Plaut, 2001; Kieffer, 2010;
Palstra and Planas, 2012; Zhang et al., 2019). In general, Ucit is used as indicator to
evaluate aerobic swimming performance and physical fitness in fish, similar to using
a treadmill for human or rodents. For marine fish species such as Atlantic salmon
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(Salmo sala) and Gilthead Seabream (Sparus aurata), Ucrit was used as a predictor for
target traits such as growth performance in relation to feed intake and fillet
percentage (Palstra et al., 2020). For freshwater species, Tudorache et al. (2008)
performed an integrated research on swimming capacity and energy use in seven
European freshwater fish species, showing that Uit and oxygen consumption both
were positively correlated to migration capacity. In tilapia, Ucit has been shown to
be highly correlated with maximum metabolic rate (McKenzie et al., 2003). It
therefore is reasonable to state that Uit is strongly positively correlated to fitness.
A previous study from our group (Mengistu et al., 2021) based on pedigree
information, showed the existence of additive genetic variance for Ucit in Nile tilapia,
and a favorable genetic correlation between Uit and body weight, standard length,
height and surface area at swimming test.

Selective breeding of farmed animals for economically important traits has high
potential to increase aquaculture production. Traditional breeding strategies are to
select families or individuals with excellent traits as parents to set up brood stocks
for improvement, which were reported to be time-consuming and labor intensive,
especially relatively slow or unstable when selecting economic traits that are
determined by multiply segregating loci (Guo et al., 2022). Single nucleotide
polymorphisms (SNPs) are DNA sequence variants within the genome. They can be
used to map quantitative trait loci (QTLs) and genes affecting traits of interest. The
analysis of QTLs for marker-assisted selection is more effective to accelerate genetic
gain and reduces economic cost of bringing progeny to maturity compared to
traditional breeding strategies (Ma et al., 2021). However, it is still unknown which
guantitative trait loci (QTLs) and genes are associated with Ucit in tilapia. It is known
that athletic performance is heritable in several species, such as human (Guth and
Roth, 2013), horse (Schroder et al., 2011), and dog (Kim et al., 2018), and that
variations in candidate genes involved in specific metabolic pathways play an
important role in this trait. For instance, Ben-Zaken et al. (2017) suggested that the
mutations C-1245T (rs35767) in insulin-like growth factor and Lys(K)-153Arg(R) in
myostatin are strongly associated with skeletal muscle phenotypes in human, which
are beneficial for endurance and short-distance running. Over the past decade,
several studies have been conducted to identify genes that play an important role in
determining the swimming performance in skeletal and cardiac muscles of fishes. In
Atlantic salmon, Robinson et al. (2017) detected putative SNPs associated with
aerobic exercise and swimming performance between wild and domesticated stocks.
Analysis of those SNPs showed that they mapped to genes involved in energetic
processes, coding for contractile filaments in the muscle and controlling cell
proliferation. Raffini et al. (2020) identified genes involved in swimming behaviour,
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physiology and oxygen intake differently expressed in the gill, by comparing
divergent body shapes of two lake cichlid species. However, their contribution to
genetic variation of swimming performance and their influence on growth
performance in tilapia is not clear.

Hence, we decided to further explore the genomic architecture including SNPs and
QTLs associated with swimming performance using the experimental data described
in Mengistu et al. (2021). We also identify the effect of candidate SNPs and QTLs for
Ucrit on growth performance. All fish from this study were genotyped using the
Axiom® SNP array, which contains 65K SNP markers dispersed over the Nile tilapia
reference genome (Pefaloza et al., 2020). The main objectives were: (1) to estimate
the genetic correlations between Ucrit with growth traits at early life stage, and with
growth traits at later life stage using a genomic relationship matrix under hypoxia
the same condition as used by most smallholder tilapia farmers, (2) to identify QTLs
associated with swimming performance and (3) to estimate the effect of significant
QTLs for Ucrit on the growth traits under hypoxia. Overall, this knowledge will help in
prioritizing SNPs and QTLs to select for better growth and healthier fish in tilapia
breeding programs.

3.2 Material and methods

3.2.1 Ethics statement

Phenotypic measurements and sampling of the GIFT strain were conducted as part
of the GIFT selective breeding program managed by WorldFish at the Aquaculture
Extension Centre. All fish in the GIFT breeding population are managed in accordance
with the Guiding Principles of the Animal Care, Welfare and Ethics Policy of
WorldFish.

3.2.2 Experimental design and traits collection

Nile tilapia were part of the GIFT selective breeding program. Sixty families were
produced using 31 males and 58 females. The mating ratios were designed for one
male to at least two females. The successful mating were: 12 males each mated with
one female (resulting in 12 full sib families), 12 males each mated with two females
(resulting in 12 half sib groups equivalent to 24 full sib families), 4 males each mated
with 3 females (four half sib groups equivalent to 12 full sib families) and 3 males
each mated with 4 females (three half sib groups equivalent to 12 full sib families),
which consist a total of 60 full sib families. Each full sib family was reared separately
in a hapa (fine mesh net enclosure) set up in an earthen pond. A nursing hapa has a
dimension of 1.0 x 1.0 x 1.0 m, each was stocked with 120 fry. Thirty to 35 fingerlings
from each family were selected, anesthetized using clove oil and then individually
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tagged using PIT (Passive Integrated Transponder) tags using intraperitoneal
injection the position of the PIT tag was in abdominal cavity (peritoneum). The mean
body size of fish at swim testing was 10.8 g and the size of the PIT tag is about 95 mg.
The swimming test was performed three weeks after PIT tagging. From each family,
25 fish in a range from 5 to 10 cm standard length were selected for the swimming
test using a ruler with a centimetre scale. Body weight (BWtest in g) and photographs
were made one day before the swimming test. Standard length (SLtest) and height
(Htest) at swimming test of the fish were obtained from each fish photographs using
image analysis as described previously by Mengistu et al. (2020a). Surface area
(SAtest) of Nile tilapia was calculated as:

1
SAtest = Zn * SLtest = Htest 1D

Fish feeding was stopped 24 h before the beginning of the swimming test. The fish
were acclimatized for one hour in the swimming flume without flow. The critical
swimming test was executed using a Brett type rectangular oval shape raceway with
a swimming compartment on one side and a propellor for inducing flow on the other
side as described by Mengistu et al. (2021). In short, the swim flume measured 230
cm in length and 90 cm in width with a water depth of 40 cm, and was equipped with
a Minn Kota Terrova 80 lbs propeller. After every 30 mins, the velocity was increased
to the next speed interval until the fish fatigued. At each setting, the average water
flow velocity was recorded using a FP111 Global Water Flow Probe (Mengistu et al.,
2021, supplementary Table 1 for mean water velocities and standard deviations at
each propeller speed setting). The mean water temperature in the tank was 28.3 +
0.6 °Cduring the swim test. The swimming test takes maximally 4.5 h with 9 propeller
speed level. A fish fatigue is defined when it touched the back fence and could not
be stimulated to continue swimming. Each fatigued fish was taken out immediately,
and fatigue time was recorded. Fatigue time was used to calculate the absolute
critical swimming speed (Ucrit) as below (Brett, 1964):

i) AU @)

Ucrit = U—1 + (At

where U_; is the highest velocity maintained for the full-time period, tis the time to
fatigue at final velocity level in minutes, At is the time each velocity level is
maintained at (= 30 min), AU is velocity increment in cm/s.

The caudal fin clip tissue samples were cut from each individual fish using a 3 mm
diameter hole punch before stocking in the pond. Fin clips were preserved in 95%
ethanol and stored at -20 °C until DNA extraction. The experimental design and data
collection is published by Mengistu et al. (2021). After the swimming test, fish were
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stocked in a non-aerated pond for grow-out and harvested after 145 or 146 days to
keep similar hypoxic conditions as in most smallholder tilapia farming systems. The
dissolved oxygen level varied from 0.91 mg/L to 6.21 mg/L measured every 2 h for
24 h using Eco-Sense® DO200A reported in our previous study (Yu et al., 2021). The
stocking and harvest weight (Harw) were recorded and daily growth coefficient
(DGC) was calculated as below (Bureau et al., 2000).

{/harvest weight — {/stocking weight

DGC = ——
time in days

x100  (3)

3.2.3 SNP genotyping and quality control

A SNP array is a powerful high-throughput genotyping tool to characterize genome-
wide single-nucleotide polymorphisms (SNPs). The DNA was extracted and
genotyped by Identigen (Dublin, Ireland) using an Axiom® SNP array, which contains
65K SNP markers dispersed over the Nile tilapia reference genome (Pefialoza et al.,
2020). The raw data from SNP array genotyping was imported to the Axiom analysis
Suite version 4.0.3 software for genotype calling and quality control. Data was
filtered to meet a dish quality control (DQC) >0.82 and call rate for samples (CR)
>0.93, respectively. Next, a second quality control step was applied based on per SNP
call rate and minor allele frequency (MAF) statistics using PLINK v1.90 (Purcell et al.,
2007). A genotype call rate threshold (>90%) was set for SNP filtering. SNPs with MAF
higher than 5% were retained. A total of 1388 fish and 51,438 SNPs were used for
subsequent analyses.

3.2.4 Descriptive statistics and genetic parameters estimation

Basic statistics of phenotype data was analysed in R (4.0.2). The difference of traits
between male and female were compared by unpaired two-samples t-test. We built
the genomic relationship matrix (GRM) with 51,438 SNPs using calc_grm program
with vanraden2 option (Calus and Vandenplas, 2013). Variance components and
heritabilities for traits including Ucrit, SLtest, Htest, SAtest, BWtest, Harw and DGC
were estimated using univariate models based on residual maximum likelihood
method using ASReml version 4.1.0 (Gilmour et al., 2015). The following model was
applied:

y=Xb+Z;a+Zc+e €))

where y is a vector with observations for one trait, being Ucrit, SLtest, Htest, SAtest,
BWtest, Harw and DGC, and b is a vector with fixed effects. Test day and sex are
significant factors for SLtest, Htest, SAtest and BWtest; hence, only test day was
fitted as class variable for Ucrit, while age at harvest as a covariate and sex as a class
variable for Harw; weight at stocking as a covariate and sex as a class variable for
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DGC. a is a vector of the additive genetic effects of individuals and was assumed to
be distributed as N (0, Go2), with G the genomic relationship matrix and o2 is the
additive genetic variance; c is a vector of the common environmental effects, and
was assumed to be distributed as N (0, 162), e is a vector with the random residual
and is assumed to be distributed as N (0, 162), with I the identity matrix and 62 is
the residual variance; X, Z1and Zz are design matrices assigning trait values to the
fixed effects, additive genetic effects and common environmental effects.
Heritability (h?) was estimated as the ratio of additive genetic variance to the
phenotypic variance. Phenotypic and genetic correlations between Uit and traits
such as SLtest, Htest, SAtest, BWtest, Harw and DGC were estimated based on a
bivariate linear model. The log-likelihood for the bivariate model did not converge
when the common environmental effect was fitted as random effect, therefore the
common environmental effect was excluded in all bivariate models. The fixed effects
were the same as in the univariate models for Ucit, SLtest, Htest, SAtest, BWtest,
Harw and DGC traits.

3.2.5 Association analysis for swimming performance

As a Gaussian distribution is assumed for phenotypes in an association test of
quantitative trait (Goh and Yap, 2009), the normality of traits including Ucit, Harw
and DGC was tested with a Shapiro-wilk test. Because it is impossible to completely
follow an absolute normal distribution in most cases, we normalized them by the
square root method (McDonald, 2009). To test significance of factors in the
experiment, a linear model was conducted using Stepwise Algorithm (Neerchal et al.,
2014). The fix factors were the same as in the univariate models. Only test day was
fitted as class variable for Ucrit; age at harvest as a covariate and sex as a class variable
for Harw, while stocking weight as a covariate and sex as a class variable for DGC.
Once the most appropriate linear model had been fitted, residuals were extracted
for the subsequent association analysis (Gondro et al., 2013).

Population structure and kinships can be confounding factors in genome-wide
association studies (Hoffman, 2013). The top five principal components were added
as covariates and included in subsequent GWAS models as fixed effect in this
association model, since we observed a slight family structure. All SNPs that passed
the quality control were used to generate the genomic relationship matrix.

Animal phenotypes and genotypes were jointly analysed to identify genomic regions

associated with Ucrit, Harw and DGC. The following model was applied:
y=Wa+ Zp+ xB + € (5)
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Where vy is the vector of each trait from (Ucit, Harw and DGC); a is a vector of
associated fixed effects, p is the vector of additive genetic effects, W and Z are the
corresponding design matrices, x being the vector of SNP genotypes and B their
associated effects, € is vector with the residual effects. Analyses were conducted
using the GEMMA software (Zhou and Stephens, 2012). As the Bonferroni method is
overly conservative, SimpleM method which based on the effective number of
independent tests (Gao et al., 2010), was used to calculate the suggestive (5.15E-05)
and genome-wide significance (2.57E-06) thresholds. The empirical p-values are
based on the Wald tests. Manhattan and quantile-quantile (Q-Q) plots were
generated through the “ggman” package (https://cran.r-
project.org/web/packages/qgman/). The inflation factor A was calculated to indicate
the influence of population structure in the association analyses.

3.2.6 Candidate genes in QTLs

Candidate regions associated with swimming performances were characterized
within a 200 kb window size (100 kb upstream and downstream) flanking the
candidate SNPs. LD and haplotype blocks were analysed with LDBlockShow (Dong et
al., 2020), while r? >0.8 as cut-off for blocks. Candidate genes were defined as genes
located in the same haplotype blocks as the candidate SNPs or nearby candidate
SNPs if no block is present. Afterwards, candidate genes were functionally annotated
based on the latest tilapia reference genome (O_niloticus_ UMD_NMBU)
downloaded from NCBI Genome database
(https://www.ncbi.nlm.nih.gov/assembly/GCF_001858045.2). To better understand
the function of tilapia genes, we performed a BLAST against zebra fish (Danio rerio)
proteins based on the genome (GCF_000002035.6_GRCz11), using a threshold of E-
value < 1e-6.

3.2.7 The effect of candidate SNPs in swimming performance on
growth

In order to investigate the influence on growth of candidate SNPs associated with
Ucrit, we estimated the genetic association between SNPs and growth traits (DGC,
Harw) based on generalized linear model in SNPassoc (Gonzélez et al., 2007). The
best fitting genetic model was evaluated based on Akaike Information Criterion (AIC)
score. The significant threshold was defined as adjusted P-value (FDR) < 0.05.
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3.3 Results
3.3.1 Descriptive statistics

A total of 1500 fish (60 families and 25 fish per family) were tested for swimming
performance. After the swimming test, fish were stocked and allowed to grow out in
non-aerated pond, except 260 fish that were dead before stocking. Comparing the
Ucrit of the dead fish to those surviving, showed no significant difference (P value =
0.29). Descriptive statistics of Ucrit, SLtest, Htest, BWtest, SAtest, Harw and DGC for
further analyses are presented in Table 1. Ucrit was not significant different between
males and females. However, all other traits presented a significantly higher mean
value in males compared to that in females.

Table 1. Summary statistics of traits for all swimming tested fish

Trait Sex No. Mean SE t-value Effect of sex (P value)

Ucrit (cm/s) male 680 69.05 0.21 -0.12 NS (0.91)
female 702 69.09 0.20

SLtest (cm) male 683 7.24 0.02 4.20 S (2.84E-05)
female 705 7.11 0.02

Htest (cm) male 683 2.74 0.01 5.01 S (6.15E-07)
female 705 2.67 0.01

BWtest (g) male 683 11.07  0.10 456 S (5.56E-06)
female 705 10.45 0.09

SAtest (cm?) male 683 15.67 0.10 4.82 S (1.63E-06)
female 705 15.02 0.09

Harw (g) male 537 457.1 3.82 16.4 S (< 2.2e-16)
female 589 379.5 2.78

DGC (g¥3/d) male 537 3.18 0.01 9.62 S(<2.2e-16)
female 589 3.00 0.01

S: significant; NS: non-significant; standard length (SLtest), height (Htest), surface area
(SAtest); body weight (BWtest); harvest weight (Harw); daily growth coefficient (DGC) (P <
0.05 was set as significance threshold).

3.3.2 SNP distribution, allele frequency and family structure

In total 55,119 SNPs were exported from quality control in the Axiom Analysis Suite
software (v4.03) and further investigated for their distribution, minor allele
frequency and family structure. Those SNPs were distributed across the whole
genome (Fig. 1a). The highest number of SNPs (4457) was seen for LG7, while the
lowest number of SNPs (249) was found on an unplaced contig. The SNP distribution
was mostly consistent with the physical length of the linkage groups according to the
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Oreochromis niloticus genome assembly (O_niloticus_UMD_NMBU). The majority of
the SNPs belonged to the common (MAF = 0.3) and intermediate (0.3 > MAF > 0.1)
groups, which consisted of 19,757 and 21,198 SNPs respectively (Supplementary Fig.
1).

The PCA based on 51,438 informative SNPs showed genetic variation amongst those
60 GIFT families. The first, second and third components explained 15.6 %, 13.2 %
and 11.5% genotype variation, respectively (Fig. 1b). However, it seems that there
are several clusters that represent families.
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Fig. 1. SNP distribution generated from SNP array (a), PC plot on SNPs (b), each dot represents
one individual.

3.3.3 Phenotypic and genetic parameter estimation with different
traits at swimming test

Variance components and heritabilities from univariate models for different traits
including Ucrit, SLtest, Htest, SAtest and BWtest are presented in Table 2. The h? for
Uait was 0.31 with standard error 0.043. The variance explained by common
environment was not significant ranging from 1.20E-06 to 3.10E-03. The h? for the
remaining four traits at the swimming test (SLtest, Htest, SAtest and BWtest) were
relatively close, ranging from 0.23 to 0.27. The h? estimates for harvest weight and
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DGC were moderate with 0.29 + 0.047 and 0.30 + 0.046, respectively. Phenotypic
and genetic correlations are shown in Table 3. The genetic correlation between Ucrit
and other traits at the time of swimming test ranged from 0.35 to 0.43, indicating
that fish with better swimming capacity usually show a longer standard length, larger
body height, weight and body area compared to fish with poorer swimming capacity.
The estimated ry between Uit and harvest weight (-0.13 + 0.13) and Uit and DGC
(-0.26 + 0.13) were slightly negative but not different from zero, suggesting that Ucrit
might have a negative genetic correlation to body weight at harvest and growth until
harvest.

Table 2. Genetic variance components and heritability for traits at swimming test in GIFT
population.

Traits o? o? o2 o5 h?
Ucrit 5.15 11.72 1.20E-06 16.88 0.31(0.043)
SLtest 0.05 0.18 1.70E-04 0.23 0.24 (0.042)
Htest 0.01 0.03 2.40E-05 0.04 0.26 (0.042)
SAtest 1.06 3.47 3.05E-03 4.53 0.23 (0.042)
BWtest 1.23 3.38 3.10E-03 4.61 0.27 (0.043)
Harw 1515.89 3652.26 2.23 5170.40 0.29 (0.047)
DGC 0.02 0.05 0.35E-09 0.08 0.30 (0.046)

Uit When only test day was fitted as class variable in the model; SLtest, Htest, SAtest and
BWtest were estimated when test day and sex were included in the model as class variables;
age at harvest as a covariate and sex as a class variable for Harw; weight at stocking as
covariate and sex as a class variable for DGC.

Table 3. Genetic and phenotypic correlations between Ui and other traits at swimming test,
harvest weight, daily growth coefficient.

Traits rg Io

BWtest 0.43+0.10 0.36 +£0.03
SLtest 0.42+0.11 0.35+0.03
Htest 0.35+0.11 0.30+0.03
SAtest 0.39+0.11 0.33+0.03
Harw -0.13+£0.13 0.06 £ 0.04
DGC -0.26+£0.13 -0.01£0.04

In a bivariate model, the fixed effect was the same as in the univariate models above except
the common environmental effect was excluded in all models.
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3.3.4 Genome-wide association study for swimming performance and
growth

The linear mixed model was implemented to identify QTLs associated with critical
swimming speed and growth. The P values of corrected thresholds for 5% genome-
wide significant levels and suggestive association were 2.57E-06 and 5.15E-05,
respectively. The genome-wide association results are shown in Fig 2, while the
inflation factor lambda (A) was estimated to be 0.97, suggesting there is little
population stratification present in the association results. In total, nine SNPs located
on LG12, LG13, LG14 and LG19 exceeded the genome-wide suggestive threshold for
Ucrit (Fig. 2a), while none exceeded the genome-wide significant threshold. Five out
of 9 SNPs were located between 12.18 and 19.89 Mb on LG14. Two SNPs were
located between 18.85 and 18.94 Mb on LG13, while the remaining two SNPs were
located on LG19:3659540 and LG12:24066436 (Supplementary Table 1). Five of the
suggestive SNPs showed the minor allele (ranging from 0.074 to 0.485) to be
associated with improved swimming performance and indicated potential for maker-
assisted selection for this trait. For harvest weight (Fig. 2b), only four SNPs on LG19
exceeded the genome-wide suggestive threshold. However, there is a peak located
on LG16 between 22.55 Mb to 38.36 Mb for DGC (Fig. 2c), which include in total 7
SNPs over the suggestive threshold. Notably, there were three overlapping peaks
above the suggestive line from LG7, LG16 and LG21 for both harvest weight and DGC,
although a peak on LG11 did not attain any statistical significance.
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Tilapia Manhattan plot Ucrit
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Fig. 2. Manhattan plot for Ucrit (a), Harw (b) and DGC (c). The orange and blue horizontal line
represent the genome-wide significance (2.57E-06) and suggestive significance threshold
value (5.15E-05) respectively. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

3.3.5 Candidate genes in the QTL regions

Candidate genes were defined as genes located in the same haplotype blocks as the
candidate SNPs or nearby candidate SNPs if no block is present (as showed in
Supplementary Fig. 2). A summary of all candidate genes and their functions is shown
in Table 4. The SNPs with the highest significance for Uit were located in an intron
of the hip1 (huntingtin interacting protein 1) gene on LG14. Hip1 is mainly involved
in regulating the central nervous system and body length. Other candidate genes on
LG14 were limk1a, elna, Isamp, aipl1 and dner. Candidate genes on LG13 were pprcl
and rrp12, while two other candidate genes located on LG19 and LG12 were hectd1
and smyd1, respectively. The functional annotation for these candidate genes
suggests the involvement of several relevant biological processes, including neuronal
growth, muscle activity, cardiovascular development and oxygen/hypoxia
regulation.

71



3 QTLs for swimming performance and growth

Table 4. Candidate genes from suggestive SNPs and their biological functions.

LG rs pos Candidate genes Functional annotation
14 AX-317442766 12189511 hipl central nervous system, body length
19 AX-317595114 3659540 hectd1 hypoxia regulator
14 AX-317032241 19888564 LOC112842187 (ncRNA) cardiovascular development
LOC100693040(/imk1a)
LOC102081909 (ncRNA)
LOC100694912 (elna)
14 AX-317417214 9648027 Isamp neuronal growth
14 AX-317424375 19382001 aipl1 photoreceptor
trargl
LOC109204983 (ncRNA)
gosrl
13 AX-317391485 18854572 pprcl exercise-related muscle activity
13 AX-317415431 18943978 rrpl2 oxygen adaptation
12 AX-323027008 24066436 LOC100708974 (smyd1b) skeletal and cardiac muscles activity
14 AX-317418538 12496362 dner neuronal and glial differentiation

Genes names in brackets were annotated based on a BALST against Danio rerio.

3.3.6 The effect of suggestive SNPs from U.:it on growth

To investigate the effect of candidate SNPs on growth, the significance threshold was
defined with FDR multiple testing value < 0.05. The summary for the effect of the
nine suggestive SNPs with DGC is shown in Supplementary Table 2. One significant
SNP with DGC (AX-317442766) followed a dominant genetic model, which means the
genotype homozygous for the major allele (TT) had significantly higher DGC (3.12)
compared to the mean DGC (3.07) of CT or CC genotype. Two SNPs (AX-317595114
and AX-317418538) were significantly associated with DGC following an over-
dominant genetic model. For SNP AX-317595114, the heterozygous genotype (TC)
had a significantly higher DGC (3.11) compared to the mean DGC of CC and TT (3.06)
genotype. However, for SNP AX-317418538, the heterozygous genotype (AG) had a
significantly lower DGC (3.04) compared to the mean DGC of GG and AA (3.10). From
the summary for the effect of the nine SNPs with harvest weight (Supplementary
Table 3), we found that three SNPs (AX-317442766, AX-317595114 and AX-
317418538) were significant, the same for DGC. We also investigated the effect size
of the significant SNPs, to understand the interplay amongst Ui, harvest weight and
DGC. We observed that the TT genotype of SNP AX-317442766 had a lower mean
Ucit than the genotypes CT and CC but had the highest mean harvest weight and DGC
(as shown in Fig. 3a). The same is observed for AX-317418538 (Fig. 3c), in which the
GG genotype had a lower mean Ucit than genotype AA and AG but had the highest
mean harvest weight and DGC. For SNP AX-317595114 (Fig. 3b), the TT genotype had
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a highest mean Ucit, but also a lowest harvest weight and DGC compared to genotype
TC and CC. Overall, three of these 9 SNPs were significantly associated with both
harvest weight and DGC, and SNP genotypes that presented a low mean Uit had a
high mean harvest weight and DGC.
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Fig. 3. The effect estimation of candidate SNPs on growth with AX-317442766 (a), AX-
317418538 (b) and AX-31739145 (c).

3.4 Discussion

Following the earlier study of swimming performance in tilapia (Mengistu et al.,
2021), we re-examined the genetic correlations between Ucrit with body size traits at
the swimming test and with growth traits after a growing-out period in a non-aerated
pond using a genomic relationship matrix. To better understand the genomic
architecture of swimming performance in Nile tilapia, we identified QTLs associated
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with critical swimming speed, and estimated the effect of candidate SNPs for Ucrit on
the growth traits.

3.4.1 Heritability and genetic correlation

Heritabilities for all traits investigated in this study was moderate to high. Our results
confirm those from the earlier study by Mengistu et al. (2021) and provide further
evidence and support that swimming performance is heritable and potentially
applicable in genomic selection. The standard error of the heritability estimates was
smaller using the genomic relationship matrix method compared to a pedigree-
based relationship matrix. The genetic variance estimated for Ucit based on genomic
relationship matrix is 5.15 in this study while 6.71 in previous study estimated by
pedigree relationships by Mengistu et al. (2021). This confirms the idea that variance
components are more accurately estimated when using a genomic relationship
matrix, which not only utilizes the relationships of an individual with all other
individuals in the analysis, but also captures the Mendelian sampling variance
(Veerkamp et al., 2011). Our heritability estimate of Uit is within the range with that
in other species e.g. 0.24 in Guppy (Poecilia reticulata) (Nicoletto, 1995), 0.24 in
Atlantic salmon (Salmo salar) (Hurley and Schom, 1984), 0.41 in threespine
stickleback (Gasterosteus aculeatus) (Garenc et al., 1998) and 0.55 in European sea
bass (Dicentrarchus labrax) (Vandeputte et al., 2016).

Similar to the heritability, the genetic correlations based on the genomic relationship
matrix were also more precise compared to those based on pedigree information.
The positive phenotypic genetic correlations between Uqit and SLtest, Htest, SAtest,
BWstest indicate that larger fish swam faster in absolute terms during the swimming
test. The observed genetic correlations between Uit and Harw, and Ucit and DGC,
suggests an interaction between growth and swimming performance. A negative
genetic correlation indicates that Nile tilapia with higher Uit have lower growth and
harvest weight in non-aerated ponds. In juvenile common carp (Cyprinus carpio),
when acclimatized to the lower temperature, Ucrit was negatively correlated with
feeding rate and growth rate, suggesting a trade-off between growth and exercise.
But this trade-off in juvenile common carp (Cyprinus carpio) can disappear when
acclimatized to higher temperature (Pang et al., 2016). On the other hand, a negative
correlation between growth and swimming performance could occur in species that
mature in their first year, like tilapia. Growth rate becomes positively correlated with
Uit when fish mature within a few months after hatching, this pattern has been
found in European sea bass (Dicentrarchus labrax) (Cominassi et al., 2019), Atlantic
Salmon (Salmo salar) and Gilthead Seabream (Sparus aurata) (Palstra et al., 2020).
In addition, selection for high growth rate can lead to the development of cardiac
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abnormalities, which has been observed in several farmed species, such as broiler
chicken (Olkowski, 2007) and rainbow trout (Oncorhynchus mykiss) (Brijs et al.,
2020). The GIFT strain has been selected for harvest weight over fifteen generations
so far. The negative correlations between Ucrit and growth traits in the study, seems
to suggest that a low Uit could lead to cardio-respiratory health problems in the
future. These results indicate that selection for better growth in combination with
selection for fish with good cardio-respiratory health is feasible in a breeding
program, which will aid in providing fingerlings resilient to (periodic) hypoxic culture
conditions within smallholder tilapia farming.

3.4.2 Genome-wide association study

Our results show several QTLs involved in the swimming performance in Nile tilapia.
Itis well-known that the larger the effect of the QTL, the higher the chance of finding
a significant association for a given size of study, i.e. higher power. Our analyses
showed limited numbers of clear associations, and even where candidate regions
were found, the effect generally seemed limited in size. However, our study was only
based on 1500 samples. Increasing the number would increase the power and
stronger associations would be expected to emerge. While some medium to strong
associations were found, the results also indicated that Ucit is a complex trait
regulated by many genes with small effect.

Overall, 16 genes in high linkage disequilibrium (LD) with the identified SNPs, were
found. The 65 K SNP array used in this study covers < 2% of all SNPs presented in the
GIFT population (Cadiz et al., 2020). It is more likely candidate SNPs are in strong LD
with the casual SNPs rather than causal SNPs. The SNP with the highest significance
(LG14:12189511) was linked to the gene hip1, which codes for huntingtin-interacting
protein. The gene has been suggested to confer narrow body shape in zebrafish
(Komoike et al., 2010), whereas HIP1 in human is presumed to affect cognitive and
central nervous function (Metzler et al., 2003; Ramocki et al., 2010). Two other genes
(lsamp and dner) are also potentially involved in neuronal growth and differentiation
(Pimenta et al., 1995; Hsieh et al., 2013). The candidate gene hectd1 codes for HECT
domain E3 ubiquitin ligase 1. A zebrafish (Danio rerio) orthologue of the human and
mouse HECTD1 gene is annotated in the ZFIN database. The expression level of
HECTD1 decreased under hypoxia in human cells (Erler, 2014; Wang et al., 2020). The
response to oxygen levels in human cells suggests hectdl in tilapia may be an
interesting candidate gene under similar challenging circumstances. Similarly, the
rrpl12 gene has orthologues found in both human and mouse, which have been
associated with adaptation to low oxygen. The human orthologue of RRP12 was
found to be associated with living at high altitude in Asian and Amerindian
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populations (Foll et al., 2014). Further candidate genes identified in the present
study include elna, for which variant (elnasal2235 c.264T>A, p.Tyr88*) has been
shown to reduced blood flow and to induce heart function abnormalities in zebrafish
(Danio rerio) (Zorrilla, 2018). Furthermore, zebrafish (Danio rerio) and human
orthologues of two genes (smyd1b and pprc1) are potentially involved in cardiac and
exercise-related muscle activity (Li et al., 2013; Uguccioni et al., 2010).

Previous studies have shown that skeletal and cardiac muscle tissues are significantly
influenced by swimming-induced exercise in several species, such as Atlantic salmon
(Salmo salar) (Castro et al., 2013) and zebrafish (Danio rerio) (Rovira, 2017).
Sustained swimming could increase transcriptional activity in white muscle during
growth and development in rainbow trout (Oncorhynchus mykiss) (Palstra et al.,
2013). We further confirmed that a few candidate genes were also involved in
skeletal and cardiac muscle in Nile tilapia.

In summary, while the majority of genes involved in the trait probably cannot be fully
identified by a study of the scope and size of the current one, we were able to
identify a number of good candidates. It was found that pathways including central
nervous system and neuron development, oxygen adaptation and hypoxia
regulation, cardiac and exercise-related muscle activity are potentially involved in
regulation of swimming performance. Overall, these 9 SNPs involved in muscle
activity, cardiovascular development and angiogenesis, and oxygen/hypoxia
regulation pathways, should be prioritized for marker-assisted selection in breeding
program.

3.4.3 Pleiotropic SNPs with swimming performance and growth

We also investigated the impact of candidate SNPs associated with Ucit on growth.
As the function of genes becomes better known, it is often revealed that they are
involved in multiple pathways, and therefore have multiple effects on the phenotype
(pleiotropy). Pleiotropy is widespread in animal breeding. When one trait is under
selection, the mean of other traits also changes over generations. This response to
selection could be reflected by the genetic correlation between traits (Gratten and
Visscher, 2016). Knowing the genetic basis of traits and their pleiotropic effects
through candidate gene and molecular pathway analysis can reveal how traits may
be related at the functional genomic level.

Our results show only three of the SNPs are associated with harvest weight and DGC.

These three SNPs are linked to three genes (hip1, hectd1, dner). Gene hip1 regulates
body length, therefore it is not surprising that hip1 is also associated with growth.
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The gene hectd1 is assumed to be involved in adaptation to hypoxia (Wang et al.,
2020) and our previous studies have shown that hypoxia can suppress growth in Nile
tilapia (Mengistu et al., 2020a; Yu et al., 2021). The candidate genes involved in
cardiovascular development and exercise-related muscle activity suggested no
relationship with growth. Nevertheless, they potentially can be applied as
biomarkers to select fish with good cardio-respiratory health and good growth.
Genes involved in neuronal growth and differentiation pathway can influence
growth while others do not. After all, growth traits are also polygenic with potential
involvement of thousands of QTLs (Zhang et al., 2021).

3.5 Conclusions

Moderate heritability of swimming performance was found based on genomic
relationship matrix estimation. Large fish generally swim faster than smaller fish,
whereas fish with better swimming performance showed slower growth later in life.
Nine suggestive SNPs between genotype and swimming performance were
identified. The identified QTLs indicate that swimming performance is a complex trait
with pleiotropic effects on growth. Our results reveal a clear pleiotropic effect of
some SNPs associated with swimming performance on growth traits including
harvest weight and DGC, while other SNPs had only effect on swimming
performance, but not on growth. Using these SNPs in selection has the potential to
select fish with good cardio-respiratory health and good growth. Overall, our
analyses shed a first light on the genomic mechanisms of swimming performance
and growth in tilapia.
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Supplementary Table 1. Summary statistics of SNPs above the genome-wide

suggestive level for Ucrit.

Supplementary Table 2. Association summary between candidate SNPs and DGC
with the Best-fitting model.

Supplementary Table 3. Association summary between candidate SNPs and harvest

weight with the Best-fitting model.
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Abstract

Tilapia is a group of originally freshwater species, some of which can be tolerate a
wide range of salinities and can be cultured in estuaries or brackish water ponds in
polyculture with shrimp. Although the physiological processes that underly
osmoregulation have been studied extensively, it is less clear how artificial selection
produce adaptation to salinity stress. Here we studied the genomic architecture of
an Indonesian saline-tolerant strain, called “Sukamandi”, which was selected for
rapid growth in brackish water. We also investigated the impact of selection for
salinity tolerance on the genome. Because the Sukamandi strain was potentially
derived from hybridization between Nile tilapia (Orechromis niloticus) and blue
tilapia (Orechromis aureus), we also searched for introgression signatures to
understand their influence on salinity tolerance. Our results show that overall the
Sukamandi strain is genetically much closer to Nile tilapia than to blue tilapia. Thirty-
three salinity tolerance genes identified by Fst, enriched in ion transmembrane
transport processes, such as MAPK3 activity, potassium ion homeostasis, ATPase
activity and response to calcium ion. Comparing signatures of selection and
introgression revealed that eight salinity tolerance genes, including caprinla,
nucb2a, abcb10, slc12a10.1, cacnalab, ulk2, slc25a24 and cdhl were strongly
selected (top 1% signal windows) based on genome-wide scans, while five
(slc12a10.1, zgc:153039, slc9a2, sic25a24, cdh1) out of thirty-three genes that have
been introgressed from blue tilapia and selected (above top 5% signal windows) in
the Sukamandi strain. Our findings not only contribute to understanding the
evolution of salinity tolerance in fish, but, more generally, provide an interesting
model for hybrid introgression in a farmed fish species.

Keywords: Tilapia, adaptation, salinity tolerance, artificial selection, inter-species
introgression
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4.1 Introduction

Farmed tilapia, including Nile tilapia (Oreochromis niloticus), and some other cichlid
species, are currently the most important fish species in aquaculture in the tropics
and subtropics (Mjoun et al., 2010a; Prabu et al., 2019). Limited freshwater
resources and competition with agriculture and other urban activities, has increased
the pressure to develop aquaculture in brackish water and sea water in many
countries (El-Sayed, 2006). Tilapia is an excellent candidate for aquaculture in
brackish or saline environments due to their ability to tolerate wide range of
environmental conditions (Mjoun et al., 2010b; El-Sayed, 2019). Saline-tolerant
tilapia is also well-suited for polyculture with saltwater shrimp, which can have both
environmental and economic benefits by improving feed efficiency and reducing the
effects of diseases (Junior et al., 2012; Martinez-Porchas et al., 2010; Fitzsimmons
and Shahkar, 2017). Within the genus Oreochromis there are a number of saline-
tolerant species, such as Mozambique tilapia (Oreochromis mossambicus) and blue
tilapia (Oreochromis aureus) (El-Sayed, 2006). In contrast to Nile tilapia, these tilapia
species have been a limited history of selection for high yield (Jaspe and Caipang,
2011; Zak et al., 2014). However, Nile tilapia, which has a long history of selection
for production traits does not tolerate high salinity well (Lawson and Anetekhai,
2011; Ponzoni et al., 2011).

To address this limitation, a saline-tolerant and highly productive tilapia has been
developed by the aquaculture research institute, Research Institute for Fish Breeding
(RIFB) in Indonesia and named “Sukamandi”. Starting with ~100 fish first spawned
for multiplication in early 2008, RIFB conducted a breeding program for the
Sukamandi strain based on own performance for harvest weight after 120 days of
growth in brackish water ponds. The estimated cumulative response after four
generations of selection for harvest weight is 39.6 g and 38.8 g for males and
females, respectively. The Sukamandi strain also shows stable growth under high and
variable salinity (30 to 58 ppt, unpublished results). In Indonesia, variation in salinity
is driven by heavy annual cycles of rain and drought. Setyawan and Robisalmi (2014)
showed that this strain has a survival rate of 82.7%, much higher than the 41.07%
recorded for the Nile tilapia, during a three months grow-out period in brackish
water ponds. However, the harvest weights were not significantly different. The
history of the Sukamandi strain is not fully documented, but it is thought to be
derived from blue tilapia (Oreochromis aureus). A Nile tilapia component of the
Sukamandi strain has been provided by RIFB as likely. Due to incomplete
documentation of the breeding history, it is unknown to have been a deliberate
choice or not.
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Salinity is an important environmental factor for aquatic organisms, and many fish
species are well-known for their remarkable abilities to tolerate a range of salinities.
Physiological responses associated with adaptation to high salinity include water and
ion transport in the major osmoregulatory tissues (i.e. gill, kidney and intestine)
(Laverty and Skadhauge, 2012). Chloride cells (also known as mitochondrion-rich
cell) in the gill epithelium are important osmoregulatory sites in teleost species, with
sodium-potassium ATPase (Na+/K+-ATPase, or NKA) and Na+/K+/2Cl-co-transporter
(NKCC) as the main ion transporting proteins (Cnaani et al., 2011). Different isoforms
of the Na+/K+- ATPase protein show differences in abundance in the gill chloride cells
between freshwater and seawater (McCormick et al., 2009). Na+/K+-ATPase is
regulated by growth hormone and prolactin, which play important roles in salinity
adaptation (Kalujnaia et al., 2007).

Understanding adaptation to salinity stress is required to optimize selective breeding
of tilapia, especially when the environment is variable, and a rapid adaptive response
is required. Adaptation can be identified in those genes that are subject to positive
Darwinian selection (Shapiro and Alm, 2008). Genome variations in aquacultural
species, especially those which are under artificial selection, are particularly
interesting as they may be correlated with economic traits, such as growth (Sciara et
al., 2018), meat quality (Ali et al., 2020) and disease resistance (Robledo et al., 2018).
So far, several studies have investigated genomic variations, mostly single nucleotide
polymorphisms (SNPs), that contribute to salinity tolerance in tilapia (Rengmark et
al., 2007; Gu et al., 2018a, 2018b; Jiang et al., 2019). Salinity tolerance has also been
studied in several other fish species, including rainbow trout (Oncorhynchus mykiss)
(Le Bras et al.,, 2011), Atlantic salmon (Salmo salar) (Norman et al., 2012) and
stickleback (Kusakabe et al., 2017). In addition, a series of genes and proteins
including prolactin (PRL) (Breves et al., 2013), growth hormone (GH1) (Deane and
Woo, 2009), insulin-like growth factorl (/IGF1) (Yan et al., 2020), and plasma-
membrane Ca2+-ATPases (PMCAs) (Rengmark et al., 2007) were found to confer
tolerance to high salinity. Identification of variation in the genomic regions and
candidate genes that confer salinity tolerance will give a better understanding about
the genetic basis of salinity tolerance in fish (Kusakabe, 2017), and may subsequently
guide selective breeding.

Genetic variation can cross species boundaries through hybridization, which can be
either accidental or intentional (Harrison and Larson, 2014). Hybridizing the two
species, blue and Nile tilapia, in this way, is expected to have resulted in the desired
higher salinity tolerance because blue tilapia has greater salinity tolerance than Nile
tilapia (Nugon, 2003). Several studies have focused on identifying major QTLs
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associated with salinity tolerance in tilapia and investigated how genomic
architecture was shaped by either selection or introgression. However, the
mechanism by which selection leads to tolerance to high salinity remains unknown.
Using genome-scale sequence data provides the opportunity to detect signatures of
introgression and selection. In this study, we aimed to understand the suspected
origins of a domesticated tilapia strain, especially the genomic contributions from
blue and Nile tilapia. Secondly, because the strain was selected for growth in high
salinity over four generations, the role of introgression and selection in salinity
tolerance in the Sukamandi strain was explored. Our study provides fundamental
knowledge of a hybrid tilapia adapting to high salinity stress and provides the
candidate genes in tilapia.

4.2 Methods

4.2.1 Ethics statement

The experiment was performed under a signed cooperation agreement between
Wageningen University & Research, the Netherlands, and the Ministry of Marine
Affairs and Fisheries, Indonesia on July 5, 2018. Fin clip samples of the Sukamandi
strain were shipped following the Nagoya protocol which has been stipulated in the
Material Transfer Agreement between RIFB and WUR on May 23, 2019 (permit ID:
1417/BRSDM/VIII/2019). All parties agreed to this experiment.

4.2.2 Sample collection and whole genome sequencing

We obtained fin clips from 20 fish of the Sukamandi strain from the RIFB (Subang,
Java) in 2019. DNA for whole genome resequencing was isolated from fin clips using
EchoLUTION Tissue DNA Micro Kit (BioECHO # 010 Na+/K+-ATPase-002-050)
following company’s specifications. DNA yield and quality were checked using a
NanoDrop 2000 spectrophotometer (Thermo Scientific) and Qubit 2.0 Fluorometer
(Invitrogen, Carlsbad, CA, USA). Qubit measurements of concentrations of the
selected samples ranged from 40 to 100 ng/ul. The Nanodrop measurements of
260/280 ratios were between 1.7 and 1.9 while the 260/230 ratios were between
1.8 and 2.0. The sequencing libraries were prepared according to lllumina TruSeq HT
protocol by a commercial provider (Novogene UK). Paired-end 150 bp sequencing
strategy was performed for each library on an lllumina HiSeq 2500 machine (lllumina,
USA) according to the manufacturers standard protocol.

The origin of the Sukamandi strain is in doubt, but potentially includes blue tilapia
and Nile tilapia. Therefore, we downloaded publicly available blue tilapia genome
data (accession number PRJINA358089 and PRJEB23203 from NCBI Sequence Read
Archive). The blue tilapia individuals used were F1 individuals derived from a stock
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originally provided by Dr. Gideon Hulata (Institute of Animal Science, Agricultural
Research Organization, The Volcani Center, Bet Dagan, Israel) and maintained at
University of Maryland (Conte et al., 2017). The Nile tilapia genome data were shared
by aquaculture breeding company Genomar. The Nile tilapia is the Genomar
supreme tilapia strain that originated from the GIFT population. The strain was
selected for growth from generations 1 to 14, and for growth and filet yield from
generations 15 to 19. The samples in this study were collected from generation 20.
For more details see Joshi et al. (2018). To avoid bias between the newly generated
Sukamandi strain data in the present study and the publicly available data, raw
sequence data from representative individuals (four blue tilapia and seven Nile
tilapia) with genomic coverage similar to the average of all Sukamandi samples were
used for further analyses.

4.2.3 Read mapping and SNP identification

Quality control and trimming of raw sequence reads were conducted using
trimmomatic (Bolger et al., 2014). Remaining adapter sequences and low-quality
sequences (mean quality <20) were removed. Reads trimmed to fewer than 36 bases
were removed entirely, and only read pairs for which both reads passed the quality
criteria were retained for further processing.

Filtered reads from each sample were mapped to the tilapia (Oreochromis niloticus)
reference genome (O_niloticus_UMD_NMBU) (Conte et al., 2017) using bwa -mem
(Li and Durbin, 2009). The quality of the mapping results were evaluated with
qualimap (Garcia-Alcalde et al., 2012). Four low-quality Sukamandi strain samples,
showing uneven coverage across the genome, were excluded from further analysis.
Prior to SNP calling, samtools (Li et al., 2009) was used for sorting, merging, and
removing potential PCR duplicates. To obtain high-quality SNPs for each of three
distinct groups (blue tilapia, Nile tilapia and the Sukamandi strain), a joint-calling
method was implemented with a haplotype-based variant detection in FreeBayes
(Garrison and Marth, 2012) with default settings except for the parameters: --min-
base-quality 20, --haplotype-length 0 and --ploidy 2. The preliminary SNP dataset
was further filtered by vcftools (Danecek et al., 2011) with the following inclusion
criteria: (1) genotype rate higher than 20; (2) a minimum read depth of 10X and a
maximum read depth 80X; (3) heterozygous or non-reference within at least one
individual; (4) indels removed. In total 19.6 million SNPs for 27 samples from three
strains were identified and used for subsequent analyses.
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4.2.4 Population structure analysis

Firstly, we generated a SNP dataset based on filtering for minor allele frequency
(MAF) >0.05 and overall call rate >90% for 22 linkage groups. Secondly, in order to
reduce the effect of ascertainment bias, we pruned SNPs based on Linkage
Disequilibrium (LD) with a threshold of r?> 0.2 in windows of 50 SNPs by applying the
command --indep-pairwise (50 10 0.2) in PLINK (Purcell et al., 2007). To investigate
population structure, a principal component analysis (PCA) was performed using the
-pca command in PLINK. A rootless neighbor-joining tree was constructed with Tree
and Reticulogram Reconstruction (T-REX) (Boc et al., 2012) on the basis of the
identity-by state similarity matrix calculated by PLINK. The resulting neighbor-joining
tree was visualized in Figtree (http://tree.bio.ed.ac.uk/software/figtree/). The

proportion of ancestry, and potential introgression, across three species was
quantified using the Admixture software (Alexander et al., 2009).

4.2.5 Genetic differentiation (Fst)

To obtain a quantitative measure of genome-wide differentiation between the
Sukamandi and the blue and Nile tilapia populations, fixation index (Fst) was
calculated using vcftools, applying the -weir-fst-pop option (Danecek et al., 2011)
with a sliding window approach (20-kb non-overlapping windows). The Fst per

window was Z-transformed (zFst) based on the formula:
(Fst per window—mean Fst of all windows)

zFst =

standard deviation of all windows Fst (1)
The salinity level varied from 30 to 58 ppt during selective breeding in Indonesia, and
we hypothesized that the key genes that make the Sukamandi strain survive and
grow well in brackish water are derived from blue tilapia. Therefore, by pairwise
comparison between the Sukamandi strain and blue tilapia, a zero value for Fst,
indicating no genetic difference between the two populations, was considered to
identify candidate salinity tolerance regions. The identical region between Nile
tilapia and blue tilapia were removed since they are less relevant in this study.
Assuming that the Sukamandi strain originated from hybridization between blue
tilapia and Nile tilapia (as is confirmed in this paper), highly differentiated regions
compared to Nile tilapia were considered potentially enriched for genes conferring
salinity tolerance, derived from blue tilapia. Therefore, for the pairwise comparison
between the Sukamandi strain and Nile tilapia, the genome-wide top 1% of
genetically differentiated regions were used for further analysis.

4.2.6 Genetic diversity analyses

The frequencies of SNP variants in the Sukamandi strain were classified into four
different categories based on minor allele frequency (MAF) according to (Pefialoza
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et al.,, 2020): Common (MAF>0.3); Intermediate (0.1<MAF<0.3); Low (0.05<MAF
<0.1); Rare (MAF<0.05). Expected heterozygosity (He), observed heterozygosity
(Ho), and LD were calculated to evaluate the genetic diversity of the Sukamandi
strain. Pair-wise SNPs within 300 kb were evaluated by the squared correlation
coefficient (r?) with default parameters with PopLDdecay program (Zhang et al.,
2019).

Inbreeding usually results in increased homozygosity. One way of estimating the
inbreeding coefficient is to calculate the proportion of the homozygous regions in all
linkage groups, so called Runs of Homozygosity (ROH). The ROH-based inbreeding
coefficient (Fron) Was measured by the following:

Froy = 22801 ()

Lgenome

where Y, Loy is the total length of homozygous regions of an individual and
L genome is the total genome length across the genome covered by SNPs (McQuillan
et al., 2008). ROH analyses were performed using the -homozyg function in Plink. As
pruning for LD can cause problems for ROH detection (Meyermans et al., 2020), the
following parameters were applied in ROH segment identification with unpruned
variant file of the Sukamandi strain, blue tilapia and Nile tilapia: (1) a sliding window
of 50 SNPs across the genome; (2) the minimum ROH size was set to 100 kb; (3)
allowed the windows to contain <2 missing genotype call but no heterozygous
genotype; (4) the maximum interval size between two adjacent SNPs was 3000 kb.
(5) proportion of homozygous overlapping windows was 0.05.

4.2.7 Artificial selection signatures and identity by descent (IBD)
detection

To detect candidate regions showing a signature of artificial selection, we applied a
site frequency spectrum (SFS) based method. Specifically, a composite likelihood
ratio (CLR) test was performed to compare the allele frequency spectrum in
candidate regions, as implemented in SweeD (Pavlidis et al., 2013). All CLR tests were
run per linkage group with a resolution of 10 kb/window. Strong selection windows
were defined as top 1% of the empirical distribution of the CLR scores. In addition, a
different method to detect selection signals based on a distortion in allele frequency
with Tajima’ D calculation was also applied.

To examine the genetic contributions from blue tilapia and Nile tilapia to the

Sukamandi strain, genomic regions showing potential introgression signatures were
detected by calculating the frequency of shared Identity By Descent (IBD) (Bosse et
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al., 2014). Specifically, we phased haplotypes for each linkage group separately in
Beagle (Browning et al., 2018) with a sliding window size of 0.01 cM using the genetic
map for the latest O_niloticus_UMD_NMBU assembly from Joshi et al. (2018). The
number of iterations used to estimate genotype phase was 12. We set criteria for
refining IBD as follows: windows = 0.03 cM, trim = 0.0001 cM, length = 0.01 cM and
LOD = 3. To infer the relative fraction of haplotype sharing between the Sukamandi
strain and blue tilapia, the counts of IBD (cIBD) segments were recorded per bin
between the Sukamandi strain and blue tilapia, and then normalized for the total
pair-wise comparison (tIBD). The normalized I1BD (nIBD) between the Sukamandi
strain and blue tilapia was then compared with nIBD computed between the
Sukamandi strain and Nile tilapia. The relative values of nIBD were calculated
according to Wu et al. (2020). Afterwards, if relative identity-by-descent (rIBD) > 0,
this was regarded as a candidate introgression event from blue tilapia to the
Sukamandi strain.

4.2.8 Functional annotation of candidate genes

Genomic regions that were identified as harbouring signatures of selection or
introgression, were functionally annotated based on the latest tilapia reference
genome (Conte et al., 2017). To better understand the function of tilapia genes, we
first searched Ensembl genome browser (release 106) for the presence of
orthologous genes. Then the amino acid sequences of those genes were compared
using BLASTP (E-value threshold of 1e-6) against the protein sequences of the well-
annotated zebrafish (Danio rerio) based on genome build
GCF_000002035.6_GRCz11 (Yasuike et al., 2018). Subsequently, gene identifiers and
functional annotation of the zebra fish genes were retrieved from the Ensembl
Biomart database (Kinsella et al., 2011). Enrichment for Gene Ontology (GO) terms
was then conducted using the Metascape database (Tripathi et al., 2015) by applying
the zebrafish orthologs. Enriched terms with a minimum 3 gene overlap with the
input gene list, p-value <0.05 and enrichment factor > 1.5 (the ratio between the
observed counts and the counts expected by chance) were considered, which were
visualized with the ggplot2 R package (https://github.com/tidyverse/ggplot2).

Poisson distribution test was analyzed in R (version 4.0.2).

4.3 Results

4.3.1 Genetic diversity and population structure

In total 439.51 Gb raw lllumina sequence data were generated, resulting in an
average of 75% of the genome being covered above 10X for each of the Sukamandi
strain samples. For the reference Nile and blue tilapia samples, we included only
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samples with over 70% of the genome and a minimum coverage of 10X. Because a
high mapping rate (> 98%) to the Nile tilapia reference genome across all samples of
the three species, we applied a joint-calling method and generated 19,620,053 SNPs,
of which 19,446,400 were retained after quality control. Of these SNPs, only
16,902,167 were located on the 22 linkage groups (LGs) and were used for further
analyses, 5,589,805 in blue tilapia, 7,402,876 in Nile tilapia and 12,545,465 in the
Sukamandi strain. The genomic distribution of the SNPs was uniform except for LG3.
The genomic region between 36.8 Mb and 80 Mb on LG3 showed an elevated SNP
density (Supplementary Fig. 1).

To investigate the genetic relationships among individuals of the three species, we
performed a PCA based on the genotypes of SNPs located on the 22 LGs. The first
two components accounted for 18.2% and 13.7% of the genetic variation,
respectively (Fig. 1a). The Sukamandi strain and Nile tilapia show the closest genetic
relationship. Overall, principal components plots show unique clusters for all three
strains, but, within groups, the Sukamandi samples showed the highest genetic
variation.

The ADMIXTURE analysis indicates that the overall shared ancestry of Sukamandi
strain with blue tilapia is 0.115 varying from 0.015 and 0.230 for K = 2 (Fig. 1b) and a
detail of each individual present in Supplementary Table 3. Even at K = 3, blue tilapia
ancestry is still inferred for the Sukamandi strain at proportions between 0 and
0.181. In the neighbor-joining tree (Fig. 1c), we see that Sukamandi samples
clustered at a position intermediate between Nile tilapia and blue tilapia. Among the
Sukamandi samples, four samples (Tilapia_1114 M, Tilapia_542_F, Tilapia_735_F,
Tilapia_725_F) showed a closer genetic relationship with blue tilapia individuals,
which also show high blue tilapia ancestry proportion in ADMIXTURE analyse. This
suggests that hybridization was not uniform in the Sukamandi strain. Additionally,
the lowest cross validation error was observed for admixture when K is equal to 3
(Supplementary Fig. 2).
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Fig 1. Genetic structure and phylogenetic relationship of blue and Nile tilapia tested in this
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study. (a) Principal component analysis of blue tilapia, Nile tilapia and Sukamandi strain. (b)
Population structure of blue tilapia, Nile tilapia and Sukamandi strain analyzed by ADMIXTURE.
The K value represents the number of assumed ancestries. (c) neighbor-joining tree based on
an 1-ibs matrix between tilapia samples.

4.3.2 LD and ROH estimation for the Sukamandi strain

The minor allele frequency distribution of SNPs in the Sukamandi strain closely
follows a Poison distribution (Probability = 0.987) (Fig 2a). The majority of MAF
belongs to intermediate frequencies (0.1-0.3), which includes 38.8% of all SNPs. The
second MAF group is the low frequency bin (0.05-0.1) which includes 28.1% of the
SNPs. These results indicated the majority SNPs are not fixed with the current
generation. The LD was expressed as a function unit based on non-random
association of alleles at different loci. The decay of LD at increasing physical distance
between SNP pairs is presented in Fig 2b. A substantial drop in LD was observed for
SNPs at distances from 0 to 20 kb.

The distribution of ROHs for the Sukamandi samples over 22 LGs is shown in Fig 2c.
These individuals showed a variation in the content of ROH for different LGs, while
LG19 showed the highest mean Fpoy (0.12) at LG level. The average length of ROHs
in all samples was 157.41 kb, and average Fron with all individuals was 0.027
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(Supplementary Table 1). A few samples, such as Tilapia_689_F, Tilapia_1105_M,
Tilapia_899_F, showed a markedly higher content of ROHs. By comparing the runs
of homozygosity to blue and Nile tilapia, the mean overall Fgoy is 0.027, which is
between blue tilapia (0.037) and Nile tilapia (0.013). Overall, the Sukamandi strain
was maintained at a low inbreeding level.
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Fig 2. Minor allele frequency and inbreeding estimation for the Sukamandi strain. (a) minor
allele frequency distribution of all biallelic SNPs in the Sukamandi strain. (b) LD decay with
distance across the 22 linkage groups. (c) The total length of ROHs detected for each individual
across the genome. Y axis denotes the fraction of total length of ROHs to genome length.

4.3.3 Fst and over-represented pathways related to genetic candidate
regions

In order to understand why the Sukamandi strain performs well under high salinity conditions,
two genetic mechanisms were inferred - selection and introgression. The rationale behind this
approach is that the Sukamandi strain has been selected for growth in a high salinity
environment for at least four generations since the beginning of the breeding programme. In
addition, salinity tolerance was hypothesized to be derived, at least in part from one of the
hybridized species - most likely blue tilapia. Fst is a measurement of population differentiation,
and we applied Fst to identify regions that may have been selectively introgressed into the
Sukamandi strain. The criteria for screening candidate regions with 20 kb per window included
two parts: (1) genome-wide top 1% significantly differentiated regions in zFst results between
Sukamandi and Nile tilapia strain (Fig 3a); (2) genetically identical regions (zFst = -1.97, equal
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to Fst = 0) between Sukamandi and blue tilapia (Fig 3b). With these criteria, 449 candidate
genomic regions containing 457 genes were identified by comparing Sukamandi and Nile
tilapia. In the comparison between Sukamandi and blue tilapia, 68 candidate genomic regions
containing 88 genes were identified. Only genomic interval (LG16:6740001 - 6760000,
including four protein-coding genes LOC102082836, LOC100690507, hibch, LOC102082489),
was found to be overlapping between those two sets of candidate genomic regions.

Gene Ontology (GO) enrichment analysis results for these two sets of genes are shown in Fig
4a and Fig 4b respectively. Over-represented terms in these 449 regions that differ from Nile
tilapia include MAPK3 activity (G0:0004709, P < 0.01), potassium ion homeostasis
(GO:0055075, P = 0.018), ATPase activity, coupled to transmembrane movement of ions
(G0O:0015662, P = 0.032), and response to calcium ion (GO:0051592, P = 0.034). lon transport
related terms were also enriched with 68 candidate regions between Sukamandi and blue
tilapia, such as calcium ion binding (GO:0005509, P = 0.015) and regulation of ion
transmembrane transport (GO:0034765, P = 0.025). Overall, 33 genes were identified in
pathways relevant to osmoregulation (a detail of these genes are listed in Supplementary
Table 2).

Sukamandi strain compared to Nile tilapia
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Fig 3. Pairwise genomic comparison for three tilapia species. (a) Mahattan Plot of zFst value
of Sukamandi strain versus Nile tilapia, the red dash line from histogram is top 1% cutoff at
the whole genome level. (b) Mahattan Plot of zFst value of Sukamandi strain versus blue
tilapia, the dashed red line from histogram is equivalent to Fst = 0.
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Fig 4. Functional enrichment for genetic candidate regions. (a) GO enrichment for differential
regions in the comparison of the Sukamandi strain and Nile tilapia. (b) GO enrichment for
identical regions in the comparison of the Sukamandi strain and blue tilapia.

4.3.4 Evidence for selection and introgression signatures from
composite likelihood and IBD

Artificial selection was identified by scanning the genome using a composite
likelihood ratio test (Fig 5). The highest number of candidate regions (10 kb/bin)
under strong selection (top 1%) was identified on linkage group 1 (167, containing
428 protein-coding genes), and the lowest number (6) was found on linkage groups
3 (containing 54 protein-coding genes) and 11 (containing 58 protein-coding genes).
Signal windows of top 1% selection overlapped genes containing, such as caprinia,
nucb2a, abcb10 (LG1), slc12a10.1 (LG3), cacnalab (LG6), ulk2 (LG14), slc25a24 and
cdhl (LG18). In addition, the genes map3k8, mhc2dab (LG3), zgc:153039 (LG14),
slc9a2 (LG16) and f2 (LG23) were also identified (top 5%). Although a strong selection
peak was found on LG2, no gene was identified in that region with a known relation
to osmoregulation.

The fraction of the blue tilapia genome shared with the Sukamandi strain is shown

as rIBD, ranging from 0.27 (where 1 indicates all haplotypes are shared with blue
tilapia and none with Nile tilapia origin) to —0.3 (a value of -1 indicates all haplotypes
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are Nile tilapia) (Fig 6a). In total, 8.62% of the whole genome showed a positive value
for rIBD (Fig 6b), which indicated potentially introgression from blue tilapia. The
results indicate that the genome of the Sukamandi strain is overwhelming of Nile
tilapia origin, consistent with the genetic structure, ADMIXTURE analysis, and
neighbor-joining tree. Although we did not find strong overlap of introgression
signatures with signatures of selection, several putative introgression haplotypes
originating from blue tilapia (rIBD ranging from 0.001 to 0.06) were found to include
potential salinity tolerance genes, including genes slc25a24, slc12a10.1, zgc:153039,
slc9a2, cdhl.
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Fig 5. Selective sweep analysis for each linkage group. The x-axis denotes the linkage groups,
and the y-axis shows the composite likelihood ratio evaluated with SweeD.
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Fig 6. Genome-wide pattern of rIBD scores indicating introgressed haplotypes from blue tilapia
to Sukamandi strain. (a) The rIBD score for 22 linkage groups: the positive values represent
the haplotypes that are more genetically similar to blue tilapia, while the negative scores show
the haplotypes that are more similar to Nile tilapia. (b) The distribution of rIBD scores for all
linkages groups combined.

4.3.5 Potential molecular mechanism of adaption to high salinity

A central question addressed in this study is how species hybridization in
combination with artificial selection may drive adaptation. By applying analyses to
identify both signatures of selection and signatures of introgression, in total 457
genes derived from Nile tilapia and 88 genes from blue tilapia were identified. Based
on GO and KEGG pathway annotations, 33 of these genes are involved in ion
transport activity. Genes s/c25a24 and cdh1 located between 13 and 14 Mb on LG18,
are especially noteworthy because this region showed the highest values of rIBD
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among the regions with genes involved in calcium ion activity. Besides, these two
genes were identified based on two different pairwise comparisons of the
Sukamandi strain with blue and Nile tilapia, respectively. SIc25a24 was detected
from the comparison between the Sukamandi strain and Nile tilapia within the top
1% of differences over the whole genome (Fig 7a), while cdh1 was in a region where
the Sukamandi strain was identical compared to blue tilapia (Fig 7b). Those two
introgression regions showed a strong negative value of Tajima’s D (Fig 7c),
consistent with selection, and CLR indicated a weak selection signature for gene
slc25a24, but strong selection for gene cdhl1 (Fig 7d). Interestingly, both genes
showed evidence of introgression in the Sukamandi strain from blue tilapia.
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Fig 7. Plot of zFst ((a) zFst between the Sukamandi strain and Nile tilapia for the genomic
region containing gene slc25a24; (b) zFst between the Sukamandi strain and blue tilapia for
the genomic region gene cdh1), Tajima’'D (c), composite likelihood ratio (CLR) (d) and rIBD (e)
parameters for the region on LG18 including s/c25a24 and cdh1.

4.4 Discussion

4.4.1 The origin of the putative hybrid Sukamandi strain

RIBP initially believed that the Sukamandi strain obtained from a private aquaculture
company in 2007 was blue tilapia (Oreochromis aureus). After mating with Nile
tilapia at RIBP, the sex ratio clearly indicated that the Sukamandi strain is not pure
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blue tilapia (unpublished result). We speculated that inadvertent mixing between
blue tilapia and Nile tilapia occurred between 2008 and 2011 before the breeding
program setup. Our results show clear distinction between the Sukamandi strain,
Nile tilapia and blue tilapia for both the principal component and the admixture
analysis (K = 3). We further compared the genome of the Sukamandi strain to that of
blue tilapia and Nile tilapia to identify the functions of the candidate regions. Based
on the genetic structure, the Sukamandi strain clearly represents a distinct
population, while genetically closer to Nile tilapia than to blue tilapia. Furthermore,
signatures of introgression from blue tilapia to the Sukamandi strain were clearly
identified, which indicates that a blue tilapia x Nile tilapia cross was likely
backcrossed with Nile tilapia for several generations. The Sukamandi strain,
therefore, represents an interesting inter-species fish hybrid produced for
aquaculture, but with extremely asymmetrical contributions from its parental
populations.

In addition, we also observed that more SNPs on LG3 for the Sukamandi strain
compared to blue and Nile tilapia, which might relate to species hybridization. LG3
is thought to be the sex chromosome in both blue tilapia (Lee et al., 2004) and Nile
tilapia (Triay et al., 2020). Blue tilapia has a ZW/ZZ sex-determination system while
Nile tilapia has a XX/XY sex-determination system. LG3 is the most repetitive
chromosome in Nile tilapia. A wide region of sex-pattern differentiation was
reported to be located on LG3 from ~40 to 85 Mb, with an accumulation of repetitive
sequences (Conte et al., 2019). This could lead to a larger genomic difference
between parent species, and hence a higher variation for these sex-determining loci
in the hybrid population.

4.4.2 Over-represented pathways related to osmoregulation from
genetic candidate regions

The hybridization between Nile tilapia and blue tilapia was able to create a more
salinity tolerant, fast-growing strain. This suggests that we can find blue tilapia
contributions to the Sukamandi strain to be over-represented with genes involved in
osmoregulation. Conversely, we expect fewer contributions from Nile tilapia in
osmoregulatory genes.

As expected, we identified four over-represented pathways potentially associated
with salinity tolerance which included Mitogen-activated Protein kinase kinase
kinase (MAPK3) activity, potassium ion homeostasis, ATPase activity (coupled to
transmembrane movement of ions) and response to calcium ion. In addition, two
other over-represented pathways involved in regulation of ion transmembrane
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transport and calcium ion binding were discovered from genetic regions similar in
both the Sukamandi strain and blue tilapia. Mitogen-activated protein kinases are
members of a dynamic protein kinase network (Cuevas et al., 2007). Atay et al.
(2017) showed that osmotic stress could induce MAPK3 activity. The action of
ATPase, especially regarding Na+/K+ ion pumps, is critical for ion homeostasis for all
teleost fish despite their habitat environment (Qin et al., 2020). The Na+/K+-ATPase
regulation is regarded to be different during seawater and fresh water acclimation
(Bystriansky et al., 2006). Two other enriched pathways (GO:0051592 response to
calcium ion, GO:0005509 calcium ion binding) are also regarded as important
pathways in adaptation to high salinity. It is known that Ca2+ absorption occurs in
epithelia of many tissues, including kidney, intestine and gills (Hoenderop et al.,
2005). Overall, 33 candidate salinity tolerance genes enriched in osmoregulation
pathways were identified, giving insight into the genomic architecture of salinity
tolerance in tilapia.

Comparing these 33 salinity tolerance genes to the previous tilapia QTL mapping
studies related to salinity tolerance (Rengmark et al., 2007; Gu et al., 2018a, 2018b;
Jiang et al., 2019), reveals almost no overlap with these salinity tolerance genes. But
there are several previous findings showing that salinity tolerance genes similar to
those identified in our study, differed in expression during a salinity challenge. For
instance, slc6al15 codes for solute carrier family 6 member 15, with a 1-to-1 ortholog
in many fish species such as European seabass (Dicentrarchus labrax), zebrafish
(Danio rerio), and Japanese medaka (Oryzias latipes). This gene was strikingly up-
regulated (28 fold change) and reported as a key gene in liver of spotted seabass
(Dicentrarchus punctatus) during salinity adaptation (Zhang et al., 2017). Ivanis et al.
(2008) suggest that gene slc9a2 regulates Na+/H+ exchange in freshwater rainbow
trout (Oncorhynchus mykiss). This gene was also reported as a 1-to-1 ortholog
between Nile tilapia and rainbow trout on Ensembl genome browser (release 106).
Gene slc25a24 has been shown to be involved in calcium regulation and to be
differentially expressed under stress by comparative transcriptomic analysis in
turbot (Scophthalmus maximus) (Cui et al., 2020). Gene slc4a7 showed induced
expression levels after transferring from seawater to freshwater in spotted sea bass
(Lateolabrax maculatus) (Wang et al., 2020). And Na+/HCO3 cotransporter encoded
by SLC4A7 is widely distributed in epithelial and nonepithelial tissues (Aalkjaer et al.,
2014). Chen et al. (2018) observed that the high expression of cadherin 1 (cdh1) in
freshwater could reduce the paracellular ions loss from the plasma to the low ionic
environment, while a relatively low expression in seawater facilitate the paracellular
exist of Na* in the gills of climbing perch (Anabas testudineus), therefore maintaining
ionic balance.
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4.4.3 Genetic candidate regions driven by selection and introgression
In the Sukamandi strain, the over-represented pathways related to osmoregulation
could be the result of selection, introgression or even genetic drift. In order to
understand the main genetic driver for these regions, the impact of selection and
introgression for salinity tolerance on the genome was further explored. Our Fst
results suggest that genetically differentiated regions identified are partly due to
selection, while rIBD values suggest some of these regions to be a consequence of
introgression from blue tilapia, such as the region that includes the slc25a24 and
cdhl genes. It is often observed that there is a degree of inconsistency when
comparing different measures of selection and introgression. This may be due to
different aspects of selection being captured by any one of these analyses (Brawand
etal., 2015). Furthermore, it is often observed that regions under selection lie in non-
coding regions of the tilapia genome (Xia et al., 2015).

The Sukamandi strain has been selected for growth in brackish water ponds for four
generations and this might account for the selection signatures observed. The
introgression signals related to osmoregulation are maintained after four-generation
selection. Martin et al. (2017) showed that selection on individual loci may become
weak when combined with introgression, especially if the direction of selection is
opposite to introgression. Genetically differentiated regions that result from
introgression only, such as the genes kcnh4, stac, slco3al, cpneda, atp2cl, could
have a negative effect in the high salinity environment, resulting in specific
incompatibilities. On the other hand, it is very likely introgressed loci are retained by
chance. Only four generations of selection have passed, which will not be sufficient
to establish a uniform contribution of the parent populations in each of the current
Sukamandi strain.

However, given that the breeding goals for the Sukamandi strain, explicitly salinity
tolerance, it is most likely that calcium ion binding pathways were under selection
over the past four generations of selections. Calcium regulation and homeostasis
play an essential role in osmotic regulation in several fish species, such as the turbot
(Scophthalmus maximus) (Cui et al., 2020) and green spotted puffer fish (Tetraodon
nigroviridis) (Pinto et al., 2010). Both introgression and signature of selection
analyses similarly suggest an important role for calcium regulation in the breeding
for salinity tolerance in the Sukamandi strain.

107



4 Genomics of salinity adaptation

4.5 Conclusions

The Sukamandi strain is genetically overwhelmingly of Nile tilapia origin, while
introgression from blue tilapia has likely contributed to the observed salinity
tolerance. Thirty-three salinity tolerance genes enriched in ion transmembrane
transport processes, such as MAPK3 activity, potassium ion homeostasis, ATPase
activity and response to calcium ion, explained the underlying mechanism of
adaptation to high salinity environment. Selective breeding for growth and survival
in high salinity indicates that specific genes from blue tilapia have been preferentially
kept during that selection. These findings not only contribute to understanding
salinity tolerance in tilapia, but also provide an interesting model for hybrid
introgression in farmed species in general.

4.6 Funding

This study was financially supported for genome sequencing by the Koepon
foundation (Project number 4164016900). We thank China Scholarship Council (CSC,
File N0.201803250069), for sponsoring Xiaofei Yu’s PhD study at Wageningen
University and Research. The funding bodies had no role in study design, data
collection, analysis, and result interpretation in this study.

4.7 Data availability statement

Sequence information of the utilized samples is deposited in the European
nucleotide archive (https://www.ebi.ac.uk/ena/browser/home) under accession
number PRJEB50266.

4.8 Author contributions

X.Y: Writing — original draft, Methodology, Formal analysis, Investigation,
Visualization. P.S: Writing — review & editing, Investigation, Data curation. J.W.M.B:
Writing — review & editing, Investigation, Project administration. L.L: Writing —
review & editing, Methodology, Investigation. LI: Writing — review & editing,
Conceptualization, Resources. M.A.M.G: Writing — review & editing, Supervision,
Conceptualization, Methodology, Investigation. H.K: Writing — review & editing,
Supervision, Conceptualization, Funding acquisition, Investigation. H.J.M: Writing —
review & editing, Supervision, Conceptualization, Methodology, Investigation.

4.9 Ethics approval and consent to participate

All experiments of the current study were performed under a signed cooperation
agreement between Wageningen University & Research (WUR) and Ministry of
Marine Affairs and Fisheries on July 5, 2018. Fin clip samples of the Sukamandi strain
were obtained following the Nagoya protocol which has been stipulated in the

108



4 Genomics of salinity adaptation

Mutual Transfer Agreement (MTA) between RIFB and WUR on May 23, 2019 (permit
ID: 1417/BRSDM/VIII/2019). All parties agreed to this experiment.

4.10 Declaration of Competing Interest
The authors declare that they have no commercial conflicts or competing interests
that could influence the work reported here.

4.11 Acknowledgements

The authors thank colleagues from RIFB in Indonesia for assisting with the fin clips
collection and shipment, and to Bert Dibbits and Kimberley Laport for DNA extraction
and preparation of the sequencing libraries. Rajesh Joshi from GenoMar kindly
provided a high-quality whole genome sequencing dataset of Nile tilapia. We thank
Mirte Bosse, Rayner Gonzalez-Prendes and Zhou Wu for the help in data analysis and
Mark Camara for help in editing.

4.12 Supplementary Information

For a compact layout, | have not included all Supplementary material in the thesis,
only those which may assist the reader. For more information, the complete
Supplementary figures and tables of the article are available at https://doi.
org/10.1016/j.aquaculture.2022.738527.

109



4 Genomics of salinity adaptation

blue tilapia

H

‘ H

The number of SNPs within 1Mb window size

58838888
II!I i
.|||

|II

Gatos
Count

Nile tilapia ., me e o SHPe i s windey oz,

|=
|

Count

o 500000 7006000 7500000
Count

Supplementary Fig 1. Histogram of SNPs distribution across all linkage groups and
SNP density plots across all linkage groups for three tilapia species.
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Abstract

Background: Gilthead seabream is one of the most important fish species for
Mediterranean aquaculture. More than 80% of the genetically improved fingerlings
of this species originate from a single country, Greece. So far, QTL analysis has
received some attention for growth, but other features, such as organ weights, have
so far received little attention. A previous study has revealed moderate genotype-
by-environment interactions for growth traits and organ weights between two
distinct commercial production sites in Greece and Spain. The main objectives of this
study were to identify QTLs and genes associated with growth traits and organ
weights in gilthead seabream, and to identify the biological processes and pathways
involved in these traits under different temperature environments.

Results: For growth traits, we found fourteen genome-wide suggestive SNP effects
in Spain. A strong peak between 19.66 Mb to 46.84 Mb on chromosome 22 was
shared among three growth traits (harvest weight, fillet weight and thermal growth
coefficient). Fourteen genome-wide suggestive SNP effects were also identified in
Greece. However, none of those 14 candidate SNPs overlap with results found in
Spain. Two SNPs on chromosome 5 (chr5: 5729959, chr5: 2336903) and two SNPs on
chromosome 6 (chr6:1957732, chr6: 3659811) were found to be associated with all
three growth traits. Overall, 18 and 17 protein-coding genes were identified for
growth traits under the Spanish and Greek environments, respectively. For organ
weights, we found a total of 15 SNPs above the suggestive threshold in Spain. Four
SNPs (chr22: 1966940, chr22: 6094383, chr22: 67838, chr15: 16798259) were found
to be shared between viscera weight and liver weight, while only one SNP (chr22:
67838) were shared between viscera weight and heart weight. None of the SNPs
associated with viscera weight, liver weight and heart weight were shared in Greece.
Interestingly, the same SNPs were detected to be associated with organ weights and
growth traits in the same environment. GO and KEGG functional enrichment
analyses showed that light absorption and ECM-receptor interaction are significantly
enriched with growth traits QTLs in Spain but not in Greece. For organ weights,
response to stimulus is the most prominent process in Spain, while cell adhesion,
and regulation of phosphorylation are more prominent in Greece.

Conclusion: Clearly shared genomic architecture across growth traits and organ
weights were observed within the Spanish and Greek farms respectively, but we
identified totally different genomic architectures for growth traits and organ weights
between farms. The involvement of different pathways in the Spanish farm
compared to the Greek farm, suggests mechanisms that can explain the genotype-
by-environment interaction. These findings will not only explain part of the G x E
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interactions, but also give a genetic insight on how differences in environmental
conditions affect overall growth and organ weights.

Keywords: seabream, growth, organ weights, GWAS, G x E interactions
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5.1 Introduction

Gilthead seabream is one of the domesticated fish species of the Sparidae family.
The domestication of gilthead seabream started in the 1970’s based on larvae and
juveniles capture from the wild (Janssen et al., 2017). Selective breeding, however,
was not initiated until the middle of the 1990’s (Knibb et al., 1997). Gilthead
seabream has developed into one of the main aquaculture finfish species in Europe,
with a total volume of 228.000 tons in 2018 (FAO., 2020), ranking fourth in European
aquaculture production. Although the species is farmed over a wide geographic area,
from the North Atlantic Ocean to the shores of the Red Sea, over 80% of the
genetically improved fingerlings are derived from a single country, Greece (Janssen
et al., 2015).

G x E interactions for economic traits in aquaculture have been widely reported
under different rearing environments. For example, significant G x E interaction has
been reported in response to rearing environments under the different
environmental factors, such as water salinity (fresh and brackish water in rainbow
trout with genetic correlation between 0.19 to 0.48 for harvest weight
(Oncorhynchus mykiss) (Sae-Lim et al., 2013), seawater and freshwater in Atlantic
salmon (Salmo salar) with genetic correlation between 0.26 and 0.31 (Gonzalez et
al., 2022)), and hypoxic and normoxic environments in Nile tilapia with a genetic
correlation 0.81 (Mengistu et al., 2020). Given the wide area in which gilthead
seabream are cultured, it is likely that G x E interaction is important in Gilthead
seabream aquaculture. An intermediate G x E interactions for harvest weight and
growth rate was found for gilthead seabream reared in cage and estuary (Elalfy et
al., 2021). A previous study (Gulzari et al., 2022), showed moderate G x E interactions
for harvest weight (0.45 + 0.11), fillet weight (0.49 + 0.12) and liver weight (0.61 +
0.11) but a weak G x E interaction for heart weight (0.76 £ 0.11).

QTL identification has been widely applied in a wide range of phenotypes in both
livestock and aquaculture species. As growth traits directly affect production and
economic benefit, there is much effort to unravel the genomic basis of growth traits.
In fish species, the somatotropic axis, (consisting of growth hormone, insulin-like
growth factor and their carrier proteins) has been shown to play a key role in
regulation of growth in growth (reviewed by De-Santis and Jerry (2007)). So far, there
have been several studies identifying QTLs for growth-related traits in fish species,
such Atlantic salmon (Gutierrez et al., 2012; Tsai et al., 2015), rainbow trout (Salem
et al., 2018; Ali et al., 2020), tilapia (Yoshida and Yafiez, 2021;Yu et al., 2021) and
carp (Guo et al.,, 2022; Huang et al., 2020; Wang et al., 2021). QTL analysis has, so
far, received limited attention in seabream. Loukovitis et al. (2011) performed the
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first study to understand the genetic basis of body weight and sex determination in
gilthead seabream, and further verified their results by increasing the number of
informative microsatellite markers (Loukovitis et al., 2012). Although such studies
potentially may inform marker assisted breeding, the low marker density limits the
applicability. Crucially, the consistency of genomic associations in diverse
environments resulting from G x E interaction, has received little attention in
gilthead seabream, and other aquaculture species.

Identifying the genomic basis of growth in separate parts of the body, such as, e.g.
organ weight, could be beneficial for aquaculture breeding programs. Growth is a
composite trait that encompasses and is affected by many other traits. Further
investigation of growth that includes, for instance, various organs, provides
important information on correlations with physiological conditions. Organ weight is
indicative for health, as diseases have been shown to change the weight of internal
organs (Kumar et al., 2014). On the other hand, organ weight is strongly corelated
with growth traits. For example, harvest weight has exhibited strongly positive
genetic correlations with liver weight (0.68), heart weight (0.92) and viscera weight
(0.80) in gilthead seabream (Gulzari et al., 2022). So far, only a few QTLs studies
associated with organ weight, have been conducted, mostly on mice and chicken
(Fawcett et al., 2008; Leamy et al., 2002; Neuschl et al., 2007; Moreira et al., 2019).
As a consequence, the genomic basis of organ weight in aquaculture species remains
unknown.

In a previous study, moderate G x E interaction was found for growth traits and liver
weight of gilthead seabream in two distinct commercial production sites in Spain and
Greece (Gulzari et al., 2022). In this study, the same experiment was used to identify
QTL for growth-related traits (harvest weight, thermal growth coefficient and fillet
weight) and organ weights (viscera weight, liver weight and heart weight) in Gilthead
seabream. This study investigates the genomic architecture of G x E interaction, with
the inclusion of two different production sites, in Greece and Spain, that were
stocked from the same breeding population. Here we extend that study using
genomic tools, the main objectives of this study were: (1) to discover QTLs associated
with growth and organ weight in Spanish and Greek farms, respectively, (2) to reveal
underlying biological processes and pathways related to G x E interactions.

5.2 Methods

5.2.1 Study population

The fish in this study were derived from the selective breeding program at Galaxidi
Marine Farm, located in Greece, at the Gulf of Corinth (38°21’ 06.6"" N 22°23’18.8"'E).

122



5 Genomics of temperature adaptation

A total of 33 male and 20 female gilthead seabream were used to mass spawn in a
broodstock tank on a single day. The fingerlings were raised as a single group to
ensure a consistent common environmental effect. At an average weight of 3 g, one
batch of 99,000 juveniles was stocked in a sea cage at the Galaxidi farm and the other
batch of 84,605 juveniles was transferred and then stocked at the Cudomar farm
located in the southeast of Spain (38°25’12” N 0°20°51” W), in the Mediterranean
Sea. During the grow-out period, the fish were fed with the same commercial diet at
both farms. The feed given per fish was adjusted according to biomass at different
stages. The management conditions were kept as similar as possible, and the
physical environment is considered the main difference in treatment between the
two production farms. Environmental conditions were recorded at the two farms
during the grow-out period (water temperature was measured on a daily basis, while
dissolved oxygen, salinity, and pH were measured on a monthly basis).

After the grow-out period, production traits and organ weights were collected. This
was done after 465 days in Greece, and 500 days in Spain. Prior to sampling, fish
received a mortal dose of 0.03 mL/L clove oil in an oxygenated tank. A random
sample of fish was taken from the same sea cage. In total, 998 fish in Greece and 945
fish in the Spain were used for data collection. Harvest weight (HW) was measured
with a weighting scale accurate to 0.5 g. Fin clips were cut and preserved in 75%
ethanol and stored at 4 ° C until DNA extraction. In addition, fish were gutted, and
viscera weight (VW) was measured (accuracy 0.5 g). Liver weight (LW) and heart
weight (HeW) were then separated and weighted by a scale accurate to 0.001 g. The
gutted fish were filleted, and the fillet weight (one side) was recorded. The total fillet
weight (FW) was calculated by multiplying the one-sided fillet weight by two.
Measurements were standardized between the two farms, with the exception of
fillet weight, which was skin-off in the Greece and skin-on in Spain. Further details
on phenotyping are found in Gulzari et al., (2022). Thermal growth coefficient (TGC)
was calculated according to the formula (Mayer et al., 2012):

2 i/harvest weight — 2 i/stocking weight

T =
Ge (Txt)

x1000 (1)

where T is the average water temperature, and t is the number of days during grow-
out period.

5.2.2 DNA extraction, genotyping and quality control

Genomic DNA was isolated from fin clips by Identigen (Dublin, Ireland). The fish were
genotyped using the MedFish array, which contains 30 K SNP markers distributed
across the Gilthead seabream reference genome (Pefialoza et al., 2021). Before SNP
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filtering, only samples with quality control values >= 0.82 and call rate per
samples >=97% were retained before SNP filtering as recommended by the Axiom®
Analysis Suite (version 5.1).

Further filtered was done using Plink (Purcell et al., 2007), with the following
parameters: SNPs with minor allele frequency (MAF) lower than 5%, missing call
rates exceeding 10% were removed. The distribution over the genome and density
of SNPs that passed filtering were visualized using the CMplot R package (Yin et al.,
2021).

5.2.3 Descriptive statistics, population structure and linkage
disequilibrium

Phenotypic statistics (mean value, standard error and t-test) for HW, TGC, FW, VW,
LW and HeW of 1901 fish were computed in R version 4.0.2. Prior to doing a
genome-wide association study (GWAS), external influence factors such as sampling
date were assessed in a linear model using Stepwise Algorithm, as previously
described (Yu et al., 2021). Since gilthead seabream is a protandrous fish species, all
fish were functional males at the first two years (Garcia Hernandez et al., 2020).
Therefore, sex was not considered as a factor in this study. After fitting the linear
model, observations with residuals greater than 3.5 standard deviations were
identified and excluded in the subsequent association analysis.

In order to characterize population stratification, e.g. through family relationships,
principal component analysis (PCA) was performed using Plink v1.9 (--pca) option
and visualized by the scatterplot3d R package (Ligges and Machler, 2002).
Furthermore, linkage disequilibrium (LD) may limit resolution for the genome-wide
association study (Newell et al., 2011). LD decay was estimated in Plink v1.9 with the
default option except “--ld-window-r2 0”, which means not to filter any SNPs based
on squared correlations.

5.2.4 Univariate linear mix model for GWAS
To identify SNPs associated with growth-related traits, a genome-wide association
study was performed using linear mixed model with option “-Imm”, implemented in
Gemma (Zhou and Stephens, 2012):

y=Wa+xB+ Ku+ ¢ (2)

where y is an vector of n individuals with phenotypes for each trait (HW, TGC, FW,

VW, LW and HeW); W is an n x 6 matrix of fixed effects (including sampling date and
top five PCs to correct population structure); «a is a vector of corresponding
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coefficients; x is a vector of the marker genotypes (0, 1, 2) and f is the additive
genetic effect of the marker; K is the genomic kinship matrix based on standardized
matrix method; p is an vector of random animal effects; € is an vector of random
residuals. Here, we incorporated the top five PCs accounting for population
structure, and the kinship as random effect in the model. Combining PCs and kinship
have been shown to perform best in false positive association signal compared to
only PCs or kinship by several studies (Hoffman, 2013; Lu et al., 2016; Neves et al.,
2012). The estimated p-values for genetic effect are based on the Wald tests.
Manhattan and quantile-quantile (Q-Q) plots were visualized by R package ggman
(https://cran.r-project.org/web/packages/qgman/). Genomic control A (also known

as inflation factor) was computed in order to assess the presence of population
stratification, values of Agc< 1.05 are generally considered good (Price et al., 2010).

5.2.5 QTL identification
Due to the overly conservative nature of Bonferroni correction, SimpleM method,
based on the effective number of independent tests (Gao et al., 2010), was used to
calculate the suggestive (1.71E-04) and genome-wide significance (8.54E-06)
thresholds. The SNPs above the suggestive threshold were considered candidate
QTLs associated with the corresponding traits. For each QTL, the genetic effect (B)
of the leading SNPs was used to estimate the proportion of genetic variance
explained by this peak per the formula below:
2
2p(1 —Zp)B %10

a

Vg % = 0 3)

where p is the minor allele frequency of the target SNP, and aﬁ is the total genetic
variance.

Candidate genes located within a 50 kb windows around the peak SNPs (50 kb up-
and 50 kb down-stream) for each QTLs using SnpEff v5.1 (Cingolani et al., 2012),
based on the latest Sparus aurata genome reference (GCF_900880675.1). Due to the
limited information on the Gilthead seabream genome annotation, we explored
additional information by looking homologous genes in Zebrafish (Danio rerio).
Therefore, BLASTP searches against zebra fish (Danio rerio) proteins, based on
genome build GCF_000002035.6_GRCz11, were applied. Best-hits with an expected
value less than 1E-6 were regarded as homologous genes (Yandell et al., 2008; Xu et
al., 2016).
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5.2.6 Gene ontology (GO) and KEGG enrichment analysis

Based on the candidate genes overlapping GWAS peaks, functional assessment of
GWAS results was done by Gene Ontology and KEGG enrichment in Metascape (Zhou
et al,, 2019) and KOBAS-i (Bu et al.,, 2021), respectively. Enriched terms with a
minimum 2 gene overlap with the input gene list, p-value <0.05 and enrichment
factor > 1.5 (the ratio between the observed counts and the counts expected by
chance) were considered. The significant GO and KEGG pathways were visualized
with the ggplot2 R package (https://github.com/tidyverse/ggplot2).

5.3 Results

5.3.1 SNP informativeness and distribution

In total 1920 fish (979 from the Greek farm and 941 from the Spanish farm) were
genotyped for 32,359 SNPs. The SNP Array informativeness was determined by
calculating minor allele frequency (MAF). The result showed that most SNPs belong
to the common (MAF>=0.3) and intermediate (0.3>MAF>=0.1) minor allele
frequency groups at 48.2 % and 40.5%, respectively (Fig 1a). After the quality control
using the Aximon® analysis Suite and Plink, 1901 individuals and 29,111 variants
passed quality control and were used for subsequent analyses. The distribution of
SNPs in the genome was plotted on the Sparus aurata genome reference, showing
an even distribution with some clusters of higher density across all chromosomes.
(Fig 1b). On average, there is one SNP per 28.63 kb region. The highest number of
SNPs (1555) is on chromosome 6, while the lowest number of SNPs (1085) is on
chromosome 24.
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Fig 1. Informativeness (a) and genomic distribution (b) of SNPs used in this study.
5.3.2 Analysis of population structure and LD decay

The top 5 principal components explained 70.04% of the genetic variance of all
individuals from both locations combined. According to the PCA plot of the first three
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principal components, a mild population stratification was observed (Fig 2a). This
bias was corrected by including the top 5 principal components in the GWAS model.
Physical linkage of loci can result in linkage disequilibrium (LD). Characterizing LD is
useful in GWAS studies as determines the resolution at which loci can be expected
to be resolved. The LD decay plot (Fig 2b) shows that average r? drops to population
background level within 50 kb. Overall, LD is low at the SNP density applied in this
study (on average one SNP at every ~30 kb).
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Fig 2. Principle component plot for all individuals across Spanish and Greek farms (a) and
estimation of linkage disequilibrium decay using r? between pairs of SNPs within 600 kb of
each other.

5.3.3 Descriptive statistics

A total of 1901 fish, 934 from Spain and 967 from Greece, passed the quality controls
applied for genotypes. For these fish, growth-related traits (HW, TGC, FW) and organ
weights (VW, LW, HeW) were measured. As shown in Table 1, fish from the Spanish
farm achieved overall mean HW, TGC, FW of 412.31 g, 11.38 (g%3x °C™! x 1000) and
179.6 g, respectively, while average measurements were 371.44 g, 12.74 (g¥3x °C™!
x 1000) and 116.78 g in the Greek farm. Fillet weight showed the highest difference
size between two farms. For internal organ weights, liver weight showed the largest
difference between two farm locations, followed by heart height. Overall, all six
traits were significantly different between the two locations.
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Table 1 Descriptive statistics of study traits in two farms

Trait farm total effect of farm
number outliers mean se t-value (P value)

Harvest weight (g) CcuD 934 0 41231  2.29 13.15 <2.2e-16
GMF 967 1 37144 2.1

TGC (g?? x °C! x

1000) CUD 934 13 11.38 0.04 -20.06 <2.2e-16
GMF 967 9 12.74 0.05

Fillet weight (g) CcuD 934 3 179.6 0.57 46.10 <2.2e-16
GMF 967 3 116.78 0.37

Viscera weight (g) CcuD 934 4 29.31 0.22 6.68 3.214E-11
GMF 967 2 27.17 0.23

Liver weight (g) CuD 934 4 6.78 0.07 37.38 <2.2e-16
GMF 967 4 3.88 0.04

Heart weight (g) CuUD 934 11 0.48 0.003 22.56 <2.2e-16
GMF 967 11 0.38 0.003

*CUD: Spanish farm; GMF: Greek farm; Mean is after removing outliers.

5.3.4 QTLs for growth traits and organ weights

GWAS was applied to detect loci associated with growth and organ weights. A total
of fourteen SNPs were found significantly or suggestively associated with growth
traits in Spain (Fig 3a). Seven out of fourteen SNPs were located on chromosome 22,
of which the highest peak, which included 3 SNPs between 19.66 Mb to 46.84 Mb,
were shared amongst TGC, HW and FW. The leading SNP of the QTLs on chr22
explained an estimated 6.2%, 5.3% and 6.9% of the additive genetic variation for HW,
TGC and FW respectively. Four candidate SNPs (chr22: 4686464, chr22: 3468915,
chr22: 1966940 and chr11: 10245719) were shared amongst HW, TGC and FW traits.
In addition, genomic control factor (Asc) was close to 1 (0.981, 0.990, 1.014 for HW,
TGC and FW), which suggest population stratification is not affecting the association
results.

In the Greek farm, a total of 14 SNPs were associated at suggestive level with growth-
related traits (Fig 3b). However, none of those 14 SNPs were the same compared to
those found for the Spanish farm. Two suggestive peaks, included two SNPs on
chromosome 5 (chr5: 5729959, chr5: 2336903) and two SNPs on chromosome 6
(chr6:1957732, chr6: 3659811), were found to be associated with all three traits. The
leading SNPs on chromosome 5 explained 8.69%, 8.05% and 10.05% of the additive
genetic variation for HW, TGC and FW. Furthermore, eight out of fourteen SNPs are
located on chromosome 5 and 6. Similarly as for the Spanish farm, the inflation
factors were 1.004, 1.005 and 0.995 for HW, TGC and FW respectively, which suggest
the absence of population stratification.
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Fig 3. (a) Manhattan plots for HW, TGC, FW for Spain farm. (b) Manhattan plots for HW, TGC,
FW for the Greece farm. The orange and blue horizontal line represent the genome-wide
significance (5.07) and suggestive threshold value (3.77), respectively.

For organ weights, we found a total of 15 and 17 SNPs above the suggestive
threshold in Spain (Fig 4a) and Greece (Fig 5b), respectively. However, similar to the
growth-related traits, none of these SNPs were shared between the farms. In Spain,
the leading SNPs associated with viscera weight and liver weight are on the same
chromosome, but different location (chr24: 7543571 and chr24: 2799809). Four
SNPs (chr22: 1966940, chr22: 6094383, chr22: 67838, chr15: 16798259) are shared
between viscera weight and liver weight, while only one SNP (chr22: 67838) is shared
between viscera weight and heart weight. In Greece, none of the SNPs associated
with viscera weight, liver weight and heart weight are shared between traits.
Additionally, fewer candidate SNPs were found in the association analyses for
Greece compared to Spain, which either reflects less genetic variation, or that the
traits are more polygenic in Greece.
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Fig 4. (a) Manhattan plots for viscera weight (VW), liver weight (LW), heart weight (HeW) for
Spanish farm. (b) Manhattan plots for VW, LW, HeW for Greek farm. The orange and blue
horizontal line represent the genome-wide significance (5.07) and suggestive threshold value
(3.77), respectively.

5.3.5 Candidate genes in the QTL regions

A summary of all candidate genes in those QTL regions and their functions is shown
in Table 2. In total, eighteen genes were found for those 14 SNPs that were
significantly or suggestively associated with growth traits in the Spanish farm. The
highest peak was located in an intronic region of znf292 on chr22 for HW and TGC,
and for FW at an intronic region of lama4 on chr22. Other candidate genes on chr22
are usp18, mcllb, si, mapre3b. Candidate genes on chrll are ncanb and mob3c,
while the remaining candidate genes are located on other chromosomes. The
functional annotation for these candidate genes suggests involvement of laminin
complex, tissue development, brain morphogenesis, and apoptotic signaling
pathways.
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Table 2 Candidate genes for growth traits in the Spain

chrrs ps candidate genes protein production description

7 AX-325704272 21263574 Intron (kaznb) kazrin, periplakin interacting protein b

8 AX-383841266 819 Intergenic (chr_start; lamb1a) laminin, beta 1a

10 AX-325829954 12200425 Intron (LOC115589357) Immunoglobulin-like fold

11 AX-325864416 10245719 Intron (ncanb) neurocan b

11 AX-384019726 13046556 5_prime_UTR (mob3c) MOB kinase activator 3C
gamma-aminobutyric acid receptor
subunit  pi-like; cilia and

15 AX-384213348 16798259 Intergenic (LOC562831; cfap46) associated protein 46

18 AX-326147214 4995960 Intron (glral) glycine receptor, alpha 1

22 AX-384467133 1966940 Intron (znf292b) zinc finger protein 292b

22 AX-326257091 4686464 Intron (lama4) laminin, alpha 4

22 AX-326255828 3468915 Intergenic (LOC115574565; trnav-cac-5) noncoding RNA; noncoding RNA

ubiquitin specific peptidase 18;

MCL1 apoptosis regulator, BCL2 family

22 AX-326250505 67838 Intergenic (usp18; mcllb) member b
22 AX-384487970 11920943 Intergenic (si; LOC115574686) sucrase-isomaltase; noncoding RNA
22 AX-326258252 5128085 Exon (trnad-guc-25) noncoding RNA

microtubule-associated protein, RP/EB

22 AX-326271807 12048260 Intron (mapre3b) family, member 3b

In the Greek farm, sixteen genes were found close to those 14 SNPs that are above
the suggestive level for growth traits (Table 3). Candidate locations were found
mostly on chr5 and 6. Two peaks were completely overlapping between HW and
TGC. Genes located near these peaks are traf2a, tnc, zfr on chr5 and ugccl, gdf5 and
two non-coding genes (LOC115583312, LOC115583301) on ch6. Other candidate
genes are hmgcra on chr 5, gnai2b and si on chr6, while the remainder of genes were
found on other chromosomes.

For organ weights, the Spanish farm revealed sixteen candidate genes near the
fifteen associated SNPs (as shown in Supplementary Table 1). The only SNP shared
between VW, LW, and HeW (chr22: 67838) was located in an intergenic region,
between genes usp18 and mcl1b. For the Greek farm, twenty candidate genes were
identified for three traits (VW, LW, HeW) (Supplementary Table 2). No shared SNPs
were found for these three traits. Interestingly, candidate SNPs were found to be
overlapped for growth traits and organ weights, including ncan (chr11:10245719),
znf292 (chr22:1966940) and zfr (chr5: 5729959) suggesting a functional relationship
between growth and organ weight.
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Table 3. Candidate genes above suggestive association with growth traits in Greece.

chr rs ps candidate genes Protein product description
1 AX-325365571 931499 Intron (LOC559196) NACHT, LRR and PYD domains-containing protein 12-like
1 AX-325365525 940207 Intron (LOC559196) NACHT, LRR and PYD domains-containing protein 12-like
5 AX-383652807 2336903 Intergenic (traf2a; tnc) Tnf receptor-associated factor 2a; tenascin Cb
5 AX-325573574 4200955 Exon (hmgcra) 3-hydroxy-3-methylglutaryl-CoA reductase a
5 AX-383658435 5729959 Intron (zfr) zinc finger RNA binding protein
ubiquinol-cytochrome c reductase complex assembly
6 AX-325618171 1957732 Intergenic (ugccl; gdf5) factor 1; growth differentiation factor 5
6 AX-383716149 3659811 noncoding -
6 AX-383722376 7054131 noncoding -
6 AX-383767540 19911726 Intron (si) sucrase-isomaltase
guanine nucleotide binding protein (G protein), alpha
6 AX-383767025 21248353 Intron (gnai2b) inhibiting activity polypeptide 2b
7 AX-383834295 20411653 Intron (cntn3a.2) contactin 3a, tandem duplicate 2
Intergenic (msantd2 - Myb/SANT DNA binding domain containing 2;
13 AX-384125859 18533562 robo3) roundabout, axon guidance receptor, homolog 3
5’ primer UTR
19  AX-383049895 495763 (LOC110438316) zinc finger MYM-type protein 1-like
23 AX-326325158 17713731 Exon (zgc:136410) rhamnose binding lectin-like precursor

5.3.6 GO and KEGG enrichment analyses
Since the number of genes associated with any of the traits was limited, all candidate

genes associated growth traits and organ weights were explored to reveal functional

enrichments. A total of 59 genes were included in the gene set enrichment. Overall,
twelve GO terms were significantly enriched including cell adhesion (GO:0007155, P
<0.001), light absorption (GO:0016037, P< 0.001), muscle attachment (G0:0016203,
P= 0.007), and regulation of phosphorylation (G0O:0042325, P= 0.014) (Fig 5a,
Supplementary Table 3). Based on the KEGG pathway database, eight KEGG
pathways were significantly enriched (Fig 5b, Supplementary Table 4), including

ECM-receptor interaction (dre04512, P< 0.001), progesterone-mediated oocyte
maturation (dre04914, P=0.011).
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Fig 5. GO (a) and KEGG (b) significant enrichment results by using all candidate genes for
growth-related traits and organ weights.

5.4 Discussion

The consistent differences in culture environment between Spain and Greece,
provides a relevant experiment to investigate G x E interaction. In this study, two
commercial production locations were originally chosen to analyze the effect of
divergent temperature effect on growth traits and organ weight, however, we also
found other environmental factors such as dissolved oxygen and salinity were
significantly different between the two locations. Since the fish were derived from
the same broodstock, this provided the opportunity to investigate G x E interaction.

Historical temperature data shows that marine environments of Greece are warmer
than the Mediterranean coast of Spain, which should make Greece a more favorable
environment for achieving fast growth (Besson et al., 2016). Couto et al. (2008)
showed that growth rate of gilthead seabream was higher when reared at 25 rather
than at 18 degrees centigrade. However, the temperature at the Greek farm was 0.9
~1.7 degree lower than that of the Spanish farm during the experiment. This is due
to the Greek farm being located at the Gulf of Corinth, where cold water flows down
from the mountains in winter. Therefore, a consistently higher average daily water
temperatures were found at the Spanish farm compared to the Greek farm, which
lead to a significant difference in cumulative degree days. Furthermore, the dissolved
oxygen at the Spanish location was also higher than that of the Greek farm. And the
measured salinity level at the Greek farm is on average 1.7 %o higher than that at the
Spanish farm, which is in line with a previous study (Soukissian et al., 2017).

Our results highlight several genes associated with growth traits under two different
temperature regimes. For the Spanish farm, our results have shown that a significant
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peak was found on chr22 containing genes znf292 and lama4, while four genes
usp18, mcllb, si and mapre3b are also prominent in the Spanish farm. Gene znf292,
was found to be an enhancer of growth hormone expression in rat (Lipkin et al.,
1993). Gene lama4 is expressed in the basement membrane of skeletal muscles
(Knoll et al., 2007). For the Greek farm, our results indicate that two suggestive peaks
located on chr5 and chr6, respectively. Genes located near these peaks are traf2a,
tnc, zfr on chr5, and ugccl, gdf5 on chr6. Gene traf2a, is from traf gene family, which
has been shown to participate in the immune system and apoptotic process (Nie et
al., 2022). Tenascin-C has been shown to regulate the activity of growth factors, such
as epidermal growth factor (EGF)-dependent cell growth (Bradshaw, 2014). Gene
gdf5 can be involved in skeletal system, while zfr can be involved in multicellular
organism development annotated by ZFIN database. Additionally, gene si, which
encodes sucrase-isomaltase, is found to be important candidate gene for both
locations. Pascon et al. (2021) showed that there is a relation between digestion and
sucrase-isomaltase activity in European sea bass. Generally, these genes are
associated with growth and development under different temperatures, rather than
a response to temperature/heat stress.

Different processes and pathways were found to be prominent for growth traits for
the Spanish and Greek farms, respectively. In Spain, the candidate genes are
significantly enriched for cell adhesion, light absorption, and ECM-receptor
interaction. Light (in intensity, quality and photoperiod) is an interesting
characteristics in the aquaculture environment and was showed to affect fish growth
rate (Sumpter, 1992). Cell adhesion is known to interact with growth factor receptors
(lvaska and Heino, 2010). Interestingly, extracellular matrix (ECM) receptor is known
to play an important role in several stress response. For instance, Asakawa et
al.,(2019) reported that ECM-receptor interaction was significantly activated after
heat stress treatment in Yamame (Oncorhynchus masou). Another study show that
Extracellular matrix (ECM)-receptor was a enriched pathways response to salinity
stress in a hybrid tilapia (Su et al.,, 2020). In Greece, focal adhesion, muscle
attachment and regulation of phosphorylation were significantly enriched in QTL
regions for growth-related traits. In general, GO terms and KEGG pathways related
to development and growth were commonly identified in both locations.
Intriguingly, pathways involved in light absorption and ECM-receptor interaction
indicate there may be differences between the farm not related to temperature
which were not recorded.

For organ weights, our results indicate several candidate genes involved in organ
growth and development, and response to stimulus for the Spanish farm. Gene
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ddx49, with highest peak for liver weight, is involved in rRNA processing. Recently,
also found that ddx49 is hub gene for muscle growth in Indian major carp (Mohindra
et al.,, 2022). Gene znf292b was shown to be a growth hormone-dependent
transcription factor(Lee et al., 2016). Gene polrmt, associated with liver weight in
our study, has been reported to regulate mitochondrial and energy metabolism (H.
J. Yu et al.,, 2021). Gene usp18, which encodes ubiquitin-specific peptidase 18, has
been shown to have several biological functions during cell and organ development
(Honke et al., 2016). The gene igsf21 codes for immunoglobin superfamily, member
21a. A GWAS study by Wan et al. (2019) showed that igsf21 is a candidate gene of
disease resistance in large yellow croaker. Interestingly, the same gene znf292b is
found to regulate both organ weight and growth traits in Spain. The overlap between
growth traits and organ weights within locations is expected, as bigger fish have
relatively large organs. These results indicated that organ weights are regulated by
growth and development pathway coinciding with general growth traits.
Furthermore, a warmer temperature may not reach the level of severe stress for the
fish, pathways involved in environmental stimulus nevertheless seem to be involved.
Although presumably the stressor may be temperature, a direct relationship cannot
be inferred.

By contrast, in Greece, twenty genes associated with organ weight were found to be
involved in organ growth and development, cell adhesion and regulation of
phosphorylation. Genes bircé overlapped the significant peak associated with liver
weight. Gene birc6 is known to be involved in apoptotic and ubiquitin-dependent
protein catabolic process based on the annotation of ZFIN database. Gene zfr
involved in multicellular organism development annotated by ZFIN database. The
gene erbb4b play a critical role in cardiac development, cardiomyocyte proliferation,
and homeostasis and function of heart in human (Wadugu and Kihn, 2012). Gene si
plays an important role in organ weight as well. Considering the genetic correlation
between growth and organ weight estimated by Gulzari et al. (2022), a shared
genomic architecture between growth and organ weight traits is likely. Interestingly,
we did not observe any process related to response to stimulus or stress in Greece,
indicating gilthead seabream grow under a relatively comfortable condition.

Overall, difference in enriched pathway for growth traits and organ weight are
observed between the two farms. For growth traits, the pathways such as light
absorption and ECM-receptor interaction are important in Spain, where
temperature is warmer. Different pathways, such as muscle attachment and
regulation of phosphorylation, are more prominent in Greece. For organ weights,
organ growth and development are both found in two farms. But response to
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stimulus was found to be more important in Spain, and cell adhesion, and regulation
of phosphorylation in Greece. The different pathways enriched by candidate genes
associated with growth traits and organ weights in two farms, suggest some degree
of G x E that results in re-ranking of genotypes between environments.

5.5 Conclusions

Although shared genomic architecture for growth traits and organ weights is evident
between the two sites, there are different genes involved that may explain the G x E
interactions. For growth-related traits, the functional enrichment confirms that light
absorption and ECM-receptor interaction processes are important in Spain, with
muscle attachment and regulation of phosphorylation in Greece. For organ weight
traits, we find organ growth and development processes involved in both farms,
while response to stimulus is prominent in Spain, and cell adhesion and regulation
of phosphorylation in Greece. Overall, these findings will not only explain part of the
G x E interaction, but also give a genetic insight on how environmental differences
affect overall growth and organ weights. The QTLs identified in this study provide an
insight on genomic basis of fish growth traits and organ weight under a challenging
environment.
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Supplementary Table 1. Candidate genes above suggestive association with organ

weights in Spain.

Supplementary Table 2. Candidate genes above suggestive association with organ

weights in Greece.

Supplementary Table 3. GO significant enrichment with all genes.

Supplementary Table 4. KEGG significant enrichment with all genes.
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6.1 Introduction

The traditional method of aquaculture breeding is to select fish that grow fast and
large at harvest time under controlled environments. Breeding for better growing
fish under a challenging environment is usually not considered. The challenging
environment refers to the critical parameters significantly different from usual
culturing conditions, such as dissolved oxygen, temperature, or salinity, and which
may be difficult to control. However, as a result of climate change, it has become
urgent to consider breeding goals that enable fish to grow and adapt well to
environmental conditions that can unexpectedly change beyond the optimum range
very rapidly. Although it should be possible to achieve this breeding goal by
traditional selective breeding, such as mass selection or family-based selection,
these methods are usually accompanied by a relatively slow genetic response
compared to marker-assisted selection (Jeon, 2002; Wakchaure et al., 2015).
Thankfully, the rapid development of genomic resources and genotyping strategies
provide us with ever better opportunities to investigate the fundamental
mechanisms underlying adaptation. Genomic information can potentially be utilized
for accelerating the genetic progress in aquaculture species by means of marker-
assisted selection.

In this thesis, | focus on unravelling the genomic architecture underlying adaptation
to three major environmental challenges in aquaculture: dissolved oxygen, salinity,
and temperature. The results presented in this thesis provide insight into the
genomic basis of target traits in fish species that indicate a better adaptation to
challenging environments. In section 6.2 | discuss the genomic basis of
environmental adaptation using forward and reverse genetics approaches (Bomblies
and Peichel, 2022) and propose a way how to combine forward and reverse
approaches to study the genetic mechanism of adaptation to a challenging
environment in aquaculture. In section 6.3 | discuss genotype-by-environment (G X
E) interaction from a genomic perspective (including environment-shared and
environment-specific QTLs) to further extend our current knowledge and make
suggestions on how these could be used in future experiments. In section 6.4 |
discuss the advantages and disadvantages of genomic technologies for QTL
identification in aquaculture, from SNP array to whole genome sequencing, as used
in this thesis, and present a stepwise selection procedure to come to the right
approach.
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6.2 Genomic architecture of adaption to a challenging

environment in aquaculture
The key to genomic architecture of adaptation to a challenging environment is to
identify genetic variants underlying variations of traits. There are two approaches
that are commonly applied to study the genomics of adaptation to specific
environments. These are referred to as forward (or top-down) and reverse (or
bottom-up) genetic approaches. The forward genetic approach can be applied when
many genetically different individuals with phenotypic records and genotypes if
many genomic markers are available. Candidate variants underlying adaptation to a
challenging environment are identified by an association between genotype and
phenotype, such as QTL mapping and GWAS (Mackay et al., 2009). The reverse
genetic approach, also referred to as genome scan, is used to identify genomic
regions with selection signatures in individuals from distinct populations (Bomblies
and Peichel, 2022). For this approach, phenotypes from different individuals are not
needed.

6.2.1 Forward approach

For the forward approach, two types of experiments are used in aquaculture: the
acute challenge test, and the acclimatization experiment. In the following sections, i
will compare results from these approaches for critically environmental factors, such
as oxygen and temperature.

Oxygen adaptation

Oxygen adaptation can be measured by the oxygen challenge test: the time to loss
of equilibrium (LOE), where the fish are subjected to an oxygen concentration
decline until they lose dorsal-ventral equilibrium (Regan et al., 2017; Bergstedt et al.,
2021). A study by Li et al., (2017) found four genome-wide significant and many
suggestive QTLs for LOE in Nile tilapia, and revealed two genes significantly
associated with LOE. In catfish, Wang et al.(2017) applied a GWAS to identify QTLs
associated with LOE across and within strains. Their results showed that rare QTLs
were shared across strains and one to two significant SNPs could be detected within
strains. In Atlantic salmon, Lin (2017) also found only two SNPs that were associated
with LOE. These results reveal the polygenic nature of adaptation to acute hypoxia,
measured as LOE, varying from species to species and from strain to strain.

However, the mean duration of hypoxia in an LOE test usually lasts only a few hours,
which is far removed from the situation in practice. Therefore, | applied an
acclimatization experiment to study the genomic architecture of adaptation to
recurrent hypoxia. In the acclimatization experiment, Nile tilapia were exposed to a
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daily fluctuation in oxygen where hypoxia occurred especially at the end of the night,
for a total of 217 days. In Chapter 2 | showed a clear association between SNPs and
phenotypic variation during adaptation to a hypoxic environment, including 36
candidate SNPs from well-known hypoxia-regulated genes such as igfirb, rora, efna3
and aurk. Compared to the LOE challenge test for oxygen adaptation, | believe that
the acclimatization experiment captured the candidate region and genes that are
important for tolerance or adaptation to low oxygen. This is because the candidate
genes identified in the oxygen challenge test are related to acute response to
hypoxia, whereas candidate genes identified in the acclimatization experiment are
related to growth affected by hypoxia. Moreover, | found more significant and
suggestive SNPs than previous studies using challenge tests in Nile tilapia (Li et al.,
2017). The differences in results are partially due to the increased power of GWAS,
but also shows that there is a difference in the genomic architecture of traits
measured by LOE challenge test and the acclimatization experiment.

Temperature adaptation

Temperature adaptation is an important trait for aquaculture and has become even
more relevant due to global warming. So far, several studies focused on the
identification of QTLs associated with temperature tolerance by applying acute
challenges with temperature as stressor, in which the fish are individually monitored
for loss of equilibrium (LOE) over time. In this approach, the environmental
temperature is controlled by gradually adding heated water to the aquatic system.
In catfish, three significant QTLs, located on different linkage groups, were
associated with heat tolerance, measured as LOE. These QTLs explained between
11.3 and 12.1 % of phenotype variance (Jin et al., 2017). In Chinook salmon, Everett
and Seeb (2014) identified three QTLs for temperature tolerance by a LOE
experiment, and these QTLs accounted for 34 % to 64 % of the phenotypic variance,
while one QTL located on chrl9 was found to be overlapping with a temperature
tolerance QTL in rainbow trout (Jackson et al., 1998). Two significant QTLs associated
with temperature tolerance in Arctic charr were also found to be homologous to the
QTLs in rainbow trout (Somorjai et al., 2003). On the other hand, temperature
tolerance is found to be highly variable with a substantial genetic variation among
families of Atlantic salmon (Anttila et al., 2013). These results suggest a wide
variation in genetics of tolerance to acute hyperthermia across species, and that
important QTLs, and therefore genetic architecture of adaptation, can be conserved
between related species or vary within a species.

Compared to the challenge test for temperature tolerance above, | successfully
captured the genomic architecture through an acclimatization experiment to
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relatively small temperature changes (Chapter 5). In the experiment, gilthead
seabream was exposed to two different temperature regimes in Greece and Spain
for a total of 465 and 500 days, respectively. The genomic architecture associated
with growth traits of gilthead seabream was identified in two different temperature
farms of gilthead seabream (Spanish and Greek farms). Similar to oxygen adaptation,
| did not find any overlap between genes identified in LOE challenge tests for acute
temperature stress and the acclimatization experiment. A possible explanation is the
large evolutionary difference between gilthead seabream and the salmonid family.
It is also possible, as discussed above, that the candidate genes identified in the
challenge test are only related to acute upper thermal temperature tolerance,
whereas the candidate genes identified in the acclimatization experiment are related
to growth affected by small differences in temperature. Taken together, the results
clearly show that the nature of the temperature stress is quite different from two
experimental methods.

To summarize, we successfully identified the genomic regions that are important for
adaptation to the challenging environments. The differences in genomic architecture
of environmental adaptation between the challenge test and the acclimatization
experiment indicate that these are two very different traits.

6.2.2 Reverse approach

The reverse approach has been used to identify the genomic basis of adaptation in
populations that have been under selection in different environments. This approach
has been widely applied to detect signatures of both natural and artificial selection.

Natural selection

Signatures of natural selection provide an insight into adaptation in populations. For
example, opah (Lampris spp) is one of few fishes that can elevate body temperatures
relative to the living environment. A study by Wang et al., (2022) showed that a large
number of genes in the opah genome were under positive selection and significantly
involved in basis process for whole-body endothermy. Also, more than 100
independent selective signals were identified between spring- and autumn-
spawning populations belonging to Atlantic herring of different geographic origin
(Barrio et al., 2016). The fish species Schizothoracinae is well-adapted to the harsh
environment (including hypoxia and low temperature) on the Tibetan Plateau (Guan
et al., 2014). Positive selection signatures were detected, that included 162 genes
involved in energy metabolism, ion transport, and immune response including the
toll-like receptor signaling pathway (Tong et al., 2017). Another interesting example
is adaptation to toxic pollution in killifish. Individuals from geographically separated
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populations were sampled, and several key genes involved in the mediating toxicity
such as aryl hydrocarbon receptor (AHR), were shown to be strongly selected (Reid
et al, 2016).

Artificial selection

Signatures of artificial selection provide insight into the genomic architecture of
selection. Over the past few decades, traditional selection based on phenotypic
performance has greatly improved aquaculture production. For example,
introducing wild Atlantic salmon into captivity and subsequent artificial selection for
production traits has resulted in phenotypic differences between domestic and wild
fish. Using whole genome sequencing, Naval-Sanchez et al. (2020) identified 139
sweep regions with reduced heterozygosity in the farmed salmon compared to the
wild populations, indicating selection on brain function and behavior. Another study
performed by Lopez et al. (2021) in two different lines of farmed coho salmon
showed selection signatures at genes associated with body weight, such as anapc2,
alad, chp2 and myn, and genes (sec24d and robol) associated with resistance to
Piscirickettsia salmonis. By comparing the Abbassa Strain of Nile tilapia (after 11
years of selective breeding) to wild Egyptian Nile River populations, approximately
6.9% of SNPs were identified as outliers across all 22 O. niloticus chromosomes
resulting from selection (Nayfa et al., 2020). These examples indicate that identifying
selection signatures can enhance understanding of the genetic mechanisms
underlying phenotypic changes from wild to domesticated populations.

It is possible to detect signatures of artificial selection in populations used in long-
term breeding programs, but also populations based on more recent breeding
programs. For instance, for a breeding program of Atlantic salmon which started in
the 1970s, Gutierrez et al. (2016) reported significant evidence for selection
signatures which were distributed across 22 of the 29 chromosomes. A genome scan
on turbot showed that strong selection for growth was evident after four
generations (Vilas et al., 2015). In Chapter 4 | successfully detected selection signals
for salinity adaptation using animals derived from a four-generation breeding
program. My results show that the strongly selected regions were overrepresented
for pathways related to the regulation of salinity tolerance, such as MAPK3 activity,
potassium ion homeostasis, ATPase activity and response to calcium ion.

Overall, the reverse approach seems to be a far more efficient method of detecting
the genomic basis of adaptation to a challenging environment. It avoids the
challenges to measure-specific traits and overcomes the problem of not knowing the
phenotypic target of a selection. It also allows detecting selection signatures across
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a wide range (from hundreds of generations down to only a few generations), from
wild to domesticated populations.

6.2.3 Combining forward and reverse approach

Although forward and reverse approaches both have their advantages, they also
have their disadvantages. For instance, a major disadvantage of the forward
approach is the challenge to study the genetic basis of adaptation without
phenotypic information (Barrett and Hoekstra, 2011). Moreover, it is also easy to
miss traits that are less obvious yet still relevant for adaptation. For the reverse
approach, several problems have been previously reported, including technical
biases and other factors such as demography and gene flow (Bomblies and Peichel,
2022). On the other hand, as shown above, several hundreds of genes can be
identified by a genome scan, making it difficult to determine the importance based
on their function.

In the following schematic diagram, | propose to combine forward and reverse
approaches to study the genetic mechanism of adaptation to environmental
challenges as shown in Figure 1. At step 1, farmed fish from selective breeding
programs are reared in contrasting challenging environments for at least three
generations. In view of the challenges, | would suggest focusing on one major
challenge like high temperature and then dive into the genomic basis of adaptation
to that specific environment. At step 2, genome scans (reverse genetic approaches)
can be used to detect selection signatures underlying the divergence in adaptive
traits. Phenotype-genotype association (forward genetic approach) can be
performed for farmed fish from these generations in challenge-type tests through
QTL mapping or GWAS. At step 3, population genetic approaches can be used to
compare between candidate regions from reverse and forward genetic approaches.
The genomic regions are targeted if they are under directional selection. At step 4,
it is necessary to further investigate the functional information for the target region,
assisting further determination of the causal variants. Thus, several key data types
(including gene expression by RNA-seq, DNA methylation by whole genome bisulfite
seqguencing,) can be incorporated to prioritize SNPs in a genomic breeding program
(see 6.4), as gene expression and methylation have widely been shown to determine
local adaptation in both plant and livestock (Kinoshita and Seki, 2014; Dubin et al.,
2015; Sejian et al., 2018; Alakarppa et al., 2018; Del Corvo et al., 2021). At step 5, the
true casual variants and mutants could be validated by a loss-of-function (such as
CRISPR-Cas9 system) experiment. As the traits indicating adaptation mostly
polygenic, | recommend only continue this step only when major QTLs and genes are
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found. At step 6, if true casual variants are successfully detected, and the
advantageous allele can be selected based on genotypes of the whole population.

Farmed fish from breeding program (including

Step 1 .
environments records)

(obtain genetic materials)

Step 2 Genotype-phenotype
Genome scan ypep i
(forward and reverse approaches) association
Step 3

(genomic comparison) Target QTLs

Step 4 .
(define causal mutation) Integrate functional data

Step 5
(loss-of-function experiment)

Experiment validation by
genome editing

Step 6
(Implementation) Marker-assisted selection

Figure 1. A schematic diagram combing forward and reverse approaches to study
and apply the genetic mechanism of adaptation.

Combining the forward and reverse approaches will not only complement signals
that cannot be detected by one approach separately, but also provide more
confidence with respect to the true QTLs associated with the target traits.

To continuously study the adaptation to the challenging environment in the future,
studies need to move from phenotype-genotype association to regulatory network
level (gene expression, methylation status). Although we successfully identified
several candidate genes during our acclimatization experiments, a lack of functional
datasets makes it hard to have a good view of the regulatory network (the key genes
that interact with several other genes) that together influence the traits under
challenging environments. These key genes in the regulatory network need to be
prioritized when applying marker-assisted selection and genomic prediction.
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6.3 Genomic view on Genotype by environment interactions
6.3.1 Classic G X E interaction

Genotype by environment (G X E) interaction refers to the difference in the response
of genotypes in divergent environments (Falconer, 1996). Two forms of G X E
interactions can be distinguished: scaling or re-ranking (Sae-Lim et al., 2016). The re-
ranking effect of genotype is the most relevant form of G X E interaction for selective
breeding. It means that selection in a single environment will result in lower-than-
expected genetic gains and selection response in the other environment.
Consequently, a trait can be regarded as a different trait if measured in different
environments. From a breeding program perspective, environment-specific
programs are recommended if the genetic correlation is lower than 0.7 - 0.8 (Mulder,
2007).

From a quantitative genetic perspective, G X E is well understood for adaptation to
different challenging environments, including hypoxia and salinity stress. For
instance, the hypoxic environment in non-aerated ponds significantly reduced the
harvest weight, survival, and growth rate compared to the normoxic condition in
aerated ponds, while the genetic correlation between the two environments was
relatively high (0.81 and 0.78) for harvest weight and thermal growth coefficient
(Mengistu et al., 2020). However, a moderate G X E interaction was observed for
growth traits under salinity stress. Genetic correlations for harvest weight and daily
growth coefficient were 0.66 and 0.65 between brackish water and freshwater
(Setyawan et al., 2022). More severe G X E interaction was found for environmental
temperature. A precious study showed that the genetic correlations for harvest
weight and thermal growth coefficient were 0.45 and 0.43 for two different
production sites in the Mediterranean region (Gulzari et al., 2022). The genomic
mechanisms underlying these G X E interactions are poorly understood.

6.3.2 QTL-by-environment interaction

From a genomic perspective, G x E interaction result from genes having different
effects depending on the environment (Lillehammer et al., 2008). There, QTLs can
be dissected into three categories based on their genetic by environment effect:
environment-specific QTLs, environment-shared QTLs, and neutral QTLs. Ideally,
QTLs selected in a breeding program are the environment-shared category because
their effect remains stable independent of the environment, allowing the same
genetic improvement in a variety of environments.

So far, several studies in plants have reported the identification of QTLs that belong
to the environment-shared and environment-specific categories. For example, ain a
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cotton inbred line population, a total of 165 QTLs associated with fiber quality traits,
of which 47 QTLs were shared across 11 environments, were found (Jamshed et al.,
2016). A study by Bao et al., (2018) in rapeseed showed a total of 74 environment-
shared and 22 environment-specific QTLs. These results show that QTL can be
associated with traits varied from environment to environment, but also can be
shared across environments. Consequently, identification of these environment-
shared and environment-specific QTLs will help understand on the fundamental
mechanism of G X E from biological processes and pathways.

To date, there are no studies on detecting environment-specific and environment-
shared QTLs in aquaculture, which is why, in this thesis, genomic architecture of G x
E received specific attention. In Chapter 2, two groups of the GIFT strain derived from
the same families were raised in aerated (normoxic) and non-aerated (hypoxic)
ponds. Using a meta-analysis of GWAS results under two environments, we were
able to identify environment-shared QTLs associated with the growth of GIFT strain
for the two environments. Our results indicated that environment-shared QTLs were
found to be over-represented for pathways involved in nervous system development
and organ growth in the early stage, and oocyte maturation in the later growth stage.
Environment-specific QTLs were over-represented for other pathways, e.g., MAPK
and VEGF signalling pathways, and these genes are candidates for adaptation to
hypoxia, but are likely not relevant for the normoxic environment. For temperature
changes, we also find environment-specific QTLs associated with growth-related
traits in Spanish and Greek farms, respectively. The related genes were enriched in
light absorption and ECM-receptor interaction in warmer temperature farm (Spanish
farm), but not the Greek farm. Although a limited number of QTLs were discovered
in this thesis, these results nevertheless provide compelling new insights in the
biological mechanism of G x E.

By applying quantitative genetics, G x E can be assessed as genetic correlations. But,
by applying genomics, G X E interaction can be revealed by the environment specific
SNPs, e.g., in a GWAS analysis. A moderate genetic correlation was reported
between two DO environments in Chapter 2, while thirty-three SNPs were identified
to be environment-shared. Furthermore, shared biological processes/pathways
were also observed for two DO environments. On the other hand, a low genetic
correlation was found between two different temperature environments, while only
one SNP was identified to be environment-shared in Chapter 5, without any shared
processes/pathways. Although the sample size is relatively small for the experiments
described in Chapter 2 and Chapter 5, the number of environmental-specific genes
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and the underlying pathways are useful ways to indicate the level of G X E interaction
from a genomic perspective.

Overall, these results enlighten the nature of G X E interaction from a genomic
perspective, reflected by environment-specific and environment-shared genes. To
continue this direction, the environmental factors need to be well recorded across
major farms in different countries, especially those that potentially largely impact
your target traits. This environmental information provides the opportunity to study
in depth for each environment. The effect of environment-specific and environment-
shared QTLs on the target traits, as has been shown in the plant breeding (Zaim et
al., 2020).

6.4 Genomic technologies for QTL identification in
aquaculture

Genetic improvement in aquaculture has relied on phenotypic and pedigree
information over the last few decades, but advanced genomic technologies have
gradually been applied to identify genes or markers associated with economically
important traits. Currently, the most representative genomic technologies are
genotyping-by-sequencing (GBS), SNP arrays and whole genome sequencing (WGS).

GBS has been applied for high throughput, low-cost genotyping. It relies on the
fragmentation of the genomic DNA by restriction enzymes to produce a reduced
representation of the genome (Elshire et al., 2011). Applications of GBS include the
generation of genetic linkage maps, genome-wide association studies, and
improvements of reference genome assemblies. More recently it has been applied
in aquaculture for genomic selection for traits of interest like growth, sex
determination, and disease resistance in a ranges of aquaculture species as
summarized by Robledo et al. (2018). However, GBS has several disadvantages. First,
although GBS enables the SNPs’ identification at a whole genome level, a low
genome representation is unavoidable since that is part of the design. Thus,
problems such as high genotyping errors, high missing call rates and low accuracy
often arise when calling heterozygous SNPs (Wang et al., 2020). This phenomenon is
also observed in the results presented in Chapter 2. Initially, a total of 95,244 SNPs
were generated with 3500 fish. However, after applying all quality control steps, only
a minority of those SNPs (27,090) was kept. Second, GBS requires complex
bioinformatics analysis. So far, most GBS bioinformatics pipelines such TASSEL-GBS
(Glaubitz et al., 2014), GBS-SNP-CROP (Melo et al., 2016), Fast-GBS (Torkamaneh et
al., 2017), GB-easy (Wickland et al., 2017), and NGSEP (Perea et al., 2016) originally
were designed for application in crops, while no of workflows specifically for

154



6 General discussion

aquaculture species have been designed. A Haplotype-based pipeline was used in
Chapter 2 (Garrison and Marth, 2012). However, this method was reported to detect
fewer genetic variants and result in lower coverage compared to other method (e.g.
TASSEL-GBS) (Yu et al., 2017).

SNP arrays have undoubtedly become an important tool for large population studies.
For instance, commercial SNP arrays have been used for Nile tilapia and gilthead
seabream in Chapter 3 and Chapter 5. The SNPs on these arrays are representing all
the linkage groups or chromosomes consistently. SNP arrays are regarded as a
powerful and high-throughput genotyping technique for several aquaculture species,
for which commercial arrays are now available: various salmonids ( Houston et al.,
2014; Palti et al., 2015; Bernard et al., 2022), gilthead seabream and sea (Penaloza
et al,, 2021), and Nile tilapia (Joshi et al., 2018; Pefialoza et al., 2020b).

Applications of SNP arrays include constructing linkage maps and studying the
genetic architecture of production traits such as growth, disease resistance, and
genomic selection and prediction. Compared to GBS, SNP arrays have the advantage
of increased genotyping accuracy (Pefialoza et al., 2020a). However, the main
drawback of SNP arrays is that a fixed set of loci are interrogated, and therefore novel
SNPs cannot be discovered. Therefore, SNP arrays, unavoidably, result in
ascertainment bias in diversity analyses when the individuals that were used for SNP
selection are not representative for the diversity in the studied population.

WGS is increasingly being applied for reference genome assembly, genomic variation
discovery, GWAS and genomic selection. However, there are still several challenges
with WGS, including a good quality standard for genome assembly and genome
annotation, as well as access to sufficient computational resources. WGS is an
important and fundamental tool in aquaculture, first and foremost for SNP discovery
necessary to design SNP chips. Several strategies have been used to sequence the
genomes of different aquacultural species. The combination of short reads (using the
Illumina sequencing platform) and long reads (using PacBio or Nanopore sequencing)
provides a powerful, cost-effective way to improve the assembly quality. So far,
genome assemblies for most of major aquaculture species, and high quality
assemblies, resolved to chromosome level, are available, for instance, for carp (Wu
et al., 2022), salmonids (Savilammi et al., 2019), and tilapia (Tao et al., 2021).

Compared to SNP arrays and GBS, whole genome sequencing offers a huge range of

additional possibilities for aquaculture species. For example, sex-determining
systems are complex in fish. With GBS and SNP array technologies it is difficult to

155



6 General discussion

narrow down the candidate genes and casual variants involved in sex-determination.
A genome-wide association analyses based on whole-genome sequencing by Li et al.
(2020) showed that 150 SNPs were significantly associated with sex, of which 76
displayed sex specificity. A major QTL, around 4 CM region mapped to LG21,
conferring resistance to infectious pancreatic necrosis in Atlantic salmon, is another
good example (Moen et al., 2009). Using WGS, the epithelial cadherin (cdh1) gene
was identified as the key gene (Moen et al., 2015).

Knowing the advantages and disadvantages of each genotyping strategy, one can
design a decision tree that can help decide which technology should be chosen for
specific applications (shown in Figure 2). If a good quality reference genome is not
available, the preferred option is to generate a de novo assembly (based on long
read sequences). However, what matters most in the end is the research question
that one wants to address and the budget that is available (step 1).

In step 2, three options (GBS, commercial SNP array and WGS) are commonly applied
to identify QTLs associated with the traits of interest. If there is no good SNP array
available for the target species, GBS and WGS are both good options. Since only a
small portion of the genome is characterized, GBS usually will not include causal
variants. Furthermore, compared to SNP arrays, GBS requires relatively complex
bioinformatics analyses. The price of GBS, however, is comparable to that of SNP
arrays, without, crucially, the upfront costs. WGS has been widely used to identify
putative casual variants because it allows to narrow down the target region from the
phenotype-genotype association. However, the main disadvantage of WGS is that
samples usually need to be sequenced at relatively high genome coverages, which
increases the sequencing price and requires more computational resources.
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6.5 Concluding remarks

Challenging environments are threatening to the quantity and quality of aquaculture
production. In this thesis, | characterize the genomic architecture during selection
for adaptation to three crucial environmental factors: dissolved oxygen, salinity, and
temperature from forward and reverse genetic approaches. | present the essential
QTLs that can lead to performance divergences in a specific challenging
environment. | show how QTLs interact differently across challenging environments
and further lead to performance divergences. These studies highlight the essential
biological processes and metabolic pathways underlying adaptation to a specific
challenging environment. Furthermore, these studies provide these candidate
genetic markers to selectively breed for better adapted fish. However, the current
application for marker-assisted selection may be limited by the genetic variance from
these markers. Therefore, | suggest the inclusion of regulatory networks (gene
expression, methylation status) and environmental data in future studies.
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Aquaculture is a sustainable way to meet the increased human demand for animal
food. However, sustainability is threatened by the increasing effect of climate
change. The most important threats to aquaculture resulting from climate change
are high water temperatures that fall outside of the physiological tolerance range,
increase of and rapid change in salinity due to drought and flooding, acidification of
seawater due to carbon dioxide uptake, and last but not least oxygen shortage
caused by any combination of the above that could result in algal blooms. Although
a reasonable genetic gain can be achieved by traditional selective breeding,
aquaculture may not grow sufficently due to the complexity of traits underlying
adaptation to these environmental stressors. However, the development of genomic
technologies enabled us to investigate the genomic architecture of traits of interest.
The aim of this thesis is to provide an insight into the genomic architecture of
adaptation to challenging environments of aquaculture species under farming
conditions and the underlying essential biological processes and metabolic pathways.

In Chapter 2 we used two groups of the Genetic Improvement of Farmed Tilapia
strain that originated from the same genetic background. The Nile tilapia were raised
in aerated (normoxic) and non-aerated (hypoxic) ponds, respectively. We observed
different genomic architectures associated with early and later growth in hypoxic
and normoxic environments, indicating a transition in metabolism. We highlighted
that MAPK and VEGF signalling are significantly involved in the regulation of later-
stage growth under hypoxia. Furthermore, by a meta-analysis of GWAS results, we
identified thirty-three SNPs that are significantly associated with growth across two
environments, while the genes linked to these SNPs were mostly involved in nervous
system development, organ growth and oocyte maturation. These findings suggest
a possible shared effect independent of the two environments.

In Chapter 3, critical swimming performance (Ucit) is studied as a potential indicator
trait for hypoxia tolerance. Fish with higher Ut are not only supposed to perform
better in cardio-respiratory health, but also to cope with hypoxia better. We found
slightly negative correlations between swimming performance in early life and
growth traits based on the genomic relationship matrix, suggesting that fish with
better swimming performance have a slower growth tendency later in life. We also
identified the genomic architecture associated with Ui early in life and identified
several potential target genes such as hip1, hectd1, elna, smyd1b, rrp12 and pprc.
Moreover, a clear pleiotropic effect of three SNPs was found between swimming
performance and growth traits, while the remaining six SNPs only affect swimming
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performance, but not growth. The genetic markers identified in the study can be
used to select fish with cardio-respiratory health and growth that can potentially
grow well in a hypoxic environment.

The results described in Chapter 4 are based on a saline-tolerant and highly
productive tilapia strain that was developed by the aquaculture research institute
and named “Sukamandi”. We show that the Sukamandi genome is predominantly of
Nile tilapia origin, with about 9% of the genome derived from blue tilapia. We further
show that eight salinity tolerance genes, including caprinla, nucb2a, abcblO,
slc12a10.1, cacnalab, ulk2, slc25a24 and cdh1, were strongly selected after a four-
generation breeding program. Moreover, the genomic architecture that was
introgressed from blue tilapia also confers the observed salinity tolerance.
Collectively, the results help us understand fish adaptation in a saline envionment.

In Chapter 5 we study the same genetic background of gilthead seabream that grew
out in two distinct commercial sites (Spain and Greece). We describe a region
between 19.66 Mb to 46.84 Mb on chromosome 22 that is strongly associated with
growth traits in Spain. However, none of the SNPs within this region are associated
with growth in Greece. Moreover, a similar pattern was found for organ weight,
suggesting a divergent genomic architecture under genotype-by-environment
interaction. By performing gene ontology and KEGG enrichment analyses for the
target QTLs region, we show that cell adhesion, light absorption, and ECM-receptor
interaction are the most prominent terms related to growth in Spain but not in
Greece. Also, we show that ATP binding activity and response to stimulus are more

prominent processes for organ weight in Spain than in Greece. The QTLs identified
in this study provide insight into the genomic basis of fish growth traits and organ
weight under a temperature challenging environment.

In Chapter 6, the general discussion, | discuss the genomic basis of environmental
adaptation using forward and reverse approaches, suggesting a schematic diagram
of combining two approaches to study the genetic mechanism of adaptation. To
further strengthen our understanding of genotype-by-environment interaction, |
discuss QTL by environment interaction from a genomic perspective. | also discuss
the advantages and disadvantages of current genomic technologies from SNP array,
genotype-by-sequencing to whole genome sequencing used in the studies described
in this thesis. Lastly, | give concluding remarks and suggest the inclusion of regulatory
network (gene expression, methylation status) and environmental data in future
studies.
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