THE UNIVERSITY
of EDINBURGH

This thesis has been submitted in fulfilment of the requirements for a

postgraduate degree (e. g. PhD, MPhil, DClinPsychol) at the University of

Edinburgh. Please note the following terms and conditions of use:

This work is protected by copyright and other intellectual property rights,
which are retained by the thesis author, unless otherwise stated.

A copy can be downloaded for personal non-commercial research or
study, without prior permission or charge.

This thesis cannot be reproduced or quoted extensively from without
first obtaining permission in writing from the author.

The content must not be changed in any way or sold commercially in
any format or medium without the formal permission of the author.
When referring to this work, full bibliographic details including the

author, title, awarding institution and date of the thesis must be given.



Cost-effective Genomic Selection in
Aquaculture Breeding Programmes:

Optimizing Genotype Imputation and
Incorporation of Functional Annotation

Christina Kriaridou

THE UNIVERSITY
of EDINBURGH

College of Medicine and Veterinary Medicine
The Royal (Dick) School of Veterinary Studies

Dissertation submitted for the degree of Doctor of Philosophy
Genetics and Genomics
The Roslin Institute
2024






Declaration of authentication

Edinburgh, May 2024

| hereby declare that this thesis, entitled “Cost-effective genomic selection in
aquaculture breeding programmes: optimizing genotype imputation and
incorporation of functional annotation” has been composed by myself. The work
and illustrations contained herein are my own, except where explicitly
acknowledged otherwise in the text. Any included publications is my own work,
except where indicated throughout the thesis and summarised and clearly
identified on the declarations page of the thesis. This work has not been submitted,
either in whole or in part, for any other degree or professional qualification of any
other institution.

The contributions of other individuals to this work have been explicitly

indicated below.

Chapter 1: This chapter was written by me with feedback from Dr Diego Robledo

and Dr Clémence Fraslin.

Chapter 2: This chapter was published, and author contributions are listed at the

end of the document.

Chapter 3: John A. H. Benzie from Worldfish provided us with the Nile tilapia
samples and DNA extractions were performed by Dr Carolina Penaloza (The
Roslin Institute). Dr Agustin Barria (The Roslin Institute) contributed to the

generation and the down-sampling of the whole-genome sequencing (WGS) data.

Chapter 4: The traits used for the analyses in this chapter were inferred by Dr
Jamie Prentice (The Roslin Institute) from Prof Andrea Wilson’s group using the
SIRE model (Pooley et al., 2020). Information on the position of regulatory
elements and their overlap with single nucleotide polymorphisms and structural
variants were the result of AQUA-FAANG project and provided to us by Paulino
Martinez and Andrés Blanco from University of Santiago de Compostela.
Additionally, Zexin Jiao from Prof Dan Macqueen’s group discovered the structural

variants (SVs) of the WGS turbot parents, which were incorporated in the analysis



together with the SNPs.

Chapter 5: This chapter was written by me with feedback from Dr Diego Robledo
and Dr Clémence Fraslin.

All the computational work has made use of the resources provided by the
Edinburgh Compute and Data Facility (ECDF) (http://www.ecdf.ed.ac.uk/).

Christina Kriaridou



Dedication

It is often said that our family and the people we meet form one of the most
important aspects of our lives. This thesis is dedicated to the precious people who
have been part of my life's journey, and to those whose impact has been

transformative.




VI



Acknowledgements

First of all, | want to thank my supervisor Dr Diego Robledo for his invaluable
support and encouragement throughout these years. Thank you for believing in
me and supporting my pursuit of a PhD after completing my Master's degree. This
decision has been a crucial turning point that has shaped my life over the past four
years. Thank you for your positive attitude, for teaching me so much, and for being
there when | needed it. Words cannot express how special you are to me and how

grateful | am to have you as my mentor and friend.

| was also fortunate enough to receive mentorship from Professor Ross
Houston, and | want to express my sincere gratitude for his support and guidance
as my supervisor at the beginning of my PhD. | am equally appreciative for
Professor Gregor Gorjanc’s valuable contribution and thankful that he stepped in
as my second supervisor. Additionally, | would like to wholeheartedly thank
Professor Andrea Wilson and Professor Paulino Martinez for their collaboration. |
gained valuable knowledge from working both alongside them and alongside the

fantastic people in their labs.

| would like to thank Dr Smaragda Tsairidou for all the precious time and help
she provided when | first arrived at The Roslin Institute for my Erasmus placement
in 2019, and subsequently as a co-supervisor during the first year of my PhD
studies. | have greatly benefited from and been inspired by your expertise,

enthusiasm and support.

| am more than grateful to Dr Clémence Fraslin for being my co-supervisor.
| appreciate all of your guidance, the knowledge you've shared, and your
companionship. I've enjoyed our discussions about science and life in general.
Thank you for being an amazing scientist, colleague, friend, and for all the
experiences we have shared. | look forward to the moments we will share in the

future.

| am extremely grateful to all the wonderful people in the aquaculture team
for all the activities, conferences, lab meetings, trips, and happy moments we have
shared together. A special thanks to my friends Dr Carolina Penaloza, Dr Carolina

Moraleda, Dr Yehwa Jin, Dr Sarah Salisbury, Dr Paula Rodriguez Villamayor, Dr

VI



Agustin Barria, Assistant Professor Manu Kumar Gundappa, Dr Rose Ruiz
Daniels, Dr Tim Regan, Dr Tim Bean, Dr Robert Mukiibi, Hannah Farley, Alex
Florea, Dr Jennifer Nascimento-Schulze, Dr Robert Potts, Robert Stewart, Dr
Remi Gratacap, Dr Athina Papadopoulou, Dr Panagiotis Kokkinias, Marina
Mantsopoulou, Dr Maeve Ballantyne, Dr Nunticha Pankaew, Dana Albatesh, Dr
Ambre Chapuis, Dr Lavanya Vythalingam, Dr Diego Perojil Morata, Oliver Eve, Dr
Ophélie Gervais and Jiagi Wang for being part of this unforgettable experience.
You all made me feel welcome from the beginning, as if | were part of a bigger
family. | feel incredibly fortunate to have you in my life. | hope we will continue to

share more experiences in the future and meet again in this small world we live in.

Thank you to my friends and desk neighbours at Roslin, Dr Valentina Riggio,
Dr Enrique Sanchez Molano, Dr Ricardo Pong-Wong, Dr Masoud Ghaderi Zefreh,
Dr Juliane Friedrich, Dr Cammy Beyts, Dr Ismail Ozkaraca, Dr Mohamed Aboelela,
Dr Mulya Agung, Dr June Bhak, Vasilios Raptis, Dr Meenu Bhati, Jing Qi Chong
and Dr Anna Eleonora Karagianni, for your company during coffee and lunch

breaks, for all the fun activities we planned together, the laughs and friendship.

A big thank you to my parents and family for their unconditional love and
support. | am forever grateful for everything you have provided me. | couldn't ask
for better support from my husband, who moved with me from Greece to be by my
side from the beginning of this journey during the pandemic, and played a key role
in making this dream happen. Thank you for your positive thoughts, your
encouragement that kept me sane and your love that gave me strength to continue

in difficult times.

A special thank you to the people at Xelect Ltd for their warm welcome during
my placement in St. Andrews. | am especially thankful to Professor lan Johnston
and Dr Mark Looseley for their collaboration and valuable contributions. | want to
thank Dr Lidia de los Rios Pérez for inviting me to her hospitable home with her
beautiful cats, but also Chris Wallard, Dr Tom Ashton, Dr Marie Smedley, Dr José
Mota-Velasco, Dr Carlos Diaz Gil, Dr Rachael Wilbourn, Dr Stelios Kyriakidis, Dr
Kyriakos Varypatakis, Dr Kyriakos Varypatakis, Dr Paolo Ruggeri, Dr Max Coulter,
Jeroen ven der Kaay and Anne Shaw. It was my pleasure to meet you all, and |

VI



am very grateful for all the constructive discussions, the friendly talks, and the time

we spent together.

| would like to express my gratitude to the University of Edinburgh and The
Roslin Institute for awarding me the Principal’s Career Development PhD
Scholarship, which made my dream possible. Additionally, | extend my sincere
appreciation to Xelect Ltd for partially funding this postgraduate studentship

project.






Table of Contents

Declaration of authentication ..., ]|
[ 1= o [ o= 1 4 o o 1P \'}
Acknowledgements ... ——————— Vil
(I 3V 1T 4] 4 = T P XV
ADSTracCt ... ———— XVl
List of Abbreviations ............oooo i XIX
LisSt Of FIQUIES ...t s s s r e s s e e e e e e XXl
[ = o - [ XXVI
Chapter 1 General Introduction ..............oooiiicccciiiirrrrec e 1
1.1 AQUACUIUIE. ... e e et e e e e e eees 1
1S P B € 1o o Y= 1 €1 11 1 1
1.1.2  Diversity Of SPECIES.......cooviiiiiiii e 3
1.1.3  Aquaculture production per country ..........cccoeeveiiiiiiiiiiiiiii e, 5
1,14 ChallENgES ... e 6

1.2 Selective breeding ... 7
1.3  Selective breeding in aquaculture..............cccooo 10
1.3.1  Selection Methods...........oovviiiiiiiii e 11
1.3.2 Best linear unbiased prediCtion .............ooiiiiiiiiiiiiec e 14

1.4  Application of genomic tools to selective breeding .............cc..coooeeiienn. 15
1.4.1 Marker-assisted selection...............oooiiiiiiiii e 16
1.4.2 Genomic selection and GBLUP.............ccovvviviiiiiiiiiiiiiiiiiiieeeeeeeeeee 16
1.4.3 Genome wide association studies and weighted models ................ 21

1.4.4 Incorporation of functional annotation into breeding programmes... 22
1.4.5 Genomic selection in aquaculture breeding programmes ............... 25
1.4.6 Barriers for the widespread implementation of genomic selection .. 29

1.5  Genotype impPUtation...........coooiiiiiiiiiie e 31
1.5.1  Factors affecting genotype imputation............ccccoevvvvviiiiiiiiiiiieinnnn... 33
1.5.2 Previous aquaculture imputation studies............ccccevviiiiiiiiiinrnnnnns 36

1.6 AIms and ODJECHIVES .......ccooiiiieeee 38

Chapter 2 Assessment of Cost-Effective Genomic Selection through
Imputation of Low-Density SNP Panels...........oovimmiiiiiiiiiiiinnessneeeeeeeeennnnnneeeee 41



2.1 Introduction to Chapter 2..........ooeiiiiiiii e 41

2.2 Original published manuscript as it appears in

https://doi.org/10.3389/fgene.2023.1194266 ...........ceeveeiiiiiiiiiiiiiiieeee e 42
2.3 Concluding remMarks ........coooieeeiieee e 77
2.4 Clarification NOES..........ooiiiiiiiiiiie e 77

Chapter 3 Assessment of Low-Coverage Whole Genome Sequencing

Imputation Performance as a Cost-Effective Alternative to Whole Genome

Sequencing in Nile Tilapia (Oreochromis niloticus)...............cccoeeeiiiiiiiiininnnnns 79
R T SR 1) o T [V T3 1T o SRR 79
3.2 Materials and MethodS...........oooeiiiiiiiiiie e 81

3.2.1  Nile tilapia population ..............uueiiiiiiiiii e 81
3.2.2 Nucleic acid extraction and DNA sequencing...........cccccoeeeeeeeeeeeennn. 81
3.2.3 Average coverage and down-sampling of WGS data...................... 82
3.2.4 SNP calling and imputation analyses ............cccccceevvviiiiiiiiieeeeeeeee, 82
3.2.5 Imputation accuracy estimation ................coooviiiiiiiii 84
3.2.6 Cost effective analySes...........ouuueiiiiiiiiiiiiicicc et 85
3.3 RESUIS e e e eaanes 87
3.3.1  Data SUMMANY ..o 87
3.3.2  Number of SNPs retained post-imputation ............cccccccceeiiiiiinenn. 87
3.3.3 Imputation accuracy results...........ccccoooiiii 88
3.3.4 Imputation accuracy of heterozygous and homozygous sites.......... 92
3.3.5 Cost-benefit analySes ..........ooouuuiiiiiiiiiiiic e, 95
3.4 Discussion and future proSpPectS .........ccceeeiiiiiiiiiiii e 95
3.4.1  Imputation @CCUIACY .......cceiiiiiiiiiie e e 96
3.4.2 Cost-effective strategy for genomic analyses .............cccceeeeeeeenn. 97
3.4.3 Other low-coverage imputation studies .............ccccevvviiiiiiiiiieeeiieennn, 98
3.4.4  FULUIE PrOSPECES....uuueii i ettt e et e e e e e eeennes 99

Chapter 4 Incorporating Functional Annotation into Genomic Prediction:

Impact on a Turbot (Scophthalmus maximus) Population Challenged with

the Parasite Philasterides dicentrarChi ..........ccccvvevreeiriresirsresressressesssnssessens 101
A INIFOAUCHION e e 101
4.2 Materials and MethOdS .. ..o, 105

421 Experimental deSign ........ouuiiiiiiiiiiiiecce e 105
4.2.2 Epidemiological traitS..........ccooeiiiiiiiiiiiii e 105



4.2.3 Genotypes and imputation to whole-genome sequence ............... 106
4.2.4 Estimation of genetic parameters and genomic relationship matrix

107
4.25 Genome-wide association Study .........ccccccvvvviiiiiiiiiiiiiiiiiiiiiiiieeee 108
4.2.6 Estimation of genetic parameters with BayesRCO........................ 108
4.2.7 Cross-validation for genomic-based prediction accuracy .............. 111
4.2.8 Annotation Categories..........coiiiiiiiiiiiiiiiii e 112
4.3 RESUIS...oeeee e 113
4.3.1 Data summary and genetic parameters ...........cccceevviiiiiiiiieereeennns 113
4.3.2 Annotation categories.........cccccvvviiiiiiiiiiiiiiiiiii 116
4.3.3 Genome-wide association analysis .........cccccccvvviiiiiiiiiiiiiiiiiiinnenne. 116
4.3.4 Incorporation of functional annotation into genomic prediction...... 117
4.3.5 Accuracy of prediction across unrelated individuals...................... 122
4.4 Discussion and future proSpects...........ccovvviiiiiiiiiiiei e 122
4.5 Accuracy of Bayesian and GBLUP models.............ccoooeviviiiiiiiiiiniinnnn, 123
4.5.1 Tailored variant annotation strategies could improve the accuracy of
Bayesian MOdEIS.......... i 124
4.5.2 Impact of annotation category number and type on predictive
PEITOIMMANCE ... ..ot e e e e e e e e e e e er s 125
4.5.3 Predictions across generations or populations...................ccceeeee 126
454 Concluding remarks ..........cooeeiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeee e 128
4.7 Supplementary material..............oueiiiiiii i 130
Chapter 5 General DiSCUSSION .........cccoiiiiimmmiiemcisis e 143
5.1  Cost-effective genomic selection by imputation of LD panels.............. 144
5.2 Imputation of IcWGS as a cost-effective alternative to WGS ............... 145
5.3 Assessing the influence of functional annotation on genomic prediction
145
5.4  Future prospects and limitations of imputation......................cccccneeei. 146
5.5 Future prospects and limitations of the incorporation of functional
annotation in prediction MOdeIlS ..........oooiiiiiiiiii e 150
5.6 Concluding remarks............uuuuuuuummmmmiiiiiiiiiieiieeeeeenenennennnnennnnnes 153
Y o 1= 3 N 157
6.1 Publications and conferences............oouuiiiii i 157
6.2 Courses, WOrkshops and awards............ccoeevveiiiieeiiiiic e, 158
(=] =T = Lo = 161

Xl



XV



Lay summary

Selection of individuals using information of their genome holds promise for
improving traits of economic importance in aquaculture. However, obtaining
information about the genome is expensive, and therefore it has been limited to
large companies and a few high value aquatic species. To tackle this challenge, a
method called genotype imputation offers a possible solution by predicting the
variation in the genomes of a target population based on sparse genomic
information, which is cheaper to produce. In order to predict the missing
information of a genome, a smaller population that is related to the target
population and has more information available is used as reference for imputation.
This project aims to explore genotype imputation strategies to make genomic
selection more accessible for aquaculture farms.

In the first chapter of this project, | investigated genotype imputation using
different densities of genome markers in four aquaculture species: Atlantic
salmon, turbot, common carp, and Pacific oyster. For this, panels with different
number of genome markers were created and three imputation software were
used to test how accurately they can predict the missing information. Results
showed that imputed panels performed similarly to panels containing a large
number of variants for predicting of phenotypes, except in Pacific oysters. This
suggests that optimizing variant selection methods for the creation of panels with
a small number of variants together with imputation could lower genotyping costs
for accurate prediction of individual phenotypes in breeding programmes.

Next, | examined imputation accuracy when using low coverage whole-
genome sequencing in Nile tilapia. Different sequencing depths were tested, and
imputation accuracy was compared between reference panels with different
depths. Results showed higher accuracy with deeper reference sequencing. While
low-coverage sequencing is cheaper than whole-genome sequencing and can
provide a considerable amount of information for subsequent analyses after
imputation, it remains more expensive than single nucleotide polymorphism (SNP)
arrays and is therefore unlikely to be a viable strategy for the industry.

Finally, | analysed a dataset from an experiment involving a turbot population

exposed to a parasite. Offspring with limited genome information were imputed to

XV



their parents’ whole-genome sequences, and the influence of integrating
functional information into genomic prediction models was explored. Functional
information can help us better understand how DNA regions influence traits and
in theory could improve the ability of the models to choose individuals with the best
characteristics. However, the results of this study showed that adding functional
annotation information did not improve prediction accuracy compared to the
models without annotation. Further research is needed to refine annotation

categories for different traits and optimize predictive models.
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Abstract

Genomic selection has the potential to significantly enhance genetic
progress in aquaculture breeding programmes. However, its widespread adoption
has been limited to large companies and a few high value species, mainly due to
the high costs associated with genotyping. To address this issue, genotype
imputation emerges as a promising solution, offering the possibility of reducing
genotyping expenses by predicting ungenotyped variants in low-density and low-
coverage datasets. Additionally, it has been hypothesized that the prioritisation of
functional variants could allow accurate selection across distant relatives, which
could reduce the need for genotyping every generation. This study aims to explore
genotype imputation strategies and variant prioritization with the goal of

democratizing genomic selection in aquaculture.

In the first chapter | investigated genotype imputation of low-density panels
across four aquaculture species: Atlantic salmon, turbot, common carp, and
Pacific oyster. A total of eight low-density panels were constructed in silico for
each species, ranging from 300 to 6000 SNPs, and imputation to high-density was
tested using three available genotype imputation software (Alphalmpute v.2,
Fimpute v.3 and findhap v.4). Subsequently, the genomic prediction accuracy of
the various densities was evaluated for each species using the imputed
genotypes. Results revealed that FImpute v.3 is the best performing software for
parents-to-offspring imputation in aquaculture populations. In terms of prediction
accuracy, the low-density and imputed panels generally performed comparably to
the high-density panels in fish species. However, for Pacific oyster imputation and
genomic prediction accuracy results were significantly lower. Nonetheless, the
optimisation of SNP selection for the design of low-density panels may be
sufficient to achieve near maximum prediction accuracy in most fish
species/populations, suggesting a potential opportunity for reducing genotyping

costs.

In the second chapter, | examined the accuracy of imputation from low-
coverage re-sequencing to whole-genome sequencing in a Nile tilapia population.
For the target offspring, we tested six down-sampled datasets representing

varying sequencing depths from 0.1X to 5X. These datasets were imputed using
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GLIMPSE v.1 to two reference panels with whole-genome sequence data: one at
5X sequencing depth and another at 26X sequencing depth. Finally, the cost of
the different low-coverage whole-genome sequenced datasets was compared to
that of SNP arrays in a hypothetical scenario involving 140 parents and 2100
offspring. Results revealed that imputation accuracy and the number of retained
SNPs were higher with a 26X reference sequencing depth compared to 5X.
Additionally, imputation accuracy exceeded 90% for all down-sampled target
datasets, with higher accuracy at homozygous compared to heterozygous sites
for coverages below 5X. While imputation of low-coverage whole-genome
sequencing is cheaper than whole-genome sequencing and holds potential
benefits for discovering causative variants as well as other genomic analyses
between populations, it still remains more expensive than SNP arrays, and

therefore is probably not a viable strategy for aquaculture breeding programmes.

In the final experimental chapter, a dataset involving a turbot population
exposed to the parasite Plilasterides dicentrarchi was analysed. The genotypes of
the offspring were imputed to whole-genome genotypes using the whole-genome
re-sequenced parents as reference. Various approaches for integrating functional
information data into genomic prediction were explored to study the potential
advantages of integrating such information. The methodology involved
categorizing markers into functional annotations by examining their overlap with
regions of the genome potentially influencing protein function or promoter and
enhancer regions. Two Bayesian models were tested with and without annotation
for comparison alongside GBLUP. It was observed that the integration of
functional annotation data did not enhance genomic prediction accuracy, with
BayesR and GBLUP demonstrating superior performance or comparable results
in certain scenarios. Future investigations should explore different approaches to
defining annotation categories for traits with different architectures to optimize the

predictive models.
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Chapter 1
General Introduction

1.1 Aquaculture

1.1.1 Global Growth

Aquaculture has experienced significant growth in recent years and has
become a major source of seafood production globally. As one of the fastest
growing food production sectors in the world, aquaculture production experienced
a rise of over 600% in annual output in the period between 1990 and 2020 (around
400% if we exclude aquatic mammals, crocodiles, alligators, caimans and algae?),
with an average annual growth rate of 6.7% since 1976 (FAO, 2022). The total
global production of aquatic animals was estimated at 177.8 million tonnes in 2020,
and aquaculture represented 49% of the total (87.5 million tonnes in live weight),
with a production value of US $264.8 billion (FAO, 2022) (Figure 1.1).
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NOTES: Excluding aquatic mammals, crocodiles, alligators, caimans and algae. Data expressed in live weight equivalent.
SOURCE: FAO.

Figure 1.1 World capture fisheries and aquaculture production (1950-2020),
modified figure from FAO’s 2022 report.

! Include multicellular macroalgae (e.g., seaweeds), unicellular microalgae (e.g., Chlorella spp.) and
Cyanobacteria, not true algae but informally known as “blue-green algae” (e.g., Spirulina spp.).
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Aquaculture production has finally reached practically the same levels as
capture fisheries production. However, capture fisheries are still exerting serious
pressures on wild stocks, and in fact, production has been almost stagnant since
the end of the 1990s (FAO, 2022) (Figure 1.1). Overfishing combined with other
human related interventions and the impact of climate change have adversely
affected many aquatic species and ecosystems (Longo et al., 2019). Moreover, in
2019, the Food and Agriculture Organization of the United Nations (FAO) reports
that 35.4% of stocks were fished at biologically unsustainable levels (FAO, 2022).
The world is now facing a challenge to feed the growing population but at the same
time to maintain steady levels of natural resources without exhausting them and
causing ecological damage. To protect wild fish stocks, aquaculture has to
increase its production to supply the growing demand of aquatic foods. Projections
from FAO, based on specific assumptions, estimate that the share of farmed
aquatic species production will grow from 49% to 53% in 2030, surpassing capture
fisheries production (FAO, 2022).

Aquaculture growth is not only fundamental for the preservation of aquatic
habitats across all continents, but also for the provision of a vital source of
nutritious and accessible animal protein for human diets. Projections show that the
increasing world population will continue to drive an increased demand for protein
in the coming decades, and proportionally this demand is expected to be higher
for aquatic foods (FAO, 2022). Global apparent? consumption of aquatic foods
increased at an average annual rate of 3.0 percent from 1961 to 2019, a rate
almost twice that of annual world population growth (1.6 percent) for the same
period (FAO, 2022). The rapid rise in aquaculture production resulted in increased
availability of seafood and a decline in prices, particularly for the species that are
mainly farmed rather than wild-caught. Through this continued aquaculture growth,
people from both low and high-income countries have benefited from consistent
access to aquatic foods throughout the year. Aquaculture production is expected
to grow 22% by 2030, an increase of 106 million tonnes compared to 2020 (FAO,

2 Proxy measure to indicate the supply of food available in a country for the indicated reference
period. It refers to the amount available for human consumption and not to the effective food
consumption, i.e., the actual quantity of food eaten, which can be measured through household or
individual food consumption surveys. Apparent food consumption data are derived from FAO Food
Balance Sheets and have been available on an annual basis at country level since 1961.
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2022). The sustainable growth of global aquaculture production in the following
years is required to meet the rising demand for aquatic food while concurrently

creating employment opportunities and ensuring income stability.

Blue foods have the potential to provide essential nourishment to vulnerable
populations and address issues of malnutrition. Aquatic species are not only an
excellent source of protein, but they are also a healthy, lean source of
micronutrients and essential fatty acids proven to offer many health benefits
(Golden et al., 2021). Fish stands out as a nutritious option, surpassing other
animal protein sources (Maulu et al., 2021). Its richness in long-chained n-3
polyunsaturated fatty acids (n-3 PUFAs) suggests that a diet abundant in fish may
lower the likelihood of coronary heart diseases and certain types of cancer.
Additionally, the presence of vitamins and minerals in seafood, in relatively high
concentrations, is especially interesting for their role in preventing lifestyle
disorders. The incorporation of fish into one's diet could potentially aid in alleviating
instances of depression and anxiety (Gjedrem, Robinson and Rye, 2012a).
Promoting healthy diets inclusively is critical and demands programmes and
initiatives that enhance consumer awareness, as well as increase the availability
of healthy, safe, and nutritious aquatic foods. This is especially crucial in areas with

low food and nutrition security.

1.1.2 Diversity of Species

Aquaculture encompasses a wide variety of species, including fish,
crustaceans, molluscs, other aquatic invertebrates, frogs, reptiles and even
aquatic plants raised in different types of aquaculture farming systems (Figure
1.2). During 2021, 513 aquaculture species listed in ASFIS® were cultivated across
201 countries (FAO, 2023). While this richly diverse pool of aquatic species exists,
several selected ‘core’ species or groups of species dominate aquaculture
production. Approximately 70 species are responsible for supporting 80% of the

total global aquaculture production (Houston et al., 2020). Specifically, the major

3 ASFIS = Aquatic Sciences and Fisheries Information System. ASFIS species items could refer to
either individual species, hybrids, or groups of related species, such as genera (when identification
to species is impossible).
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species and species groups that contribute significantly to worldwide aquaculture
production are: carps (Ctenopharyngodon idellus, Hypophthalmichthys molitrix,
Cyprinus carpio, Hypophthalmichthys nobilis, Mylopharyngodon piceus),
accounting for 38.3% of finfish production in inland aquaculture; Atlantic salmon
(Salmo salar), representing 32.6% of finfish production in marine and coastal
aquaculture; whiteleg shrimp (Penaeus vannamei), contributing 51.7% to total
crustacean production; cupped oysters (Crassostrea spp.), constituting 30.7% of
total mollusc production; and Japanese kelp (Laminaria japonica), ranking as the

top species among algae with a 35.5% share of total production (FAO, 2022).

Inland aquaculture production Marine and coastal aquaculture production
12.2%

|

90.2%

Species group M Finfish [l Crustaceans [l Moluscs Algae Other_agquatic_animals

Figure 1.2 Inland aquaculture and marine and coastal aquaculture
production by species group. This figure was created in R with data from
Table 8 of FAO’s report (FAO, 2022).

Although the addition of new species to further diversify aquaculture can
effectively mitigate both biological and financial risks, the private sector often lacks
the necessary incentives to diversify their farming practices (Cai, Yan and Leung,
2022). This hesitation arises from the considerable costs and associated risks of
developing or adopting new species. However, the diversification of aquaculture

not only offers a potential solution for risk management but also holds the promise
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of enhancing production efficiency. This can be achieved through practices such
as polyculture or adjusting species selection according to seasonality (Thomas et
al., 2021). By doing so, diversified aquaculture has the capacity to reduce both
biological risks, such as diseases, and financial risks, such as price variations
(Wilson and Archer, 2010). In light of increasing concerns related to climate
change, disease outbreaks, market fluctuations, and other uncertainties, the
strategy of species diversification has gained importance as a key approach for

achieving sustainable aquaculture development (FAO, 2017).

1.1.3 Aquaculture production per country

There is enormous variation across regions and countries concerning the
production of aquaculture species. Among the 201 countries contributing to global
aquaculture production, just ten countries account for 90 percent of the total
production (FAO, 2023). Asia remains the dominant force in global aquaculture,
accounting for 91.6 percent of the overall production of aquatic animals and
seaweeds in 2020 (70 percent when considering only aquatic animals) (FAO,
2022). China stands out as the largest contributor, producing 49.90 million tonnes
of fish from aquaculture, representing 57.03 percent of the global total (FAO,
2022). Following Asia, the major global continents in terms of production volume

by decreasing size are the Americas, Europe, Africa, and Oceania.

According to FAO in 2020 the share of aquaculture in the total production
exceeds capture fisheries for all major species groups except marine finfish (FAO,
2022) (Figure 3). If we look at the figures of aquaculture production of the different
countries in relation to the World Bank’s income level classification, we can see
that aquaculture production in middle-income countries surpasses capture
fisheries production, whereas in low and high-income countries capture fisheries
exceed aquaculture (Mair et al., 2023) (Figure 1.3). Aquaculture production in
middle-income countries contributed to 61.7 percent of the total, a significant
increase since 1990, when the same percentage was 19.8 (FAO, 2022). For lower-
income countries the percentage of aquaculture production between the period of
1990 and 2020 increased from 14.7 to 46.2 (FAO, 2022). Aquaculture has been

4 Including non-sovereign territories.
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playing an increasing role in supporting the food security and livelihoods of low-

and middle-income countries.
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Figure 1.3 Fisheries and aquaculture growth comparison by country group
by income level (excluding algae), 1990-2020.

1.1.4 Challenges

In the past two decades, aquaculture has shown positive trends in
production and per capita seafood consumption. Compared to land animal farming,
aquaculture is one of the most resource-efficient and environmentally friendly
methods for producing protein for human consumption (Boyd et al., 2020;
MacLeod et al., 2020). However, persistent challenges such as the impact of
pathogens, parasites, and pests (PPP) (Naylor et al., 2021), pollution, harmful algal
blooms (Diaz et al., 2019), habitat destruction (Ahmed, Thompson and Glaser,
2019), and climate change (Holsman et al., 2018) are becoming more pronounced
as the aquaculture industry rapidly expands and becomes increasingly
interconnected with its environment and global food systems.

In high-value species, advances in PPP identification and treatment over
the past 20 years, but also the adoption of better management and breeding
practises (Boudry et al., 2021; Houston, Kriaridou and Robledo, 2022), have
minimized the risks across all types of production systems (Holsman et al., 2018).
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However, there is a limited availability of such practices for low-value species and
regions with low income (Naylor et al., 2021; Houston, Kriaridou and Robledo,
2022). The aquaculture industry's responses to PPP pressures include the
implementation of biosecurity measures, advanced water management, vaccine
development, feed supplementation, and the use of chemical substances,
although misuse of antimicrobials can lead to antimicrobial resistance issues
(Naylor et al., 2021). A more sustainable strategy involves selective breeding for
disease resistance. This leads to fish that are more resilient to disease and reduces

the losses farmers face from pathogens.

1.2 Selective breeding

In the field of genetics and agriculture, the practice of selective breeding
stands as a fundamental mechanism for harnessing and enhancing desirable traits
in plant and animal populations. Darwin was likely the first to employ the term
“artificial selection” in his work “On the Origin of Species” (Darwin, 1859). The term
artificial selection or selective breeding describes the process by which animals or
plants are crossed by humans in a controlled manner to produce offspring with
desirable traits, ultimately shaping the characteristics of subsequent generations.
Selective breeding effectively exploits the genetic variation present in a population,

transmitting permanent and cumulative genetic gains.

Variation observed in phenotypes within a population arises fundamentally
from the underlying diversity in genotypes among individuals. Different
combinations of alleles influence particular traits in different degrees, with some
alleles conferring advantageous characteristics while others may be neutral or
deleterious. However, the observed phenotypic variation is not just due to genetics,
since the environment also has a large role in determining individual phenotypes,
and there are also interactions between genetic and environmental factors.
Therefore, selective breeding needs to take into account that only a proportion of
the observed phenotypes is determined directly by genetic factors — this proportion
of the phenotypic variance explained by genetic factors is known as heritability.
The heritability determines how quickly traits can be improved via selective
breeding.
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The genomic basis of improvement of heritable traits from one generation
to the next is the change of allelic frequencies in the population. However, in very
few cases the favourable alleles are directly selected, since they are difficult to
pinpoint for most traits. Instead, animals are ranked based on their ability to
produce high performing offspring, a value known as breeding value, which
represents the additive genetic merit of an individual for a trait of interest. Every
individual receives half of its genes from each parent, so the additive genetic
variance is the sum of the average additive effects of all the alleles the individual
receives from both parents (Falconer and Mackay, 1996). The true breeding value
(TBV) of an individual is impossible to determine since it is masked by
environmental effects and non-additive genetic effects (such as dominance and
epistasis), and therefore is indirectly estimated from the phenotypic values for the

trait of interest, producing what we know as estimated breeding values (EBVs).

Phenotypic observations are defined by the following linear model, usually

employed in problems of breeding value prediction in animal breeding:
Yij = Wit Gai T+ €

where y;; is the record j of the i animal, y; refers to environmental fixed effects,
Jai is the additive genetic value of the genotype of animal i, and ¢;; is the sum of
the random environmental effects, dominance and epistatic genetic values. It is
assumed that y follows a multivariate normal distribution, suggesting that traits are
determined by an infinite number of additive genes with infinitesimal effects at

unlinked loci, commonly referred to as the infinitesimal model (Mrode, 2014).

Phenotypic differences between individuals form the basis of estimation of
breeding values and they are measured as variance. Thus, phenotypic variance is
composed of genetic and non-genetic variance. The part of genetic variance we
measure is the additive genetic variance (variance of breeding values), which is
the heritable part that can be easily estimated and the only component that can be
selected for. The non-genetic effects, which consist of the non-additive genetic
effects and environmental differences, form the residual variance. Thus, the

phenotypic variance can be divided in four components:

var(y) = var(a) + var(d) + var(i) + var(e)

Chapter 1 8



var(a): additive genetic variance
var(d): genetic variance due to dominance
var(i): genetic variance due to epistatic effects

var(e): environmental variance

The animal’s own phenotype is the direct way to estimate its breeding value

and it can be calculated as:

a;, =b(y; —u)

where b is the regression of the true breeding value on phenotype, and u is the
mean performance of individuals in the same group. The slope of the regression
(b) is equal to the heritability which is derived from the quantitative genetic theory:

cov(a,y) cov(a,a+e) o2

— =% _p2
var(y) var(y) oy

Heritability is a constant value that can only vary between traits or between
the same trait for different populations reared in distinctly different environments.
The larger the heritability of a trait, the more confidently we can say that the

observed phenotypic differences are due to additive genetic variance.

The precise estimation of the breeding values is a crucial element in any
breeding programme, as the success of genetic improvement relies on accurately
identifying and selecting individuals with the highest breeding value. Prediction
accuracy is calculated as the correlation between the phenotypic value, and the
true breeding value (rjy). The expected response to selection per individual is

calculated as follows:

R = iraz'yay = ihzay

. oF o
and since: h*o, = (;‘;) oy = 0, (—a) = ha,
y

Oy
R = iho,

where i is the selection intensity, which is the standardized mean of the selected

group.
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Genetic evaluation heavily relies on the genetic covariance among
individuals to build the genetic covariance matrix. Higher accuracy and unbiased
results can be achieved if the genetic relationship among individuals is recorded
with molecular markers compared to pedigree. This is due to the fact that the
similarity between relatives varies based on the level of genetic relatedness. The
concept of resemblance between relatives plays a central role in estimating the

amount of additive genetic variance and the overall phenotypic variance.

1.3 Selective breeding in aquaculture

The aquaculture industry is much more diverse in terms of species than
terrestrial farming. Despite this high diversity, most of the species were only
domesticated very recently (<100 years ago, Houston et al., 2020), and most
breeding populations have high levels of genetic diversity. This genetic diversity is
the substrate of selective breeding (Driscoll, Macdonald and O’Brien, 2009), and
its correct management is fundamental to ensure the long-term preservation of the
genetic health of aquaculture breeding populations. The typical high fecundity of
aquatic species provides high flexibility, facilitating the design of breeding
programmes that preserve genetic diversity while maximising selection for the

different traits of interest.

Taking advantage of this flexibility to establish selective breeding
programmes for the plethora of available aquaculture species is fundamental to
reach FAQ’s production target by 2030. Despite the rapid and consistent increase
of aquaculture production during the last 20 years, only a few species have
breeding programmes. While high-value species have established breeding
programmes with a high level of sophistication (Houston, Kriaridou and Robledo,
2022), the vast majority of fish and shellfish producers still use stocks and seed
sourced directly from the wild or stocks that were very recently domesticated
(Teletchea, 2021). Establishing well-managed selective breeding programmes of

lower-value species is crucial for food security.

Many studies have reported the response to selection in aquaculture

breeding programmes. A review study conducted by Gjedrem and Rye (Gjedrem
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and Rye, 2018) provides a summary of the reported genetic gains achieved for
various traits in various aquaculture species. For example, estimates of genetic
gain for body weight per generation range from 2.3% for whiteleg shrimp (Sui et
al., 2016) to 42% for sea bass (Vandeputte et al., 2009), with an overall average
gain per generation of 12.7% for the reviewed species. Another example is the
response to selection for bacterial cold water disease resistance in rainbow trout
with 19% genetic gains per generation (Leeds et al., 2010). These results clearly
show the power of selection to improve economically important traits. High genetic
gains reported in many fish and shellfish breeding programmes are due to the
relatively high heritabilities and high selection intensities made possible by the high

fecundity of aquaculture species (Gjedrem, Robinson and Rye, 2012b).

1.3.1 Selection methods

Since the beginning of the first large scale breeding programme for Atlantic
salmon in Norway in 1975 (Gjgen and Bentsen, 1997), new selective breeding
methodologies have been developed to maximise genetic improvement, which are
variably applied across different aquaculture settings. These methods can be
classified depending on which individuals provide information used for selection

decisions in individual (mass selection), family selection or combined selection.

Individual selection

In individual or mass selection, the breeding candidates are selected
according to their own phenotypic performance and family relationships are not
monitored. Individual selection is relatively easy to perform; however, it can only
be applied for traits that can be recorded on the breeding candidates themselves,
while still alive. In this method, all candidates are measured and only the best

ranked individuals are selected to produce the next generation.

Individual selection presents two large drawbacks. First, the number of
animals in the breeding nucleus has to be high (> 200 per generation) to ensure a
large effective population size, decrease the chance of crossings between
relatives, and avoid inbreeding (Bentsen and Olesen, 2002). High representation

of individuals from a few specific families can lead to very high inbreeding in a few
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generations, resulting in poor seed quality, survival and growth. While introducing
individuals from a different stock can mitigate the adverse effects of inbreeding, it
may simultaneously hinder the genetic improvement of the cultured stocks

depending on the genetic merit of the introduced stock for the selected trait(s).

Secondly, it is impossible to disentangle the impact of genetics and the
environment on the measured phenotypes, which means that individual selection
is only efficient for highly heritable traits. For certain traits, the environmental
component of the phenotypic variance can be larger than the genetic component.
In such a scenario, the chosen broodstock might exhibit superior phenotypes due
to favourable environmental conditions rather than being genetically superior,
resulting in ineffective selection. To maximise the number of individuals that are
correctly ranked it is important to keep all of them under identical environmental

conditions to minimise its impact on the phenotypic differences between animals.

Family-based selection

In family-based selection schemes, the family origin of the breeding
candidates needs to be traced. Pedigree management is performed using physical
tags (e.g., Passive Integrated Transporter (PIT) tags or Visible Implant Elastomer
(VIE) tags) or molecular markers (Ren et al., 2022). There are two family-based

selection approaches: between-family selection and within-family selection.

In between-family selection, mean phenotypic values for each family are
calculated and ranked, determining whether entire families are kept or removed
(Lush, 1947). Generally, there is no predetermined minimum threshold value in
this type of selection. Instead, farmers typically opt to keep a certain number of top
families based on their performance. The greater the family size, the more closely
the average phenotypic value aligns with the average genotypic value in family
selection. In order to maintain a low rate of inbreeding while achieving a
satisfactory level of genetic improvement, it is necessary to test a substantial
number of family groups when implementing family selection (Dupont-Nivet et al.,
2006). Additionally, to minimise potential differences between families due to
environmental effects, all families should be reared together and individually

tagged as early as possible.
An important application of between-family selection is for target traits that
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cannot be measured on live individuals (e.g., carcass quality traits, meat quality,
disease resistance or age at sexual maturity). For traits of this nature, as most
aquaculture species are highly fecund, it is possible to sacrifice some members of
each family to obtain measurements of phenotypes that require the death or
potential death (e.g., disease challenge experiments) of the fish. This information
can be used to estimate the breeding value for the entire family, where the
breeding candidates are assessed by considering the performance records of their
full- and half-siblings. This is possible because these relatives share extensive
segments of DNA. It is important to note that records from more distant relatives,
beyond half-siblings, have a limited impact on the accuracy of the estimated

breeding values.

In within-family selection, each family is treated as a distinct subpopulation,
and selection is performed separately within each family. Fish within each family
are ranked based on the deviation of each individual from the family average, and
the farmer retains the best-performing individuals. In cases where there is sexual

dimorphism, fish must be selected separately for each sex within each family.

The within-family selection provides an advantage in the case when there
is a big component of environmental variance common to individuals of the same
family. The lower limit of inbreeding in the programme is influenced by the number
of families involved, and this can be effectively managed by implementing a

rotational mating system (Farias, César and Silva, 2017).

Combined selection

Combined selection is employed to indicate the utilization of multiple
selection methods within a breeding strategy. It incorporates information derived
from individuals but also information on the performance of their relatives in the
best way. By combining information from full and half-siblings, the additive genetic
variance will be utilised in an optimal way and increase the accuracy of estimates
of individual breeding values (Gjedrem, 2005). This method maximises the rate of
genetic gain and is therefore considered as the optimal selection method when
applicable.
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1.3.2 Best linear unbiased prediction

The estimation of breeding values is central to all plant and animal breeding
programmes. Over the years, with advances in the theory of quantitative genetics,
breeders have proposed different genetic evaluation procedures. Selection Index
Procedure (SIP) was the most commonly used method for prediction of breeding
values until the early 70’s (Gjedrem, 2005). Later on, a more powerful procedure
called best linear unbiased prediction (BLUP) model was suggested. Henderson
was the one who discovered BLUP and mixed model equations (MME) by solving
a problem he was assigned in a statistics class using Lush’s most probable
producing ability methods (Henderson, 1973; Schaeffer, 1991). The origin of mixed
model equations by Henderson appears in two abstracts he published in 1949 and
1950 (Henderson, 1949, 1950). However, Goldberger was the first to use the term
“best linear unbiased predictor” in 1962 (Goldberger, 1962).

BLUP is a method that combines pedigree and phenotype records using all
relevant information to estimate the breeding value of individuals (EBV). Genetic
evaluations with BLUP use a relationship matrix in the model derived from the
pedigree (Henderson, 1976), and they also provide the ability to correct breeding
values for fixed effects. BLUP linear models take the following form (Robinson,
1991):

y=Xb+Za+e

where y is the vector of observed phenotypes, b is the vector of fixed effects, a is
the vector of random animal effects to be predicted, e is the vector of non-
observable random residual effects, X is the design matrix, which relates records
to fixed effects, Z is a design matrix, which relates records to random animal effects
and

a Ao 0
o]~ :
e 0 log
where ¢2 and o2 are the additive genetic variance and the error variance,

respectively, A is the pedigree-based numerator relationship matrix and I is identity

matrix.

The prediction equation is first established in a training population, also
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called reference, in which individuals are phenotyped. The vector a can be
extended then to animals with no recorded phenotypes, comprising a set of
individuals for whom we aim to predict the phenotypes; this set constitutes the

validation set.

With the development of computational technologies and the ability to
analyse large data sets, BLUP has been widely used to improve various economic
traits in many aquaculture species like Nile tilapia (Barria et al., 2020), Pacific
oyster (Zhai et al., 2021), Chinese mitten crab (Li et al., 2021), black tiger shrimp
(Noble et al., 2020), rohu carp (Gjerde et al., 2019) or Russian sturgeon (Song et
al., 2022).

While well-managed traditional selection programmes and BLUP have
played a critical role in increasing the production of over 45 important aquaculture
species (Gjedrem and Rye, 2018; Shen and Yue, 2019), they are not efficient for
the improvement of traits that cannot be measured in the selection candidates.
Traditional BLUP methods assign identical breeding values to the non-genotyped
candidates within the same family and tend to lead to an increased rate of
inbreeding per generation (Daetwyler et al., 2007; Sonesson and Jdegard, 2016).
Therefore, breeders started exploring new, more efficient, breeding technologies

to accelerate the genetic improvement of aquaculture species.

1.4 Application of genomic tools to selective breeding

Since the advent of massive parallel sequencing technologies around 2005
(Heather and Chain, 2016), the advances in the field of genomics have been
spectacular. The continued reduction of the cost of sequencing has enabled the
generation of large amounts of genomic data, which is now readily available for
most important aquaculture species. In the context of selective breeding, these
developments have enabled the incorporation of genomic information into

breeding programmes, mainly in the form of molecular markers.

In aquaculture breeding programmes, genomic information is utilized
through two major breeding methods: marker-assisted selection (MAS) and

genomic selection (GS).
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1.4.1 Marker-assisted selection

Marker-assisted selection is the process of indirectly selecting individuals
by using DNA markers associated with traits of commercial interest. This method
relies on the previous detection of quantitative trait loci (QTL), regions of the
genome associated with differences in the trait of interest. A QTL analysis basically
searches for non-random associations between phenotypes and DNA markers
across the genome. The markers themselves usually do not have any biological
effect; they are linked to the causative mutation underlying the QTL through linkage
disequilibrium (Guimaraes et al., 2007). This linkage disequilibrium between
genetic markers and causative mutations is the underlying principle of marker-
assisted selection, as the linked genetic markers to the QTL can be used as proxy

to select animals with the favourable causative alleles.

MAS is useful only when the identified QTL have large effects on the trait.
An exceptional example of MAS is that for infectious pancreatic necrosis (IPN)
resistance in Atlantic salmon. A major QTL for resistance to IPN virus was
identified on chromosome 26, explaining 80-100% of the genetic variation of the
trait in both seawater and freshwater trials (Houston et al., 2008, 2009; Moen et
al., 2009; Gheyas et al., 2010). MAS for this major QTL was rapidly incorporated
by all major breeding programmes, which resulted in a significant decrease of IPN

outbreaks and associated mortalities (Norris, 2017).

Nevertheless, applying this method to polygenic traits, which involve many

genes with small individual effects, remains challenging.

1.4.2 Genomic selection and GBLUP

Genomic selection refers to a group of methods that estimate the breeding
value of individuals based on genome-wide genetic markers. Studies proposing
genomic selection were initially theoretical, but technological advances, such as
high-throughput sequencing and SNP arrays, have made genotyping hundreds of
animals for thousands of SNPs less costly compared to the past, when these

technologies were first discovered.

While the genomic selection methodology was first proposed by

Chapter 1 16



Meuwissen, Hayes and Goddard (Meuwissen, Hayes and Goddard, 2001), the
incorporation of molecular markers to genomic evaluations was first suggested by
Nejati-Javaremi et al. (1997). Nejati-Javaremi et al. (1997) showed that
relationship matrices calculated using genetic markers (i.e., based on the genomic
similarity between individuals) record relatedness more accurately than the
pedigree, as they account for Mendelian sampling. If we do not include genomic
information, it is assumed that all full-siblings share 50% of their genome, which
for traits that cannot be measured directly on the candidates themselves results in
identical breeding values for a whole family. However, in reality, because of
Mendelian sampling, the actual percentage of the genome shared between full-
siblings can significantly vary from the average of 50%. The marker-based
relationship matrix is called genomic relationship matrix (GRM) and relatedness
estimates of this matrix can deviate significantly when compared to the pedigree
relationship matrix (A) (Hill and Weir, 2011). Thus, genomic selection can
discriminate the differences between full-sibs and utilise both the between and
within-family components of genetic variation which leads to increased selection
accuracy (Boudry et al., 2021; Fugeray-Scarbel et al., 2021; Joshi et al., 2021;
Vallejo et al., 2021; Song and Hu, 2022a).

Genomic best linear unbiased prediction (GBLUP) is the most popular
genomic selection method. It was introduced by VanRaden (VanRaden, 2008) and
Habier (Habier, Fernando and Dekkers, 2007), and combines genomic information
into BLUP by using a genomic relationship matrix instead of a pedigree-derived

relationship matrix. The general model for GBLUP is:
y=Xb+Zg-+e

where y is the vector of observed phenotypes, b is the vector of fixed effects, g is
the vector of additive genetic effects with variance var(g) = Go? where G is the
genomic relationship matrix, e is the vector residual effects with variance o,, X is
the design matrix which relates records to fixed effects, Z is a design matrix which

relates records to additive effects.

In GBLUP the marker effects are assumed to have a normal distribution and
the same variance is assigned to all loci treating them all as equally important (Ren

et al., 2021). This assumption is suitable for traits that conform to the infinitesimal
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model. Once the prediction equation is established, breeding candidates can then

be selected on the basis of their genomic estimated breeding value (GEBV).

While traditional BLUP methodology requires pedigree information to be
recorded to define the covariance (resemblance) between relatives, in genomic
selection schemes, pedigree records are not needed as the relationships between
individuals are calculated based on genetic markers covering the whole-genome.
This means that families do not have to be kept separately until tagging for genetic
evaluation, which is useful for species that reproduce in groups (mass spawners)
where rearing each family separately is impossible (Sonesson, Meuwissen and
Goddard, 2010).

Genomic selection has been playing an ever-increasing role in aquaculture
breeding programmes, resulting in an increase in the accuracy of breeding value
prediction and subsequent genetic gain, improving the performance of farmed

populations (Houston et al., 2020).

Other genomic selection methods

Additional methods have been proposed for genomic selection. Howard et
al. (2022) provides an overview of the most commonly used models for predicting
single traits under single environments. In their paper Zhang et al. (2011) classifies

these models in two broad groups of direct and indirect methods.

Direct methods calculate the GEBVs using mixed model equations, as
described above in GBLUP. A method termed as “single step”, which combines
the use of both genomic and pedigree matrices, was proposed in four papers
around the same time (Legarra, Aguilar and Misztal, 2009; Misztal, Legarra and
Aguilar, 2009; Aguilar et al., 2010; Christensen and Lund, 2010). Legarra and
Ducrocq referred to this method as single-step genomic BLUP (ssGBLUP)
(Legarra and Ducrocq, 2012). The model allows the inclusion of phenotypes and
pedigree of genotyped and non-genotyped animals. ssGBLUP is similar to
GBLUP, but the G matrix is replaced with the H matrix, which takes the following

inverse form:

0

0
H‘1=A‘1+[ - _
0 G'—A4A3;
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H is a unified relationship matrix, where A;J corresponds to the inverse of the
numerator relationship matrix for genotyped individuals and G~1is the inverse of

the genomic relationship matrix.

Indirect methods for calculating the GEBV of candidates involve estimating
marker effects in a reference population of genotyped and phenotyped individuals.
The GEBVs of genotyped candidates are then determined by summing the pre-
estimated effects of all markers for each individual. The following general model is

used for the estimation of marker effects (Zhang, Zhang and Ding, 2011):

m
y=Xb+ ) Z;g;+e
i=1

where y is a vector of the phenotypic values of all individuals in the reference
population, b is a vector of fixed effects, X is the design matrix for b, g; is the effect
of the ith marker, m is the total number of markers, Z; is an index vector
representing the genotypes of all individuals at marker i in the reference
population, and e is a vector of residual errors with variance-covariance matrix /o2

(a2 is residual variance).

Different methods have been proposed for the estimation of marker effects
based on the model above. These methods include Bayesian methods, which were
originally developed by Meuwissen et al. (2001). Bayesian methods allow for the
effects of all genotyped markers to be fitted at the same time, assume different
prior distributions of marker effects, allow for the use of variable selection
procedures to identify important markers and the incorporation of additional
information like omics data or functional annotation (Wolc and Dekkers, 2022). As
opposed to BLUP methods, different weights are assigned to different markers and

a limited number of markers are assumed to have effects on the trait.

Two of the first Bayesian methods used for genomic selection are Bayes A,
which assumes all markers have a nonzero effect, with different variances that
follow an inverse chi-square distribution, and Bayes B, in which a proportion of the
markers have a zero effect and the rest have different effects as in Bayes A
(Meuwissen, Hayes and Goddard, 2001). The computational approach is to

implement Markov chain Monte Carlo (MCMC) methods for sampling using the
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prior distributions for the marker effects. These methods quickly evolved to Bayes
Ctr and Bayes D1t methods (Habier et al., 2011), or Bayes-CO (Kizilkaya, Fernando
and Garrick, 2010), which is actually a special case of (G)BLUP where a single
normal prior is used for the distribution of marker effects. There is also Bayesian
Lasso (Park and Casella, 2008), Bayes R (Erbe et al., 2012), Bayes RS (Froberg
Brgndum et al., 2012), Bayes U (Pong-Wong and Woolliams, 2014) and many
variations named with other letters known as the Bayesian alphabet (Gianola et
al., 2009).

Numerous investigations have been carried out to compare the predictive
ability of Bayesian and GBLUP methods, summarized in Song et al. (2023).
Generally, GBLUP methods achieve the same or higher accuracy for polygenic
traits controlled by many QTLs with small effects. On the contrary, Bayesian
methods perform better when major QTLs partially or entirely govern the trait.
While both GBLUP and Bayesian models are commonly used in studies involving
aquaculture species, the performance of the models varies depending on the
information available in each study, and neither of them is the best in all situations.
As there is currently a lack of evidence in favour of Bayesian models, and these
methods are computationally demanding, its application is in most cases not

practical.

Apart from the methods mentioned above, a third group of methods consists
of machine-learning-based algorithms (Nayeri, Sargolzaei and Tulpan, 2019).
These algorithms include artificial neural networks (ANN), support vector machine
(SVM), random forest (RF), gradient boosting machine (GBM), reproducing Kernel
Hilbert spaces (RKHS), deep learning (DL), and decision trees (DT). Some of these
methods were tested for prediction of disease resistance and growth traits in
aquaculture species and resulted in an improvement of genomic prediction
accuracy values (Bargelloni et al., 2021; Palaiokostas, 2021; Zhu et al., 2021).
While machine-learning approaches can provide similar results, or potentially even
surpass other approaches, and are also more scalable, allowing the storage and
computation of all the information accumulated over years of breeding
programmes, more evidence and research are needed before transitioning to

these novel, mostly untested methods.
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1.4.3 Genome wide association studies and weighted models

Genome wide association studies (GWAS) can be used to identify genomic
regions that explain a great proportion of the genetic variation, and are
fundamental for the identification of QTLs for marker-assisted selection (Wolc and
Dekkers, 2022; Yanez et al., 2023a). A classic GWAS approach requires a
population that is phenotyped and genotyped for thousands of markers across the
genome. A regression-type of analysis is applied for each marker, one at a time,
and the method estimates the individual effect of each marker on the phenotype of
interest. GWAS exploits linkage disequilibrium between markers located closely
within the same chromosome with the goal of finding genetic markers statistically
associated with a particular trait. Unlike single-SNP GWAS approaches, Bayesian
GWAS methods simultaneously account for the effects of all SNPs by taking into
account the specified prior distributions of marker effects. Bayesian methods can
enhance GWAS by integrating prior information, such as functional annotation and
gene expression data, to gain meaningful insights from the biology and the genetic
architecture of the trait (Wolc and Dekkers, 2022).

While GBLUP models are in principle more suitable for polygenic traits since
they assume equal variance for all markers, alternative methods of genomic
relationship matrix construction can reflect both the genomic relationship between
individuals and the genetic architecture of the trait. For instance, a weighted G
matrix can incorporate information from GWAS or Bayesian analysis (Zhang et al.,
2015, 2016; Fragomeni et al., 2017; Ren et al., 2021). These methods give
different weights to markers that are in linkage disequilibrium with the causative
marker or large-effect QTL. For instance, weighted single-step GBLUP puts weight
to the markers depending on the variance they explain, which can make it suitable
for oligogenic traits as well (Wang et al., 2014). Studies using different strategies
for the construction of the weighted G matrix showed that it can significantly
improve the accuracy of GBLUP model prediction (Zhang et al., 2010; Yoshida and
Yanez, 2021; Fraslin, Koskinen, et al., 2022; Song and Hu, 2022a).

Regardless of the method employed, genomic selection has consistently
demonstrated superior performance compared to pedigree-based selection
methods. Its integration into the aquaculture industry is crucial for realizing
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sustainable growth objectives.

1.4.4 Incorporation of functional annotation into breeding
programmes

Since the early 2000’s, accompanied by the fast developments of
genotyping and sequencing technologies, various genomic prediction models have
been proposed, as already discussed in the previous sections. These methods
have improved the accuracy of predicting genomic breeding values to varying
degrees, depending on the specific trait of interest, through the utilization of
genomic markers distributed across the genome. An interesting approach that has
the potential to further improve genomic prediction models, and subsequently
prediction accuracy, is the utilisation of both genomic marker information and other

biological knowledge (e.g., in the form of omics data or functional annotation).

To extract functional information from DNA sequencing data, it is essential
to annotate the genome with structural elements like promoters, introns, exons,
protein coding sequences (CDS), transcriptional start sites, etc. This structural
annotation is followed by functional annotation where the function of the different
regions is discovered. These annotations can be derived from computational
predictions, frequently based in comparative biology, or experimental data. In
recent years, an increasing amount of biological information is becoming publicly
available in the form of functional or structural annotation, gene expression, and
trait mapping information from large-scale projects like the Functional Annotation
of Animal Genomes (FAANG) or AQUA-FAANG to unlock the genotype to
phenotype connection in farmed animals

(https://www.animalgenome.org/community/FAANG/index).

Several studies have tried to introduce modified versions of the existing
genomic prediction models to incorporate functional information. Examples include
modifications of the most routinely used GBLUP models, such as GTBLUP
(genomic best linear unbiased prediction with a transcriptome-based linear kernel),
GRBLUP (genomic best linear unbiased prediction with a transcriptome-based
Gaussian kernel) and GTiBLUP, in which the models are fitted by considering the

genome, the transcriptome and/or their interaction (Li et al., 2019; Morgante et al.,
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2020). Another group of models discussed previously are the Bayesian models,
which are based on different assumptions about how individual markers contribute
to the overall genomic variance by attributing different prior distributions to the
vector of the marker effects. For example, in BayesR (Erbe et al., 2012) a single
prior annotation category can be defined with marker effects following a mixture of
normal distributions including zero, small, medium or large variance. BayesRC is
an extension of BayesR in which prior biological information can be incorporated
into more than one disjoint annotation categories and the markers in each
annotation category are modelled according to the mixture prior, defined as in
BayesR (MacLeod et al., 2016). Mollandin et al. (2022a) proposed two different
models that allow the assignment of markers in more than one annotation
categories to exploit the information that multi-annotated markers may provide.
The first one is the BayesRC1r model, which allows markers to overlap when
assigned to categories and marker effects follow a mixture of mixtures prior
distribution allowing markers to be a posteriori assigned to the annotation category
which maximizes its likelihood according to the estimates of the other parameters
in the model (Mollandin et al., 2022a). The second model is called BayesRC+, and
assumes that multiple annotation categories cumulatively impact the estimated
marker effects. Thus, during each iteration of the Gibbs sampler, the effect of a
marker is the sum of its conditional effects estimated for each annotation category

it is associated with (Mollandin et al., 2022a).

Results from studies are not consistent and this additional information not
always results in a positive impact in the predictive ability of the models. Ehsani et
al. (2012) discovered that Bayesian models incorporating transcriptomic
information were better at predicting phenotypes and explained more of the
phenotypic variance than the models that were using the SNPs alone. Li et al.
(2019) concluded in their study that the predictive ability of the models when they
included expression data in the models was generally similar to GBLUP, but the
amount of phenotypic variance explained was higher. In another study with inbred
lines of maize, information from gene expression level and metabolite level was
used for the prediction of complex traits (Guo et al., 2016). Predictive abilities from
GBLUP and TBLUP (BLUP based on gene transcript data) were higher than those
from MBLUP (BLUP based on metabolite data) for each subpopulation that they
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tested, but when averaging across all traits the predictive ability of TBLUP was
lower than GBLUP. In the same study, when expression or metabolite data was
combined with SNPs the GTBLUP and GMBLUP models achieved greater or
similar results compared to GBLUP and TBLUP. Overall, within each
subpopulation GTMBLUP achieved on average the highest predictions across all
traits but in many situations the improvement was minimal. Two other studies in
Drosophila melanogaster used metabolites for the prediction of complex traits
achieving greater accuracy compared to when using genetic variants alone (Zhou
et al., 2020; Rohde et al., 2021).

Different Bayesian models incorporate the available biological information
in different ways and their performance from studies with different species has
shown to be highly dependent on the genetic architecture of the trait, the way
markers are assigned into annotation categories, and the relevance or the nature
of the incorporated information. Bayesian methods have been shown to perform
better than GBLUP for traits controlled by genes of moderate to large effects
(VanRaden et al., 2009; Legarra et al., 2011; Ma et al., 2019). Practical difficulties
exist in defining the optimal way of defining annotation categories and how to
include this biological knowledge, relevant to the trait of interest, without
introducing noise or redundant information that does not contribute to the model.
For example, omics data should be derived from the challenged population used
for the prediction of phenotypes and has to be measured from the tissue that is
relevant to the trait of interest at the required developmental stage (Morgante et
al., 2020). Such big omics datasets, from experiments that are designed
specifically for the studied population, are rare to find. Other prior biological
information such as structural or functional annotation can be collected on the
same individuals used for genomic prediction, or accessed from publicly available
databases from studies on different populations. Biological information readily
available from public sources can then be utilized to categorize variants into

annotation groups for the prediction models.

There are no studies incorporating biological information into prediction
models for aquaculture species thus far. Future investigations aimed at aquatic
species should explore the advantages of incorporating functional or structural

annotation data specifically collected for a population into genomic prediction
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models. Additionally, the manner in which this data is integrated and defined within
these models needs to be examined to ensure its relevance for the targeted trait.
Our understanding of functional mechanisms and the link between genotype and

phenotype is limited and should be prioritized in future research.

1.4.5 Genomic selection in aquaculture breeding programmes

Genomic selection was incorporated into aquaculture relatively recently.
The first genomic selection study was reported only 10 years ago on an admixed
population of Atlantic salmon (ddegard et al., 2014), after the development of the
first high-density SNP array (Houston et al., 2014). With the drop in sequencing
prices and the realization that genomic prediction models outperform pedigree-
based models (Houston et al., 2020), the application of genomic selection

gradually expanded to other species.

According to Song et al. (2023) genomic selection has been applied to about
20 important aquaculture species. These species include Atlantic salmon, rainbow
trout, large yellow croaker, gilthead seabream, Nile tilapia, Pacific white shrimp,
yellowtail kingfish, common carp, Pacific oyster, Japanese flounder, European
seabass, Yesso scallop, Zhikong scallop, channel catfish, coho salmon, yellow
drum, banana shrimp, turbot, rock bream and Pacific abalone. However, breeding
programmes of the majority of aquaculture species do not take advantage of the
available genomic technologies, including some of the top species by production

volume globally.

Houston et al. (2022) reviewed the status of the breeding programmes for
the top 10 species by production volume. Only three of these species, namely
Atlantic salmon, whiteleg shrimp and Nile tilapia, have advanced genome-assisted

breeding programmes for a substantial proportion of their production.

Atlantic salmon

The Atlantic salmon (Salmo salar) industry stands out globally in
aquaculture production, particularly in its advanced use of genetic technologies.
Atlantic salmon commercial breeding programmes operate at level 4, which is the

most advanced level of sophistication (Houston, Kriaridou and Robledo, 2022),
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and play a crucial role in supplying a significant portion of global salmon
production. At level 4, genomic tools like MAS and genomic selection are routinely
applied and breeding programmes focus on sibling testing targeting many traits via
selection index (Houston, Kriaridou and Robledo, 2022). Originating from Norway
in the 1960s, the first commercial-scale salmon farming was followed by family-
based trials of salmon collected from 40 Norwegian rivers in the early 1970s
(Gjeren and Bentsen, 1997). Nowadays, large international companies dominate
the market and supply seeds to various salmon-producing countries. These
companies improve several traits simultaneously, mainly focusing on growth and
resistance to pathogens and parasites. The success and advanced status of the
Atlantic salmon industry have facilitated technology transfer to other aquaculture
species, with some of these companies now involved in breeding programmes for

tilapia, whiteleg shrimp, and rainbow trout (Houston, Kriaridou and Robledo, 2022).

Carp and catfish

Carp and catfish play a significant role in global aquaculture, comprising half
of the top 10 most produced species worldwide (Houston, Kriaridou and Robledo,
2022). Primarily cultivated in Asia in extensive or semi-intensive freshwater
systems, often in polyculture systems, these species, particularly carp, have a long
history of domestication and breeding (Chen et al., 2021). Despite their economic
importance, these species are mostly at Level 1 (wild-collected seed with minimal
or no genetic management of stock) or Level 2 (seed is supplied from hatcheries
with advanced genetic management and maybe some basic directional selection)
of breeding programme sophistication remaining behind in the application of
genetic technologies compared to other species (Houston, Kriaridou and Robledo,
2022). The common carp (Cyprinus carpio) stands out as the most advanced in
terms of genomic resources and available genetic tools, with China leading in
production and breeding advancements (Hu et al., 2018; Yang et al., 2024). Chen
et al. (2021) in his study summarises the identified loci/genes for traits such as
growth, body shape, resistance, muscle quality and sex. Breeding is still at the
traditional stage for most of these important economic traits due to the lack of major
QTL for MAS selection and inadequate investments for incorporating genomic

selection in the breeding process (Chen et al., 2021). In recent years, genomic
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tools and studies on genetic parameters have become available for other top carp
and catfish species. However, there is limited evidence supporting the existence
of comprehensive, commercially driven breeding programmes. There is great
potential for genetic improvement in these species to enhance global aquaculture,
but the low economic value of this group of species, coupled with the large
investment required and the slow realization of breeding programme benefits pose
uncertainties about who will drive such advancements. Public sector programmes
are likely contributors to at least kick-start the application of genetic technologies
to tackle challenges related to economic and food insecurity in these species
(Houston, Kriaridou and Robledo, 2022).

Whiteleg shrimp

Over the past two decades, whiteleg shrimp (Penaeus vannamei)
aquaculture has experienced rapid growth, surpassing the giant tiger prawn in
production (Gorjan, 2022), mainly due to its enhanced resistance to infectious
diseases. Whiteleg shrimp underwent domestication and selective breeding
starting in the 1980s in the United States of America and Latin America (Alday-
Sanz et al., 2020). The existence of well-managed selective breeding
programmes, ranging from technology Level 3 (family-based selective breeding
programmes that supply seed and pedigree is routinely recorded for the estimation
of breeding values for a small number of traits) to 4, contribute significantly to
global production. The expansion of these programmes is driven by challenges
posed by diseases like white spot syndrome, Taura syndrome, and early mortality
syndrome (Castillo-Juarez et al., 2015), which cause significant financial loses to
farmers. The pressing need to avoid infectious diseases has led to the use of
specific pathogen-free (SPF) seed from hatcheries. Major companies are now
supplying germplasm with disease resistance and improved performance for other
traits (Houston, Kriaridou and Robledo, 2022).

Nile tilapia

Nile tilapia (Oreochromis niloticus) holds significant global importance in
aquaculture, providing essential protein and nutrients in low- and middle-income
countries such as South-East Asia and Africa. Farming of this species is successful
due to its capacity for adaptation, durability, fast growth, and ability to thrive in
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varied environmental circumstances (Yafez, Joshi and Yoshida, 2020). Semi-
intensive or intensive production systems for Nile tilapia vary widely, ranging from
small farms to large-scale commercial operations. Attempts of mass selection to
improve growth rate for this species resulted in a 2-3% gain per generation
(Bentsen et al., 2017). The first selective breeding programme for Nile tilapia was
designed in 1988 by the International Centre for Living Aquatic Resources
Management together with AKVAFORSK in Norway and they developed the
'Genetically Improved Farmed Tilapia' (GIFT) strain (Yafiez, Joshi and Yoshida,
2020). The GIFT strain originated from diverse populations reared in the
Philippines and wild populations imported from Africa. It is considered a major
success story in aquaculture as it resulted in an accumulated growth rate of 86%
in five generations (Bentsen et al., 2017). Today the GIFT strain dominates global
tilapia aquaculture production, including GIFT-derived strains used by major
commercial breeding programmes on level 4 of sophistication (Houston, Kriaridou
and Robledo, 2022).

Bivalves

Until now, genomic resources have been established for various
commercially significant bivalve species, such as the Pacific oyster (Crassostrea
gigas), pearl oyster (Pinctada fucata), blue mussel (Mytilus galloprovincialis),
Eastern oyster (Crassostrea virginica), Yesso scallop (Patinopecten yessoensis),
Zhikong scallop (Chlamys farreri), Manila clam (Ruditapes philippinarum), and
Snout otter clam (Lutraria rhynchaena) (Tan, Zhang and Zheng, 2020). Selective
breeding programmes commonly used for bivalves are based on mass selection,
family and combined selection (Tan, Zhang and Zheng, 2020; Nascimento-
Schulze et al., 2021). Despite various studies showing that genomic selection can
achieve higher prediction accuracies than traditional methods (Tan, Zhang and
Zheng, 2020), modern selective breeding programmes and large-scale
commercial investment into genetic technologies have been absent and limited to
public sector, academic efforts and collaborative organisations involving farmers
(Houston, Kriaridou and Robledo, 2022). The progress of genomic selection in
shellfish aquaculture has been partly hindered because effective selective

breeding programmes require pedigree information and precise phenotype
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records. This task of keeping records of relatedness is more challenging in shellfish
species due to the small size of juveniles at hatching, typically a few micrograms,
making physical tagging impractical (Yafnez, Newman and Houston, 2015).
Consequently, keeping records of families would mean that large numbers of
juveniles should be raised separately, which is highly costly, requires extensive
infrastructure, and introduces potential confounding factors like "tank effect" and
"family effect". These factors can significantly reduce the accuracy of estimated

breeding values.

The Manila clam is a major cultured shellfish species that stands out as the
sole bivalve in the global top 10 by production volume (Houston, Kriaridou and
Robledo, 2022). There are several studies on the genetic basis of commercially
important traits but the available genetic tools necessary for the initiation of
selective breeding programmes are not as advanced as in other cultured fish and
shellfish (Smits et al., 2020). The abundance of wild seed and the low individual
value of each animal contribute to the underutilization of genetic technologies.
Smits et al. (2020) developed a SNP panel for Manila clam consisting of 245 SNPs
but achieved only partial parental assignment (41%), hence further improvement
in genotyping and assignment rate is required for more accurate estimates of
genetic parameters. Pedigree reconstruction is also important for inbreeding
management and sib testing in breeding designs to test traits that are lethal or

require the sacrifice of the animal.

Although large-scale commercial investment in bivalve genetic technologies
is currently limited, emerging specialized programmes suggest a growing uptake
of genetic technologies in bivalve aquaculture, promising enhanced sustainable
seed supply and improved production traits in the future (Houston, Kriaridou and
Robledo, 2022).

1.4.6 Barriers for the widespread implementation of genomic
selection

The establishment of modern breeding programmes and the incorporation
of genomic tools (i.e. genomic selection) holds great potential for increasing

aquaculture production by accelerating the improvement of desirable traits
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(Houston et al., 2020). The implementation of genomic selection depends on
several factors, such as the ability of companies to allocate resources towards
employee training, development and modernisation of breeding programmes, but
it can also be limited by the reproductive biology of each species and the existing
genomic resources (Houston et al., 2020; Boudry et al., 2021). Suggestions for
improvement of genomic selection are necessary to not only increase production

but also reduce the cost and make aquaculture products available to everyone.

One of the main factors limiting the widespread adoption of genomic
selection in aquaculture is the cost of genotyping. Genotyping cost depends on
various factors, such as the genotyping panel marker density, genotyping
technology and crucially on the number of samples genotyped. Large companies
genotype thousands of animals per year, which substantially reduces genotyping
cost per sample. On the other hand, the costs of genotyping can be prohibitively
expensive for small and medium aquaculture operations, making it more
challenging for them to adopt genomic selection practises (Boudry et al., 2021).
For these industries to benefit from genomic selection, low-cost genotyping
strategies that do not significantly compromise the prediction accuracy of breeding

values are required.

As a cost-effective alternative to high-density panels, a number of studies
have looked into the use of low-density SNP panels for genomic selection.
Generally, these studies have reported that generally SNP densities can be
significantly reduced without a significant loss of prediction accuracy (Tsai et al.,
2016; Palaiokostas et al., 2018, 2019; Robledo, Matika, et al., 2018; Yoshida et
al., 2019; Zenger et al., 2019; Gutierrez et al., 2020; Kriaridou et al., 2020;
Tsairidou et al., 2020; Al-Tobasei et al., 2021). For example, studies on Atlantic
salmon (Tsai et al., 2016; Robledo, Matika, et al., 2018; Kriaridou et al., 2020;
Tsairidou et al., 2020) showed that densities between 1,000 and 5,000 SNPs can
be sufficient to reach prediction accuracies similar to those obtained with a high-
density panel. Similar results were reported for common carp (Palaiokostas et al.,
2018, 2019). For fillet yield in Nile tilapia (Yoshida et al., 2019) and resistance to
Flavobacterium columnare in rainbow trout (Fraslin et al., 2023), low-density
panels of about 3,000 SNPs resulted in comparable accuracies to the full

genotyped dataset. In Pacific oyster and sea bream populations around 2,000 to
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2,500 SNPs were sufficient to achieve near maximum genomic prediction accuracy
results (Gutierrez et al., 2020; Kriaridou et al., 2020). While the use of low-density
panels has shown to be effective and very beneficial in terms of costs in
aquaculture breeding programmes there are other strategies, like genotype
imputation, that can further improve prediction accuracy of low-density panels for

low-cost genomic selection.

1.5 Genotype imputation

Genotype imputation is a promising method that is commonly used to
predict genotypes for untyped loci in individuals genotyped with a low-density SNP
panel, using a reference population genotyped for a high-density panel
(Sargolzaei, Chesnais and Schenkel, 2010). By combining the use of low-density
panels with genotype imputation for the selection candidates in a breeding
programme, the genotyping cost can be reduced significantly. Genotype
imputation uses the markers in the low-density panel that are common to both the
low-density and the reference population as anchors to impute the missing
genotypes, relying on linkage and linkage disequilibrium structure within the

population.

Genotype imputation can also be applied to datasets after quality control to
fill in missing genotypes, or can be used to impute missing genotypes after
combining two datasets genotyped with different but partially overlapping SNP
panels (e.g. for meta-analysis) (Browning, 2008; Marchini and Howie, 2010a).
Other applications of genotype imputation include the use of low-coverage whole-
genome sequence data. Low-coverage whole-genome sequence has been
proposed as an alternative approach to genotyping arrays. With this method, each
site is sequenced at a lower coverage, which has the downfall of increased
genotype calling uncertainty and introduces errors, whereas at the same time more

individuals can be sequenced with the same budget.

Different imputation methods can be used to impute missing genotypes
(Browning, 2008). The general idea of genotype imputation is that related

individuals share long haplotype blocks (set of markers in linkage disequilibrium
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that segregate together). The closer the individuals are related to one another the
longer are the haplotypes they share. However, recombination events occurring
from one generation to another break these haplotype blocks, hence two animals
that are not closely related share shorter haplotype blocks. Imputation algorithms
can be generally classified in two main categories: i) population-based and ii)
pedigree-based (Browning, 2008; Bouwman et al., 2014; Sargolzaei, Chesnais
and Schenkel, 2014; Wang et al., 2016; Antolin et al., 2017; Lashmar, Muchadeyi
and Visser, 2019).

Population-based methods utilize linkage disequilibrium information
between markers by modelling haplotype frequencies in populations of not closely
related individuals. They mainly use Hidden Markov Model (HMM) approaches to
model genotype variation and rely on population-wide linkage disequilibrium
between markers (short shared haplotypes) (Sargolzaei, Chesnais and Schenkel,
2014). Population-based imputation methods can be slower, computationally
intensive, and sometimes less accurate than pedigree-based methods (Antolin et
al., 2017). However, previous studies have shown that accuracy can be increased
by increasing the number of reference individuals and SNPs (Sargolzaei, Chesnais
and Schenkel, 2014; Tsai et al., 2017); as the low panel density increases, the

likelihood of finding short segments of shared haplotypes also increases.

Pedigree-based methods incorporate information from both linkage-
disequilibrium and pedigree relationships for imputation. These methods take
advantage of the long-haplotypes shared by closely related individuals such as
parent-offspring or full-sibs, but also Mendelian inheritance rules to infer missing
genotypes (Antolin et al., 2017). Pedigree information is of great importance
especially as the low-density panel becomes sparser, because it helps capture the
long-range haplotype blocks shared between related animals. Pedigree-based
imputation software perform better in terms of accuracy when imputing rare
variants than population-based software, because variants with low minor allele
frequency are not in high linkage disequilibrium with common variants (Hickey et
al., 2012). Further, a rare variant present in a specific population might be absent
or very rare in a more distantly related population, hence making this variant more
difficult to impute (Hickey et al., 2012).
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Most imputation software now can use a combination of population and
pedigree-based methods (e.g., Alphalmpute, Fimpute, findhap etc.), using
population-based algorithms to phase the genotypes of the animals at the top of
the pedigree (or in general those without genotyped relatives), and pedigree-based

algorithms to impute the genotypes of their descendants.

1.5.1 Factors affecting genotype imputation

Several factors affect genotype imputation accuracy, namely the imputation
software used, the number of SNPs in the low-density panel, their distribution along
the chromosomes, the specific set of SNPs selected, SNP minor allele frequency,
the number of individuals in the reference (high-density) set and the population

structure.

The choice of software can have a great impact on the results; different
algorithms make use of the available information in different ways, so that the
optimal imputation software may be different depending on the population of
interest and the available genotypic data. Three popular software for low density
panel imputation are Alphalmpute v.2 (Whalen and Hickey, 2020), FImpute v.3
(Sargolzaei, Chesnais and Schenkel, 2014) and findhap v.4 (VanRaden et al.,
2013) commonly used in livestock and aquaculture populations. All three software
have the option to infer missing genotypes by combining pedigree and population

imputation.

Alphalmpute v.2 employs a three-step imputation approach combining
pedigree- and population-based methods. Initially, pedigree imputation utilizes an
approximate multi-locus iterative peeling method (a method that models the
haplotypes of an individual based on the haplotypes of its relatives (Whalen et al.,
2018)), followed by phasing high-density individuals using a population-based
algorithm. The phased haplotypes form a reference library for imputing low-density
individuals, with subsequent rounds of multi-locus iterative peeling refining the

imputation process.

FiImpute v.3 also begins with pedigree-based imputation, utilizing
relationship information for phasing and imputation. Missing SNPs are filled by
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matching progeny haplotypes to parental ones, with subsequent imputation using
an overlapping sliding window approach. the window size decreases by a constant
factor in each chromosomal scan to capture information from distant relatives and
account for shorter haplotype similarity (Sargolzaei, Chesnais and Schenkel,
2014). This method assumes varying degrees of relatedness among individuals,

with haplotype length influencing accuracy.

Findhap v.4 similarly combines population and pedigree haplotyping.
Chromosomes are segmented, and missing genotypes are imputed based on the
two most likely haplotypes. Posterior allele probabilities are updated repeatedly
from the prior probabilities within those haplotypes as new animal sequences are
processed. Once population haplotyping is completed the programme examines
the pedigree to resolve parent-progeny haplotype conflicts, detect new haplotypes
that were created by crossovers and impute non-genotyped founders from their

genotyped progeny (Vanraden et al., 2011).

Low-coverage sequencing data imputation software include Genelmp
(Spiliopoulou et al., 2017), GLIMPSE (Rubinacci et al., 2021), QUILT (Davies et
al., 2021), LOIMPUTE (Wasik et al., 2021) and STITCH (Davies et al., 2016). In a
study by Rubinacci et al. (2021) using human data, GLIMPSE was compared to
Beagle, Genelmp, LOIMPUTE and STITCH. The results showed that for common
variants GLIMPSE performed slightly better than BEAGLE and outperformed
Genelmp, LOIMPUTE and STITCH. GLIMPSE also outperformed all tested
methods providing higher accuracy for rare variants and shorter running times.
While these software have been tested in human and livestock species, there are
only two recent studies that have evaluated STICH and GLIMPSE in yellow croaker

and Atlantic salmon, respectively (Zhang et al., 2021; Gundappa et al., 2023).

GLIMPSE uses as input a matrix of genotype likelihoods calculated from
the low-coverage reference panel at the different positions of the genome. The
genotype likelihoods are refined by running iterations of genotype imputation and
haplotype phasing using Gibbs sampling. During every iteration, GLIMPSE
estimates a pair of haplotypes for each sample according to its genotype
likelihoods, the reference panel of haplotypes, and the previously estimated
haplotypes of the other individuals. In the end GLIMPSE outputs the haplotype
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calls and genotype posterior probabilities for every position.

While software choice is an important factor, as mentioned above there are
other parameters that affect the accuracy of imputation. For instance, minor allele
frequency (MAF) has a large impact on imputation accuracy for all imputation
methods; as MAF increases, the accuracy of imputation of the minor allele
increases because it is more frequently found in the haplotype library of the

reference individuals (Wang et al., 2016).

The degree of relationship between individuals in the tested population and
the reference set as well as the size of the reference population also affects
imputation accuracy. There are several studies in livestock (Druet, Schrooten and
de Roos, 2010; Zhang and Druet, 2010; Carvalheiro et al., 2014; Cleveland and
Hickey, 2014) and fish species (Yoshida et al., 2018; Fraslin, Yanez, et al., 2022)
recognizing the importance of the relationships and the number of individuals in
the reference set, especially when lower density panels are used for the analysis.
The existence of more ancestors who are closely related to the individuals of
interest (e.g., their parents) increases the chance of finding their haplotypes,
stretching over longer distances, in the reference database. The higher the
relatedness between the target and the reference population is and the bigger the

reference group is, the more accurate the imputation accuracy will be.

The impact of the selection of SNPs in the low-density panel also deserves
attention. Other studies have previously reported specific regions of the genome
with very low imputation accuracy (Erbe et al., 2012; Carvalheiro et al., 2014;
Yoshida et al., 2018), which probably consist of markers in low linkage
disequilibrium with their neighbours. Another possibility is incorrect mapping or
issues in the assembly of the reference genome. In an attempt to select the best
variants for imputation, different methods have been proposed for the design of
low-density SNP panels. Tsairidou et al. (2020) selected the SNPs randomly
across the genome or within the chromosomes. In another study SNPs were
selected to be evenly spaced according to position and chromosome size or based
on linkage disequilibrium patterns (Yoshida, Yafez and De Ciencias, 2021). Other
studies attempted the selection of highly polymorphic SNPs explaining most of the
phenotypic variance of a trait (Aliloo et al., 2018; Wu et al., 2020), or the design of
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multi-trait specific SNP panels (He et al., 2018). The results of these studies
demonstrate that depending on the trait of interest the variant selection method for
the construction of the low-density panel can significantly influence the prediction

accuracy.

1.5.2 Previous aquaculture imputation studies

There have been several studies comparing the performance of imputation
software and the different parameters affecting genotype imputation in human,
plant and livestock populations. However, the number of studies for aquaculture
species is limited, only testing FImpute and Alphalmpute software in Atlantic
salmon, rainbow trout and Nile tilapia populations (Kijas et al., 2017; Tsai et al.,
2017; Yoshida et al., 2018, 2019; Kjetsa, @degard and Meuwissen, 2020;
Tsairidou et al., 2020; Yoshida, Yafiez and De Ciencias, 2021).

Atlantic salmon has been the main focus of imputation studies in
aquaculture. The only published study for aquaculture species using Alphalmpute
1.3.2 software is by Tsai et al. (2017). In this study, imputing from nearly 8K to
78K SNPs in Atlantic salmon resulted in an imputation accuracy of 0.9 (calculated
as the correlation between the allele dosage of the true genotype and the most
likely imputed genotype), and genomic prediction accuracies very close to the ones
achieved with real genotypes for both body weight and sea lice count. A study in a
Tasmanian Atlantic salmon population by Kijas et al. (2017) revealed imputation
accuracies >95% when imputing from 3K to 78K SNPs with FImpute 2.2 (in this
study a big reference panel of 574 individuals was used and multiple generations
were present). Similar results were observed by Yoshida et al. (2018), suggesting
that imputation from 3K to a high-density panel of 50K SNPs could lower the cost
for the application of genomic selection in Atlantic salmon without a significant
reduction in genomic prediction accuracy. In another Atlantic salmon study by
Tsairidou et al. (2020), genotyping offspring at the very low-density of 200 SNPs
and imputing them with FiImpute 2.2 to their parents’ medium-density panel (5K
SNPs) achieved almost the same genomic prediction accuracy as the true
medium-density panel; this scenario greatly reduced the estimated genotyping

cost by 62% compared to genotyping the whole population for 5000 SNPs.
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More recently, a preprint study attempted imputation of low-coverage
whole-genome sequencing data of SNPs and structural variants (SVs) in Atlantic
salmon. In this study imputation using 1X whole-genome sequencing was
performed with GLIMPSE which resulted in an accuracy of 95% (measured as the
percentage of the ratio between the number of correct genotype calls divided by

the sum of correct and incorrect genotype calls) (Gundappa et al., 2023).

Only one study has evaluated imputation accuracy in rainbow trout. In this
study, Yoshida et al. (2021) found that increased genomic prediction accuracies
were achieved, close to that of the high density panel, when using the 50K and 1K
panels imputed to whole-genome sequence genotypes. Genomic prediction
accuracy was dependent on the SNP selection method and the genetic
architecture of the trait. The SNP selection method based on Genome Wide
Association (GWA) summary statistics (most important 50K SNPs capturing 78%
of genetic variance) had an advantage over the selection of SNPs pruned with
PLINK software (50K evenly spaced SNPs, distributed according to chromosome
size). Likewise, a single study has been performed in Nile tilapia (Yoshida et al.,
2019), where imputation achieved accuracies above 90% (0.9 accuracy for the
0.5K low-density panel and 0.98 for the 3K, imputed to 32K), with the reference
panel consisting of parents but also 20% of the offspring. Genomic prediction
accuracies were always higher for the imputed panels compared to using the low-
density genotypes alone, and quite close to or the same as if using the full high-

density panel.

The promising results of these studies suggest that the combination of low-
density SNP panels with genotype imputation can achieve genomic prediction
accuracies similar to those of high-density panels. This combination can decrease
genotyping costs in aquaculture species, enabling the wider implementation of
genomics in aquaculture breeding programmes. However, in many cases the
results of these studies, conducted in a limited number of aquaculture species, are
not directly comparable because they use different metrics for the assessment of
results and test different densities, some of them using relatively dense low-density
panels. For genotype imputation to be routinely implemented in aquaculture
genomic selection programmes worldwide, further testing and optimisation is

needed to understand the ideal parameters to minimise cost and maximise genetic
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gain.

1.6 Aims and Objectives

There is a growing interest in transitioning from wild fisheries towards
aquaculture, but there are still challenges for the smaller aquaculture settings,
which hold back the development of this sector. The success of this so-called ‘blue
transition’ depends on different factors, such as the political and economic
situation, legislation, or social and environmental conditions, but also on the
availability and application of new technologies. Technological advances in the
field of genetics have not yet been widely adopted by the aquaculture industry for
most farmed species, and their application could contribute to the sustainable
development of this growing industry. In particular, the development of new
breeding programmes, leading to high-performing, locally adapted stocks are
fundamental for future-proofing aquaculture. The maijority of small and medium
enterprises, dominating aquaculture in low- and middle-income countries, do not
have well-managed breeding programmes for directional selection and
improvement of the desirable traits. The establishment of breeding programmes
for small farms is expensive and where basic breeding programmes exist, they lag
behind in the implementation of the available genomic tools required by modern
breeding programmes due to the high cost compared to their relatively small
production. Enabling the use of genomics can significantly improve production
cost-efficiency and is key to unlock the potential of aquaculture stocks and ensure

food security.

The focus of this PhD project is to design and evaluate cost-effective
genotyping strategies and breeding programme designs for different species,
which will enable aquaculture to fully benefit from genomic selection. These
strategies will be developed by exploiting low-density genotyping, imputation, and
the incorporation of putative functional variants to establish best practices for their
use in aquaculture breeding programmes. The specific objectives of the project

are:

1. To establish best practices for the use of low-density panels and genotype

imputation in different aquaculture breeding schemes.
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2. To assess the potential of low-coverage whole-genome sequencing (IcCWGS),
combined with imputation as an alternative to whole-genome sequencing
(WGS) and genotyping.

3. To test the impact of incorporation of putative functional variants on the

genomic prediction accuracy.
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Chapter 2
Assessment of Cost-Effective Genomic Selection
through Imputation of Low-Density SNP Panels

This chapter is based on the published paper:

Kriaridou Christina, Smaragda, Tsairidou, Clémence Fraslin, Gregor Gorjanc,
Mark E. Looseley, lan A. Johnston, Ross D. Houston, and Diego Robledo. 2023.
“‘Evaluation of Low-Density SNP Panels and Imputation for Cost-Effective
Genomic Selection in Four Aquaculture Species.” Frontiers in Genetics 14 (May):
1194266. https://doi.org/10.3389/fgene.2023.1194266.

The original document is included within this chapter's body of work, along with
an introduction, conclusion, and supplementary data.

2.1 Introduction to Chapter 2

Selective breeding is fundamental to meeting the globally growing demand
for seafood by increasing aquaculture production and improving traits related to
animal health. Unlike terrestrial livestock, selective breeding practices are not
widespread in aquaculture. Farmed aquatic species are still in early stages of
domestication, indicating that there is substantial genetic variation that we can
select for in traits of economic importance such as resistance to diseases, growth
rate, meat quality and maturation age. The establishment of modern breeding
programmes, coupled with the integration of genomic tools like genomic selection,
holds great potential for accelerating the improvement of desirable traits in
aquaculture production. However, the implementation of genomic selection poses
challenges, particularly for small and medium-sized enterprises, as it requires a
substantial budget allocation for genotyping. In this chapter, we propose a
potential cost-effective alternative strategy for the widespread adoption of
genomic selection. This strategy involves the utilization of low-density SNP panels
in combination with genotype imputation. Our study's first objective was to
establish best practices for using low-density panels and genotype imputation in
aquaculture breeding programmes by comparing various imputation methods,
marker densities, imputation software, and marker selection strategies across

several aquaculture species.
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2.2 Original published manuscript as it appears in
https://doi.org/10.3389/fgene.2023.1194266

Evaluation of low-density SNP panels and imputation
for cost-effective genomic selection in four aquaculture
species
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Abstract

Genomic selection can accelerate genetic progress in aquaculture
breeding programmes, particularly for traits measured on siblings of selection
candidates. However, it is not widely implemented in most aquaculture species,
and remains expensive due to high genotyping costs. Genotype imputation is a
promising strategy that can reduce genotyping costs and facilitate the broader
uptake of genomic selection in aquaculture breeding programmes. Genotype
imputation can predict ungenotyped SNPs in populations genotyped at a low-
density (LD), using a reference population genotyped at a high-density (HD). In
this study, we used datasets of four aquaculture species (Atlantic salmon, turbot,
common carp and Pacific oyster), phenotyped for different traits, to investigate the
efficacy of genotype imputation for cost-effective genomic selection. The four
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datasets had been genotyped at HD, and eight LD panels (300-6000 SNPs) were
generated in silico. SNPs were selected to be: i) evenly distributed according to
physical position or ii) selected to minimise the linkage disequilibrium between
adjacent SNPs. Imputation was performed with three different software packages
(Alphalmpute2, Fimpute v.3 and findhap v.4). The results revealed that FiImpute
v.3 was faster and achieved higher imputation accuracies. Imputation accuracy
increased with increasing panel density for both SNP selection methods, reaching
correlations greater than 0.95 in the three fish species and 0.80 in Pacific oyster.
In terms of genomic prediction accuracy, the LD and the imputed panels
performed similarly, reaching values very close to the HD panels, except in the
pacific oyster dataset, where the LD panel performed better than the imputed
panel. In the fish species, when LD panels were used for genomic prediction
without imputation, selection of markers based on either physical or genetic
distance (instead of randomly) resulted in a high prediction accuracy, whereas
imputation achieved near maximal prediction accuracy independently of the LD
panel, showing higher reliability. Our results suggests that, in fish species, well-
selected LD panels may achieve near maximal genomic selection prediction
accuracy, and that the addition of imputation will result in maximal accuracy
independently of the LD panel. These strategies represent effective and affordable

methods to incorporate genomic selection into most aquaculture settings.
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1 Introduction

Aquaculture has been the fastest-growing food production sector in recent
decades, with a 609% rise in the total annual output from 1990 to 2020 (FAO,
2022). This growth has revolutionised the supply of seafood products across the
planet, providing nutritious seafood to a growing human population and
significantly contributing to meeting food security objectives in many regions.
However, the development of aquaculture in different countries has been uneven,
and seafood production still needs to be increased to ensure food security and
reduce the effect of fishing on wild populations, offsetting the environmental

impacts of overexploitation (Cottrell et al., 2021).

In 2016 over 95% of the global aquaculture output originated from low and
middle-income countries (Stentiford et al., 2020). The rapid expansion of
aquaculture in these countries is primarily due to the adoption of aquaculture by
small and medium-sized enterprises, but there are still challenges that hold back
the development of smaller aquaculture settings (Kumar, Engle and Tucker, 2018;
FAO, 2020). A significant restriction is the lack of well-managed breeding
programmes for directional selection and improvement of desirable traits. In
addition, the establishment of breeding programmes for small farms is expensive.
Therefore, where basic breeding programmes exist, they lag behind in the
implementation of the available genomic tools utilised by modern breeding
programmes due to the high cost compared to their relatively small production.
The use of genomics can improve selection intensity and breeding value
prediction accuracy, particularly for traits not possible to measure directly on
selection candidates. In turn, this can then lead to a more efficient production,
benefiting the entire supply chain, which is essential to unlock the potential of

aquaculture stocks and ensure food security (Houston et al., 2020; FAO, 2022).

Genomic selection uses genetic markers to more accurately predict the
breeding values of individuals compared to pedigree-based approaches, leading
to higher rates of genetic gain and better management of inbreeding (Houston et
al., 2020; Boudry et al., 2021; Regan et al., 2021). Despite its potential, genomic
selection has only been implemented in the most advanced aquaculture sectors,

and only for a small number of aquatic species, such as Atlantic salmon, rainbow
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trout, American catfish, whiteleg shrimp or Nile tilapia (Lillehammer et al., 2020;
Yanez, Joshi and Yoshida, 2020; Boudry et al., 2021; Houston, Kriaridou and
Robledo, 2022). One of the barriers to the widespread adoption of genomic
selection is the high cost of genotyping. Genotyping can be prohibitively expensive
for small and medium aquaculture operations, making it more challenging for them
to adopt genomic selection practises (Boudry et al., 2021). For these industries to
benefit from genomic selection, low-cost genotyping strategies that do not

significantly compromise the prediction accuracy of breeding values are required.

Several studies have looked into the use of low-density (LD) SNP panels
as a cost-effective alternative, with only a few thousands or even hundreds of
SNPs used for genomic selection, in contrast to high-density (HD) panels, usually
containing tens of thousands of SNPs. Generally, studies on aquaculture species
have reported that SNP densities can be reduced from tens of thousands to
thousands without a significant loss of prediction accuracy (Tsai et al., 2016;
Palaiokostas et al., 2018, 2019; Robledo, Matika, et al., 2018; Yoshida et al., 2019;
Gutierrez et al., 2020; Kriaridou et al., 2020; Tsairidou et al., 2020; Al-Tobasei et
al., 2021). Additionally, complementary strategies such as genotype imputation
can be used to further reduce the cost and improve the accuracy of low-cost

genomic selection.

Genotype imputation is a method that can be used to predict missing
genotypes in an individual based on the genotypes of other individuals of the same
species. A common imputation strategy is to use a group of individuals genotyped
with a HD panel (reference population) to infer the missing genotypes of other
individuals (target population) genotyped with a LD panel, which is composed of
a subset of markers from the HD panel (Marchini and Howie, 2010b; Sargolzaei,
Chesnais and Schenkel, 2010). The reference and target populations need to be
related to some degree as imputation relies on linkage and linkage disequilibrium
within those populations. The general idea of genotype imputation is that related
individuals share long haplotype blocks (set of markers in linkage disequilibrium
segregating together). These haplotype blocks are broken by recombination
events occurring from one generation to the next; hence two animals will share

longer haplotypes the more related they are.
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Imputation algorithms can use a combination of population and pedigree-
based methods (Browning, 2008; Bouwman et al., 2014; Sargolzaei, Chesnais
and Schenkel, 2014; Wang et al., 2016; Antolin et al., 2017; Lashmar, Muchadeyi
and Visser, 2019; Phocas, 2022). FImpute (Sargolzaei, Chesnais and Schenkel,
2014) and Alphalmpute (Whalen and Hickey, 2020) are popular algorithms
developed for animals and plants, combining population and pedigree-based
imputation methods. Population-based methods utilise linkage disequilibrium
information between markers in various ways. Generally, they use Hidden Markov
Model (HMM) approaches to model genotype and underlying haplotype variation
relying on population-wide linkage disequilibrium between markers (short shared
haplotypes) (Sargolzaei, Chesnais and Schenkel, 2014; Whalen et al., 2018).
Pedigree-based methods incorporate information from linkage and pedigree
relationships for imputation. These methods take advantage of the long-
haplotypes shared by closely related individuals, such as parent-offspring or full-
sibs, as well as using Mendelian inheritance rules to infer missing genotypes
(Antolin et al., 2017). Pedigree information increases in importance as the LD
panel becomes sparser, because it enables capturing the long-range haplotype
blocks shared between relatives. Studies where imputation is applied to a
population of related individuals (family studies) are more powerful and effective
in identifying low-frequency variants (Sargolzaei, Chesnais and Schenkel, 2014;
Liu et al., 2019). The choice of software can also impact the results; different
algorithms make use of the available information differently, so the optimal

imputation software may differ depending on the population of interest.

In addition to the imputation method, there are several other factors
affecting genotype imputation accuracy, namely SNP minor allele frequency
(MAF), the selection of SNPs for the LD panel (number of SNPs and their
chromosomal distribution), the number of individuals in the reference population
and the population structure. MAF significantly impacts imputation accuracy for all
imputation methods; as MAF increases, the accuracy of imputation of the minor
allele increases (Wang et al., 2016). Imputation of rare alleles is important
because variants with low frequency may have large effects, linked to the “missing
heritability” in some complex traits (Manolio et al., 2009; Sargolzaei, Chesnais and

Schenkel, 2014; Gonzalez-Recio et al., 2015). The size of the reference
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population also affects imputation; the greater the number of individuals in the
reference panel, and the more closely related they are to the target individuals,
the more accurate is genotype imputation (Garcia et al., 2022). Finally, one aspect
that requires further investigation is the impact of SNP selection strategy for the
LD panel. Various methods have been proposed for the design of LD SNP panels,
such as: i) randomly selected SNPs across the genome or within the chromosome
(Tsairidou et al., 2020), ii) evenly spaced according to position and chromosome
size (Yoshida, Yanez and De Ciencias, 2021), iii) based on linkage disequilibrium
patterns (Yoshida, Yafiez and De Ciencias, 2021), iv) selection of highly
polymorphic SNPs explaining most of the phenotypic variance of a trait (Aliloo et
al., 2018; Wu et al., 2020), v) or even the design of multi-trait-specific SNP panels
(He et al., 2018) and family-specific SNP panels (Whalen, Gorjanc and Hickey,
2019). These studies have shown that for some traits, the SNP selection method

for the LD panel plays an important role.

Several studies have compared the performance of imputation software
and the different parameters affecting genotype imputation in human, plant and
livestock populations. However, aquaculture broodstock populations are typically
comprised of relatively few (but large) full and half sib families, with limited
population structure and, as such, might be expected to show a different response
to imputation strategies. Despite this, the number of studies testing imputation
performance in aquaculture species is limited and they mainly use either FImpute
or Alphalmpute software in Atlantic salmon (Kijas et al., 2017; Tsai et al., 2017;
Yoshida et al., 2018; Kjetsa, ddegard and Meuwissen, 2020; Tsairidou et al.,
2020), rainbow trout (Vallejo et al., 2021; Yoshida, Yanez and De Ciencias, 2021)
and Nile tilapia (Yoshida et al., 2019; Garcia et al., 2022). Only one recent study
has tested Beagle imputation software in Atlantic salmon, common carp, sea
bream and rainbow trout (Song and Hu, 2022b). The promising results of these
studies suggest that the combination of LD SNP panels with genotype imputation
can achieve similar genomic prediction accuracies to HD panels. This combination
can decrease the genotyping cost in aquaculture species, enabling the broader
implementation of genomics in breeding programmes. However, in many cases
the results of these studies are not directly comparable because they use different

metrics to assess results and test different parameters. Therefore, further testing
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and optimisation of imputation algorithms and SNP selection methods is needed,
across a range of aquaculture species and traits with the use of common
assessment methods for genotype imputation to be routinely implemented in

aquaculture selection programmes worldwide.

The objectives of this study were to (i) evaluate the performance of three
imputation software packages, Flmpute v.3, Alphalmpute2 and findhap v.4 in
breeding populations from four diverse aquaculture species; (ii) investigate the
impact on imputation accuracy of the number of markers in the LD panel and their
selection method; and (iii) evaluate the genomic prediction accuracy of imputed
vs LD genotypes for different traits in the four species. Our results contribute
towards the definition of best practices for the broader application of genotype

imputation and cost-effective genomic selection in aquaculture.

2 Materials and Methods
2.1 Datasets

This study used previously published datasets from four species.

Specifically:

e A farmed Atlantic salmon (Salmo salar) population of 624 individuals (90
parents and 534 offspring), belonging to 61 full-sib families as described in
(Tsai et al., 2015). This population was challenged with Lepeophtheirus
salmonis and sea lice counts on the fish were recorded for all the offspring.
This trait had a positively skewed distribution and was logarithmically
transformed. All individuals were genotyped with a 132K SNP array, and
78,035 SNPs distributed across 29 pairs of chromosomes were retained
after quality control for further analysis.

e A turbot (Scophthalmus maximus) population of 1,445 fish (47 parents and
1,398 offspring), distributed across 36 full-sib families as described in
Anacleto et al. (2019). The gonads of the fish were checked for the
presence or absence of a parasite causing Scuticociliatosis (Philasterides
dicentrarchi). Individuals were genotyped using RAD-seq and after quality

control 11,069 SNPs were successfully mapped to the 22 pairs of
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chromosomes.

e A common carp (Cyprinus carpio) population of 1,319 individuals (60
parents and 1259 offspring), comprising 195 full-sib families. This
population was challenged with koi herpesvirus as described in
Palaiokostas et al. (2018) and phenotypic records of body weight were
obtained. Individuals were genotyped using RAD-Seq sequencing method
and 15,615 SNPs were retained for downstream analysis (Palaiokostas et
al., 2019). The positions of these markers were updated according to the
latest reference genome (GenBank assembly accession number
GCA_018340385.1) by using standard nucleotide BLAST (Altschul et al.,
1990) and 8,506 SNPs were successfully assigned to 50 pairs of
chromosomes from which 8,103 SNPs were retained after quality control.

e A Pacific oyster (Crassostrea gigas) population of 762 individuals (44
parents and 718 offspring), belonging to 30 full-sib families. Individuals in
this study were challenged with ostreid herpesvirus (OsHV-1), measured
for time to death, and genotyped using a SNP array with ~27K informative
Pacific oyster SNPs (Gutierrez et al., 2020). After updating the SNP
positions according to the latest genome assembly (Pefaloza et al., 2020)
and quality control, 16,447 SNPs remained, distributed across the 10

chromosome pairs.

2.2 Quality control

All datasets were filtered using PLINK v.1.9 (Purcell et al., 2007).
Individuals with just one of their two parents genotyped or > 20% missing
genotypes were excluded from the analysis. SNPs with > 10% missing genotypes;
significant deviation from Hardy—Weinberg Equilibrium (P-value < 107%); MAF <
0.05; or Mendelian error rates > 10% were also excluded from subsequent
imputation analyses. A summary of the data for the different species before and
after quality control can be found in Table 1. After imputation, all the datasets were
filtered again for MAF (< 0.05).
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Table 1 Summary of the datasets.

Species SNPs before and | Individuals before | Full-sib Phenotvbes Study with available
P after QC and after QC families yp dataset
Seal lice
Salmo salar 78,362 | 78,035 624 606 57 (Lepeophtheirus Tsai et al. 2015
salmonis) count
Presence of parasites
Scopht_halmus 17.690 | 11,069 1,445 1,396 38 _(Ph//aste(lqes Anacleto et al. 2019
maximus dicentrarchi) in the
gonads
Cyprinus carpio 8,506 8,103 1,319 1,172 195 Body weight Palaiokostas et al. 2019
. Resistance to oyster :
Crassostrea gigas | 22,994 | 16,447 762 701 30 herpesvirus (OsHV-1) Gutierrez et al. 2020
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2.3 SNP selection methods for the low-density panels

The LD SNP panels were generated in silico by selecting 300, 500, 700,
1,000, 2,000, 3,000, 5,000 and 6,000 SNPs using the two methods described
below. The LD panels were created by masking (i.e., setting to missing) all the

SNPs not selected by each method.

Physical-distance-based method: The selection of SNPs for the LD
panels was implemented with a custom R script (available in
https://github.com/Roslin-Aquaculture/Select-SNPs-to-generate-low-density-
panels), considering the total number of SNPs and the length of each
chromosome. For each density, a single panel was created with the number of
markers selected being proportional to chromosome length and evenly distributed
across the chromosomes according to position (physical distance). For this SNP
selection method, the first and the last SNP on each chromosome were always
selected and included in the LD panel. When no SNPs were available in the
required position to achieve an even distribution, the closest available SNP was
selected to obtain a LD panel with the desired number of markers. If a
chromosome did not have enough SNPs (e.g., for densities = 5,000 SNPs), all of
the SNPs on that chromosome were selected and the final panel density was
allowed to be slightly lower than expected (i.e., no additional SNPs were selected

on the other chromosomes).

Genetic-distance-based method: For the SNP selection method based
on linkage disequilibrium, PLINK 1.9 (Purcell et al., 2007) was used to generate
pruned SNP subsets based on variable window size, step size and squared
correlation (r?) threshold values, to achieve the desired number of SNPs for each
density. SNP pruning was performed using the “--indep-pairwise” command. In
brief, at each step, squared correlation was calculated between each pair of SNPs
within a genomic window, specified using SNP count (“variant ct”). All SNPs with
squared correlation greater than the given r? threshold were removed from the
window until there were no such pairs. At the end of each step, the window was
shifted forward by a “step size (variant ct)”, and the procedure was repeated. A

single LD panel was created for each target density.

Randomly selected SNPs: Additionally, four LD panels were generated
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by randomly choosing 300, 500, 700 and 1,000 SNPs throughout the genome to

test prediction accuracy before and after imputation with FImpute v.3.

2.4 Genotype imputation

Imputation of the offspring’s LD genotypes was performed using their
parents as reference population (genotyped for the HD panels) with three software
packages: Alphalmpute2 (Whalen and Hickey, 2020), FImpute v.3 (Sargolzaei,
Chesnais and Schenkel, 2014) and findhap v.4 (VanRaden et al., 2013); a two-
generation pedigree was available for all datasets, therefore pedigree and

population-based imputation were performed.

Alphalmpute2 (Whalen and Hickey, 2020) imputation was performed
separately for each chromosome using the default parameters, which are listed
below, and SNPs in the genotype input file were ordered according to position on
the chromosome. In the first step of pedigree imputation, five rounds of multi-locus
iterative peeling were performed. The genotype calling threshold for the first round
of peeling before phasing was 0.9. In the second step, where the algorithm builds
the reference haplotype library, five rounds of phasing were conducted. Finally,
for the 3rd step of pedigree imputation another five rounds of multi-locus iterative
peeling were performed, using the phased genotypes in the second step, and

genotypes were set to the best-guess.

Flmpute v.3 (Sargolzaei, Chesnais and Schenkel, 2014) uses a single
genotype file with all the chromosomes present, and also requires information of
the genomic location of the SNPs, provided in a map file, to model recombination.
The ‘parentage test’ parameter was used to check for parentage errors with an
error rate threshold of 0.05 to find progeny-parent mismatches. When a progeny-
parent Mendelian inconsistency was detected, in most cases, genotypes of
progeny and parents were set to missing and re-imputed. For this analysis, the
conflicting parents were set to missing and original genotypes were not adjusted.
In the results presented here, random filling of genotypes based on allele

frequency was used to allow for a better comparison with Alphalmpute2.

For Findhap v.4 (VanRaden et al., 2013), the maximum and minimum
length of haplotype segments were defined as 600 and 65, respectively, with an
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overlapping length of 10 and an error rate of 0.004. The number of different
haplotypes within any segment was set to 1,000 for the lower densities, and it was
increased to 2,000 for the 5,000 and 6,000 SNPs densities to consider all the
possible haplotypes.

For all three methods, imputation accuracy was measured as the average
Pearson correlation between the original and the imputed genotypes for each test
individual. To test the effect of MAF on imputation accuracy, we calculated minor
allele frequencies with PLINK v.1.9 and divided the SNPs into five MAF bins: (0-
0.1], (0.1-0.2], (0.2-0.3], (0.3-0.4] and (0.4-0.5].

2.5 Estimation of genetic parameters

For each trait in the different datasets, heritabilities were estimated using
ASReml 4.2 (Gilmour, Gogel and Welham, 2021) using a linear mixed model as

follows:
y=u+ Xb+Za+e

where y is a vector of observed phenotypes, u is the overall mean of
phenotype records, b is the vector of fixed effects, a is a vector of additive genetic
effects distributed as a~N(0, Go2), where 2 is the additive genomic variance and
G is the genomic relationship matrix, while X and Z are the corresponding
incidence matrices for fixed and additive effects, respectively, and e is a vector of

residuals.

Gonad parasite trait in the turbot dataset was binary, thus we used the
generalized linear mixed model with the logit link function that links the probability

of observing an event to the underlying linear model:

exp (u+ Xb; + Za; + e;)
1+exp(u+Xb;+Za,; +e;)

Ply;=1) =

The fixed effects included in the different models for each species were i)
body weight in Atlantic salmon, ii) factorial-cross group (four levels) in carp, iii) box
(36 levels) in turbot, and iv) tank (two levels) in oyster.

The genomic relationship matrix between pairs of individuals j and k (gjk)
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was calculated using the GCTA software (Yang et al., 2011) as follows:

. z(xl] Zpl (xlk Zpi)
DTN 2pi(1 - p2)

where N is the total number of SNPs, x;; and x;;, are the number of copies

of the reference allele for the it"* SNP for the j** and k" fish, respectively, and p;

is the frequency of the reference allele estimated from the markers.

2.6 Cross-validation for genomic-based prediction accuracy

The accuracy of genomic prediction was estimated by 20 replicates of
fivefold cross-validation analysis (80% of individuals in the training set and 20%
in the validation set; ‘CVrep’ GitHub statistical R package (Tsairidou 2019),
available at https://github.com/SmaragdaT/CVrep). The phenotypes in the
validation set were masked, and genomic best linear unbiased prediction
(GBLUP) was applied to predict the breeding values of the validation set
individuals in ASReml 4.2 (Gilmour, Gogel and Welham, 2021), using the linear
mixed model described above. Prediction accuracy was calculated as the
correlation between the predicted breeding values of the validation set and the
actual phenotypes divided by the square root of heritability, estimated from the full

dataset for each trait [~ @]

3 Results

3.1 Trait summary and genetic parameters

A different phenotype was used in each dataset (Table 2): i) In Atlantic
salmon, the log-transformed sea lice count was used as phenotype. Log-
transformed sea lice counts had a mean of 3.11 + 0.56 and a genomic heritability
estimate of 0.19 = 0.07. ii) In turbot, the binary trait of absence or presence of
gonad parasites was used. Gonad parasites were present in 881 individuals, while
441 individuals were free of parasites. The estimated genomic heritability for this

trait was 0.27 + 0.08. iii) In Pacific oyster, we used the phenotype of days to death
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after infection with OsHV-1-pvar, with survivors being assigned a value of eight
days (end of the challenge). The mean and standard deviation of surviving days
was 6.91 £ 1.82, and the estimated genomic heritability was 0.64 £ 0.05. iv) In
common carp, the mean value for body weight was 16.36 + 4.65, and the
heritability estimate was 0.22 + 0.04.

Table 2 Genomic heritability and prediction accuracy using HD panels.

Genomic HD panel genomic
. R prediction
Species Phenotypes heritability accuracy (mean %
estimates s):j) B
Atlantic Log transformed sea
lice (Lepeophtheirus 0.19 £ 0.07 0.54 £ 0.05
salmon )
salmonis) count
Presence/absence of
gonad parasites
Turbot (Philasterides 0.27 £0.08 0.34 £0.02
dicentrarchi)
Common Body weight 0.22 + 0.04 0.69 + 0.02
carp
Resistance to oyster
Pacific herpesvirus (O§HV-1) 064 +005 062 +0.03
oyster measured as time to
death

3.2 Accuracy of Imputation

Imputation accuracy increased with increasing panel density for all
software (Figure 1). Overall, the results revealed that FiImpute v.3 was more
accurate for most of the densities in all the species, and findhap v.4 was mostly
second in the ranking. Although Alphalmpute2 was generally ranked last between
the three software, it outperformed findhap v.4 in terms of accuracy for the five
lowest densities (300-2,000 SNPs) in the Atlantic salmon dataset. It also
outperformed Flmpute v.3 at the lowest density of 300 SNPs (Figure 1A).
Imputation accuracy for the lowest density of 300 SNPs, when imputing with

Flmpute v.3, ranged between 0.61 (Pacific oyster) and 0.76 (Atlantic salmon and

Chapter 2 55



turbot). For the 6,000 SNPs density, the fish species reached very high imputation
accuracies (0.95-0.98), but the accuracy value was noticeably lower for Pacific
oyster (0.80) (Figure 1).
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Figure 1 Genotype imputation accuracy in four aquaculture species. Average
genotype imputation accuracy (correlation between true and imputed
genotypes) for the three imputation software in each of the four species. The
ribbons represent the standard deviation of the average imputation accuracy
across all individuals. The SNP selection method based on physical distance
was used to impute the LD panels in these graphs. The Atlantic salmon LD
panels (A) were imputed to 78,035 SNPs, the turbot (B) to 11,069 SNPs, the
common carp (C) to 8,103 SNPs and the Pacific oyster (D) to 16,447 SNPs.
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Regarding computing time, FImpute v.3 was faster than the other two
software tested. Running time results of the three software when imputing the 300
SNPs panel density for each species are shown in Table 3. The average
computational time across the four species for the LD panel of 300 SNPs when
imputing with FImpute v.3 was 1 min and 13 sec, with findhap v.4 showing a
similar average running time of 1 min 55 sec, and Alphalmpute2 considerably

longer running times of 24 min 56 sec in average.

Table 3 Computational time for each software to impute from the 300 SNPs
density panel.

Species Fimpute v.3 findhap v.4 | Alphalmpute2

Salmo salar 1 min 16 sec 2min49sec | 30 min 36 sec
Scophthalmus maximus 47 sec 1 min 45 sec 16 min 46 sec
Cyprinus carpio 27 sec 1 min 17 sec | 44 min 01 sec
Crassostrea gigas 1 min 1 min 7 sec 7 min 41 sec

In Figure 2, the genetic distance method based on linkage disequilibrium
slightly increased the accuracy of imputation for most of the very low densities in
Atlantic salmon, turbot and Pacific oyster (300-2,000 SNPs), while in the common
carp dataset it improved the imputation accuracy of the higher densities (2,000-
6,000 SNPs) (Figure 2). However, the differences observed in imputation
accuracy between the two LD panel SNP selection methods were mostly non-
significant. Since both the imputation and prediction accuracy results of the
imputed panels were similar when the SNPs were selected with the genetic or the
physical-distance-based method, the results we present below are with the

physical-distance-based method and imputed with Fimpute v.3 software package.
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Percentage of correctly imputed SNPs
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Figure 3 Percentage of correctly imputed genotypes with FImpute v.3 for each
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C, E, G) and 6,000 (B, D, F, H) SNPs (selected with the physical-distance-based
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There is a visible pattern of slightly decreased imputation accuracy at the
ends of the chromosomes of the four species (Figure 3), but this was not
consistent for all chromosomes (Supplementary Material). This phenomenon is
clearer in Atlantic salmon (Figure 3A and B), possibly due to the higher number
of SNPs in the HD panel. Increasing the SNP density of the LD panel from 300
SNPs to 6,000 SNPs substantially improved imputation accuracy throughout the
chromosome and especially at chromosomal ends (Figure 3). In the oyster
dataset, there were poorly imputed SNPs throughout the chromosome, and for
some of these SNPs accuracy did not improve when the panel density was

increased (Figure 3G, H).
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Figure 4 Correlation between the original and the imputed genotypes for
each SNP plotted against MAF, for the two LD panels of 300 and 3,000 SNPs.
Genotypes of the Atlantic salmon (A), turbot (B), common carp (C) and
Pacific oyster (D) dataset were imputed with Fimpute v.3.
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Figure 4 shows the effect of MAF on imputation accuracy using Fimpute
v.3. The density of the LD panel did not seem to have a MAF-dependant impact
on the imputation accuracy. However, there is a wider distribution of imputation
accuracy values in the (0-0.1] MAF bin compared to the other bins, suggesting

that there were more SNPs with very low MAF that were poorly imputed.

3.3 Genomic prediction using imputed SNP panels

The HD panel was used to estimate the genomic heritability and obtain
genomic prediction accuracies for each species (Table 2), which were compared
to those obtained using the LD panels (Figure 5). Prediction accuracies were
estimated for the LD panels with and without imputation. For Atlantic salmon,
turbot and common carp, genomic prediction using the LD and the imputed panels
gave comparable accuracies, which were very close to the accuracies obtained
with the HD panel (Figures 5A-C). However, in the Pacific oyster, all the LD
panels (300 to 6,000 SNPs) outperformed the imputed panels (Figure 5D),
reaching maximal prediction accuracy when the LD panel consisted of 2,000
SNPs.

Since these results were unexpected according to previous reports, which
showed that the accuracy of genomic prediction post imputation was higher than
using the LD panels, we wanted to further investigate whether the SNP selection
methods were responsible for the high prediction accuracy of the LD panels
without imputation. Therefore, we randomly sampled SNPs throughout the
genome to generate LD panels and perform imputation to compare their prediction
accuracy with the other SNP selection methods. Figure 6 shows the prediction
accuracy of four LD panels (300, 500, 700 and 1000 SNPs) with and without
imputation. For all four species, the prediction accuracy of the randomly designed
LD SNP panels was considerably lower than the accuracy achieved with the HD
SNP panel. Imputation of these LD SNP panels improved the predictive ability for
Atlantic salmon, turbot and common carp with accuracy values very close to the
maximal. However, the imputation of the Pacific oyster’'s random LD SNP panel
did not improve prediction accuracy. Both the randomly designed LD panel and

the imputed one achieved similar results that were lower than the accuracy of the
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HD panel (Figure 6D).
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Figure 5 Prediction accuracies estimated for the high-density (HD), the low-
density (LD) and the imputed LD panels (LD-imputed) for the four species. The
LD panels were designed with the physical-distance-based method. The
ribbons represent the standard deviations over 20 replicates of fivefold cross-
validation analyses. The y-axis in these graphs ranges from 0.2 to 0.8 to
facilitate the comparison between the LD and LD-imputed prediction
accuracies. The Atlantic salmon LD panels (A) were imputed to 78,035 SNPs,
the turbot (B) to 11,069 SNPs, the common carp (C) to 8,103 SNPs and the
Pacific oyster (D) to 16,447 SNPs with FImpute v.3 software.
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4 Discussion

Genotype imputation is a powerful tool that has the potential to reduce the
genotyping cost of genomic selection in aquaculture breeding programmes
without a dramatic loss of prediction accuracy. In this study, we investigated some
of the main factors affecting the accuracy of imputation and genomic prediction to
contribute towards the establishment of best practices for the wider application of

this method in the aquaculture sector.

4.1 Choice of imputation software

Three genotype imputation software were tested for their performance and
compared between four populations of different aquatic species. All three software
packages used a combination of population and pedigree-based imputation
methods, and both parents’ genotypes were present for all individuals in the
datasets. The existence of pedigree information and close relatives in the dataset
becomes more important as the number of markers in the LD panels decreases,
as it becomes difficult to find the truly shared haplotypes between the reference

and the target individuals.

FImpute showed the best performance across the four species in our study,
with highest imputation accuracies for most LD panels and a shorter running time.
FImpute shows extremely fast computational times when compared to other
imputation software (e.g., Beagle, findhap, Alphalmpute, PHASEBOOK, Eagle-
Minimac4 approach) for populations where pedigree information was available
(Johnston, Kistemaker and Sullivan, 2011; Chud et al., 2015; Ventura et al., 2016;
Wang et al., 2016; Pausch et al., 2017; Ye et al., 2018; Fernandes Junior et al.,
2021). Compared to Alphalmpute2, which uses a probabilistic algorithm (Whalen
and Hickey, 2020), FImpute and findhap are faster in speed because they directly
search for haplotypes in descending size and frequency order (Vanraden et al.,
2011). Flmpute is also known to infer rare alleles with higher accuracy (Ma et al.,
2013; Wang et al., 2016; Fernandes Junior et al., 2021) because the process
starts by effectively matching long haplotypes between closely related individuals
(Sargolzaei, Chesnais and Schenkel, 2014). This is pertinent because in a
population with closely related individuals, the long haplotypes shared between
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them usually carry rare alleles (Kamatani et al., 2004) which can be frequent in

families with a common ancestor who had the variant (Liu et al., 2019).

4.2 Composition of the low-density panels

The number of SNPs in the LD panel and the linkage disequilibrium
between adjacent SNPs was found to substantially affect imputation accuracy; by
increasing the number of SNPs in the LD panels, we observed an increase in
imputation accuracy (Figure 1). As previously discussed by Sargolzaei et al.
(2014) this is because it becomes more likely to find shorter haplotype segments
shared between related individuals due to the improved crossover resolution
(Sargolzaei, Chesnais and Schenkel, 2014). However, there was a number of
SNPs in the LD panel above which imputation accuracy improved only slightly
(Figure 1). For Atlantic salmon, turbot and Pacific oyster the number of SNPs to

reach this plateau was between 2,000 and 3,000.

In Pacific oyster, imputation accuracy was lower for all the LD panels
compared to the fish species. Previous studies have found that some Pacific
oyster populations exhibit rapid decay of linkage disequilibrium (Gutierrez et al.,
2017; Zhong et al., 2017). This means that recombination between markers at
each generation is high and therefore higher SNP densities might be required to
achieve the same imputation accuracy results achieved in the other species.
Additionally, the oyster genome, and in general bivalves’ genomes, is highly
polymorphic. Studies have shown that the Pacific oyster genome exhibits high
levels of heterozygosity and is abundant in repetitive sequences, with some active
transposable elements shaping this genomic variation (Zhang et al., 2012;
Hedgecock et al., 2015; Gutierrez et al., 2017). These highly polymorphic regions
hinder the construction of the genome assembly (Gutierrez et al., 2020) and can
lead to a pronounced decrease in imputation accuracy (Fernandes Junior et al.,
2021), possibly due to errors in marker order. Other characteristics of their
genome that may be impairing mapping and consequently imputation accuracy
are the putative high rate of de novo mutations during meiosis or larval
development, which contribute to unusual segregation patterns and deviations
from Mendelian inheritance patterns (Hedgecock et al., 2015; Soledad Pefialoza
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Navarro, 2017). Imputation of bivalve genomes requires further research in
different populations and species to discover which parameters can contribute
towards the improvement of imputation accuracy and their resulting prediction

accuracy.

Regarding chromosomal position, we observed a lower number of correctly
imputed SNPs at the beginning and at the end of Atlantic salmon chromosome 1.
However, this decreased imputation accuracy at chromosomal ends was not
evident in all the species. The lower number of SNPs available in the HD panel
for some species may have had an effect in our ability to discern drops in
imputation accuracy in certain regions of the genome, recombination and linkage
disequilibrium can also explain the differences in imputation accuracy. Poorly
imputed SNPs can be found in chromosomal regions with high recombination
rates (Hozé et al., 2013), such as the beginning and the end of chromosomes in
some species (Druet, Schrooten and de Roos, 2010; Ventura et al., 2016), or in
regions difficult to assemble, but it can also be related to patterns of linkage
disequilibrium throughout the genome. For example, recombination hot spots
make the precise reconstruction of haplotypes difficult; consequently, imputation
accuracy is low in these regions (Yoshida et al., 2018). Centromeres also tend to
show low imputation accuracies because they are difficult to assemble, potentially
leading to incorrect order of markers. If we exclude centromeres and telomeres,
regions with high imputation errors can be related to the patterns of linkage
disequilibrium throughout the genome. SNPs with incorrect positions on the
genetic map or SNPs wrongly assigned to chromosomes are challenging to
impute, because they are not in linkage disequilibrium with the neighbouring
markers on the map (Druet, Schrooten and de Roos, 2010; Yoshida et al., 2018).
Overall, as the density of the LD panels increased, imputation accuracy at the
extremes and throughout the chromosomes increased due to the increased
resolution of recombination patterns (Yoshida et al., 2018; Fernandes Junior et
al., 2021).

4.3 Genomic prediction accuracy

Low-cost genomic selection is successful when the genotype data of LD
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panels accurately capture the genetic variation among the training and prediction
individuals, resulting in no or minor loss of prediction accuracy when compared to
HD genotypes. In this study, we achieved highly accurate genomic breeding value
estimates for SNP densities as low as 300 SNPs for the Atlantic salmon, turbot
and common carp populations. Small numbers of markers were sufficient probably
because the shared haplotypes and linkage blocks between the reference and
target individuals are long (full and half-sibs of the test population present in the
reference population), and therefore their effects can be captured even with a
small number of markers. Further, the number of families in a standard
aquaculture breeding programme is small (100-200 families). The small effective
population size and the degree of relatedness between individuals can explain the

good performance of extremely low-density SNP panels.

Other studies have shown that a small number of markers and imputation
are sufficient for accurate genomic prediction. For example, Gorjanc et al. (2017)
suggested that 200 SNPs (20 SNPs per chromosome for a 10 chromosome
simulated genome of 20,000 SNPs in total) imputed to HD can result in prediction
accuracies comparable to HD panels in plant populations with a structure similar
to that of aquaculture populations. Delomas et al. (2023), in a simulation study in
oysters, achieved nearly maximal accuracy of genomic estimated breeding values
by using 250-500 LD panels imputed to 40,000 SNPs. However, we did not
observe similar high prediction accuracy results in our study with the Pacific oyster
population we tested. In a study in Atlantic salmon, imputed genotype data from a
~250 LD SNP panel achieved comparable genomic prediction accuracy results to
the true genotype data in Tsai et al. (2017). Yoshida et al. (2018) studied a two-
generation Atlantic salmon population and suggested a genotyping strategy which
combines genotyping all the parents and 10% of offspring with a HD panel, while
the rest of the progeny are genotyped with a 500 SNPs panel and imputed to HD
to achieve identical genomic prediction accuracies as with the 50,000 SNP panel.
In another Atlantic salmon study, genotyping offspring at the very LD of 200 SNPs
and imputing them with Fimpute 2.2 to their parents’ medium-density panel (5,000
SNPs) achieved almost the same genomic prediction accuracy as the true
medium-density panel (Tsairidou et al., 2020). There is a general consensus that

imputation leads to close to maximal prediction accuracy.
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Our findings demonstrate that for three out of the four species tested, the
accuracy of genomic prediction is heavily dependent on the choice of SNPs when
using the LD panels without imputation. The selection of evenly distributed SNPs
in the LD panels resulted in markedly higher prediction accuracies when
compared to that obtained with randomly selected SNPs. Whilst evenly distributed
SNPs did not benefit from imputation, since the accuracy was already similar to
that obtained with HD panels, imputation significantly increased the accuracy of
randomly selected LD panels, bringing it in line with HD genotypes. In conclusion,
the choice of SNPs in the LD panel is crucial when they are used without
imputation for genomic selection; however, if imputation is used the choice of
SNPs in the panel is irrelevant. Considering that the LD panel would have to be
designed specifically for the target population, and that its performance might
decrease as the genetic makeup of the population changes with each generation
of selection, imputation is an exceptional tool to ensure that near-maximum

prediction accuracies are obtained in every scenario.

Imputation accuracy did not affect prediction accuracy in the three fish
species tested, with imputation accuracies of 0.76 to 0.98 depending on the
number of SNPs in the LD panel resulting in similar prediction accuracies.
However, this is not true in oysters, where the prediction accuracy of the imputed
LD panel was significantly lower than that achieved with the LD panel alone, even
when the number of SNPs in the LD panel was increased to 6,000 (Figure 5D). In
this dataset, imputation accuracy was lower compared to the other species (Fig.
1), which can probably explain why the LD panels outperformed the imputed
panels. Because of the rapid decay of linkage disequilibrium in the Pacific oyster,
breeding candidates require regular testing on close relatives to preserve high
accuracy levels between generations in a breeding programme (Gutierrez et al.,
2020). Nonetheless, more studies in bivalve species are necessary to determine
if this is a general phenomenon or rather specific to the dataset studied here.

4.4 Cost reduction by using LD panels and genotype imputation

A significant cost reduction can be achieved by sequencing the target
population with a very low-density panel (300-500 SNPs), which should still
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provide maximal prediction accuracy when combined with imputation to HD, using
a reference population containing relatives of the target population. While using
the LD panels alone could result in a further reduction of the cost of genomic
selection, we consider that the potential risk is not worth it since the number of
animals that have to be genotyped at HD for imputation is low (i.e., the number of
animals in aquaculture broodstock populations is usually around 100). In any
case, if we estimate the cost of HD genotyping at $15 and the cost of LD
genotyping at $12, for a relatively small population of 5,000 animals, the use of
LD panels would result in a reduction of the cost in the application of genomic
selection of 20% ($75,000 vs $60,000). Considering that the cost of HD
genotyping is usually higher for most aquaculture species and that most species
require the use of genetic tools to reconstruct the pedigree, LD panels and
imputation can play an important role in the incorporation of genomic selection

into aquaculture breeding programmes worldwide.

5 Conclusions

In this study, we explored the use of LD panels and imputation to reduce
the cost of genomic selection in aquaculture breeding programmes, exploring
different imputation software and SNP selection methods. Imputation accuracies
were very high for the three fish species tested, while the performance of
imputation was markedly lower in our oyster dataset. FImpute v.3 was the fastest
and most accurate imputation method in almost all scenarios tested. When the LD
panels were used without imputation, LD panels with the SNPs evenly distributed
across the chromosomes achieved prediction accuracies very similar to the HD
panel in the three fish species, even with just 300 SNPs, while randomly selected
LD panels resulted in markedly lower prediction accuracies. However, imputation
significantly increased the prediction accuracy of the randomly selected LD
panels, reaching values similar to those of the HD panel in the fish species. Our
results indicate that genotyping cost for the implementation of genomic selection
can be reduced by the use of LD panels or a combination of LD panels in
combination with imputation. While the use of appropriately selected LD SNP
panels would be more cost-effective, we suggest the use of imputation to eliminate
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the risk from potential changes in performance of the LD panels. This manuscript
will help facilitate the widespread adoption of genomic selection in commercial

aquaculture, leading to increased production and stability.
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Supplementary figure 1. Percentage of correctly imputed genotypes with Fimpute v.3 for each SNP of chromosome 3,
15 and 29 in Atlantic salmon dataset, using the LD panels of 300 and 6,000 SNPs (selected with the genetic-distance-
based method). The blue dots indicate the physical position of the SNPs in the LD panel, whereas the black dots

indicate the imputed SNPs.
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Supplementary figure 2. Percentage of correctly imputed genotypes with Fimpute v.3 for each SNP of chromosome 2, 10 and
20 in turbot dataset, using the LD panels of 300 and 6,000 SNPs (selected with the genetic-distance-based method). The blue
dots indicate the physical position of the SNPs in the LD panel, whereas the black dots indicate the imputed SNPs.
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20 in the common carp dataset, using the LD panels of 300 and 6,000 SNPs (selected with the genetic-distance-based method).
The blue dots indicate the physical position of the SNPs in the LD panel, whereas the black dots indicate the imputed SNPs.
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20 in the Pacific oyster dataset, using the LD panels of 300 and 6,000 SNPs (selected with the genetic-distance-based method).
The blue dots indicate the physical position of the SNPs in the LD panel, whereas the black dots indicate the imputed SNPs.
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Supplementary table 1. The datasets presented in this study were previously published and their availability status can
be found in the articles mentioned below.

Species Study with available dataset DOl
Salmo salar Tsai et al. 2015 https://doi.org/10.1186/s12864-015-2117-9
Scophthalmus maximus Anacleto et al. 2019 https://doi.org/10.1038/s41598-019-40567-w
Cyprinus carpio Palaiokostas et al. 2019 https://doi.org/10.3389/fgene.2019.00543
Crassostrea gigas Gutierrez et al. 2020 https://doi.org/10.1111/age.12909
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2.3 Concluding remarks

This chapter investigated factors influencing imputation accuracy across
four aquaculture species to determine if utilizing low-density panels followed by
imputation is an effective strategy for cost-effective genomic selection. We
highlighted several parameters pivotal in this process. Firstly, the choice of
imputation software, which can impact accuracy and computational efficiency.
Secondly, the number of SNPs and the method of SNP selection for designing the
low-density panels. Lastly, the unique genomic characteristics of each species.
Once these parameters are optimized, the imputed panels must undergo validation
to assess genomic prediction accuracy. Our results suggest that near-maximum
genomic prediction accuracy can be achieved when all aforementioned
parameters are considered and optimized for each species. The application of
customized low-density panels in aquaculture breeding programmes is promising,
given their cost-effectiveness—potentially offering around 20% savings compared
to high-density panels —and their current utilization in parentage assignment. In
the next chapters we will utilise genotype imputation as a tool to obtain whole
genome sequences from low-coverage sequences and also to use the imputed
WGS individuals for functional annotation enrichment of genomic selection

models.

2.4 Clarification notes

Below are some clarification notes regarding this published chapter:

Regarding the naming of the genetic-distance-based method: This term is
used to refer to genetic linkage. It is used as an extension of measurement of the
linkage distance between two markers or genes on the chromosome. When the
distance of two genetic markers is small (adjacent markers) there is a lower
frequency of recombination and thus the correlation between them is higher. With
this method we ended up keeping markers with low correlation (independent
markers), meaning recombination between them is higher than with the physical-

distance method. This can be interpreted as a maximisation of the centimorgans
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separating two adjacent markers, and a centimorgan is a unit of measurement of

the linkage distance between two markers.

In Figure 2.2 of this chapter, the colours assigned to the two SNP selection
methods in the legend and the figure are inverted. Specifically, red should denote
the physical distance-based method, while blue should denote the genetic

distance-based method.

Lastly, in Section 3.2 of the results in this chapter, it is stated that “there is
a visible pattern of slightly decreased imputation accuracy at the ends of the
chromosomes of the four species”. To clarify, this is slightly visible for turbot and
carp (Supplementary figure 2 and 3) but not for oyster and not for all

chromosomes.
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Chapter 3
Assessment of Low-Coverage Whole Genome
Sequencing Imputation Performance as a Cost-Effective
Alternative to Whole Genome Sequencing in Nile Tilapia
(Oreochromis niloticus)

3.1 Introduction

The increase in aquaculture production witnessed across various species
has been driven by the proliferation of public and private breeding programmes
globally, a trend similarly observed in Nile tilapia (Oreochromis niloticus). With an
approximate production of 4.4 million tonnes in 2020 (FAO, 2022), Nile tilapia
ranks as the fourth most farmed fin fish species worldwide (Houston, Kriaridou
and Robledo, 2022). Notably, the Genetically Improved Farmed Tilapia (GIFT),
which is the pioneering strain developed for this species, serves as the
cornerstone of numerous breeding programmes. Its significance has facilitated
the recent development of linkage maps (Joshi et al., 2018; Etherington et al.,
2022), reference genomes (Conte et al., 2017; Etherington et al., 2022), and SNP
arrays (Joshi et al., 2018; Pefaloza et al., 2020; Yanez et al., 2020), achieved

through collaborative efforts between the private and public sectors.

These genomic tools are continuously developing and improving, mainly
due to the reduction in sequencing costs and the rapid advancements in
sequencing technologies. SNP arrays are more affordable than whole-genome
sequencing (WGS), but in most cases they are still unlikely to contain all causal
mutations. The greater information content discovered through WGS, coupled
with the absence of ascertainment bias' of the genotypes present at particular
SNP arrays, gives an advantage to the use of WGS in genomic analyses. In
particular, one of the major incentives for utilizing WGS data lie in enhancing
genomic prediction accuracy across populations and generations (Hayes et al.,
2013; VanRaden et al., 2017). This is achieved by directly incorporating causative

YIn contrast to whole-genome re-sequencing data, arrays lack representation of a significant portion
of globally rare variants and tend to exhibit bias towards variants found in the populations used
during the array's development. This phenomenon influences population genetic estimations and
is commonly referred to as SNP ascertainment bias. (Geibel et al., 2021).
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mutations affecting the trait of interest (Yoshida and Yafhez, 2022), thereby
avoiding reliance on linkage disequilibrium between SNPs and mutations, which
tends to decay rapidly with recombination over time. Additionally, WGS can be
used for population structure genomic studies (Braekke, 2023), and high resolution
genome-wide association studies (GWAS). For instance, the identification of rare
and/or novel variants has been linked to important improvements in association
power and fine-mapping analyses (Hoglund et al., 2019; Uffelmann et al., 2021;
Chen, Coombes and Larson, 2022).

However, despite the steep reduction in sequencing prices, high-coverage
sequencing remains expensive for genomic studies and even more for selective
breeding programmes, which typically demand a large number of sequenced
individuals. To address this challenge, a more cost-effective approach, low-
coverage whole-genome sequencing (IcCWGS), has emerged as an attractive
option when combined with genotype imputation. This technology involves
sequencing of the entire genome at a reduced depth, providing in most cases
adequate coverage for haplotype reconstruction while significantly reducing the

associated costs compared to standard WGS.

To date, several low-coverage imputation methods have been developed
and several studies have assessed IcCWGS imputation in humans (Pasaniuc et al.,
2012; Luo et al., 2017; Spiliopoulou et al., 2017; Hui et al., 2020; Davies et al.,
2021; Rubinacci et al., 2021, 2023; Chat et al., 2022), cattle (Lamb, Nguyen,
Briody, et al., 2023; Lloret-Villas, Pausch and Leonard, 2023), as well as in other
species such as donkeys (Zhao et al., 2021), dogs (Buckley et al., 2022; Wragg
et al., 2024), chicken (Li et al., 2022), pigs (Noskova et al., 2021), large yellow
croaker (Zhang et al., 2021), and recently one study in salmon (Gundappa et al.,
2023). However, there is a lack of studies evaluating the feasibility and
effectiveness of adopting IcWGS instead of SNP arrays for other key species

within the aquaculture industry.

In the present chapter we investigated the second objective of this PhD.
For this purpose, a cohort of 166 Nile tilapia individuals from two consecutive
generations (comprising 126 individuals from generation 15 and 40 individuals
from generation 16) belonging to the GIFT breeding programme were subjected

to high-coverage whole-genome sequencing (hcWGS). Subsequently, down-
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sampling was conducted in silico to generate IcWGS datasets for individuals from
generation 16. These IcWGS datasets were then imputed and assessed as an
alternative to an open-access 65K SNP array previously developed based on the
GIFT breeding nucleus population by our team (Pefaloza et al., 2020). The
objectives of this study were to i) evaluate the imputation accuracy of six in silico
down-sampled datasets (0.1X, 0.2X, 0.5X, 1X, 2X, and 5X sequencing depth), ii)
assess the impact of reducing the sequencing depth of the reference panel to 5X
on imputation accuracy, and ii) evaluate the cost-benefit of employing a IcWGS
approach for the target population combined with imputation as an alternative to
WGS. These findings will offer valuable insights into the implications of utilizing
IcCWGS in genomic analyses such as genome-wide association studies (GWAS)

and genomic selection (GS).

3.2 Materials and Methods

3.2.1 Nile tilapia population

The animals used in the current study belong to the Genetically Improved
Farmed Tilapia (GIFT) strain from Malaysia, managed and owned by WorldFish,
and selected for growth along 17 generations. In total 166 fish were sampled from
that programme for the current study: 40 fish from generation 16, representing
data from 10 full-sib families (4 fish per family), along with 126 fish from generation
15, which included both parents (dam and sire) for 6 of the 10 families of
generation 16, and one parent of the remaining 4 families. Therefore, generation
16 had 24 individuals who had both parents and 16 individuals who had only one
parent sequenced. The remaining individuals from generation 15 are related to
some extend to generation 16, with a maximum relationship of 0.25
(uncles/aunts). Fin clips from all fish were sampled, placed in ethanol 95% and
stored at -20°C until DNA extraction.

3.2.2 Nucleic acid extraction and DNA sequencing

Total DNA was extracted through a modified salt-based extraction protocol,
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described by Aljanabi and Martinez, (1997). Modifications to this protocol as
described in Taslima et al., (2016), were followed. Quality of the extracted DNA
was assessed through an agarose gel electrophoresis and also by the 260/280
and 260/230 ratios on a NanoDrop 100 UV spectrophotometer. The concentration
of the genomic DNA was measured using a Qubit dsDNA BR assay kit (Invitrogen,

Life technologies).

All samples were sequenced in an lllumina Novaseq 6000 platform with
paired-end sequencing at 150 base pairs (PE150). Raw sequencing data
underwent quality control, trimming adapters and low-quality reads using Trim
Galore wrapper tool
(http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) with default
parameters. The output reads were aligned to the GIFT reference genome
(Etherington et al., 2022) using BWA-MEM v.0.7.17 algorithm (Li and Durbin,
2009). Finally, the aligned reads were transformed to binary format, sorted and
indexed with Samtools v.1.9 (Li and Durbin, 2009).

3.2.3 Average coverage and down-sampling of WGS data

The average coverage for each sample was estimated by assessing the
alignment files using Picard (http://broadinstitute.github.io/picard/). For the target
population (generation 16), an average coverage of 12.78X (ranging from 7.72X
to 16.08X) was estimated as the high coverage used for imputation accuracy
evaluation. Subsequently, this data was in silico down-sampled to 0.1X, 0.2X,
0.5X, 1X, 2X, and 5X (step 4a in Figure 3.1) with Samtools v.1.9. For the
reference panel (generation 15), an average coverage of 26.19X (ranging from
21.99X to 33.25X) was estimated as the hcWGS and also down-sampled to 5X to
test the impact of the coverage of the reference on imputation accuracy (1st step
in Figure 3.1). A statistical summary of the sequencing depth for each of the
different datasets is presented in Table 3.1.

3.2.4 SNP calling and imputation analyses

The SNP discovery and imputation analyses were conducted on
chromosomes 3, 8, and 17, which represent the largest, shortest and medium

sized chromosomes across the Oreochromis niloticus reference genome, with
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sizes 116.7, 31.4 and 41.9 Mb, respectively. These three chromosomes account

for approximately 19% of the total genome.

BCFtools v.1.9 (Li, 2011) was used for SNP calling. Following SNP
discovery, the SNPs obtained from the two panels generated for the 15th
generation (26X and 5X sequencing depth datasets) were filtered to retain high-
quality variants. The filtering thresholds were: mapping quality (MQ) >30, quality
score (QUAL) >300, combined depth across samples (INFO/DP) <7000 and
>1000 for the 26X and >200 for the 5X dataset. The next step of filtering with
BCFtools removed multiallelic SNPs, indels and monomorphic SNPs. Finally,
SNPs with more than 10% missing genotypes and less than 0.01 minor allele
frequency (MAF) were removed. The variants in these panels were then used as

reference for imputation.

For the imputation analyses we used GLIMPSE v.1 (Genotype Likelihoods
Imputation and PhaSing mEthod) (Rubinacci et al., 2021). The workflow used here
was similar to the GLIMPSE tutorial available online
(https://odelaneau.github.io/GLIMPSE/glimpse1/tutorial_b38.html). After filtering
the reference dataset, we extracted the variable sites separately for each
chromosome and for the two sequencing depths (26X and 5X) with BCFtools. The
set of SNPs extracted from the two datasets were used as reference to perform
imputation of the ICWGS target dataset (2nd step in Figure 3.1). A genetic map
was created for each chromosome, assuming a ratio of 1Mb per centimorgan
(cM), using a custom script. Following this, the genome was segmented into
chunks using the "GLIMPSE_chunk" command (3rd step in Figure 3.1). This
command considers both the level of missing data and the length of the defined
regions, as longer regions can prolong running time while smaller regions may
compromise accuracy. For this step a window size of 10 Mb and a buffer size of
200Kb was used to produce the chunks for the imputation and phasing step. Next,
genotype likelihoods (GLs) were computed for all low-coverage target individuals
and for all the SNP sites present in the reference panel with BCFtools “mpileup”
and “call” command (step 5 in Figure 3.1). This is the input file format GLIMPSE
requires for the next step of imputing the IcWGS target population to the reference
panels. The next step of imputation was implemented with the “GLIMPSE_phase”

command using i) the low-coverage GL files produced previously, ii) the reference
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panel (26X or 5X), iii) the genetic map and iv) chromosome chunks (6th step in
Figure 3.1). In this step the algorithm is iteratively refining the GLs of the IcWGS
target individuals and outputs among other information the best guess genotypes
and their genotype probabilities. After imputation the final step is to merge together
the different chunks of chromosomes to produce one file per chromosome (7th

step in Figure 3.1) and check imputation accuracy.

3.2.5 Imputation accuracy estimation

For the target population (16th generation), the 13X dataset was
considered as the high-coverage dataset containing the true genotypes.
Consequently, all IcWGS samples post-imputation were evaluated against this
dataset. Furthermore, the influence of the sequencing depth in the reference
population on imputation accuracy was examined. Therefore, the imputed IcCWGS
dataset was separately evaluated in the first scenario when imputed to the 26X

and in the second scenario when imputed to the 5X reference population.

The imputed genotypes of the target population were extracted and filtered
using a custom R script to calculate imputation accuracies. The imputed Variant
Call Format (VCF) files (after the ligation of chunks, 7th step in Figure 3.1) for
each sample were processed to extract posterior probability values for each
genotype. The imputed genotypes were filtered at a 0.75 genotype posterior
probability cut-off value (8th step in Figure 3.1) and were subsequently compared
against the 13X true genotype calls to generate a matrix containing the number of
genotypes that were imputed correctly and incorrectly (9th step in Figure 3.1).
The output for each IcCWGS dataset was used to calculate the percentage of
correctly imputed genotypes. This percentage was determined by dividing the
number of correctly imputed genotype calls by the sum of correct and incorrect
genotype calls. The percentage of correctly imputed genotypes for the three
chromosomes and the mean across chromosomes for the different depths were

visualised using the ggplot2 package (Wickham, 2016) in R.
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3.2.6 Cost effective analyses

To assess the economic advantages of employing IcCWGS in candidate
animals for subsequent genomic analyses (such as GWAS and/or genomic
predictions) over SNP arrays or WGS, we conducted a cost-benefit analysis. Four
strategies were considered; i) genotyping all animals (reference and target) with
the 65K open access SNP array, ii) IcCWGS the offspring and the parents at 5X
sequencing depth, iii) ICWGS the offspring at 1X and the parents at 5X, and iv)
IcCWGS the offspring at 0.5X and the parents at 5X. A population size of 140
parents and 2,100 offspring was assumed, representing 70 full-sib families with

30 fish per family.
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Figure 3.1 Genotype imputation workflow with GLIMPSE v.1. The down-sampled target population (16th generation) was
imputed to the reference population (15th generation) to assess imputation accuracy. Imputation accuracy was measured
against the true genotypes of the target population called using ~13X whole-genome sequencing depth.
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3.3 Results

3.3.1 Data summary

A summary of the coverage of the different whole-genome sequencing
datasets used in this study is presented in Table 3.1 (including subsampled
datasets). The initial number of SNPs in the reference panel (generation 15)
before filtering was 6,621,739 in the 26X and 6,024,277 in the 5X scenario. After
filtering, 2,797,289 SNPs remained in the 26X and 1,863,907 SNPs in the 5X

panels.

Table 3.1 Summary statistics for each high and low coverage WGS across
offspring and parents for a Nile tilapia (Oreochromis niloticus) breeding
population. CV refers to the coefficient of variation (%) (calculated as
sd/Mean x 100) and is used to provide an idea about the range or dispersion
of the data.

Reference panel (generation 15)

Depth -
Min Mean sd Max cv
26X 2199 2619 2.84 3325 10.84
5X 4.19 5 0.54 12.7 10.80
Target population (generation 16)
Depth Min Mean sd Max cv
13X 7.72 12.78 1.8 1713 14.08
5X 3.02 500 0.70 6.7 14.00
2X 1.21 200 028 2.68 14.00
1X 0.61 1.00 0.14 1.34 14.00
0.5X 0.3 0.50 0.07 0.67 14.00
0.2X 0.12 0.20 0.03 0.27 15.00
0.1X 0.06 0.01 010 0.13 14.05

3.3.2 Number of SNPs retained post-imputation

After imputation, genotypes with a genotype posterior probability below
0.75 were considered not reliable and therefore removed. The remaining
genotypes were compared against the “true” genotype calls (target population 13X
coverage). This filtering threshold can be adjusted: lowering it will retain more
genotypes but may decrease imputation accuracy, while increasing it will result in

fewer genotypes remaining for subsequent analyses but more accurate results.
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The total number of imputed SNPs retained after filtering is shown in Figure 3.2
for each scenario. When imputing to the 26X reference panel, the number of SNPs
obtained ranged from 2,177,476 SNPs for the 0.1X sequencing depth to
2,636,092 SNPs for the 5X sequencing depth of the target population, whereas
when imputing to the 5X reference panel the number of SNPs retained for the
same densities was lower, ranging from 1,367,969 to 1,784,481 for the 0.1X and
5X respectively.
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Figure 3.2 Total number of SNPs after imputation and filtering (0.75 genotype
posterior probability). The red line depicts the SNPs retained after filtering
the imputed down-sampled target data to the 26X reference panel and the
blue line is for imputation to 5X. The ribbon represents the standard
deviation of the number of SNPs between samples for the sum of the SNPs
in the three chromosomes.

3.3.3 Imputation accuracy results

All scenarios tested had similar imputation accuracies ranging between

90.23% and 94.09% (Figure 3.3). Overall, imputation accuracy increased as the
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mean sequencing depth of the target dataset increased. The mean imputation
accuracy for the target population IcWGS datasets when imputing to the 26X
reference dataset (red line in Figure 3.3) was higher compared to imputation to
the 5X reference dataset (blue line in Figure 3.3) for all low-coverages, except
when using the highest depth for the target population (5X), where imputation
accuracies to the 5X was slightly higher. Nonetheless, the differences were
marginal, with only 1-1.5% difference in imputation accuracy when imputing using
the 26X or the 5X reference panels (Table 3.2). The target population coverage
showed a similar pattern, with increasing imputation accuracies with increasing
coverage, however the difference in imputation accuracy between 0.1X and 5X
scenarios was less than 4%. When comparing imputation accuracy between the
three chromosomes, we observed that chromosome 3 consistently had a
considerably lower imputation accuracy than the other two chromosomes, and
chromosome 8 showed a marginally lower imputation accuracy than chromosome
17 (Figure 3.4).

Table 3.2 Average imputation accuracy of the IcWGS datasets when imputing
to 5X and 26X reference coverage.

Reference Target Mean

sequencing sequencing imputation :tapd::)rd
depth depth accuracy eviation

5X 0.1X 90.67 + 3.02

5X 0.2X 90.38 + 3.05

5X 0.5X 90.23 + 3.16

5X 1X 90.81 + 3.1

5X 2X 92.07 +2.92

5X 5X 94.09 +2.52

26X 0.1X 91.76 + 2.62

26X 0.2X 91.76 + 2.83

26X 0.5X 91.75 + 3.07

26X 1X 91.99 +3.13

26X 2X 92.54 + 3.03

26X 5X 93.54 +2.75
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3.3.4 Imputation accuracy of heterozygous and homozygous sites

Imputation accuracy at homozygous sites was much higher than at
heterozygous sites for coverages 0.1X, 0.2X, 0.5X, 1X and 2X, but not at 5X
(Figure 3.5 and Figure 3.6). Accuracy at heterozygous sites was particularly low
for chromosome 3 compared to the other two chromosomes. The difference in
imputation accuracy between homozygous and heterozygous sites progressively
reduced with increasing sequencing depth in the target population. For the 2X
coverage imputation accuracy was similar between heterozygous and
homozygous sites for chromosomes 8 and 17 but still lower for chromosome 3.
For the 5X coverage heterozygous sites had slightly higher accuracy than

homozygous sites.
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3.3.5 Cost-benefit analyses

In Table 3.3 we list the prices for the SNP array and IcWGS based on
recent informal quotes from typical service providers?. While we acknowledge that
these costs can vary considerably depending on the provider and volume of
samples, we consider they are realistic and valid for a theoretical comparison. An
approximate cost of £56,000 was estimated for the first strategy, where all parents
and offspring are genotyped with a 65K array (£25 per sample). The second
strategy, in which both parents and offspring are sequenced at 5X coverage, is
the most expensive, totalling to £129,920 (£58 per sample). The third strategy,
which involves sequencing parents at 5X coverage and offspring at 1X coverage,
is 6% more expensive than the first strategy. The cost for the final strategy, with
parents sequenced at 5X coverage and offspring at 0.5X coverage, is estimated
at £52,220, making it approximately 7% cheaper than the first strategy in which all
individuals are genotyped with a 65K SNP array.

Table 3.3 Summary table of the costs of genotyping for the different
scenarios.

Approximate Total approximate cost
Strategy cost per for 140 parents and 2100
individual offspring
1. All ind. genotyped with
a 65K SNP array £25 £56,000
2. Allind. sequenced at
5X sequencing depth £58 £129,920
' £58 for 5X
3. Sequence paren?s with £59.360
5X and offspring with 1X £24 4 for 1X
4. Sequence parents with £58 for 5X £59 990
5X and offspring with 0.5X £21 for 0.5X ’

3.4 Discussion and future prospects

Despite the increasing popularity of other genotyping technologies over the

past 10 years, such as genotyping by sequencing (GBS) (Robledo, Palaiokostas,

2 These prices include sample and library preparation costs.
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et al., 2018), SNP arrays remain the current standard practice for genomic
analyses in aquaculture species. In our study, we have investigated a new
alternative approach, involving a combination of IcCWGS and imputation. This
strategy offers a cost-effective method for fine-mapping GWAS, population
genetic studies, and potential improvement of genomic prediction accuracy across
populations and generations in aquaculture species. The data generated from
imputation of ICWGS contains variants unbiased to any specific population and
thus new population-specific variants can be discovered and used to update the
haplotype database of the reference panels (Martin et al., 2021). Compared to the
routinely used SNP arrays within the aquaculture sector, this approach has the
potential to significantly increase the number of discovered SNPs, which may
contribute to elucidating population specific traits. We assessed two scenarios of
imputing different IcCWGS to two densities of the reference panel. Our findings
provide valuable insights into the potential of incorporating IcWGS into future

aquaculture genetic studies.

3.4.1 Imputation accuracy

In the dataset used in this study we did not observe a large difference in
imputation accuracy when using 26X or 5X coverage in the reference panels, and
the differences between different coverages in the target population were
relatively small. However, the 26X reference panel resulted in ~800,000 more
SNPs per individual after imputation for all down-sampled target datasets. This
difference is mainly due to the larger number of SNPs initially present in the 26X
reference panel compared to the 5X panel. Additionally, it is influenced by post-
imputation filtering, where genotypes below the 0.75 genotype posterior
probability cut-off value were removed. A more stringent filtering criterion could
result in more accurately imputed genotypes; however, it would also retain a

smaller number of SNPs for subsequent analyses.

We assessed imputation accuracy in three chromosomes (largest, smallest
and medium length) and observed that chromosome 3 exhibited the lowest
accuracy compared to chromosomes 8 and 17, thereby lowering the mean

accuracy calculated for all three chromosomes. Chromosome 3 is the largest
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chromosome in O. niloticus (~3 times longer than the other chromosomes) and
has been proposed to be the result of a fusion event (Chew et al., 2002; Conte et
al., 2021), with a large part of it (>40Mbp) associated with sex determination
(Conte et al., 2019). The content of this chromosome is highly repetitive (Conte et
al., 2019, 2021). In fact, Conte et al. (2019) mention that 54.7% of this mega
chromosome was annotated as repetitive compared to 37% of the assembly
across the genome. The repetitive content of this chromosome is possibly making
it difficult to assemble and could be one of the reasons that imputation accuracy

is low.

By examining imputation accuracy of heterozygous and homozygous sites
separately, it becomes evident that imputation accuracy is significantly reduced in
heterozygous sites when coverage falls below 5X. This phenomenon has also
been noted in other studies (Hui et al., 2020; Triay et al., 2024). Triay et al. (2024)
elaborate on this issue in their study, explaining that there is a confounding effect
when only one or very few sequencing reads are obtained for a heterozygous
locus, as it is very likely that only one of the two possible alleles will be revealed.
With two reads, there is a 50% chance that only one of the alleles is revealed, and
the probability of missing the second allele is still 25% with three reads (i.e., 3X
coverage). The level of heterozygosity varies between genomes, and therefore
the overall imputation accuracy when using IcCWGS can vary greatly depending on

the population or species.

3.4.2 Cost-effective strategy for genomic analyses

Based on our results, IcWGS followed by imputation can be considered a
cost-effective alternative to WGS for genomic studies involving a large number of
animals, especially those interested in the genomic basis of complex traits.
Despite that, IcCWGS is still more expensive than the currently used SNP arrays. If
we compare the prices, the cost of 5X whole-genome sequencing was more than
two times the cost of genotyping with a 65K SNP array, and if we factor the extra
requirements in the form of computing time and expertise, it is unlikely to be
applied in aquaculture breeding programmes. Nonetheless IcWGS renders 50-
100x more SNPs than SNP arrays. Although the saved cost seems negligible for

Chapter 3 97



the fourth strategy of sequencing the parents with 5X coverage and the offspring
with 0.5X coverage, we must consider the significant increase in discovered
markers that might be useful for research studies. Considering the low cost
associated with very sparse IcWGS (< 1X for offspring), it's possible to increase
the sample size for genomic studies compared to using SNP arrays, thereby

achieving a higher statistical power.

3.4.3 Other low-coverage imputation studies

Studies in other species report promising imputation accuracy results. In a
study of yellow croaker by Zhang et al. (2021) they used STICH for imputation and
showed imputation accuracy results (measured as Pearson correlation coefficient)
of 0.82 for 0.5X, 0.92 for 1X, and 0.97 for the 4X coverage, when they applied a
cut-off filtering at a 0.7 genotype posterior probability. However, for the depth of
0.1X, imputation accuracy dropped dramatically to 0.04. In the cassava root crop,
Long et al. (2022) found that imputation accuracies achieved with 0.5X
sequencing coverage using Oxford Nanopore long-read sequencing data and the
practical haplotype graph (PHG) tool for imputation, were comparable to those
achieved with 5X sequencing coverage (r?>0.8). In addition, PHG was able to
distinguish between the available homozygous and heterozygous genotypes at
the low-coverage of 0.5X and adding additional sequence data did not increase
the accuracy. In another study involving cattle conducted by Teng et al. (2022),
various imputation software programmes were compared, testing diverse
combinations of reference population sizes, sample sizes, and sequencing
depths. With a reference size of 1,059 individuals, sample size exhibited minimal
impact on GLIMPSE. To achieve an accuracy exceeding r’=0.90, a sequencing
depth greater than 0.2X was necessary for GLIMPSE. Two other notable software
used for imputation in this study, Genelmp and QUILT, demonstrated relative
robustness across varying sample sizes and sequencing depths. Across all
sample sizes (100-800) and sequencing depths (0.1X to 1X), Genelmp yielded
imputation accuracies ranging from 0.94 to 0.96, while QUILT provided imputation
accuracies of ranging from 0.97 to 0.98. Finally, in another study with cattle (Lamb,

Nguyen, Copley, et al., 2023) imputation accuracy (measured as correctly imputed
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genotypes divided by the total) at 0.5X sequencing depth using QUILT was 0.96,
while using GLIMPSE, accuracy was 0.8.

In our study we did not test genomic prediction accuracy due to the lack of
available phenotypic data. However, assessing this accuracy will be necessary
to determine the feasibility of implementing this method in genomic selection.
Other studies have shown that when WGS coverage is lower or equal to 1X, the
use of genotype imputation can give similar genomic prediction accuracy to
higher-coverage resequencing in pigs (Yang et al., 2021), dairy cattle (Teng et al.,
2022) and yellow croaker (Zhang et al., 2021). Zhang et al. (2021) compared the
effect of different sequencing depths on the accuracy of genomic prediction and
noted that the genomic prediction accuracy obtained using 0.5X was similar to
that obtained using 8X. In another study by Lamb, Nguyen, Copley, et al. (2023),
a comparison was made between the accuracy of imputed genomic estimated
breeding values (GEBVs) using QUILT and GLIMPSE and GEBVs derived from
the bovine SNP array. Results indicated no difference between GEBVs obtained
from the 35K SNP array and Oxford Nanopore sequencing coverages as low as
0.1X for QUILT and 0.5X for GLIMPSE. Using QUILT, the correlations between
genomic breeding values obtained from Oxford Nanopore sequencing and those
from low-density SNP arrays surpassed 0.91, reaching numbers as high as 0.97
even with sequencing coverages as low as 0.1X, with a reference panel
comprising 48 million SNPs. These studies illustrate that with an appropriate

imputation strategy genomic prediction can be accurately performed.

3.4.4 Future prospects

The findings in this study suggest that IcCWGS with sequencing depths as
low as 0.5X or 1X could be sufficient to produce cost-comparable information to
SNP arrays. However, caution should be exercised because the low imputation
accuracy of heterozygous sites may affect subsequent analyses and methods that
are sensitive to rare variant genotypes. Compared to SNP arrays, ultra-low-
coverage sequencing data present the challenge of the uncertainty of the

genotypes we obtain.

More studies should be conducted in the future using the whole-genome of
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Oreochromis niloticus, but other aquaculture species as well to obtain a more
complete picture of the possibilities of using IcWGS. Additionally, in order to use
low-coverage panels for genomic selection, prediction accuracy of the imputed

panels should be tested and compared to WGS and high-density SNP arrays.
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Chapter 4
Incorporating Functional Annotation into Genomic
Prediction: Impact on a Turbot (Scophthalmus maximus)
Population Challenged with the Parasite Philasterides
dicentrarchi

4.1 Introduction

Infectious diseases pose a significant threat to farmed animals, impacting
their health, welfare, and production, consequently jeopardizing food security.
Effective solutions are needed to reduce the spread of infectious diseases.
Despite efforts with conventional control methods such as chemical treatments,
antibiotics, vaccination or implementation of biosecurity measures, the
persistence of infectious diseases remains a challenge. In recent years, there has
been a growing interest in enhancing host responses to infectious pathogens to
control disease. Genomic selection can prevent or reduce disease spread by
selecting for increased survival in a population, offering an alternative or
supplementary approach to conventional control methods (Pooley et al., 2020;
Hulst, de Jong and Bijma, 2021). While selecting for crude survival is sufficient to
reduce the impact of infectious diseases, using refined phenotypes that take into
account the epidemiology of the disease and incorporating prior functional
information into prediction models can be more efficient, but is rarely studied in

aquaculture.

To effectively select animals with the best performance for a complex trait,
we need to characterize the genetic makeup of the trait and enhance the accuracy
of genomic prediction, which are the two primary objectives of quantitative
genetics. Genomic prediction accuracy can be improved by the use of causal
variants (Meuwissen et al., 2022). The identification of causal variants can help
avoid the reduction in prediction accuracy due to recombination, which causes
reduction in correlations between SNPs and causal variants. Knowledge of the
causal variants can thus lead to more accurate estimation of marker effects and

the ability to capture more of the genetic variance (Meuwissen et al., 2022).
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A typical approach for pinpointing causal variants associated with complex
traits begins with conducting a genome-wide association study (GWAS).
However, achieving precise mapping demands a denser marker coverage than
what's typically used in genomic prediction. Ideally, sequencing genotypes would
fulfil this need but not all individuals can be sequenced due to high cost, thus
imputation of genotypes can help achieve this goal. With all sequence variants
incorporated into the dataset, the analysis holds potential to uncover the causal
variants. However, even with sequencing the dataset rarely includes all of the
variants because they are either difficult to genotype, filtered out during quality
control or poorly imputed. Success to identify causal mutations for complex traits
in aquatic species is very limited and has generally been restricted to variants that
have large effects or the identification of segments of the genome where the

variant exists rather than the causal variant itself (Yafiez et al., 2023b).

It is widely known that most disease traits are regulated by many genes
with small effects (Fraslin et al., 2020), and most of the causal variants are located
in poorly annotated non-coding regions (Dunham et al., 2012; Albert and Kruglyak,
2015; Pan et al., 2021; Prowse-Wilkins et al., 2021). Finding the causative
gene/mutation underlying a quantitative trait locus (QTL) can be challenging when
there is a number of SNPs in linkage disequilibrium present in a region. To
address the issue of linkage disequilibrium, the annotation of the genome can be
utilized. Improved functional annotation information from projects such as AQUA-
FAANG (Advancing European Aquaculture by Genome Functional Annotation),
where active regulatory elements have been described, can help identify the
candidate causative gene/mutation. AQUA-FAANG results, namely functional
annotation maps, are freely available and easily accessible through Ensemble
(https://www.ensembl.org/index.html). These can be overlapped with genome-
wide genetic markers to identify genetic variants within protein coding genes and
non-coding regulatory elements that could directly impact phenotypes. This
overlap would in theory enrich a set of genetic variants in causal variants that can
contribute to discriminating causative mutations of all those others in linkage
disequilibrium detected in GWAS, discovering the underlying genomic basis of
variation in traits of interest. Utilizing sophisticated methods to leverage biological

data becomes essential for effectively connecting genotypic information with

Chapter 4 102



phenotypes (Allayee et al., 2023); however, it is crucial to employ appropriate
statistical models to link such information (Tonner, Pressman and Ross, 2022;
Yao et al., 2024).

In standard genomic selection (GBLUP), the genetic similarity between
individuals determines how similar their performance will be, which is true under
the infinitesimal model, in which every region of the genome influences the trait
with equal weight (Barton, Etheridge and Véber, 2017). In the case of oligogenic
traits or traits that are influenced by a small number of QTLs explaining a big
proportion of the variation, similarities between the genomes of two individuals
may not accurately capture similarities in performance, as all the variants in the
genome will be given the same weight (Daetwyler et al., 2010). Several Bayesian
methods have been developed to optimise the performance of prediction models,
where relevant markers can be prioritised and categorised according to their

functional annotation (Mollandin et al., 2022a).

In aquaculture, disease resistance traits are essential components of
selective breeding programmes. These traits necessitate frequent disease
challenges every generation, resulting in significant economic and welfare costs.
The identification and incorporation of putative causative variants for complex
traits into the model, can mitigate concerns about the breakdown of linkage
disequilibrium between the identified (from GWAS) variants and the causative
variants occurring across generations (Habier, Fernando and Dekkers, 2007; Ma
etal., 2019). As a result, the genetic distance between individuals, which is crucial
for accurate across generation prediction, becomes of minimal importance
because the breakdown of linkage disequilibrium between the marker and the
responsible gene or regulatory region is no longer a concern (Habier, Fernando
and Dekkers, 2007; MacLeod, Hayes and Goddard, 2014). The combination of
functional annotation information with emerging methods developed to
incorporate such information can lead to more accurate selection improving the
portability of genetic data across several generations (Johnston et al., 2024). This

could reduce the need for disease challenges in commercial farms.

In addition to the incorporation of functional annotation information, the
refinement of the phenotypes we use to measure disease resistance could also

lead to increased genetic progress. A previously published study by Anacleto et
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al. (2019), was specifically designed to disentangle the different epidemiological
components of a turbot (Scophthalmus maximus) population response to infection
with Philasterides dicentrarchi, a ciliate parasite that causes high mortality in
farmed flatfish. Parasites are naturally present in every healthy ecosystem,
typically causing minimal impact on the overall fitness of healthy fish, but they can
become a serious problem under the stressful conditions when fish are reared in
crowded captive environments, greatly increasing the rates of transmission
between individuals (Lieke et al., 2020). The disease caused by this ciliate is
called scuticociliatosis and clinical signs include haemorrhagic skin ulcers,
darkened skin, swimming behaviour alterations, exophthalmos, and/or abdominal
distension as a result of accumulation of ascitic fluid in the body cavity (lglesias et
al., 2001; Piazzon, Leiro and Lamas, 2013). This disease is responsible for very
important economic losses not only for the turbot industry, but also for other

aquaculture species.

In their study, Anacleto et al. (2019) designed a disease transmission
experiment using an infection model to provide direct evidence for genetic
variation in host infectivity, resistance and endurance. In our study, we used the
restriction-site associated DNA sequencing (RAD-seq) genotypes of the turbot
challenged population mentioned above and imputed them to whole-genome
genotypes using their whole-genome sequenced parents. Subsequently, the
imputed genotypes were used to test the impact of incorporation of putative
functional variants on the genomic prediction accuracy. The objectives of this
chapter were to i) estimate the genetic variance of the disease traits using the
imputed genotypes with GBLUP and Bayesian models ii) calculate genomic
prediction accuracy of the different models and iii) assess changes in genomic
prediction accuracy when functional annotation is incorporated in the Bayesian

models.

Chapter 4 104



4.2 Materials and methods

4.2.1 Experimental design

The transmission experimental design to detect genetic differences in host
resistance, infectivity and tolerance for one of the trials is summarized in Figure
4.1 (from Anacleto et al., 2019). In brief, there were two consecutive trials with 72
tanks in total (36 tanks in each trial). Each tank consisted of five artificially
inoculated fish (shedders) from one family, and 20 susceptible fish (recipients)
from four different families. The recipient families were distributed in tanks,
resulting in the creation of nine combinations. Each combination included one of
each of the four shedder families (S1 to S4). Fish were inspected twice a day over

the duration of the experiment for visual signs of infection and for mortality.

b 4 shedder families
A

8 8 8 85
- A

+
v

suolysodwoo Ajwej uaidioal

2 replicates of each recipient family

Figure 4.1 The figure illustrates the composition of the tanks used in the
experimental design for studying the transmission of Philasterides
dicentrarchi in turbot (from Anacleto et al. 2019). “S” refers to shedder and
“R” to recipient fish.

4.2.2 Epidemiological traits

Three key epidemiological host traits were used for the analysis:
susceptibility (propensity to acquire infection), infectivity (propensity to pass on

infection to others), and recoverability or mortality post infection (time from
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symptoms until death), which affects the duration of an infected animal to transmit
the infection (Pooley et al., 2020). A fourth trait named RO, which is a composite
trait of the three above (RO ~ susceptibility * infectivity * recoverability) was also
evaluated. These four traits were inferred using the SIRE model (Pooley et al.,
2020). In addition to these inferred traits, we also used the “days to death” as a

trait, after transformation to scale and centre for the two trials.

4.2.3 Genotypes and imputation to whole-genome sequence

The turbot dataset consisted of 1,445 animals from 39 full-sib families,
challenged with Philasterides dicentrarchi using a semi-factorial design. This
design involved donor and recipient families as depicted in Figure 4.1 (Anacleto
et al., 2019) that were genotyped using 2bRAD-seq resulting in the acquisition of
17,690 SNPs (Maroso et al., 2018).

For the current study, the 54 parents of the challenged fish were whole-
genome sequenced using a Novaseq 6000 sequencing platform (150 bases of
paired-end reads). Adapter sequences were trimmed and quality control of the
raw paired-end read files was conducted using Trim Galore v.0.6.3
(https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/). This step runs
a paired-end validation on both files once the trimming is complete and removes
entire read pairs if at least one of the two sequences became shorter than 20bp
in length. The filtered reads were aligned to the new high-quality chromosome
level genome assembly of turbot (RefSeq GCA_013347765.1) (Martinez et al.,
2021) with BWA-MEM v.0.7.17 using the default parameters. PCR duplicates and
alignments with a minimum mapping quality of 10 were discarded from the

subsequent analysis using Picard (http://broadinstitute.github.io/picard/).

Single nucleotide polymorphisms (SNPs) were called with BCFtools v.1.9,
and genotypes were filtered in a two-step process using the same software. First,
only SNPs with mapping quality (MQ) >40, quality score (QUAL) >300, and
combined depth across samples (INFO/DP) <1200 and >350 were retained. Then,
multiallelic SNPs and indels, monomorphic SNPs and SNPs in close proximity of
indels were removed as alignment of sequences around indels can often be

problematic. Finally, in addition to the SNP calling, collaborator Zexin Jiao
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genotyped structural variants (SVs) on the same dataset using a custom pipeline
(Bertolotti et al., 2020).

The resulting dataset of 54 WGS parents was further filtered with PLINK
v.1.9 (Purcell et al., 2007), excluding individuals with >20% missing genotypes
and variants with >10% missing genotypes, MAF<0.05, and significant deviation
from Hardy—Weinberg Equilibrium (P-value < 107°). After merging the genotypes
of the parents and the offspring, these were additionally filtered in PLINK for

Mendelian error rates to remove SNPs that exceed 10%.

The final parental genotypes were used as the reference population to
impute the 2bRAD-seq genotypes of their offspring with FImpute v.3 (Sargolzaei,
Chesnais and Schenkel, 2014). For the imputation analysis, random filling based
on allele frequency was turned off, and genotypes with Mendelian inconsistencies
between the progeny and the parents were set to missing and re-imputed. Post-
imputation, quality control was applied to the imputed genotypes using PLINK,
excluding individuals with >20% missing genotypes, variants with >10% missing
genotypes, MAF<0.05, and significant deviation from Hardy—Weinberg

Equilibrium (P-value <108) from subsequent analyses.

4.2.4 Estimation of genetic parameters and genomic relationship
matrix

After quality control, the filtered imputed dataset was used to estimate the
genetic parameters of the traits with ASREML v.4.2 (Gilmour, Gogel and Welham,
2021), using the following linear mixed model (Eq. 4.1):

y=u+Za+e (Eq.4.1)

where y is a vector of observed phenotypes, u is the overall mean of phenotype
records, a is a vector of additive genetic effects distributed as a~N (0, Go?), where
a2 is the additive (genetic) variance and G is the genomic relationship matrix. Z is
the incidence matrix for the additive effects, and e is a vector of residuals. The
models did not include tank as fixed effect, as it was already taken into account
when the epidemiological traits were inferred.

The genomic relationship matrix between pairs of individuals j and k (gjk)
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was calculated using GCTA v.1.24.7 (Yang et al., 2011) as follows :

g: _ 1N Oj—2pi) (xik—2p1)
Je T NAEL S api1-py)

(Eq. 4.2)

where N is the total number of SNPs, x;; and x;;, are the number of copies of the
reference allele for the it" SNP for the j* and k" fish, respectively, and p; is the
frequency of the reference allele estimated from the markers. Two genomic
relationship matrices were constructed, one using the filtered 2bRAd-seq

genotypes and another one after imputation to whole-genome genotypes.

4.2.5 Genome-wide association study

Genome-wide association study (GWAS) was conducted for each trait,
before and after imputation. The GWAS was performed using a mixed linear
model association (MLMA) (Eq. 4.3) with the leave-one-chromosome-out (LOCO)

option implemented in GCTA v.1.24.7:
yi=Hu-+ a;gij +u; +e; (Eq4.3)

in which y; is the observed phenotype of the i individual, u the overall mean in
the population, q; is the additive genetic effect of the reference allele for the jth
SNP with its genotype for individual i (g;;) coded as 0, 1 or 2, and e; is the residual
effect following a normal and independent distribution e~N(0,102), with o2 the
residual variance. Finally, u; the random vector of polygenic effects followed a
normal distribution u~N (0, Gagz) with ag2 the estimated genetic variance and G a
partial GRM constructed with 21 chromosomes after removing the chromosome
containing the j®* SNP since the analysis was performed using the leave-one-

chromosome-out (MLMA-LOCO) approach.

4.2.6 Estimation of genetic parameters with BayesRCO

BayesRCO (Mollandin et al., 2022a) software was used for genomic
prediction, which utilises a Bayesian Gaussian mixture model and the different

parameters are estimated using a Markov Chain Monte Carlo (MCMC) algorithm.
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BayesRCO implements different Bayesian hierarchical models, where the effects
of the variants are assumed to follow a Gaussian mixture distribution with different
number of components. The models can integrate prior biological information
(e.g., functional annotations, candidate gene lists, known causal variants) with the

variants being grouped into potentially overlapping annotation categories.

All Bayesian models in BayesRCO exploit the general statistical model

below for genomic prediction by best estimating a vector of SNP effects 3:
y=ul,+ XB +e,
e~ N(O, Inag)

The various models are differentiated by defining distinct prior distributions on the
SNP effect vector .

BayesR

BayesR includes a single prior annotation category to which all SNPs are

assigned and assumes that SNP effects follow a four-component normal mixture:
4
FB)= ), mfil 16

s ifk=1
0,6,) otherwise

fe= {¢('

where 0 = (6, ,65,6,) = (0.000162,0.00102,0.0152), Y e = 1,8(0)

represents a point mass at 0, and ¢ is the centred Gaussian probability density
function. The BayesR model implies that markers are assigned to one of four
different effect size classes: null, small, medium or large, corresponding

respectively to 0%, 0.01%, 0.1% and 1% of the total additive genetic variance ;.

BayesRCmr

The BayesRCt model enables the prior assignment of markers to multiple
categories that may overlap, and these various annotation categories cumulatively
influence the estimation of the marker effects. Each variant (variant i) has a
corresponding set of annotations Ci € {c;,c4,...,cn}. Depending on the case,

variant i can have a single annotation (i.e., |Ci|= 1) or be multi-annotated (i.e.,
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|Ci|= 1). Specifically, this model defines a mixture of mixtures prior distribution for
SNP effects:

4
FBIC) =) Pre ) Tefic (16
CEC; k=1
5(0), ifk=1

such that f(k) = {(p('lO, 0k) otherwise

where 6 = (6,,65,6,) = (0.000162,0.00162,0.0162), Yit_,m,=1 for all
c € {c1,Cy, ..., Gy, 6(0) represents a point mass at 0, and ¢ is the centred Gaussian
probability density function. The markers are assigned to one of four different
effect size classes: null, small, medium or large, corresponding respectively to the
default values of 0%, 0.01%, 0.1% and 1% of the total additive genetic variance
o2. The mixing parameter p; €]0,1]!! is introduced for SNP i in its set of
annotations C;, such that Y...c,p;c = 1 for all i. The mixing proportions 7. are
assumed to follow a Dirichlet prior, giving the posterior f(r.| -) ~Dirichlet(a + y,),
with @« = (1,1,1,1). The mixing proportions p; are assumed to follow a Dirichlet

prior, with size depending on the cardinality of the annotation set of each SNP i.

BayesRC+

The BayesRC+ model assigns an additive impact of multiple annotation
categories on estimated SNP effects. This model offers an alternative way of
interpreting a multi-annotated marker by assuming that more weight should be
attributed to markers with a high number of annotations. Variants with multiple
annotations are more likely to be considered as non-null in the model, leading to
a larger estimated effect. To address this, BayesRC+ introduces the following

cumulative mixture prior distribution for the effect of SNP i:

fFBIC)= ) i e i - 1610

ceC; k=1

§(0), ifk=1

such that f (k) = {cp('IO, 0k) otherwise

where 6, §(0)and ¢ are defined as before and Yj_ my. =1 for all

ce{cy, cy, ..., Cp ). Prior and posterior distributions for the mixing proportions 7. are
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as described above in BayesRC1 model.

Gibbs sampler

Bayesian inference is performed in all cases by obtaining draws from the
posterior distribution using a Gibbs sampler. Model parameters are subsequently
estimated using the posterior mean across iterations, after excluding a burn-in
phase and thinning draws. The Gibbs sampler parameters were set to 60,000

iterations, including 30,000 as a burn-in and a thinning rate of 10.

4.2.7 Cross-validation for genomic-based prediction accuracy

The accuracy of genomic prediction was estimated by five replicates of
fivefold cross-validation analysis (80% of individuals in the training set and 20%
in the validation set) (Tsairidou, 2019). For each replicate, different individuals
were randomly allocated and partitioned into different cross-validation groups. The
phenotypes in the validation set were masked, and genomic best linear unbiased
prediction (GBLUP) was applied to predict the breeding values of the validation
set individuals in ASReml 4.2, using the linear mixed model described in Eq. 4.1.
The same five replicates of five groups split into training and validation sets were
used for prediction of breeding values with the BayesRCO software (Mollandin et
al., 2022a).

Additionally, to test the ability to perform accurate prediction across
unrelated individuals, the population was split in five groups where each group
consisted of full and half-sib families, with fish between the different groups not
sharing any of their parents. The table with the design of the families in each of
the five groups for the cross-validation analyses, together with the number of
offspring in each group can be found in the supplementary material

(Supplementary table 4.1).

Prediction accuracy (r) was calculated for each trait and averaged across
folds and replicates as the Pearson correlation between the predicted breeding

values (y) in the validation set and the actual phenotypes (y), divided by the square

root of the trait's heritability (h) [r = @] (Legarra et al., 2008).
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4.2.8 Annotation categories

For the different functional categories used (see below), variants were
characterized as belonging to that category (1) or not (0), and variants not fitting
to any of the functional categories were grouped into the "other" category. Each
variant, depending on the scenario, was associated with a distinct set of
annotations and could be categorized under either a single annotation or multiple

annotations.

Non-synonymous and other high impact protein coding mutations

One of the scenarios involved variants affecting protein coding such as
non-synonymous mutations, premature stop codons or new transcription start
sites. SnpEff v.5.2 (Cingolani et al., 2012) was used to annotate and predict the
effects of genetic variants on genes and proteins (such as amino acid changes)
using Sequence Ontology terms. SnpEff outputs, among other information, the
putative impact/deleteriousness of the variant in four levels (high, moderate, low,
modifier), the common gene name if the variant is in or close to a gene, and also
the type of feature (e.g., transcript, missense variants, start lost, intergenic region,
synonymous variant, etc.) in Sequence Ontology terms. Variants annotated with
SnpEff were set as belonging to this category potentially affecting protein function,
if they were not classified as intergenic, intron, non-coding, 5 prime UTR
(untranslated region) variant, 3 prime UTR variant and synonymous variant. The
Sequence Ontology terms describing the variants that were used in this category
are summarized in a table at the supplementary material of this chapter

(Supplementary table 4.2 and Supplementary table 4.3).

Markers in regulatory elements

Regulatory elements such as promoters and enhancers that were
annotated within the AQUA-FAANG project using data from ATAC-seq (assay for
transposase-accessible chromatin with sequencing) and ChiP-seq (chromatin
immunoprecipitation assays with sequencing) (Ernst and Kellis, 2017; Aramburu
etal. 2024, in preparation) were used as another functional category in the present
study. SNPs and structural variants overlapping with the regulatory elements were
assigned to this functional category.
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BayesRCO annotation scenarios
We tested 3 scenarios of SNP and SV categorization:

1. The first scenario tested the impact of prioritising genetic markers
potentially affecting protein function. The model had three categories: i)
SNPs with relevant SnpEff annotation, ii) SVs with relevant SnpEff
annotation, and iii) all remaining SNPs and SVs.

2. The second scenario tested the impact of regulatory variants. The model
had three categories: i) SNPs overlapping with regulatory elements
(promoters and enhancers), ii) SVs overlapping with regulatory elements
(enhancers and promoters), and iii) all remaining SNPs and SVs.

3. Third scenario was a combination of the two previous scenarios. The model
had five categories: i) SNPs with relevant SnpEff annotation, ii) SVs with
relevant SnpEff annotation, iii) SNPs overlapping with regulatory elements
(promoters and enhancers), iv) SVs overlapping with regulatory elements

(promoters and enhancers), and v) all remaining SNPs and SVs.

4.3 Results

4.3.1 Data summary and genetic parameters

The average sequencing coverage across the 54 whole-genome
sequenced samples (parents of the challenged population) was ~14 + 8.6. After
SNPs and SV calling and filtering, 2,807,473 markers remained (2,800,888 SNPs
and 6,585 SVs). The genotypes of the parents (WGS) were then merged with the
genotypes of the offspring (2b-RADseq) and after removing Mendelian
inconsistencies (1,207 SNPs), 8,694 common SNPs were retained from the
offspring dataset, which were used as anchorage for imputation of the offspring to
whole-genome genotypes. After imputation, the final dataset consisted of 1,370
offspring genotyped for 1,274,749 variants (1,271,532 SNPs and 3,217 SVs).

Heritability estimates for the five traits with ASReml before and after
imputation can be found in Table 4.1. Although the estimates before imputation
were lower compared to the ones after imputation the difference was only
statistically significant for RO. Table 4.1 also presents heritability estimates

obtained using the BayesRCO software for the different Bayesian models. We
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observed higher heritability estimates compared to GBLUP for most of the
Bayesian models, with BayesRC1r estimates being slightly higher than those from
BayesR. Heritability estimates for BayesRC+ were 1 for all traits, even after
increasing the Gibbs sampler iterations to 80,000. According to the developers
(personal communication with Dr Andrea Rau and Dr Fanny Mollandin), who
observed similar results with this model, these estimates are often biased,
particularly when dealing with a large number of genetic variants, such as WGS
data. In such cases, the genetic variance tends to be overestimated relative to the
residual variance leading to heritability estimates close to 1. These estimates are
not reliable and thus prediction accuracy results from the BayesRC+ model were

not included in the results of this chapter.
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Table 4.1 Heritability estimates of the different traits before and after imputation with GBLUP and the different Bayesian

models.
GBLUP BayesRCtr
. PRRTT PSRTT BayesR :
Trait Heritability Heritability . Y Scenario 22
estimate before | estimate after (no annotation) |  Scenario 1 (enhancers + Scenario 33
- - . . (SnpEff)
imputation imputation promoters)
RO 0.63 £ 0.03 0.70+£0.03 0.67 £ 0.004 0.69 + 0.001 0.71 £ 0.001 0.81 £ 0.002
Infectivity 0.18 £ 0.04 0.20 £ 0.04 0.22 + 0.001 0.26 + 0.001 0.26 + 0.001 0.30 + 0.001
Susceptibility 0.29+0.04 0.32+0.04 0.32 £ 0.001 0.35 £ 0.001 0.36 £ 0.001 0.38 £ 0.001
Recoverability 0.12+£0.03 0.14 £ 0.04 0.13 £ 0.001 0.21 £ 0.001 0.20 + 0.001 0.25 + 0.001
Transformed 0.14 +0.03 0.15+0.04 0.13+0.001 | 0.23+0.001 | 0.21+0.001 | 0.27 +0.001
days to death

! Scenario 1 included SNPs and SVs with relevant SnpEff annotation

2 Scenario 2 included SNPs and SVs overlapping with regulatory elements (promoters and enhancers).
3 Scenario 3 combined the scenario 1 and 2 by including categories for SNPs and SVs with relevant SnpEff annotation and overlapping with regulatory

elements.
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4.3.2 Annotation categories

A total of 24,072 SNPs and 3,217 SVs were assigned to functional
categories with a potential impact on protein function according to SnpEff. The
predicted effects with their Sequence Ontology term and the four levels of their
putative impact can be found in the supplementary material (Supplementary
table 4.2 and Supplementary table 4.3). A summary of the number of SNPs and
SVs in each putative impact category after annotation with SnpEff can be found
in Table 4.2. The total number of SVs in Table 4.2 is 3,734 because some SVs
were predicted by SnpEff to have more than one effect category (in Sequence
Ontology terms, as shown in Supplementary table 4.3). Consequently, their
putative impact may fall into more than one of the four impact levels: high, low,
moderate, or modifier. A total of 13,387 SNPs and 119 SVs were overlapping with

the position of promoters and enhancers in the turbot genome.

Table 4.2 Number of SNPs and SVs categorised according to their putative
impact on protein function after annotation with SnpEff.

Putative Number of Number of
impact SNPs SVs
HIGH 566 158
LOW 1,680 43
MODERATE 21,799 6
MODIFIER 27 3,527
Total 24,072 3,734

4.3.3 Genome-wide association analysis

GWAS using the non-imputed and the imputed data identified a polygenic
genetic architecture for three of the traits (susceptibility, infectivity and
transformed days to death), with no variant surpassing the genome-wide
significance threshold (Figure 4.5). However, some variants for these traits
showed suggestive association (blue line in Figure 4.5), but not for the same

chromosomes before and after imputation.
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Post imputation there were three suggestive SNPs for the trait of
susceptibility in chromosomes 8 and 16. Three suggestive SNPs were also
detected on chromosome 10 for infectivity. For recoverability there were three
suggestive SNPs on chromosomes 12, 16, and 17 and one on chromosome 12
surpassing the genome wide significance threshold. For the composite trait of RO,
there were thirty-nine SNPs showing suggestive association on chromosomes 2,
3,4,5,10, 12, 13, 14, 16, 17, 18, 19, 21 and 22. For the same trait five SNPs
reached genome-wide significance in chromosome 5, 10, and 13. No SNP
surpassed any of the two thresholds for the trait of the transformed days to death

post imputation.

Tables in the supplementary materials at the end of this chapter
(Supplementary table 4.4 to Supplementary table 4.8) contain information
about the number, position and p value for the variants surpassing the
chromosome wide and genome wide significance thresholds before and after

imputation.

4.3.4 Incorporation of functional annotation into genomic prediction

The imputed genotypes of the offspring were used to estimate genomic
prediction accuracies for the disease traits using GBLUP (fitted in ASReml) and
Bayesian models (fitted in BayesRCO). BayesR, which does not incorporate
annotation information, was used as a baseline for comparison with the
BayesRC1 model, which included various annotation scenarios. Overall, the
results showed that both BayesR and GBLUP outperformed most BayesRCtmt
models in terms of genomic prediction accuracy (Table 4.3). When comparing
GBLUP to BayesR, GBLUP slightly outperformed BayesR for most traits, except
for recoverability, for which accuracies were similar, and transformed days to

death, for which BayesR performed better.

More specifically, for the composite trait RO, GBLUP, BayesR and
BayesRC1 model with annotation categories from SnpEff (scenario 1), performed
quite similarly with prediction accuracies very close to 1. For the same ftrait,
scenarios 2 and 3 achieved 2% and 10% lower prediction accuracy, respectively,
compared to BayesR, and 4% and 12% lower accuracy compared to GBLUP. For

infectivity, BayesR achieved 12% higher accuracy compared to scenario 1, 11%
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higher than scenario 2 and 16% higher than scenario 3. For transformed days to
death, BayesR was approximately 6.5% more accurate than GBLUP and 23%
(scenario 2) to 32% (scenario 3) more accurate than the BayesRC1 models with
annotations. For recoverability, BayesR showed similar accuracy to GBLUP
whereas the three BayesRC1r scenarios had approximately 22% (scenario 2) to

31% (scenario 3) lower accuracy than BayesR.

A notable difference between the two approaches (GBLUP and Bayesian
models) is the considerable variation in their running times. On average, ASReml
GBLUP required just 3 minutes and 30 seconds to complete one group of the 5-
fold cross-validation. In contrast, the BayesRC1r model took approximately 2 days
and 12 hours to run a single group, meaning running 5 cross-validation replicates

with 5 groups each would require a total of 62.5 days of computational time.
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Manhattan plots for transformed days to death
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Figure 4.6 Manhattan plots of the GWAS with GCTA software, using the
MLMA LOCO (leave-one-chromosome-out) approach for the traits of
susceptibility, infectivity, recovery, RO and transformed days to death. The
values on the y-axis represent the —log10 of the P value and the x-axis the
positions on the chromosomes. The red line is the 5% genome-wide
significance threshold and the blue line is the 5% chromosome-wide
significance threshold (Bonferroni correction).
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Table 4.3 Genomic prediction accuracy results using imputed genotypes. The accuracy of the breeding values (including
the standard deviation between replicates) was measured for results obtained with GBLUP and the Bayesian models for

the different scenarios incorporating functional annotation information.

days to death

BayesR BayesRCr

Trait GBLUP (no annotation) . a4 Scenario 2°
(ASReml) Scenario 1 . g
(SnpEff) (enhancers + Scenario 3

P promoters)
RO 1.00 £ 0.03 0.98£0.10 0.99 £ 0.05 0.96 £ 0.09 0.88 £0.08
Infectivity 0.76 £ 0.16 0.73+0.14 0.64 £0.14 0.65+0.15 0.61 £0.11
Susceptibility 0.88 £0.09 0.85+0.13 0.82+0.11 0.70+£0.19 0.75+£0.13
Recoverability 0.64 £0.19 0.65+0.17 0.49+£0.15 0.51+0.14 0.45+0.12
Transformed 0.58 +0.16 0.62 +0.17 0.47 +0.13 0.48 +0.14 0.42 +0.12

4 Scenario 1 included SNPs and SVs with relevant SnpEff annotation
5 Scenario 2 included SNPs and SVs overlapping with regulatory elements (promoters and enhancers).
6 Scenario 3 combined the scenario 1 and 2 by including categories for SNPs and SVs with relevant SnpEff annotation and overlapping with regulatory elements.

Chapter 4

121




4.3.5 Accuracy of prediction across unrelated individuals

When the individuals were split in groups that contained separately full and
half-sib families (fish in reference and validation groups did not share any common
parents and so they were distantly related), no matter the trait the accuracy of
prediction obtained with both GBLUP and BayesRC1r achieved were null or near
zero (Table 4.4).

Table 4.4 Accuracy of prediction (+ standard deviation) across unrelated
individuals.

BayesRCtr
Groups of distantly
related individuals
Scenario 1 (SnpEff)

GBLUP (ASReml)
Trait Groups of distantly
related individuals

RO -0.15 £ 0.21 -0.17 £ 0.19
Infectivity 0.01+0.26 0.01+£0.22
Susceptibility 0.09 £ 0.42 0.09 +0.42
Recoverability 0.15+0.22 0.13+0.16

Transformed days to

death 0.08 £0.30 0.08 £ 0.22

4.4 Discussion and future prospects

In this study, we utilized the imputed WGS genotypes of a turbot population
to assess the predictive ability of GBLUP and Bayesian models by prioritising
variants based on functional annotations for inferred epidemiological traits. We
incorporated multiple overlapping annotation information into BayesRCt models
for this evaluation, and the BayesR model without annotations was used as a
standard for comparison. Our observations revealed that GBLUP and BayesR
generally outperformed Bayesian models with annotations in terms of prediction

accuracy and GBLUP was much faster in terms of computational running time.
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4.5 Accuracy of Bayesian and GBLUP models

The accuracy of genomic prediction is influenced by the model used due to
its prior assumptions about SNP effects, as it reflects the underlying architecture
of the trait (Daetwyler et al., 2010). The assumption of Bayesian models that
genetic variation is driven by a small subset of SNPs can offer an advantage over
the GBLUP model when the trait’s architecture is influenced by a few major QTL.
This is showed in a study for survival to Streptococcus sp. in Tilapia (Joshi et al.,
2021) where prediction accuracy of the Bayesian models, including BayesR
(0.67), was higher than GBLUP (0.56). The authors indicate that this may be
because the trait is controlled by a limited number of major QTL, supported by
their results and the results of other studies in different strains of the same
pathogen (Weigel et al., 2009). If the trait’s architecture is polygenic, as in our
case, GBLUP models may be just as accurate, or in some cases even outperform
Bayesian models (MacLeod, Hayes and Goddard, 2014; Joshi et al., 2021).

Several studies have been conducted to compare the predictive ability of
Bayesian and GBLUP methods (Song et al., 2023). For example, in a study on
survival rates of Japanese flounder (Liu et al., 2018), BayesCm and GBLUP
achieved similar predictive accuracies for the selection candidates with values of
0.61 and 0.60 respectively. In another study (Nguyen, Phuthaworn and Knibb,
2020) the authors report that GBLUP had similar predictive power to non-linear
approaches such as BayesC and BayesCrr, particularly for growth and carcass
traits, which are known to be controlled by many genes, each with small additive
genetic effect. To the best of our knowledge, the current study is the first to
compare Bayesian models with and without the incorporation of annotated

information in an aquaculture species.

Apart from the genetic architecture of a trait, heritability can also affect
prediction accuracy (Desta and Ortiz, 2014). By comparing the prediction
accuracies between the different traits, we observed that some of them, such as
the composite trait RO and susceptibility, had considerably higher values.
Heritability estimates for these two traits were moderate (~0.35 + 0.03 for
susceptibility, calculated as the mean across the five models from Table 4.1) and

high (~0.72 + 0.05 for RO, also calculated as the mean across the 5 models from
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Table 4.1). Traits with high heritability tend to have higher prediction accuracies
(Merrick and Carter, 2021). Consequently, higher prediction accuracies observed
for these two traits may be due to the higher heritability estimates compared to

the other traits tested here.

In our study, GBLUP performed better that BayesR in most cases for the
polygenic traits that we tested. The performance of BayesRC1r model differed
across scenarios with no clear pattern except that scenario 3 underperformed the
other two scenarios for most traits. The BayesR model performed better for four
of the five traits, indicating that the annotation categories used in this study,
derived from SnpEff and active promoters and enhancers, did not result in any

improvement in prediction accuracy for these traits in the tested population.

4.5.1 Tailored variant annotation strategies could improve the
accuracy of Bayesian models

One strategy that could improve the predictive ability of the models tested
here, and could be explored in future studies, is the incorporation of neighbouring
variants by using extended windows both upstream and downstream of the
variants assigned to annotation categories. This approach proves particularly
beneficial when the precise location of causal mutations remains unknown.
However, it is important to be cautious when adding too many markers to
annotations, as this may risk diluting the information they contribute. This strategy
was employed by Mollandin et al. (2022b) and resulted, in some instances, in

modest gains in prediction accuracy.

The choice of annotation categories and the way variants are chosen to be
included in them can affect prediction accuracy estimates, likely in a trait
dependent manner. Two types of functional annotation information were used in
this study. First, we predicted the effects of genetic variants at the protein level for
all the genes in the genome using SnpEff. Perhaps, it would be desirable to restrict
the annotation to SnpEff categories with a high impact (although in our case this
would significantly lower the number of markers assigned to annotation
categories), or to give higher weight to variants affecting proteins related to

biological processes or molecular functions specific to Philasterides dicentrarchi
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infection. Secondly, all variants overlapping with regulatory elements throughout
the genome, were identified using immune challenges (Vibrio spp) carried both in
vivo (by intra peritoneal injection) and in vitro (by immunostimulation of head-
kidney primary leukocytes). Therefore, there is a possibility that these bacterial
stimulations overlooked contributions from genes whose expression levels may
have varied due to infection with the parasite Philasterides dicentrarchi. In
summary, adding other levels of information or annotations more specific to the
interactions between turbot and Philasterides dicentrarchi could potentially
provide better results, as here we used genome-wide annotations agnostic to the
trait. To the best of our knowledge, no study has yet compared the impact on
prediction accuracy of annotations derived from tailored vs non-tailored

experiments.

4.5.2 Impact of annotation category number and type on predictive
performance

It would be interesting for future studies to refine and increase the number
of annotation categories by adding extra information from other sources (e.g.,
GWAS, QTLs) to explore different strategies when constructing annotations.
These annotation categories still have to contain a substantial number of markers
(>1,000) explaining a considerable portion of the total variance (MacLeod et al.,
2016). For the current study, we did not have markers with large effects for the
different traits tested. The architecture of these traits was polygenic thus, as
observed in other studies, we cannot expect a substantial increase in the Bayesian

compared to GBLUP prediction accuracy (MacLeod et al., 2016).

In their study, Mollandin et al. (2022a) observed that for BayesRCt and
BayesRC+, markers with fewer annotations and smaller overlap tend to have
underestimated posterior variances. They observed a similar trend for both
models in which multi-annotated markers can navigate between annotations
avoiding an underestimation of their effect in case they were incorrectly assigned.
For BayesRC1r they tested this on large-effect QTL variance estimation for
different annotation enrichment scenarios where it yielded larger estimated

posterior variances for multi-annotated QTLs. For BayesRC+ they demonstrated
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this phenomenon by testing various annotation scenarios ranging from 2 to 7.
Their findings indicated that a sufficient number of annotations for large QTLs was
approximately 4, while for medium QTLs, it was higher, requiring 7. Consequently,
in order for a marker to be assigned a strong or a medium effect in BayesRC+

model, it has to be included in more than one highly enriched annotations.

We did not include prediction accuracy results from the BayesRC+ model
in this study because the heritability estimates were 1 or close to 1, making them
unreliable. Although our dataset had no trait controlled by any large or medium-
effect QTLs, comparing the performance of BayesRC+ with BayesRC1r but also
the other models would be valuable in future studies with different traits. It is
possible that we had too few annotation categories and testing more annotation
categories would be valuable. However, the construction and testing of different
scenarios with relevant annotation categories is a challenging task, especially
when runtime is long. In our case, the maximum number of annotation categories
tested in scenario 3 was five. Running time can increase significantly with the

increase of the number of categories requiring careful and strategic grouping.

4.5.3 Predictions across generations or populations

If we want to reduce the economic and welfare costs associated with
frequent disease challenges to select for disease resistance, we need to develop
accurate prediction methods that work well across distantly related populations.
This is not straightforward, as genomic prediction relies on the linkage
disequilibrium between causal loci and nearby variants, but this is lost across
distant populations (Fraslin, Yafez, et al., 2022). |dentifying the causal loci
underlying traits of interest would enable direct selection in any population, but
this is unrealistic especially for polygenic traits. However, prioritizing or giving
higher weight to variants that are more likely to be causal could improve prediction
accuracies when the validation population is genetically distant from the training

population.

To test this concept, we organized animals into five distinct groups based
on their parents, ensuring that none of the parents were shared across the groups.

Consequently, individuals in the validation set exhibited greater genetic similarity
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to one another and were more distant from the training set. When individuals in
the validation set are genetically distant from the training set, the expected value
of genomic relationship will be close to zero, resulting in lower prediction accuracy
estimates (Karaman et al., 2016; Fraslin, Yanez, et al., 2022). Indeed, our
prediction accuracy results with both GBLUP and BayesRC1r were close to zero,
with the caveat that we could only test one cross validation replicate using this
design, and the resulting standard deviations across the five groups were very
high.

Other studies obtained similar results when the tested individuals were not
closely related to the training set. A study on Atlantic salmon by Fraslin et al.
(2022) investigated the impact of reducing the genomic relationship between the
training and validation set on genomic prediction accuracy. Using the year class
of 2010 to predict sea lice count and body weight for the 2014 year class, resulted
in near-zero and highly biased genomic prediction accuracy. However, there is a
possibility that these results were obtained due to absence of genetic correlation

between the different year classes for the same ftrait.

Studies in Drosophila showed similar results. Ober et al. (2015) used a
small number of inbred lines from the Drosophila Genetic Reference Panel
(DGRP) with low linkage disequilibrium and low average genomic relatedness,
initially finding prediction accuracies of zero for chill coma recovery time using
GBLUP. However, after accounting for genetic architecture (from GWAS results
conducted with the training set) by using the top SNPs to build the genomic
relationship matrix, they managed to significantly improve the predictive ability of
the model (from 0.07 in females and 0 in males to 0.43 and 0.48 for females and
males, respectively). Another study by Morgante et al. (2018) further investigated
the low relatedness and linkage disequilibrium of the DGRP lines with simulated
data to test a bigger number of individuals. When all variants were utilized in
GBLUP, accuracy results were poor, sometimes even approaching zero
depending on the simulated scenario. However, accounting for the genetic
architecture of complex traits in the construction of the GRM matrix, significantly
improved prediction accuracy. Finally, for the same species and inbred lines,
Morgante et al. (2020) used WGS and RNA sequencing for three different traits.

For two of the three traits, incorporating expression data by using a transcriptomic
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relationship matrix, led to higher prediction accuracy compared to using
genotypes alone, while the opposite outcome was observed for the third trait.
Additionally, accuracy substantially improved for all traits when gene ontology
(GO) was included as a third category (through a GO-specific GRM) in addition to
genotypes and transcriptomic information. Although these two approaches
resulted in increased improvements of predictions for this generation, the use of
expression data to build the relationship matrix incorporates part of the
environmental effects which might lead to decreased accuracy in the next

generation if such information is not utilized again.

Currently, there are no studies in fish that compare the impact of
incorporating functional or other biological information into Bayesian models.
Assessing this impact across traits with varying genetic architectures can assist
us in making informed decisions regarding whether it is beneficial to include such

information in future breeding programmes instead of GBLUP models.

4.5.4 Concluding remarks

The knowledge obtained from omics studies offers great potential in
unravelling underlying cellular mechanisms and trait aetiology. Bayesian models,
with their ability to incorporate priors, provide a straightforward approach to
integrating known functional information into genomic prediction models for
complex traits. Integrating this valuable information into genomic prediction
models has the potential to improve prediction accuracy but may also offer
valuable insights into the genomic architecture of these traits. Nevertheless, future
improvements to the experimental design are necessary to evaluate whether
these methods can reliably increase prediction accuracies, and which kind of

functional information is necessary to achieve this goal.
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4.7 Supplementary material

Supplementary table 4.1 The five groups of full and half-sib families used to
test prediction accuracy with ASReml. The offspring in these groups did not
share any common parent, in contrast with the groups of the five replicate
five-fold cross validation, in which offspring were randomly assigned and
consiquently some of them shared a parent with individuals from another

group.

Group 1 Group 4

Number of Number of
Father ID | Mother ID | offspring Father ID | Mother ID | offspring
R9 R23 40 |R3 R26 40
T11 R23 38 |R7 R27 39
T11 T35 1 |R7 T30 39
R4 T35 34 |R14 T30 38
T13 T35 40 |R14 R31 34
T6 T35 40 |R8 R31 40
R4 T34 35 |R8 T54 33
R15 T34 40 2
Total 268 | Total 265
Group 2 Group 5
FB-Y-92 R24 35 | T16 R36 38
R12 R24 40 |R19 T38 1
R12 R25 40 | T17 T38 39
T1 R25 30 |R19 R37 40
T2 R25 35 |R19 R41 43
R12 R39 35 | T17 R41 1
T21 R39 38 | T17 T44 33
T1 T28 40 |R18 T44 40
Total 293 | R18 R42 39
Group 3 Total 236
T22 T43 40
T22 R29 38
T5 R29 40
T10 R32 39
T10 R33 35
T5 R33 40
T20 R40 38
Total 270
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Supplementary table 4.2 Number of SNPs in each effect category predicted
by SnpEff and the level indicating the putative impact of the effect.

SNP effects mpact | of SNPe
it_prime_UTR_premature_start_codon_gain_varia LOW 1515
initiator_codon_variant LOW 9
intragenic_variant MODIFIER 27
missense_variant MODERATE | 21,013
missense_variant&splice_region_variant MODERATE 786
splice_region_variant LOW 124
splice_region_variant&stop_retained_variant LOW 17
start_lost HIGH 71
start_lost&splice_region_variant HIGH 4
stop_gained HIGH 384
stop_gained&splice_region_variant HIGH 23
stop_lost HIGH 8
stop_lost&splice_region_variant HIGH 76
stop_retained_variant LOW 15
Total - 24,072
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Supplementary table 4.3 Number of SVs in each effect category predicted by

SnpEff and the level indicating the putative impact of the effect.

Putative Number
SV effects impact of SVs
3_prime_UTR _variant MODIFIER 50
5 prime_UTR variant MODIFIER 20
bidirectional_gene_fusion HIGH 7
conservative _inframe_deletion MODERATE 3
disruptive_inframe_deletion MODERATE 2
duplication LOW 3
duplication MODERATE 1
exon_loss_variant HIGH 21
exon_loss_variant&splice _acceptor_variant&splic
e_donor_variant&splice_region_variant&intron_va HIGH 14
riant
exon_loss_variant&splice _acceptor_variant&splic
. . . . HIGH 12
e_region_variant&intron_variant
exgn_lossl_varlfant&spl|cel_donor_var|ant&spl|ce_r HIGH 20
egion_variant&intron_variant
exon_region MODIFIER 2
frameshift_variant HIGH 9
frameshift_variant&splice _acceptor_variant&splice
. . . . HIGH 11
_region_variant&intron_variant
frameshift_variant&splice _donor_variant&splice r
. , . : HIGH 8
egion_variant&intron_variant
frameshift_variant&start_lost HIGH 4
frameshift_variant&start_lost&splice_region_varia HIGH 5
nt
f.ramesh|ft_varlant&stop_galned&spl|ce_reg|on_va HIGH 3
riant
frameshift_variant&stop lost HIGH 1
frameshift_variant&stop_lost&splice _region_varia HIGH 4
nt
gene_fusion HIGH 4
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intragenic_variant MODIFIER 19
intron_variant MODIFIER 3432
non_coding_transcript_exon_variant MODIFIER 4
splice_acceptor_variant&conservative_inframe_de
. . . . . . HIGH 1
letion&splice_region_variant&intron_variant
splice_acceptor_variant&disruptive_inframe_deleti
. : . . . HIGH 2
on&splice_region_variant&intron_variant
splice_acceptor_variant&splice_donor_variant&spl
. . : : . HIGH 1
ice_region_variant&intron_variant
splice_acceptor_variant&splice_donor_variant&spl
ice_region_variant&intron_variant&non_coding_tr HIGH 2
anscript_exon_variant
splice_acceptor_variant&splice_region_variant&3 HIGH 1
_prime_UTR_variant&intron_variant
splice_acceptor_variant&splice_region_variant&5
. . : . HIGH 2
_prime_UTR_variant&intron_variant
splice_acceptor_variant&splice_region_variant&int
. HIGH 1
ron_variant
splice_acceptor_variant&splice_region_variant&int
. ) , : HIGH 2
ron_variant&non_coding_transcript_exon_variant
splice_donor_variant&conservative _inframe_deleti
. . . . . HIGH 3
on&splice_region_variant&intron_variant
splice_donor_variant&disruptive_inframe_deletion
. : : . . HIGH 2
&splice_region_variant&intron_variant
splice_donor_variant&duplication&splice_region_v
. . : HIGH 2
ariant&intron_variant
splice_donor_variant&splice_region_variant&5_pri HIGH 1
me_UTR_variant&intron_variant
spllce._donor_varlant&spl|ce_reg|on_var|ant&|ntro HIGH 5
n_variant
splice_donor_variant&splice_region_variant&intro
: . . . HIGH 5
n_variant&non_coding_transcript_exon_variant
splice_region_variant&intron_variant LOW 19
splice_region_variant LOW 15
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splice_region_variant&non_coding_transcript_exo

, LOW 6

n_variant
start_lost&conservative_inframe_deletion HIGH 3
stop_gained&duplication HIGH 1
stop_gained&duplication&splice_region_variant HIGH 1
stop_lost&conservative _inframe_deletion HIGH 1
stop_lost&conservative inframe_deletion&splice r

. . HIGH 1
egion_variant
transcript_ablation HIGH 2
Total - 3,734
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Supplementary table 4.4 Variants surpassing the chromosome wide significance thresholds before and after imputation for

susceptibility.
Before imputation
susceptibility
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold
3 sm5_s00031_485393_85811 | 20128391 | A | C | 0.239657 | 0.028415 0.006416 | 9.49E-06 | 5.02256
3 sm5_s00031_987084_86000 | 20626442 | A | G | 0.174779 0.02799 0.006842 | 4.30E-05| 4.3663
11 sm5_s00021_1285176_68598 | 5401845 | T | C | 0.148849 | 0.040007 0.009921 | 5.52E-05 | 4.25791
13 | sm5_s00173_262681_153268 | 21730120 | G | C | 0.226528 | 0.025966 0.006455 | 5.76E-05 | 4.23964
13 | sm5_s00075_1308160_125439 | 24556969 | T | G | 0.234432 | 0.024062 0.006127 | 8.59E-05 | 4.06604
After imputation
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold
8 8:20367063 20367063 | G | A | 0.47214 | 0.0299849 | 0.00607176 | 7.88E-07 | 6.10368
16 16:3538536 3538536 | T | A | 0.283419 | 0.0394148 | 0.00726029 | 5.67E-08 | 7.24618
16 16:4182181 4182181 | A | C | 0.331967 | -0.0306906 | 0.00597085 | 2.75E-07 | 6.56124
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Supplementary table 4.5 Variants surpassing the chromosome wide significance thresholds before and after imputation for

infectivity.
Before imputation
infectivity
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold
14 sm5_s00057_537400_115290 | 19057853 | A | C | 0.20566 | -0.0429367 | 0.0109929 | 9.39E-05| 4.02738
19 sm5_s00068_1397055_121681 | 16955270 | C | G | 0.0806065 | 0.0726692 | 0.0174992 | 3.29E-05 | 4.48341
After imputation
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold
10 10:13797535 13797535 C | A | 0.166538 | 0.0840318 | 0.0162475 | 2.32E-07 | 6.63519
10 10:13798097 13798097 | A | G | 0.166538 | 0.0840318 | 0.0162475 | 2.32E-07 | 6.63519
10 10:13799310 13799310 | T | C | 0.166538 | 0.0840318 | 0.0162475 | 2.32E-07 | 6.63519
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Supplementary table 4.6 Variants surpassing the chromosome wide and genome wide significance thresholds before and
after imputation for recoverability.

Chapter 4

Before imputation
recoverability
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold
18 sm5_s00011_4179188_42842 | 9651783 | G | A | 0.120463 0.061614 0.015501 | 7.05E-05| 4.1521
After imputation
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold
12 12:11392898 11392898 | C | T | 0.056158 0.136042 0.0232668 | 5.00E-09 | 8.30066
16 16:3538536 3538536 | T | A | 0.283419 | 0.0731539 | 0.0140045 | 1.75E-07 | 6.75582
17 17:1640074 1640074 | G | A [0.0588235| 0.101377 0.0200017 | 4.01E-07 | 6.39669
SNPs surpassing genome
Chr wide signiﬁcancegtﬁreshold bp Al | A2 Freq b s€ P -log10(p)
12 12:11392898 11392898 | C | T | 0.056158 0.136042 0.0232668 | 5.00E-09 | 8.30066
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Supplementary table 4.7 Variants surpassing the chromosome wide and genome wide significance thresholds before and
after imputation for the composite trait of RO.

Before imputation
Composite trait RO
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold

1 sm5_s00078 363281 127394 | 15891058 | T A | 0.390922 | -0.0159503 | 0.00391012 | 4.52E-05 | 4.34501

5 sm5_s00029 3213590 82580 | 6347181 T C | 0.186202 | 0.0215648 | 0.00460102 | 2.77E-06 | 5.55704

5 sm5_s00012 6454671 47098 | 11077840 | T C | 0.101471 | 0.0272735 | 0.00648698 | 2.62E-05 | 4.58196

5 sm5_s00012_6062515_46950 | 11470504 | C T 10.0991947 | 0.0276439 | 0.00655637 | 2.48E-05 | 4.60504

5 sm5_s00012 5115246 46584 | 12418275| C G | 0.096714 | 0.0256968 | 0.00644451 | 6.68E-05| 4.17519

5 sm5_s00012_4383062_46302 | 13148207 | G C | 0.335434 | -0.0195966 | 0.00452071 | 1.46E-05| 4.83606

7 sm5_s00001_18165629 2999 | 4575553 C A | 0.263623 | -0.0193991 | 0.00437909 | 9.43E-06 | 5.02569
12 sm5_s00005 1836021 22347 | 15541830 | C T 10.0902285 | -0.0279626 | 0.00684805 | 4.44E-05| 4.3526
16 sm5_s00019_165485_64379 | 10622794 | A T | 0.310578 | -0.0156941 | 0.00396866 | 7.67E-05 | 4.11523
16 sm5_s00019_1609329 64352 | 12060162 | C G |0.0643745 | 0.0389977 | 0.00842576 | 3.69E-06 | 5.43354
19 sm5_s00016_5697601_ 59039 | 9793715 A G | 0.189209 | 0.0172752 |0.00436142 | 7.47E-05| 4.12688
22 sm5_s00010_4272108_39575 | 5761037 C T | 0.220225 | 0.0217794 | 0.00539492 | 541E-05 | 4.26653
22 sm5_s00010_4460849 39645 | 5949572 T C [0.0777126 | 0.0311205 | 0.00749869 | 3.32E-05 | 4.47846
22 sm5_s00010_4478159_39653 | 5966838 C G |0.0752212 | 0.0339907 | 0.00759519 | 7.63E-06 | 5.11744
22 sm5_s00010_5462508_40021 | 6945445 A G | 0.0776557 | 0.0327323 | 0.00741247 | 1.01E-05 | 4.99734

After imputation
SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold

2 2:3400912 3400912 T A | 0.490458 | 0.0302352 | 0.00586126 | 2.49E-07 | 6.60388

2 2:17358153 17358153 | C A 10.0888078 | 0.049626 | 0.00922755 | 7.53E-08 | 7.12315

3 3:3566759 3566759 T G | 0.115633 | 0.0386432 | 0.00779347 | 7.11E-07 | 6.14831

4 4:28821644 28821644 | T A 10.0623041 | 0.0518482 | 0.0103756 | 5.82E-07 | 6.2352
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4 4:31100401 31100401 T G | 0.100478 | -0.0321616 | 0.00642968 | 5.67E-07 | 6.24625
5 5:6153566 6153566 T A | 0.446332 | 0.0283929 | 0.0057623 | 8.33E-07 | 6.0791
5 5:6297020 6297020 A G | 0.253475 | 0.0252276 | 0.00471638 | 8.85E-08 | 7.05321
5 5:7134213 7134213 G A | 0.146426 | 0.0410071 | 0.00714817 | 9.65E-09 | 8.01537
5 5:12751269 12751269 T G 0.12576 0.0334497 | 0.00670827 | 6.15E-07 | 6.21088
5 5:15894893 15894893 C T | 0.467037 | 0.0217443 | 0.00439462 | 7.50E-07 | 6.1249
10 10:661363 661363 T A |0.0478102 | 0.0516688 | 0.0091882 | 1.87E-08 | 7.72759
10 10:663415 663415 A G | 0.0569343 | 0.0526889 | 0.0100551 | 1.61E-07 | 6.79442
10 10:663669 663669 T C ]0.0569343 | 0.0526889 | 0.0100551 | 1.61E-07 | 6.79442
10 10:1503157 1503157 T C ]10.0718978 | 0.0340216 | 0.00689866 | 8.15E-07 | 6.08858
10 10:1548987 1548987 C G | 0.0686131 | 0.0342879 | 0.00682921 | 5.15E-07 | 6.28848
10 7544 6707395 | <DEL> | N | 0.292139 | -0.0325965 | 0.00647535 | 4.80E-07 | 6.31831
10 10:11490853 11490853 T G | 0.0890511 | 0.0623842 | 0.0126017 | 7.40E-07 | 6.13055
10 10:11515187 11515187 C T | 0.118293 | 0.0395679 | 0.0077409 | 3.20E-07 | 6.49547
10 10:12409510 12409510 A C ]0.0580292 | 0.122697 0.0216516 | 1.45E-08 | 7.83738
10 10:13438259 13438259 G A |0.0813869 | 0.055501 0.0102368 | 5.90E-08 | 7.22889
10 10:14216163 14216163 A T | 0.070438 0.156749 0.0262038 | 2.21E-09 | 8.65657
12 12:2662150 2662150 T C | 0.158029 | -0.0471495 | 0.00921926 | 3.15E-07 | 6.50169
13 13:14879334 14879334 A C 10.0993426 | 0.0941999 | 0.0138094 | 9.01E-12 | 11.0451
14 14:2362865 2362865 A G | 0.0493373 | 0.0929734 | 0.0187328 | 6.94E-07 | 6.15886
14 14:20558701 20558701 C T |10.0618637 | 0.0946212 | 0.0185153 | 3.21E-07 | 6.49292
16 16:11633401 11633401 G T |0.0705128 | 0.089573 0.0166006 | 6.82E-08 | 7.16606
17 17:16206442 16206442 G A | 0.0547445 | -0.0632831 0.012408 | 3.39E-07 | 6.46939
18 18:14398572 14398572 C G |0.0497259 | 0.0911024 | 0.0180726 | 4.63E-07 | 6.33409
18 18:14562579 14562579 T A |0.0591673 | 0.0452981 | 0.00890109 | 3.60E-07 | 6.44386
18 18:15518152 15518152 T A ]0.0559414 | 0.0474836 | 0.00957842 | 7.15E-07 | 6.14593
19 19:1764966 1764966 G A | 0.294205 | 0.0256977 | 0.00518831 | 7.31E-07 | 6.13619
21 24705 4938871 | <DEL> | N | 0.0613839 | 0.0809107 | 0.0153742 | 1.42E-07 | 6.84796
22 22:5199414 5199414 A T |0.0791971 | 0.0442886 | 0.00884222 | 5.48E-07 | 6.26137
22 22:7182797 7182797 T A | 0.190876 | 0.0229822 | 0.00437685 | 1.51E-07 | 6.81988
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22 22:7183067 7183067 T C | 0.263869 0.024745 |0.00486368 | 3.62E-07 | 6.44079
22 22:7183407 7183407 G A | 0.263869 0.024745 |0.00486368 | 3.62E-07 | 6.44079
22 22:7671810 7671810 G T 0.25372 0.0255971 | 0.00511172 | 5.51E-07 | 6.2586
22 22:8100135 8100135 T A | 0.108394 | 0.0297954 | 0.0060253 | 7.61E-07 | 6.11846
22 22:8100306 8100306 T C | 0.108394 | 0.0297954 | 0.0060253 | 7.61E-07 | 6.11846
SNPs surpassing genome
Chr wide signif?cancegtﬁreshold bp Al A2 Freq b s€ P -1og10(p)
5 5:7134213 7134213 G A | 0.146426 | 0.0410071 | 0.00714817 | 9.65E-09 | 8.01537
10 10:661363 661363 T A 10.0478102 | 0.0516688 | 0.0091882 | 1.87E-08 | 7.72759
10 10:12409510 12409510 | A C 10.0580292 | 0.122697 0.0216516 | 1.45E-08 | 7.83738
10 10:14216163 14216163 | A T | 0.070438 0.156749 0.0262038 | 2.21E-09 | 8.65657
13 13:14879334 14879334 | A C 10.0993426 | 0.0941999 | 0.0138094 | 9.01E-12 | 11.0451
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Supplementary table 4.8 Variants surpassing the chromosome wide significance thresholds before and after imputation for
the transformed days to death.

Before imputation

Transformed days to death

SNPs surpassing
Chr chromosome wide bp A1 | A2 Freq b se p -log10(p)
significance threshold
4 sm5_s00014_1892815 51232 | 15659631 | T | G | 0.207965 -7.19724 1.77461 5.00E-05| 4.30112
21 sm5_s00003_12661603_12092 | 1489898 | T | G | 0.179384 6.92802 1.77544 | 9.53E-05| 4.0207
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Chapter 5
General Discussion

With the global human population on the rise, the demand for enhanced
aquaculture productivity is growing, since millions of people worldwide rely on
farmed fish as a vital nutritional source. Genomic selection has proven to be more
efficient at improving aquaculture production than traditional pedigree-based
methods, providing more accurate estimates of genomic relationships between
animals and consequently increased accuracy of breeding value prediction,
leading to faster genetic gains. However, the majority of aquaculture producers in
developing countries are deterred from employing genomic selection as a routine
practice for breeding due to the high costs associated with genotyping or
sequencing. To expedite the adoption of genomic selection in aquaculture
breeding programmes, particularly for small and medium-sized companies and
species with low or medium individual value, new cost-effective strategies are
required to reduce these expenses while maintaining high genomic prediction

accuracy, thereby increasing genetic gain.

The aim of my PhD thesis was to give valuable insights for the design and
evaluation of cost-effective genotyping strategies and breeding programme
designs for different species, which will enable aquaculture to fully benefit from
genomic selection. To accomplish that aim, | explored and tested different
methods to lower the cost associated with genotyping for genomic selection. This
thesis exploited low-density genotyping and low-coverage WGS imputation to
establish best practices for their use in aquaculture breeding programmes and
other genomic studies. In addition to genotype imputation, this thesis also
investigated the incorporation of functional genomic information to improve
prediction models. This topic remains largely unexplored in aquatic species and

is still developing in general.

The main findings and concluding remarks of the three chapters are summarised

in the following sections.
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5.1 Cost-effective genomic selection by imputation of LD
panels

In the first results chapter, | explored genotype imputation of LD panels in
four aquaculture species, namely Atlantic salmon, turbot, common carp and
Pacific oyster. In total, eight LD panels were generated for each of the three SNP
selection scenarios based on linkage disequilibrium (genetic distance-based
method), evenly distributed according to physical position (physical distance-
based method) and randomly selected. These panels were subsequently imputed
using three available genotype imputation software. Genomic prediction accuracy
of different traits was tested for each species with the imputed genotypes of the

most favourable scenario.

| observed promising results that can be applied to the design of LD panels

for commercial use. The key findings were:

Imputation accuracies were very high for the three fish species (0.76 - 0.98 for
the 300 and 6000 SNPs LD panel, respectively), while the performance of
imputation was lower in our oyster dataset (0.61 - 0.80 for the 300 and 6000
SNPs LD panel, respectively).

e For the populations tested, no significant differences were observed in
imputation accuracy between the physical and genetic distance-based LD
panel SNP selection methods.

e In most scenarios tested, FImpute v.3 was the fastest and most accurate
imputation method, when compared to findhap v.4 and Alphalmpute v.2.

e When LD panels were used without imputation, those with SNPs evenly
distributed across chromosomes achieved prediction accuracies similar to the
HD panel in three fish species, even with just 300 SNPs, while randomly
selected LD panels yielded lower prediction accuracies.

e Imputation significantly increased the prediction accuracy of the randomly

selected LD panels, reaching values similar to those of the HD panel in the fish

species.
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5.2 Imputation of IcCWGS as a cost-effective alternative to WGS

In this chapter | assessed the accuracy of imputation to WGS using
different sequencing depths in a Nile tilapia population. Six in silico down-sampled
datasets (0.1X, 0.2X, 0.5X, 1X, 2X, and 5X sequencing depth) of the target
offspring were imputed with GLIMPSE v.1 to the 5X and 26X reference panels
containing, among others, the parents of the target population. Finally, the cost of
the various IcWGS datasets was compared to that of SNP arrays in a hypothetical

scenario involving 140 parents and 2100 offspring.
The key findings were:

e The total number of retained SNPs after imputation and filtering was higher
with a reference sequencing depth of 26X compared to 5X.

¢ Imputation accuracy for all down-sampled target datasets exceeded 0.9, with
slightly higher accuracy observed when genotypes were imputed to the 26X
reference panel compared to 5X.

e Higher accuracies were observed at homozygous sites compared to
heterozygous sites for target population coverages below 5X.

e While IcCWGS is cheaper than WGS, it remains more expensive than SNP
arrays.

e Imputation of IcWGS to higher coverage yields a greater number of SNPs
compared to SNP arrays, facilitating the identification of causative variants for
subsequent GWAS.

5.3 Assessing the influence of functional annotation on
genomic prediction

For this chapter | used a dataset of a turbot population challenged with the
parasite Plilasterides dicentrarchi from a previous project (Anacleto et al., 2019).
The genotypes of the offspring were imputed to the WGS parents and different
scenarios of incorporating functional information into genomic prediction were
tested. For the creation of functional annotation categories, | prioritised markers
overlapping with regions of the genome potentially affecting protein function or
promoter and enhancer regions. Two Bayesian models were tested with the
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different scenarios and GBLUP was used as a reference for comparison.
The key findings were:

e Incorporating functional annotation information into the Bayesian models did
not improve genomic prediction accuracy.

e GBLUP outperformed or slightly surpassed the Bayesian models in some
cases.

e Alternative methods of defining annotation categories or applying the same
method to different traits with varying architectures should be tested in the

future.

5.4 Future prospects and limitations of imputation

Studies in the past have indicated that genomic prediction accuracy tends
to improve with higher marker density. However, while this generally holds true for
livestock populations with a limited number of closely related individuals, it tends
not to be the case for aquatic species. Aquatic species produce numerous
offspring, with individuals from different families sharing the same parent and thus
exhibiting some degree of relatedness. For routine genomic predictions, only a
subset of these variants is necessary, and a higher number of markers typically
leads to a plateau in prediction accuracy (Hickey et al., 2014; VanRaden et al.,
2017). In our previous study, we observed that accurate predictions could be
achieved for closely related individuals across different aquaculture species using
a relatively small number of markers, approximately 1000-2000 SNPs (Kriaridou
et al., 2020).

The use of imputation in genomic prediction has been explored across
diverse farmed crops and animals and is now widely employed in the genetic
evaluation of cattle to increase the available genotype data to higher densities
(Kamprasert et al., 2024). Compared to other livestock, the integration of
imputation as a standard practice in aquaculture breeding programmes has only
recently gained attention. This method could be applied in farms that already use
low-density panels (300-500 SNPs) for parentage assignment (to control

inbreeding and perform pedigree-based selection) with minimum extra cost.
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However, these low-density panels should be adapted and re-designed to be
suitable for both parentage assignment and imputation. Ideally, they should
contain SNPs spread throughout the genome and overlap with the available high-
density panel. This approach significantly reduces costs compared to genotyping
all individuals at high density. Although higher-density genotyping is necessary for
parents, the reduced number of individuals minimizes overall costs. Considering
the long-term genetic gain a farm will see in its production, the improved animals

are likely to compensate the additional genotyping cost.

The first objective of my thesis was to investigate if we could further lower
the number of markers found in our previous study (Kriaridou et al., 2020) and use
imputation to infer the missing information and achieve equally accurate prediction
accuracies with the high-density panels. The results demonstrate that cost-
effective genomic selection can be achieved through this integrated approach for
some species and traits even with non-imputed panels, by selecting the SNPs to
be equally distributed throughout the genome and proportionally to chromosome
length. However, imputation can improve genomic prediction accuracy of low-
density panels in cases where SNPs are not optimally selected or some of the
SNPs in the LD panel are filtered out because their genotyping quality is low.
Imputation accuracy can play a significant role in obtaining accurate genomic
breeding values and for some species, such as the Pacific oyster, low imputation
accuracy can result in lower prediction accuracies and subsequently reduced
genetic gain. Further research is needed to advance this strategy of imputing
genomes in different species, especially in marine invertebrates, whose genomes
are highly repetitive, exhibit high recombination and mutation rates (Abdelrahman
et al., 2017; Hollenbeck and Johnston, 2018; Song, 2020; Durland, De Wit and
Langdon, 2022; Zhang et al., 2023), if we want to use it routinely in breeding

programmes.

Another approach, which uses low-coverage WGS and imputation, was
also evaluated as a cost-effective alternative to WGS for population genetics
studies, fine mapping of quantitative trait loci and other genetic studies. The
advantages of IcCWGS include the detection of novel population-specific variants,
unbiased data generation across populations, and the potential discovery of

causal markers (Martin et al., 2021). This approach also seems promising since
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we achieved high accuracies with low-coverage sequencing that was much
cheaper compared to standard WGS. However, | did not evaluate prediction
accuracy in this study and tested only three of the twenty-two chromosomes of
the Nile tilapia population. Like in the case of imputation of low-density panels,
imputation of low-coverage WGS can also yield low imputation accuracy results,
particularly at heterozygous loci when using really low-coverages (<2X).
Therefore, caution should be exercised when using imputed data in subsequent
analyses, as it may compromise results, especially those dependent on allele

frequencies.

Numerous studies aimed to achieve highly accurate imputed genotypes,
recognizing that inaccuracies can significantly impact subsequent analyses. Given
the potential downstream negative impact of low imputation accuracy, researchers
have explored various factors influencing the performance of genotype imputation.
In this thesis, | investigated the impact of imputation software, SNP selection
method, number of SNPs and low-coverage whole-genome sequencing in
different aquaculture species and traits. One of the factors that we have not tested
but has been tested substantially across the different imputation studies of other

species, is the impact of the reference panel on imputation accuracy.

The reference panel composition, along with the imputation software
methodology, plays a crucial role in accurately inferring genotypes. When the
reference panel comprises immediate ancestors, such as parents of the target
population, haplotype construction becomes more relevant and precise for these
closely related individuals. This is because longer haplotype blocks are shared,
and even a small number of animals suffice for highly accurate imputation (Hayes
et al., 2012; Sargolzaei, Chesnais and Schenkel, 2014). If parents are unavailable
for imputation, but data from individuals within the same or different populations
are available, factors to explore, previously addressed in other studies, involve
determining the optimal number of animals to include in the reference panel and
their relatedness to the target individuals. For instance, Garcia et al. (2022)
evaluated the reference size and origin as factors that may influence genotype
imputation accuracy in Nile tilapia using WGS data. They observed that increasing
the number of animals in the reference with animals from the sample population

significantly enhanced imputation accuracy. Nevertheless, animals from diverse

Chapter 5 148



populations also provided valuable information and can be utilized for WGS
imputation. However, individuals from the same population still needed to be
present to achieve high imputation accuracies. Increasing the number of animals
used as reference, especially those from ancestral lines, can facilitate for a more

accurate imputation process.

Bouwman and Veerkamp (2014) proposed the idea of the creation of a
cattle “reference bank” for multibreed imputation of high-density SNP panels to
WGS, when the reference population is small and there is a limited budget for
genotyping or sequencing. This philosophy was implemented by the 1000 Bull
Genomes project which is frequently used to impute large cohorts of genotyped
cattle, enabling powerful genome-wide analyses (Daetwyler et al., 2014).
Examples of similar applications in other species include the 1000 Genomes
project (Auton et al., 2015) and the Haplotype Reference Consortium (McCarthy
et al., 2016), which serve as reference databases comprising various human
ancestry populations. These resources were incorporated into a web-based
service for computationally efficient imputation (Das et al., 2016). Similarly in pigs,
a haplotype reference panel named PHARP was developed for imputation (Wang
et al., 2022). This panel incorporates data from over 49 studies covering 71 pig
breeds. Additionally, a recently launched public web server called SWine
IMputation (SWIM), which includes more individuals from more pig breeds, aims
to streamline imputation and genetic mapping processes (Ding et al., 2023). In
this study Ding et al. (2023) demonstrated the ability of this new public server to
achieve more accurate imputation compared to previous databases. They also
showcase two studies as an example of the possible uses of this database. In the
first they successfully discovered the suggestive causative mutation for backfat
thickness after imputation of a SNP chip, from which the causative SNP was
absent, to whole-genome genotypes with the accuracy of the imputed genotypes
for this SNP reaching 99.71%. In the second example, they used the imputed to
whole-genome genotypes to perform a GWAS for body length in Yorkshire boars.
They discovered a regulatory variant upstream the BMP2 gene, which explained
13.65% of the total variance compared to the most significant SNP from the SNP
chip based GWAS which explained 8.22%.

Researchers have also created multispecies databases. Animal-ImputeDB
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is another public database with reference panels of 13 species (with 19 to 658
individuals per species) providing the ability to utilise this service for online
genotype imputation (Yang et al., 2020). For aquaculture species there is a web
server for genotype imputation and genetic analysis created from available
datasets of 18 aquaculture species with 40 to 218 individuals per species, called
Aquaculture Molecular Breeding Platform (AMBP) (Zeng et al., 2022).

Databases such as those for humans or bovines encompass a vast number
of individuals. However, most of the databases for other species lack diversity
across different breeds and populations worldwide, with the number of individuals
often being too small to serve as representative references for imputation,
particularly for local or rare populations. My suggestion for future studies would
be the collaboration of Institutions and companies towards the implementation of
a big project, similar to the 1000 Genomes projects mentioned above, for aquatic
species. Combining data from multiple populations to create sufficiently large
reference populations, representative of various populations within each
aquaculture species, may enhance relevant platforms for more accurate
imputation. Such a big project will also contribute towards fine mapping and the
potential for discovery of causative mutations for the different traits of interest.
Nonetheless, the construction and utilization of such large multi-population
reference panels should be carefully considered before their design, as they may
introduce other issues. This is because useful multiallelic markers will be usually

filtered out before imputation (Lloret-Villas, Pausch and Leonard, 2023).

5.5 Future prospects and limitations of the incorporation of
functional annotation in prediction models

Functional mechanisms are the intermediate steps connecting genotypes
to phenotypes. Our understanding of these mechanisms is still limited and this
sometimes hinders our ability to accurately predict the different complex traits,
such as disease resistance, that are important for aquaculture breeding.
Prediction models that prioritise variants playing a major role in the genetic
architecture of complex traits have potential to increase the accuracy of genomic

selection (Xiang et al., 2021). However, to investigate this hypothesis the
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generation of functional annotation information is needed for the non-coding
genomic sequences that control gene expression (Albert and Kruglyak, 2015),
enabling the prediction of the impact of genetic variation and prioritisation of

genetic markers.

Many aquaculture species lack functional annotation information, and only
recently the AQUA-FAANG (https://www.aqua-faang.eu/) project aimed to
address this issue for six important aquaculture species. Consequently, the
hypothesis regarding the incorporation of functional annotation can now be
explored for these species using the data provided by this project. However, to
make such research feasible, the availability of WGS data for a large number of
individuals is necessary to identify causative variants for each trait. While WGS
remains costly, the combination of low-coverage WGS with previously described
imputation methods provides a means to reduce this cost and recover missing

information.

The main challenge with imputation, as discussed previously, is imputation
accuracy, and we are particularly interested in imputation accuracy of causal
variants, if we want to capture them correctly. Imputing to WGS presents particular
challenges due to the high number of markers involved. To address this, an
intermediate step of imputation to medium density is often employed in other
studies, especially when the marker density of the target population is very low, to
avoid poor imputation (Carvalheiro et al., 2014; Garcia et al., 2022). Stepwise
imputation from low-density panels to medium or high, and finally to sequence
level, can considerably improve imputation accuracy. This is achieved by reducing
the difference in marker numbers between the reference and the target densities.
The extra information about where linkage disequilibrium blocks break, provided
by the markers of the medium density, contributes towards more accurate results.
Nevertheless, even this imputation scenario is currently unrealistic or impractical
for routine application in aquaculture breeding programmes. The reason is that it
requires genotyping of individuals with a medium to high density SNP arrays and

WGS of the reference individuals, thereby dramatically increasing costs.

Multiple potential benefits are associated with the advancement of
aquaculture breeding through the utilization of functional annotation. These

include the development of customised genotyping arrays informed by the biology
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of the traits, improved portability of genetic data across generations to reduce
animal testing in disease challenges, and identification of possible targets for

genome editing (Johnston et al., 2024).

Recent years have seen attempts to design custom arrays informed by the
biology of the underlying mechanisms affecting the desired traits. Xiang et al.
(2021) in their paper, fine-mapped genome-wide informative sequence variants
with pleiotropic effects and functional significance. They then selected ~50K
markers and used them to predict multiple traits in different cattle breeds and
populations. Their panel showed increased accuracy in predicting genetic values
for multiple traits compared to the standard array across multiple cattle breeds.
Another study in humans by Amariuta et al. (2020), constructed a resource of
IMPACT regulatory annotations and prioritised functional variants, shared across
populations. The prioritisation of variants using IMPACT, improved the accuracy
of polygenic risk score predictions from Europeans to East Asians for all the 21
tested traits by a 49.9% mean increase. This is a very important outcome as it
shows the potential of the incorporation of functional annotation information into
the panels resulting in improved genomic selection across populations or

generations.

Despite these advantages, we are still in the early stages of research. To
systematically incorporate functional information into prediction models for various
traits, requires extensive research to develop models that can effectively
incorporate and interpret such information, while also generating more information
for the genomes of various aquaculture species. For these strategies to be
incorporated into future breeding programmes, they must outperform the standard
GBLUP, which currently performs quite well at a significantly lower cost and

computational time.

1 A genome annotation strategy that identifies regulatory elements defined by cell-state-specific
transcription factor binding profiles (Amariuta et al., 2019).
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5.6 Concluding remarks

In this thesis, | investigated three approaches to reduce the cost of
implementing genomic information in breeding programmes and increase the
accuracy of genomic prediction. My research will have a substantial impact on LD
genotyping and the incorporation of imputation into breeding programmes to
reduce genotyping costs. Genotyping prices have dropped dramatically since the
beginning of my PhD, making it more feasible to genotype only a few individuals
with high or medium density panels, serving as reference for imputation. A recent
example of such an application is the development of a custom LD SNP panel by
the AQUA-FAANG consortium for European sea bass (Johnston et al., 2024). This
panel, consisting of 350 to 400 SNPs, is mainly aimed for pedigree-based
selection, but it can serve as a cheap LD panel for imputation. Similar projects can

be designed and tested for their effectiveness in practice.

Despite the higher price of IcWGS compared to SNP arrays, which makes
it expensive for routine use in genomic selection, it offers several advantages.
After imputation to WGS genotypes, we can obtain a plethora of SNPs, some of
which will be unique to the sequenced population. A combined method of low-
coverage sequencing and imputation, investigated in this thesis, can help identify
causal variants which can subsequently expand our annotation categories for their
use into Bayesian models. These discoveries can serve as a starting point for
future projects related to the design of custom SNP arrays. These arrays will utilize

all this valuable information for more accurate prediction of breeding values.

The attempt to incorporate functional annotation into the Bayesian models
in this thesis did not improve genomic prediction accuracy in the tested scenarios.
Nonetheless, there were several limitations to the available information and
datasets that were used. To enhance similar experiments in the future, it would
be beneficial to impute the target individuals from a higher density. This would
ensure highly accurate imputation results, especially considering the substantial
difference in SNP numbers between the RAD-seq data and SNPs called from
WGS. There is also an enormous possibility of combinations and scenarios
concerning the biological information we incorporate into the prediction models.

We only investigated a small number of possible scenarios, as these models
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require a significant amount of computational time, which scales depending on the
amount of information provided to them. However, according to the encouraging
results of some other studies, the potential of functional annotation should be
further investigated for other aquaculture species, using a combination of different
sources of information (like QTLs, gene expression and other omics data) testing
different traits and populations. This is now possible with the availability of open
access information provided by the AQUA-FAANG project for six important
aquaculture species (European seabass, gilthead seabream, rainbow trout,

Atlantic salmon, common carp and turbot).

If we want to utilise genomic selection in commercial breeding
programmes, we have to determine strategies that are viable for most companies.
The successful integration of genomic selection should offer return of investment
and that is what future research should address. This will make possible to
achieve higher gains with lower prices by utilising precision breeding tailored to
the species, informed by the biology and the underlying mechanisms affecting the

phenotype of individuals.
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Appendix
6.1 Publications and conferences

Publications

Kriaridou, Christina, Tsairidou, Smaragda, Fraslin, Clémence, Gorjanc,
Gregor, Looseley, Mark E., Johnston, lan A., Houston, Ross D., and Robledo,
Diego. 2023. “Evaluation of Low-Density SNP Panels and Imputation for Cost-
Effective Genomic Selection in Four Aquaculture Species.” Frontiers in Genetics
14 (May): 1194266. https://doi.org/10.3389/fgene.2023.1194266.

Houston, Ross D., Kriaridou, Christina, and Robledo, Diego. 2022. “Animal
Board Invited Review: Widespread Adoption of Genetic Technologies Is Key to
Sustainable Expansion of Global Aquaculture.” Animal 16 (10): 100642.
https://doi.org/10.1016/J.ANIMAL.2022.100642.

Oral presentations in conferences

Kriaridou C., Tsairidou S., Fraslin C., Looseley M. E., Johnston I. A,
Houston R. D., Robledo D. 2022. Optimising Genomic Selection for Aquaculture
Breeding Programmes in Small-Scale Operations and Developing Countries. 6th
Genomics in Aquaculture (GIA) Symposium. Granada, Spain, 4th — 6th May.

Kriaridou C., Tsairidou S., Fraslin C., Gorjanc G., Looseley M. E., Johnston
I. A., Houston R. D., Robledo D. 2022. Evaluation of Low-Density Panels and
Imputation for Cost-Effective Genomic Selection in Four Aquaculture Species.
14th International Symposium on Genetics in Aquaculture. Puerto Varas, Chile,
27th November — 2nd December.

Kriaridou C., Fraslin C., Jiao Z., Prentice J., Aramburu O., Pong-Wong R.,
Gorjanc G., Looseley M. E., Johnston I. A., Saura M., Villanueva B., Millan A.,
Macqueen D. J., Martinez P., Doeschl-Wilson A. B., Robledo D. 2023.
Incorporation of whole-genome sequencing and functional information to refine
quantitative trait loci and improve prediction accuracy for controlling
scuticociliatosis (Philasterides dicentrarchi) in turbot (Scophthalmus maximus).
Aquaculture Europe 2023 (AE2023) - Balanced Diversity in Aquaculture
Development. Vienna, Austria, 18th — 21st September.

Kriaridou C., Fraslin C., Jiao Z., Prentice J., Aramburu O., Pong-Wong R.,
Gorjanc G., Looseley M. E., Johnston I. A., Saura M., Villanueva B., Millan A.,
Macqueen D. J., Martinez P., Doeschl-Wilson A. B., Robledo D. 2024. Impact of
the incorporation of functional annotation into genomic prediction in a turbot
population challenged with Philasterides dicentrarchi. 7th Genomics in
Aquaculture (GIA) Symposium. Thessaloniki, Greece, 22nd — 24th May.
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6.2 Courses, workshops and awards

Courses

Attended the following Quantitative Genetics and Genome Analysis (MSc)

courses from University of Edinburgh in the first year of my PhD:

o 1st Semester: Statistics and Data Analysis, Population and Quantitative
Genetics, Genetic Interpretation
o 2nd Semester: Animal Genetic Improvement, Linkage and Association in

Genome Analysis, Quantitative Genetic Models

Workshops

o Completed the University of Edinburgh “Developing your Data Skills
Programme” (Level 3), November 2021 — May 2022.

o Attended the University of Georgia (UGA) course “Programming and
computer algorithms in animal breeding with a focus on single-step GBLUP and
genomic selection in practice”, Athens, Georgia, 25th May — 3rd June 2022.

o Supported the Easter Bush Science Outreach Centre (EBSOC) team for
the hands-on career-long professional learning workshop, for secondary school
science teachers “PCR Masterclass: A Question of Taste”, 22nd June 2022.

o Participated and assisted in the practical course “Increasing researcher’s
skills on the use of omics tools”, Portugal, 16th -17th March 2023.

o Participated in the 2-week Workshop on Genomics, being held in Cesky
Krumlov, Czech Republic, 14th — 27th May 2023.

o Contributed to the AqualMPACT training course on “Genomic Innovations
for Aquaculture Breeding® in Wageningen University, Netherlands, 26th — 27th
June 2023, with a Lecture and a Practical about Genotype Imputation:
https://projects.luke.fi/aquaimpact/aquaimpact-training-course-on-genomic-

innovations-for-aquaculture-breeding/
The workshop material | prepared for the training course can be found on my

GitHub page: https://github.com/ChristinaKriaridou/Genotype-Imputation-with-
Flmpute
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During my PhD | was recruited as a moderator for the online Global
Academy's MSc programme in Agricultural Science. My role involved providing
support to the teaching staff during online teaching sessions. Furthermore, | was
appointed as an invigilator by the University for student exams at the School of
Veterinary Studies. In May of 2023, | also became a member of the Roslin internal
seminar committee, where | have taken on the responsibility of organising and

managing calendar invites for speakers.

Awards

The School of Veterinary Studies has awarded me with the Birrell-Gray
travelling scholarship fund. The award is to the value of £500 to attend the
International Symposium on Genetics in Aquaculture - ISGA X1V, 27th Nov-2nd
Dec 2022, held in Puerto Varas, Chile. Additionally, my abstract
entitled "Evaluation of low-density panels and imputation for cost-effective
genomic selection in four aquaculture species" was selected for a fellowship in the
ISGA Symposium. This fellowship covered the registration and accommodation

expenses for six days.
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