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GENETICA QUANTITATIVA E FERRAMENTAS GENOMICAS APLICADAS AO
MELHORAMENTO GENETICO NA AQUICULTURA

RESUMO - A procura por animais mais uniformes frente as adversidades ambientais
e a aplicacao de ferramentas gendémicas sdo exemplos de novas estratégias para
tornar o melhoramento genético em espécies aquicolas mais eficiente. No intuito de
avaliar a efetividade destas estratégias, os objetivos do presente trabalho foram: i)
estimar os componentes genéticos da uniformidade de peso a despesca (PD) e
investigar se o PD e sua uniformidade (PDu) podem afetar a sobrevivéncia (SOB) em
camardes; ii) estimar o desequilibrio de ligacao (LD) em uma populacdo de camardes
cultivados usando um novo painel de 50k polimorfismos de nucleotideos Unicos
(SNPs) e iii) avaliar a viabilidade da imputacdo ao nivel de sequéncia em tilapia do
Nilo e os impactos do tamanho e origem da populacdo de referéncia na acuracia. Para
i), foram utilizados 149.919 registros de PD e 164.023 de SOB de uma larvicultura de
camardes mexicana. Os dados foram agrupados em trés conjuntos de acordo com o
tipo de producéo: viveiros escavados com baixa densidade (S1), tanques de concreto
com recirculagdo em alta densidade (S2) e juntando ambos conjuntos de dados
(S1+S2). Um modelo linear generalizado hierarquico duplo foi aplicado para estimar
0s componentes de (co)variancia de PD-PDu € um modelo bivariado linear misto foi
utilizado para estimar os componentes referentes a PD-SOB. As correlacfes
genéticas (rg) para estas caracteristicas foram estimadas, além da correlacdo entre
valores genéticos (VG) para PDu-SOB. Para ii), 96 camardes (40 machos e 56
fémeas) reprodutores originarios de uma larvicultura do Equador foram genotipados
utilizando um novo painel de 50k SNPs. Posteriormente, o LD foi estimado usando
trés controles de qualidade distintos com diferentes filtros de frequéncia de alelo
menor: 0,1 (CQ1); 0,05 (CQ2) e 0,01 (CQ3). Para iii), amostras de DNA de 326 tilapias
provenientes de trés populacdes de origens distintas (Pa, Ps e Pc) foram extraidas e
sequenciadas. Ap6s o controle de qualidade dos dados de sequéncia foram obtidos
4,6 milhdes de SNPs em comum para todas as populagdes. A imputacao foi feita em
guatro cenarios distintos: dois tamanhos (10 ou 90% dos animais de cada populagéo)
e duas origens de referéncia (apenas duas populacdes diferentes ou todas as trés
populacdes). Os animais de validacdo tiveram seus gendtipos ocultados mantendo
somente 50k SNPs para a imputacao a nivel de sequéncia. Foi utilizado o software
FImpute3 e a acuracia de imputacdo foi avaliada através da correlacdo entre o
genotipo imputado e observado (r?). No estudo de uniformidade, uma proporcdo
significativa de variancia genética foi detectada na variancia residual de PD, revelando
gue existe a possibilidade de selecionar para uniformidade desta caracteristica em
camardes (coeficiente de variacdo genética variando de 17 a 35%). As rg entre PD e
SOB foram diferentes em sinal e magnitude com base no sistema de producao, sendo
iguais a 0,36, -0,59 e -0,02 para S1, S2 e S1+S2, respectivamente. Os coeficientes
de correlagdo entre o VG de PDuy e SOB foram significativos apenas para S1 (-0,32),
sugerindo que a selecdo para familias mais uniformes também pode aumentar as
taxas de sobrevivéncia em um ambiente de menor densidade. Para os dados
genbmicos de camardes, foram obtidos 34.425, 39.091 e 42.789 SNPs apés CQ1,
CQ2 e CQ3, respectivamente, exibindo alto grau de polimorfismo e validando a
aplicacao deste painel de SNPs para esta populacdo de camardes cultivados. O LD
decaiu rapidamente nos primeiros 30 KB de distancia de 0,2 para 0,07 e depois
diminuiu para 0,02 para distancias mais longas (>80 KB). Esses resultados sugerem
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incorporacao recente de animais de diferentes populacées ou linhagens neste grupo
de reprodutores e que a selecdo genbmica e estudos de associacdo amplo do
genoma sao viaveis em camardes usando este painel de SNP como ferramenta. Para
a imputacédo, no geral, o r2 por animal mostrou resultados intermediarios variando de
0,37 a 0,56 para Pa e 0,43 a 0,58 para Ps e Pc. Entretanto, os resultados mostraram
gue foi possivel imputar de 50k a aproximadamente 680k com alta acuracia usando
dados de sequéncia de tilapia. Foi observado um aumento de 31,5% para Pa e 24,6%
para Ps e Pc no r?, quando 90% dos animais da mesma populagédo foram usados
como referéncia em comparacao a 10%. Nao houve diferengas significativas para r?
entre 0s cenarios que usaram 90% dos animais da mesma populacdo e usaram
animais das trés populacdes como referéncia, mostrando que a estratégia de usar
informacdes de outra populacdo para aumentar a populacéo de referéncia teve pouco
efeito na acuracia de imputacgéo.

Palavras-chave: Camarédo, Desequilibrio de ligacdo, Imputacao de gendtipos, Tilapia,

Uniformidade
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QUANTITATIVE GENETICS AND GENOMIC TOOLS APPLIED TO
AQUACULTURE BREEDING

ABSTRACT - The search for more uniform animals in the face of environmental
adversities and the application of genomic tools are examples of new strategies to
make genetic improvement in aquaculture species more efficient. In order to evaluate
the effectivity of these strategies, the aims of the present study were: i) to estimate the
genetic components of uniformity of harvest weight (HW) and investigate whether the
HW and its uniformity (HWyv) may affect the survival (SUR) in shrimp; ii) to estimate
linkage disequilibrium (LD) in a population of farmed shrimp using a new 50k single-
nucleotide polymorphisms (SNPs) panel and,; iii) to assess the feasibility of genotype
imputation to sequence level in Nile tilapia and the impacts of size and origin of
population reference on accuracy of imputation. For i), 149,919 records of HW and
164,023 of SUR were obtained from a Mexican shrimp hatchery. The data were
grouped into three sets according to the system of production: excavated ponds with
low density (S1), concrete recirculation tanks with high density (S2) and joining both
sets of data (S1+S2). A double hierarchical generalized linear model was applied to
estimate the (co)variance components of HW-HW\, and a bivariate mixed linear model
was used to estimate the components referring to HW-SUR. The genetic correlations
(rg) for these traits were estimated, in addition to the correlation between the estimated
breeding values (EBV) for HW\-SUR. For ii), 96 broodstock shrimp (40 males and 56
females) from a commercial hatchery from Ecuador were genotyped using a new 50k
SNPs panel. Then, the LD was estimated using three distinct quality controls with
different minor allele frequency filters: 0.1 (QC1); 0.05 (QC2) and 0.01 (QC3). For iii),
DNA samples from 326 tilapia from three populations (Pa, Ps and Pc) were extracted
and sequenced. After quality control of sequence data, 4.6 million of SNPs were
obtained in common for all populations. The imputation was performed in four different
scenarios: two sizes (10 or 90% of animals from each population) and two origins of
population reference (only two different populations or all three populations). The
validation animals had their genotypes masked keeping only 50k SNPs for imputation
to the sequence level. The Fimpute3 software was used and the imputation accuracy
was evaluated through the correlation between the imputed and observed genotypes
(r3). In the uniformity study, a significant proportion of genetic variance was detected
in the residual variance of HW, revealing that there is possibility to select for uniformity
of this trait in shrimp (genetic coefficient of variation ranging between 17 and 35%).
The genetic correlations between HW and SUR were different in sign and magnitude
based on the production system, being equal to 0.36, -0.59 and -0.02 for S1, S2 and
S1+S2, respectively. The correlation coefficients between the EBV of HWy and SUR
were significant only for S1 (-0.32), suggesting that selection for more uniform families
may also increase survival rates in a lower density environment. For shrimp genomic
data, 34,425, 39,091 and 42,789 SNPs were obtained after QC1, QC2 and QCS3,
respectively, showing high polymorphism and validating the application of this panel
of SNPs to this farmed shrimp population. The LD declined rapidly in the first 30 KB of
distance from 0.2 to 0.07 and then decreased to 0.02 for longer distances (>80 KB).
These results suggest recent incorporation of animals from different populations or
strains into this breeding population and that genomic selection and genome-wide
association studies are feasible in shrimp using this SNP panel as tool. For the
imputation using tilapia sequence data, in general, the r2 per animal showed
intermediate results ranging from 0.37 to 0.56 for Pa and 0.43 to 0.58 for Ps and Pc.
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However, the results showed that it was possible to impute from 50k to approximately
680k with high accuracy. An increase in r2 of 31.5% for Pa and 24.6% for Ps and Pc
was observed, when 90% of animals from the same population were used as
reference. There were no significant differences for r2 between the scenarios that used
90% of animals from the same population and used animals from the three populations
as a reference, showing that the strategy of using information from another population
to increase the reference population had minor effect on the accuracy of imputation.

Keywords: Shrimp, Linkage Disequilibrium, Genotype Imputation, Tilapia, Uniformity



CHAPTER 1 - General Considerations
1.1 Introduction

Currently, aquaculture has played an important role in food production. In 2019,
aquaculture was responsible by the production of approximately 120.1 million of tons
representing an increase of 54% in comparison to 2009. Similar tendency was
observed in the Brazilian sector, which approximately 600.3 thousands of tons were
produced in 2019 (45.7% more than the production registered ten years ago) (FAO,
2021). Shrimp and tilapia farming were segments that represented large proportions
of the total aquaculture production in Brazil in 2019, 9.1 and 53.9%, respectively (FAO,
2021).

The implementation of breeding programs is a strategy employed to improve
the mean level of traits that present economic return. Traits related to growth (e.qg.,
weight at harvest or specific age), survival (e.g., survival in specific production systems
and after disease challenge), reproduction (e.g., age at sexual maturation and number
of eggs) and meat quality (e.g., fillet color and yield) are groups of traits often
contemplated in the aquaculture breeding programs (Gjedrem and Baranski, 2009).
Although breeding programs focused on improving the mean level of these traits have
been successful (Gjedrem and Rye, 2018), there is a new concern to decrease the
phenotypic variability of such traits, i.e., to increase uniformity. In order to select for
more uniform animals, the low residual (environmental) variance may be used as
selection criterium, if this is a trait under genetic control (Mulder et al., 2008). Despite
its importance to aquaculture industry and relevance to the effectivity of breeding
programs, uniformity studies are scarce in this field.

Another strategy to increase the effectivity of breeding programs is the inclusion
of genomic information. With the advent of new technologies, it is possible to extract
DNA from animals, genotype this samples and include this as additional source of
information. For breeding programs, the genomic information has two main
applications: genomic selection (GS) and genome-wide association studies (GWAS).
GS consists of estimating the genomic breeding values of selection candidates using
a prediction equation that was previously calculated in a reference population
(Meuwissen et al., 2001). GS requires a sufficient number (thousands) of single-

nucleotide polymorphisms (SNPs) markers, allowing to capture genetic variability



2

through linkage disequilibrium (LD) with quantitative trait loci (QTL). On the other hand,
GWAS may help to disentangle the genetic architecture of traits and detect genomic
regions associated to genetic variation by using LD information between SNPs and
QTLs. In this sense, when a SNP panel is developed, it is important to determine the
level and extension of LD to evaluate its applicability in breeding programs.

The use of whole-genome sequencing (WGS) to obtain genotypic information
is expected to accelerate the genetic gain in comparison to genotyping panels
because it may include millions of SNPs with potential causal variants related to
relevant phenotypes (Meuwissen and Goddard, 2010). Nevertheless, WGS faces an
important drawback compared to SNP panels: it is much more expensive mainly when
many animals are required. In this sense, the genotype imputation is a cost-effective
strategy to obtain genotypes at sequence level. The imputation is performed using
WGS information from key-animals as reference to predict the missing genotypes of
target animals that were previously genotyped in a lower density. The size and origin
of reference population are important aspects that should be evaluated to perform
genotype imputation with high accuracy (Carvalheiro et al., 2014, Hickey et al., 2012).
In spite of the increasing number of WGS studies in aquaculture species, none study

was found evaluating how these factors may affect the final accuracy of imputation.

1.2 Literature Review
1.2.1 Uniformity
1.2.1.1 Genetics of uniformity in aquaculture species

The uniformity is a new concern in animal production mainly by three reasons:
industry and consumer preferences, operational problems during the grow-out phase
and phenotypic stability facing environmental changes (Sae-Lim et al., 2016). A more
uniform product may ease the processing in industry and also aggregates value to the
final product because it is often appreciated by the consumer market (Khaw et al.,
2016). In addition to the direct economic return associated to uniformity, more
homogeneous animals may reduce economic loss during the rearing phase. This
effect is particularly noticed in aquaculture species in which large variation in size, for
example, may stimulate competition for feed increasing mortality, encouraging
cannibalistic behavior and reducing the animal welfare (Marjanovic et al., 2018). A final

concept may be associated to uniformity in production animals, the “robustness”.
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‘Robustness”, also called phenotypic plasticity, means that in the advent of
environmental changes the animal will not present variation in its phenotype, i.e., more
uniform animals are expected to present lower phenotypic fluctuation when exposed
to environmental variations (Elgersma et al., 2018).

The genotype by environment (GxE) interaction occurs when the performance
of different individuals is affected by changes in the environmental conditions
(Falconer and Mackay, 1996). Thinking about breeding programs, the GxE interaction
may be a problem because individuals selected as superior in one environment may
present different performance in another environment causing reranking of animals.
The environmental factors that may cause GXE interaction may be grouped into
macro-environmental and micro-environmental sensitivity. The macro-environmental
factors are measurable and noticeable changes, such as different production systems,
farm locations and stocking densities. On the other hand, micro-environmental
sensitivity is related to non-measurable factors, such as pathogens, social interactions,
and epigenetic effects (Sae-Lim et al., 2016). Itis in the micro-environmental sensitivity
that the uniformity may be evaluated, i.e., to evaluate the ability of each individual to
keep its phenotype stable facing minor environmental disturbances (Mulder et al.,
2008).

Aquaculture environments are very unstable and are subject to higher micro-
environmental variation compared to other livestock species (e.g. pig and chicken)
mainly because most of production systems involve constant interaction among
individuals, for example, “raceways” in shrimp and net cages in tilapia farming
(Castillo-Juarez et al., 2012; Khaw et al., 2016). Selection for more uniform animals is
possible if the genetic component related to this trait is heritable. Several studies
showed that, possibly, the residual variance allocates the genetic variance of
uniformity (Hill and Mulder, 2010; Sorensen and Waagepetersen, 2003). Thus, in order
to select for uniformity, a strategy would be to detect if there is genetic heterogeneity
of environmental (residual) variance for determined trait (Mulder et al.,, 2006;
SanCristobal-Gaudy et al., 2001).
1.2.1.2 Models to evaluate the uniformity

Several methods may be used to estimate the genetic component of the
residual variance, such as the additive model (Hill and Zhang, 2004; Mulder et al.,

2007), the exponential model (SanCristobal-Gaudy et al., 1998; Sorensen and
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Waagepetersen, 2003) and the double hierarchical generalized model (DHGLM)
(Mulder et al., 2009). Similarly to the exponential model, the DHGLM uses the natural
logarithm of the residual variance in the exponential form In(é2), but it is implemented
in a two-step approach. In the first step, the following mean model is applied:
y=Xb+Za+e,
then, the residual variance model is applied in the second step:
In(é?) = Xby, + Zay + ey,
where y and In(é?) are the responsible variables for the mean and residual variance
models, respectively, Xb (Xby), Za (Zay), e(ey) are fixed and random effects for the
mean and residual variance models, respectively. In order to estimate the variance
components in a single-step, Felleki et al. (2012) proposed an extension to the
DHGLM in which a bivariate model for the mean and residual variance could be
applied:

F=lo xllol+lo 2]l +1e)

where y is the mean trait and ¥ is the linearized response variable for the residual
variance defined as:
¥y = log(8%,) + ({[ef/(1 — hp)] — 82}/32),

where G2, is the predicted residual variance for the i observation obtained in the
previous iteration, &7 is the squared residual from the mean model estimated for the i
observation, h; is the leverage for the it" observation, which is the ith diagonal element
of the hat matrix (Hoaglin and Welsch, 1978), X(X,,) and Z(Zy), are incidence matrices,
b(by), a(ay), e(ey), are fixed and random effects for the mean and residual variance
models, respectively. Other models may be applied to estimate the genetic
components of the residual variance using, for example, Bayesian models (Sorensen
and Waagepetersen, 2003) and models that incorporate the phenotypic coefficient of
variation (Khaw et al., 2016). However, the most adequate method depends on the
data structure available. It is important to highlight that uniformity requires multiple
measures either at individual level (as repeated records) or within-family level.
Repeated measures allow the estimation of standard deviation and coefficient
variation which may be a direct measure of uniformity (Khaw et al.,, 2016). Most
commonly, the aquaculture breeding programs are based on multiple families with a

large number of full and half-sibs with a single observation, thus, the DHGLM is an
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appropriate model to evaluate uniformity considering multiples observations at family
level (lung et al., 2019).
1.2.1.3 Estimation of uniformity genetic parameters

Two main genetic parameters may be used to interpret and compare the
uniformity results: heritability of residual variance (hZ) and genetic coefficient of
variation (GCV;), also called evolvability (Mulder et al., 2007). The hZ is related to the

EBYV accuracy of prediction for the residual variance and may be estimated as:
hz _ o-‘%v,add
vV = ’
(20;+3va,add)
where oZ _ is the additive genetic variance estimated for the residual variance on

the additive scale and o7 is the squared phenotypic variance. The aﬁm may be

dd

obtained as (Mulder et al., 2009):
—92\2
O-C%v,add = h%eSZ(O'éZ) !
where hZ, is the heritability of the response variable used in the residual variance

model, and 7 is the average residual variance in the mean model. The GCVj indicates

the potential response to selection for residual variance and may be calculated as:

GCVy = Znadd

where g, .., is the standard deviation of the additive genetic variance for the residual
variance on the additive scale.

lung et al. (2019) reviewed uniformity studies in several livestock and
aquaculture species. The authors found only six studies regarding this topic in
aquaculture, all of them focused in fish: rainbow trout (Janhunen et al., 2012; Sae-Lim
et al., 2015), Atlantic salmon (Sae-Lim et al., 2017; Sonesson et al., 2013) and Nile
tilapia (Agha et al., 2018; Marjanovic et al., 2016). A low h was found in most of
studies implying that a high number of animals would be necessary to achieve high
accuracy of selection for uniformity. They also found that compared to livestock
species (sheep, pig, chicken and cattle), fish showed high GCV; (0.36 on average)
indicating that uniformity may be improved through selection in aquaculture species
efficiently. More recently, other uniformity studies were also performed for other
aquaculture species: shrimp (Garcia-Ballesteros et al., 2021; Garcia et al., 2021b),
oyster (Vu et al.,, 2021) and lumpfish (Sae-Lim et al., 2020). These studies also

revealed potential to increase uniformity using selection.



1.2.2 Genomic tools applied to aquaculture breeding
1.2.2.1 Genomic resources and genotyping methods in aquaculture

The application of genomic tools for breeding purposes is more recent in
aquaculture species than in other livestock species. Several important aquaculture
species still have poor quality of reference genome and many more species have
limited genomic resources available hardening the implementation of genomic tools
(Houston et al., 2020). The lack of genomic resources and high-quality assembling
goes beyond the more recent interest and investment issues. The genome assembling
is much more challenging in aquatic species due to more complex genomic
characteristics. The genome duplication events in salmonids (Lien et al., 2016) and
the excess of heterozygosity loci in crustaceans (Zhang et al., 2019) are examples of
intrinsic factors that difficult the assembling. Nevertheless, each year, more species
have their genome sequenced increasing the knowledge of genomic aspects of
important aquaculture species. You et al. (2020) found WGS projects for genome
assembling in 52 aquatic species of economic relevance. The majority of these studies
use preliminary versions of genome which have scaffolds instead of chromosomes.
However, some species, such as Atlantic salmon and Nile tilapia, have already
updated and more accurate genome versions which has allowed the development of
several genomic studies varying from functional, such as high-density linkage maps
and gene annotation (Lu and Luo, 2020) to breeding applications, such as GS and
GWAS (You et al., 2020).

The genetic markers, predominantly SNPs, are the basic unity of genomic
information for breeding applications. In order to genotype animals and discover
markers, three main techniques have been employed in aquatic species: genotype by
sequencing (GBS), SNP arrays and whole-genome sequencing (WGS). The GBS
methods include a series of other techniques (e.g., RAD-seq, 2bRAD and ddRAD)
which combine high-throughput sequencing and the construction of libraries to
genotype specific sites at high-coverage. The main advantage of GBS is that a
reference genome is not necessary to genotype and discover SNPs which is
particularly interesting for emerging aquaculture species with poor genomic
information (Robledo et al., 2018). However, due to complex preparations and
pipelines, GBS may lead to genotyping errors compromising its repeatability across

different datasets (Palti et al., 2015b). The SNP arrays are simpler platforms of pre-



7

defined SNPs that require previous genomic knowledge about the species. For this
reason, there is a limited number of species with this tool available: Atlantic salmon
(e.g., Yafiez et al., 2016), common carp ( e.g., Xu et al., 2014), channel catfish ( e.qg.,
Liu et al., 2014), rainbow trout ( e.g., Palti et al., 2015a), Pacific oyster (Gutierrez et
al., 2018), Nile tilapia ( e.g., Yafiez et al., 2020), sea bass (Griot et al., 2021),
serrasalmid fish (Mastrochirico-Filho et al., 2021) and Pacific white shrimp (Garcia et
al., 2021a). The SNP arrays have been largely used for GS and GWAS in livestock
species and there is similar tendency for aquaculture. The WGS method is currently
the most complete source of genomic information. This technology vyields larges
volume of data and millions of SNPs may be discovered from it. The main benefit of
using WGS for breeding and population genetics purposes is the higher accuracy of
information because the complete genome is sequenced several times. In spite of
reducing costs in the last years, the WGS method is still very expensive in comparison
to other genotyping methods. However, due to progressive advances in bioinformatics,
and consequently in the reduction of costs, some authors predict that WGS will
become prevalent in the future for the genotyping of production animals (Rubinacci et
al., 2021; You et al., 2020).

1.2.2.2 Linkage disequilibrium

The linkage disequilibrium (LD) has a fundamental role in the application of
genomic tools. For example, both GS and GWAS assumes that SNPs distributed over
the genome are in LD with QTL affecting the interesting traits (Goddard and Hayes,
2009; Meuwissen et al., 2001). Looking at LD over the genome, it is also possible to
know more about past events that affected the population (e.g., cross-breeding and
geographical bottlenecks), and a more detailed view (LD at chromosome segments)
reflects evolutionary forces that may have changed the population’s genetic
composition (e.g. artificial/natural selection and mutation) (Heuertz et al., 2006).

By definition, the LD is a non-random association of alleles at two or more loci
(Falconer and Mackay, 1996). Several methods were proposed in order to measure
LD. Currently, D' and r? are the most common methods applied in genomic studies.
Considering a pair of loci with alleles A and a at locus one, and B and b at locus two,
with allele frequencies P,, P,, Pz, and P,, respectively, the resulting haplotype
frequencies are Pyg, P4y, P,5, and P,,. We may calculate then:

Dap = Pap — PaPg,
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where D5 is the LD coefficient, P,z is the frequency of gametes carrying the pair of
alleles A and B at two loci, P,Pg are the product of the frequencies of alleles A and B,

respectively. Using this coefficient, we may obtain D’ (Lewontin, 1964):

N __ (Dab)z .
D] = min(P 4Pp,PaPp)’ for Dgp, < 0;
2
ID'| = —Lab)__gor p >0

"~ min(PPg,PePp)’
In case of no recombination between these alleles (i.e., D’=1), there is complete
LD. In the same way, we may obtain r? (Hill and Robertson, 1968):

2 _ (Dab)2
PaPaPpPp

Similarly, if 2 is equal to 1, we may say there is perfect LD and, it is only
possible, if the markers have not been separated by recombination and have the same
allele frequency. The D’ measure is highly affected by sample size, mainly for SNPs
with low MAF, resulting in high levels of LD between loci when they are actually in
equilibrium (Ardlie et al., 2002). Thus, r2? is more recommended to measure LD
between loci using SNP panels.

LD has been evaluated in different aquaculture species using distinct SNP
platforms and densities, for example: Atlantic salmon (Barria et al., 2018); coho
salmon (Barria et al., 2019); rainbow trout (Vallejo et al., 2018); Nile tilapia (Yoshida
et al., 2019a) and Pacific oyster (Zhong et al., 2017). For shrimp, most of studies used
low density SNP panels (up to 6.5K) (e.g., Jones et al., 2017) or GBS techniques (e.qg.,
Wang et al., 2019) that may not represent with high accuracy the population LD for
this species. A new 50K SNP array is commercially available for shrimp, but to the
best of our knowledge, no LD studies were performed using this new tool. It is
important to evaluate LD considering that several factors may affect it, such as allelic
frequencies, recombination rates, population admixture, population bottlenecks,
among others (Espigolan et al., 2013). Thus, LD is population-specific and its distinct
patterns across different populations may compromise the repeatability of genomic
studies. For this reason, the extent of LD should be evaluated before considering to
implement GS and GWAS and it may validate the applicability of this novel tool to

farmed populations.



1.2.2.3 Genotype imputation

The genotype imputation is a cost-effective strategy to maximize the number of
animals with genotypes at higher densities reducing costs. In this strategy, a low
proportion of animals is genotyped at high density (or sequenced) to be used as
reference, then target animals that have genomic information at lower density may
have their genotypes imputed at higher density. This approach is feasible using low,
medium and high SNP densities and also using WGS.

Using information imputed to sequence level to genomic predictions is
advantageous because it potentially includes causal mutations increasing the
accuracy of estimated breeding values (Meuwissen and Goddard, 2010). In addition,
the detection of QTL is also improved in GWAS due to the inclusion of rarer variants
and greater genome coverage increasing the possibility of finding SNPs that are close
and/or in LD with the QTL (MacLeod et al., 2016). However, the success of this
strategy depends on how accurate was the imputation process.

Several factors may influence the accuracy of imputation, such as the number
of SNPs present in the low and high density panel, method of imputation, reference
population size and origin, minor allele frequency (MAF) of the imputed SNP, among
others (Calus et al., 2014). The reference size and origin are more important for
methods of imputation that use family information, such as in Fimpute3 (Sargolzaei et
al., 2014) and Alphalmpute software (Hickey et al., 2011). Basically, these methods
search for haplotypes shared between reference and target animals to predict the
missing genotypes. The haplotype construction is more accurate for closer relatives
because they share longer haplotype blocks requiring less animals (Sargolzaei et al.,
2014). In this way, if the reference animals are ancestors of target animals, for
example, a lower number of animals is necessary to have high accuracy of imputation.
On the other hand, more animals are needed to achieve the same accuracy level if
the relationship between target and reference animals is low.

The genotype imputation has been successfully applied in aquaculture. For
example, Yoshida et al. (2019) performed imputation from low density (0.5K, 1K and
3K) to medium density (50K) in Nile tilapia and reported high accuracy of imputation
results (correlation between imputed and observed genotypes greater than 0.9). The
authors also showed high accuracy in the genomic prediction for growth and fillet yield

using the imputed data. However, genotype imputation studies using WGS is scarce
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in aquaculture and we found only two studies using this type of data (Yoshida and
Yéafnez, 2021a, 2021b). Still, none study was found evaluating how reference size and

origin may affect the accuracy of imputation.

1.3 Objectives

e to estimate the genetic component of residual variance for harvest weight and
to investigate the effect of weight and its uniformity on the survival of Pacific white
shrimp reared in different culture systems during the grow-out period.

e to characterize the genetic diversity, estimate the linkage disequilibrium and
the effective population size present in a farmed population of Pacific white shrimp.

e to evaluate the feasibility of genotype imputation from approximately 50k
SNPs to sequence level in Nile tilapia and to investigate the impacts of size and origin
of reference population in the accuracy of imputation.
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Chapter 2 - Effect of harvest weight and its uniformity on survival in Litopenaeus

vannamei reared in different systems?

ABSTRACT - A new goal in animal breeding programs is to improve not only trait
means, but also to decrease the level of phenotypic variation. One way to achieve
uniformity is through selection for reduced residual (environmental) variance, if this is
a trait under genetic control. The objective of our study was to evaluate the opportunity
of selection for uniformity of harvest weight (HW) and to investigate whether HW and
its uniformity (HWv) may affect survival (SUR) in shrimp reared in different production
systems. A total of 149,919 and 164,023 records of HW and SUR, respectively, were
obtained from a commercial shrimp hatchery and used in this study. Data was grouped
into three sets based on the analyses: low density earthen ponds (S1), high density
concrete recirculation tanks (S2) and S1+S2 for joint analyses. A sire-dam double
hierarchical generalized linear model (DHGLM) was applied to estimate (co)variance
components for HW-HW,, while a bivariate mixed animal model was applied for HW-
SUR, using the three datasets. Genetic correlations among these traits were then
estimated, in addition to the correlation coefficient between estimated breeding values
(EBV) for HWyv and SUR. The results revealed a significant proportion of genetic
variance in the environmental variance of HW and, consequently, the opportunity to
select for uniformity (genetic coefficient of variation ranging from 17 to 35%). The
genetic correlations between HW and SUR were different in sign and magnitude based
on the production system, being equal to 0.36, -0.59 and -0.02 for S1, S2 and S1+S2,
respectively. Correlation coefficients between EBV for HWv and SUR were significant
only for S1 (-0.32), suggesting that selection for more uniform families may also
increase survival rates in a less intensive environment. In conclusion, we found
substantial genetic variation in the uniformity of harvest weight in Litopenaeus
vannamei and this trait could be improved through selection. Harvest weight and its
uniformity have a genetic correlation with survival affected by the production system

and environmental condition.

Keywords: Genetic heterogeneity of residual variance, Harvest weight, Shrimp,

Survival, Uniformity of production

aArticle published in the “Aquaculture” doi: 10.1016/j.aquaculture.2020.735891
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2.1 Introduction

Pacific white shrimp (Litopenaeus vannamei) is a species with economic
importance in different parts of the globe with remarkable production in Asia— primarily
in China, Indonesia and India— and in the Americas— especially in Ecuador, Mexico
and Brazil (FAO, 2017). One strategy to increase shrimp productivity is the adoption
of breeding programs that consider traits with economic interests such as harvest
weight (Campos-Montes et al., 2013; Perez-Rostro and Ibarra, 2003) and survival rate
(Moss et al., 2005; @degard and Olesen, 2011). Recently, breeding programs have
considered improving not only the trait mean; attention has also been paid to the
performance of individuals in multiple environments and approaches to reduce
variation around mean levels. The latter topic may indicate stability of phenotypes,
also called “robustness”, and it is associated with the potential of individuals to keep
their phenotypes stable when disturbed by stressor agents (Mulder et al., 2008;
SanCristobal-Gaudy et al., 2001).

It is known that different genotypes may have distinct responses to
environmental changes— the so-called genotype by environment (GXE) interaction
(Falconer and Mackay, 1996; Lynch and Walsh, 1998)— and that phenotypic variation
may be attributed to two main categories: 1) measurable or visible environmental
changes, such as changes in production systems, temperature or stocking density,
called macro-environmental sensitivity and, 2) non-measurable and animal-specific
environmental factors that could encompass external factors such as pathogens and
social interactions, as well as internal factors, such as homozygosity, epigenetic
effects and mutations. Both factors are considered unknown and related to micro-
environmental sensitivity (Mulder et al., 2013b). In shrimp and other aquaculture
species, production systems may have substantial differences and are generally
exposed to greater environmental interferences in comparison to livestock species
(e.g., chickens and pigs), making it difficult to maintain a completely stable
environment (Sae-Lim et al., 2013). In order to investigate genetic variation in macro-
environmental sensitivity, GXE interaction effects have been studied in shrimp
regarding different gradient environments, such as farm location and management
(Campos-Montes et al., 2013, 2009), density (Ibarra and Famula, 2008; Tan et al.,
2017), rearing structure (Nguyen et al., 2019), temperature (Li et al., 2015), presence
of disease (Argue et al., 2002) and salinity level (Lu et al., 2017). The presence of GXE



22

interaction may help breeders decide if single or multiple breeding programs should
be implemented to more efficiently select animals across environments (Agha et al.,
2018).

The unknown nature of micro-environmental sensitivity may be measured by
the uniformity of a trait. If individuals display substantial ability to maintain phenotype
stability across minor environmental fluctuations, they are expected to have lower
variation (higher uniformity) around group or family levels (Hill and Mulder, 2010).
Uniformity is desired by consumers and farmers considering that more homogenous
animals are associated with a final product of superior quality and ease of operational
processing in industry resulting in greater profitability (Marjanovic et al., 2016). In
aquaculture, for example, wide variability in size or weight may increase competition
for food, stimulate cannibalistic behavior and reduce the survival rate, causing
economic losses or requiring laborious intensive management to classify animals by
size (Marjanovic et al., 2018). Increasing uniformity through selection is possible when
there is genetic control of the environmental (residual) variance. In practical terms,
uniformity may be investigated through the genetic heterogeneity of residual variance,
i. e. the residual component of evaluation models is no longer considered to follow
same distribution and variance; rather, genetic and environmental factors are
assumed to have an effect on the residual (Mulder et al.,, 2007; Sorensen and
Waagepetersen, 2003). lung et al. (2019) reviewed uniformity studies in aquaculture
species and found substantive proportions of genetic variance in the residual variance.
These authors reported that, compared to livestock species, farmed aquatic animals
have a higher potential to explore uniformity using selection due to the greater
phenotypic variation, which may indicate high proportions of genetic variability for
residual variance. However, these studies focus on fish (salmonids and tilapia) and
only one study was found regarding this topic in shrimp (Castillo-Juéarez et al., 2012).

The objective of this study was to estimate the genetic component of residual
variance for harvest weight and to investigate the effect of weight and its uniformity on

the survival of shrimp reared in different culture systems during the grow-out period.
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2.2 Material and methods
2.2.1 Population background

The data used in this study was obtained from a Mexican commercial hatchery.
The population structure and detailed rearing protocol are documented in Campos-
Montes et al. (2013) and Castillo-Juarez et al. (2007). In brief, the family-based
selection program was established in 1998 comprised of domesticated strains from
Venezuela, Colombia, the United States and Ecuador and a natural population from
Mexico, followed by mass selection for body weight. In the family-based selection
program, the selected animals were separated by sex, tagged using humbered rings
and then transferred to maturation tanks. Following an adaptation period, mature
females were artificially inseminated in a 1M:2F (M: male; F: female) ratio and avoiding
sib-mating.

The selection program from 1998 to 2002 was applied using two selection
criteria: full-sib family phenotypic means of body weight (BW) at around 130 days of
age and within-family information for the same trait. In the 2003-2007 period, the
selection criteria changed to family estimated breeding values (EBV) and within-family
information for BW at 130 days of age. Since 2008, a two-stage selection program has
been implemented using EBV, first using BW at 28 days and subsequently BW and
survival at 130 days of age as selection criteria.

2.2.2 Larvae and post-larvae management

After artificial insemination, females were moved to spawning tanks and had
their eggs collected after 5-6 hours. The eggs were spawned in tanks under constant
aeration conditions and then the number of nauplii were estimated separately and
seeded into 200-L tanks with controlled water conditions of aeration, salinity, density
and temperature. Special care was devoted to dividing families into two replicates,
placing the family units in different zones of the greenhouse larvae room to reduce a
possible confounding effect between additive genetic and common environment
effects (Montaldo et al., 2013). The feed consisted of inert material with 40-50%
protein and natural feed (Chaetoceros spp. microalgae, Spirulina spp. and Artemia
spp).

After the final metamorphosis to post-larvae (at 28 days of age), the animals
were seeded into cages placed inside ponds with controlled temperature and aeration.

When they reached around 2 g of BW, samples were randomly drawn and the shrimps
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were tagged using elastomers with combinations of different colours and tagging
positions to identify families. After tagging, individuals of each family were randomly
chosen and placed in two different production systems: low density earthen ponds
(S1: System 1) and high density concrete recirculation tanks (S2: System 2). Thus,
each family had individuals represented in both systems. In S1, ponds were
approximately 0.2 ha, with a 1.4m water column and were seeded at a density of
between 10 and 30 shrimp/m2. Feeding consisted of a commercial diet containing 35-
40% crude protein and the amount of feed was offered as 3% of the total biomass in
the pond. The water exchange rate ranged from between 5 and 20% daily. For the
recirculation system (S2), concrete tanks measured 16x4 m, with a 2m water column
and a density of between 85 and 100 shrimp/mz2. A 35-40% crude protein commercial
diet was also provided to these animals, but the quantity was equal to 6% of the total
biomass. Constant aeration was provided and 4-5% of the water was exchanged daily.
The number of animals per family in each system ranged from between 30 and 50,
depending on the year.
2.2.3 Collection and edition of phenotypes

Shrimp were harvested at approximately 130 days, and each animal was
identified, sexed, and weighted. Animals with deformities, undefined sex information
and miscoding were discarded from the final dataset. Shrimp survival was also
recorded and treated as a binary trait (O=dead; 1=alive) by using information from the
number of animals seeded and harvested in each pond. From now on, harvest weight
and survival will be called HW and SUR, respectively.
2.2.4 Data structure and statistical analysis

Data included in this study was recorded from multiple batches per year
produced daily, ranging over an 11-year period of the breeding program (Table 1). A
summary of the total number of animals, dams, sires and offspring may be observed
in Table 2. Descriptive statistics (records distribution, mean, minimum, maximum and
coefficient of variation of phenotypic records) for each production system were
obtained and are shown in Table 3.

Normality was also tested for HW using the Skewness and Kurtosis measures
(results not shown). All statistical analyses were performed in terms of two levels of
information: a single system, combining information from S1 and S2 and considering

HW as a single trait; or as separate systems, considering each trait in each system as
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independent different trait. The DMU package (Jensen and Madsen, 2002) was used
to perform all analysis through the AI-REML module.

Table 1. Number of batches and animals produced in each year of breeding program

Year Batches n? Age (days)P
1 22 575 (482) 133 (7)
2 15 1,175 (1,121) 131 (22)
3 18 1,217 (835) 128 (5)
4 18 726 (357) 127 (5)
5 10 1,759 (956) 130 (3)
6 12 1,507 (702) 125 (4)
7 11 852 (315) 123 (3)
8 13 1,019 (503) 127 (4)
9 24 687 (269) 134 (7)
10 7 1,855 (1,058) 128 (2)
11 4 690 (344) 130 (1)

a Average number of animals harvested (standard deviation)
b Average age of animals harvested (standard deviation)

Table 2. Data structure, number of animals and families for each production system

Production nP Sire¢ Damd  Full-sib  Animals/familyf
System? families®

S1 105,340 698 945 966 111 (64)

S2 58,683 698 945 966 62 (29)

S1+S2 164,023 698 945 966 173 (62)

a S1: earthen ponds seeded at low density, S2: concrete recirculation tanks seeded at high
density and, S1+S2: combination of records from both systems

® Number of animals (percentage of total)

¢ Number of sires

4 Number of dams

¢ Number of full-sib families

f Average number of animals in each family (standard deviation)

Table 3. Data distribution and descriptive statistics for harvest weight (HW)* and
survival (SUR)**

Trait Production RecordsP Records/ Mind Max® Mean CV (%)
system? family®
S1 104,411 (69.64%) 80(38) 3.31 31.92 16.98 26.19
HW
@ S2 45,508 (30.36%) 42 (24) 3.16 31.88 15.84 31.81

S1+S2 149,919 114 (51) 3.16 31.92 16.64 28.04
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S1 105,340 (64.22%) 111 (64) 14.07 100 77.38 30.01

SUR (%
() S2 58,683 (35.78%) 62(29) 0.09 100 74.74 45.20
S1+S2 164,023 173 (70) 20.55 100 67.38 18.18

* Fewer number of records because dead animals had no weight.

** Statistics expressed in terms of family means

a S1: earthen ponds seeded at low density, S2: concrete recirculation tanks seeded at high
density and, S1+S2: combination of records from both systems

® Number of records (percentage of total)

¢ Number of records per family (standard deviation)

4 Minimum value recorded

¢ Maximum value recorded

" Coefficient of variation in percentage

2.2.5 Harvest weight and its uniformity

Double hierarchical generalized linear models (DHGLM) may be applied to
detect the genetic heterogeneity of residual variance and to estimate the heritability of
residual variance (h2) and the genetic coefficient of variation of residual variance
(GCVy), also known as evolvability (Mulder et al., 2007; Ronnegard et al., 2010). In
this model, a linear mixed model for the mean (HW) and a gamma generalized linear
model for the residual variance of HW (HW\) were fitted simultaneously using an
algorithm with a log-link function to account for the non-normality of the residual
variance. We used an extension of DHGLM developed by Felleki et al. (2012) that
allows for fitting a bivariate sire-dam linear mixed model for HW and HW., and

estimating the genetic correlation between them. The DHGLM (Model 1) applied was:

¥l = [)é )?v] [l?v]-"[(ZSJ(;ZD) (Zs f ZD)V] [llllv]+[3 (;)V] [ccv]"'[eev] [1]

where y and ¥ are the vectors of response variables for the mean (HW) and residual
variance (HWv) models, respectively; b(bv) is the vector of fixed effects that included
year-place (farm unit), pond/tank, sex and age (linear covariate), and u(uv) is the

vector of additive genetic effects of the sire and dam of each individual, assuming:

u 1
[uv] ~N (0,;6®A),
where G is a 2x2 sire-dam (co)variance matrix, and A is the numerator relationship

matrix; c(cv) is the vector of common to full-sibs effect, assuming:

[ ccv] ~N(0, COI),
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where C is a 2x2 (co)variance matrix of the common full-sib environmental effect and

| an identity matrix. The residuals of y(e) and ¥(ev) were treated as independent and

SRI0 [W _lcgvl@”)’

where W = diag(¥™ ") and W, = diag (1

normally distributed as:

_2 i) contain the individual residual variances

and 62(02) is a scaling variance expected to be 1. X, (Zs+Zp) and Q are the incidence
matrices for each effect presented above. Vectors, matrices and scalar components
indicated by the subscript v are related to the residual variance model. The linearized
response variable ¥ was obtained as follows:
¥; = log(62) + ({[ef/(1 — hy)] - 62}/82),

where @2, is the predicted residual variance for the i" observation obtained in the
previous iteration, &2 is the squared residual from the mean model estimated for the
i"" observation and h; is the leverage for the i" observation, which is the it diagonal
element of the hat matrix (Hoaglin and Welsch, 1978). The model was iteratively
performed, automatically updating ¥, W and Wy in each iteration until convergence
running the DMU within a routine in R software (R Core Team, 2017). The
convergence criterion was assumed to be achieved when the difference in the
estimates of variance components between two successive interactions was less than
10 (lung et al., 2017).
2.2.6 Harvest weight and survival

The following bivariate mixed animal model was fitted to estimate genetic
parameters for HW and SUR (Model 2):

[0 sz ] [0 Zz] 0 QZ][ [2]

where yi1and y2 are vectors of individual observations (continuous response for HW
and binary for SUR, respectively); b1 is the vector of fixed effects as described in Model
1; b2 is the vector of fixed effects that includes only year, place (farm unit), and
pond/tank, because sex and age were unknown for SUR; uzi(u2) and ei(ez2) are the
vectors of additive genetic and residual random effects, respectively; c1 and c2 are the

vectors of random effects common to full-sibs; Xi1(X2), Z1(Z2) and Q1(Q2) are the
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incidence matrices related to their respective effects. For both traits, it was assumed
that:

[a] ~M 0, @A), 2]~ (0, coD and [¢] ~N(o,R&D

where A, C and | are the same matrices defined in Model 1; G and R are the
(co)variance matrices of additive genetic and residual effects, respectively. For both
models, the c effect was considered as the common environment from rearing of full-
sibs until tagging.
2.2.7 Genetic parameter estimations

In the sire-dam DHGLM, the same estimated variance component was
assumed for sire and dam resulting in one quarter of the additive genetic variance.

Thus, the additive genetic variance for HW (¢2) and its uniformity (agv‘exp) were equal
to (402) and (405v‘exp), respectively. Variance components estimated for uniformity

(HW\) were on the exponential scale and were transformed to an additive scale using
conversion equations (Mulder et al., 2007; Sae-Lim et al., 2015). For the HW in the
DHGLM, phenotypic variance was calculated as: g; = 20; + o/ + ¢Z; where ¢ and
a2 are the common to full-sibs and residual variances, respectively. Heritability (h?)
and common full-sib environmental effect (c?) for the mean were obtained by

h* = of/oj and ¢* = o/ /o;, respectively. For uniformity, the same parameters were

2 2
2 _ O'av 2 — O'Cv . .
calculated by hj; = 2eivateiol) and c; 205r3(eiT oLy respectively (Felleki and

Lundeheim, 2013; Sae-Lim et al.,, 2015). The genetic coefficient of variation for
uniformity (GCV,) was calculated as: GCV,, = o, /0f, where o = 0F — 20};. The h; and
GCV, are estimated to interpret and compare uniformity studies, the former is related
to the accuracy of EBV for residual variance and the latter indicates the opportunity of
selection response using the residual variance (lung et al., 2019). Standard errors of
both parameters were estimated using equations derived from Mulder et al. (2016).
For the bivariate animal model (HW-SUR), h? and c? of each trait was estimated using
the same equations for the mean in the DHGLM, except for ag, that now is equal to
the sum of 62, 62 and o?.

Genetic correlations (1) between HW-HWyand HW-SUR were directly obtained
from DHGLM and the bi-trait animal model, respectively. Due to convergence

problems, probably because of a hyper-parameterized model, a DHGLM including
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HW, HW\ and SUR as response variables to estimate genetic correlation between
them was not successful. Hence, correlation coefficients between EBV were

performed. First, the accuracy of EBV (EBV,..) was estimated for HWv and SUR using:
EBV,.. = /1 - ’f—zv, where PEV is the predicted error variance and ¢ is the additive

genetic variance of the trait (Meyer, 2004). Then, a correlation between EBV for HWy
and SUR was performed using only information from animals with EBV,.. greater than
0.5 for both traits. By means of this approach, we expected to approximate the real

genetic correlation.

2.3. Results
2.3.1 Descriptive statistics

Descriptive statistics for records are shown in Table 3. The number of records
was greater in S1 (low density earthen ponds) than in S2 (high density concrete
recirculation tanks) as well as the average number of animals per family. All families
had records for siblings in both environments. No significant differences in phenotype
means were found between environments for HW (S1: 16.98g; S2: 15.84g) and SUR
(S1: 77.38%; S2: 74.74%). However, a higher coefficient of variation for SUR was
observed when calculated in terms of family means between systems (S1: 30.01%;
S2:45.20%). For HW, the coefficient of variation was more stable with only 5.6% more
variation in S2 than in S1.

2.3.2 Genetic parameters for harvest weight, uniformity and survival

The variance components and genetic parameters for HW and HW., are
presented in Table 4. In general, the estimates of genetic parameters for HW and HWy
varied according to the production system. For HW, the lowest h? was observed for
S1, followed by S2 and S1+S2 (0.15 + 0.02, 0.24 £ 0.02 and 0.27 + 0.01, respectively)
and substantial c? effect was detected in all production systems (9.4, 9.5 and 7.2 % of
the total phenotypic variance for S1, S2 and S1+S2, respectively).

Results obtained in S2 and S1+S2 were similar to the univariate models fitting
residual variance as homogeneous (results not shown) while for S1, most variance
components seemed to be underestimated. Although the estimates of h2 were low for
all production systems (0.01-0.03), GCV, were considerably high (0.35 = 0.03, 0.17 +
0.05 and 0.28 + 0.02, for S1, S2 and S1+S2, respectively). These results indicate that
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using the residual variance of harvest weight as selection criteria may increase the

uniformity of HW in shrimp.

Table 4. Estimates of variance components and genetic parameters (SE) for HW and
its uniformity using DHGLM including information from different production systems
Production System?

i+h C
Trait’/Parameter 31 S0 S1+52
HW
ag 6.19 8.19 6.12
a2 0.89 (0.18) 1.74 (0.24) 1.76 (0.18)
a? 0.58 (0.05) 0.78 (0.07) 0.44 (0.05)
a? 5.68 (0.04) 5.68 (0.04) 5.24 (0.02)
h? 0.15 (0.02) 0.24 (0.02) 0.27 (0.01)
c? 0.10 (0.01) 0.09 (0.01) 0.07 (0.01)
HWv
agv,exp 0.11 (0.02) 0.03 (0.02) 0.08 (0.02)
Ucz,, 0.11 (0.01) 0.12 (0.01) 0.04 (0.003)
GCV, 0.35(0.03) 0.17 (0.05) 0.28 (0.02)
h2 0.03 (0.01) 0.01 (0.003) 0.02 (0.003)
c? 0.003 0.002 0.001

a S1: earthen ponds seeded at low density, S2: concrete recirculation tanks seeded at high
density and, S1+S2: combination of records from both systems

® HW: harvest weight, HW,: uniformity for harvest weight

¢ g: phenotypic, oZ: additive genetic, Z: full-sib family and o: residual variances, h*:
heritability for HW, c?: effect common to full sibs for HW. agv'exp: additive genetic variance for
HW, in the exponential scale, Ucz,,i common environmental variance for HW,, GCV,,: genetic

coefficient of variation of residual variance, h2: heritability for HW, and cZ: common
environmental effect for uniformity of HW,

The variance components and genetic parameters using bivariate (HW - SUR) animal
models are shown in Table 5. In contrast to the h? for HW obtained in DHGLM, similar
estimates of h? across production systems were found with the bivariate model (0.13
+0.02,0.17 £ 0.03 and 0.12 + 0.02 for S1, S2 and S1+S2, respectively). For SUR, h?
estimates were both low, ranging from 0.05 + 0.01 to 0.07 + 0.01, which were also
similar to univariate SUR models (results not shown).
2.3.3 Genetic correlations among traits

Genetic correlations (r;) between HW and HW. were of low to moderate
magnitude with a positive sign for production systems considered independently (S1
and S2) and negative for S1+S2 (Table 6). High standard errors were observed for
these correlations. On the other hand, HW-SUR genetic correlations showed highly

significant and opposite values when the production systems were considered
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separately. Positive genetic correlations were found for S1 (r; =0.36 + 0.10) and
negative correlations for S2 (r, = -0.59 £ 0.10), implying that the environments

evaluated may considerably change the trend and magnitude of a correlated response
between HW and SUR. Correlation coefficients between EBV for HWy and SUR were
not significant for S2 and S1+S2 (0.18 + 0.10 and -0.03+ 0.002, respectively) but were
highly significant for S1 (-0.32 £ 0.01), indicating that lower residual variance (more
uniform individuals) may be genetically correlated to individuals with greater chances
for survival.

Table 5. Estimates of variance components and genetic parameters (SE) for HW and
SUR using bivariate animal models including information from different production
systems

Production System?

Traitt/Parameter®

S1 S2 S1+S2
HW

o2 5.64 7.02 6.13

o2 0.72(0.13) 1.20(0.21)  0.74 (0.13)
o2 0.56 (0.05)  0.74(0.07)  0.57 (0.05)
o2 436 (0.71) 5.08(0.11) 4.83(0.07)
h? 0.13(0.02) 0.17(0.03)  0.12 (0.02)
c? 0.10 (0.01)  0.10(0.01)  0.09 (0.01)
SUR

o2 4.12 4.08 3.68

o2 0.28 (0.04)  0.30(0.05)  0.18 (0.03)
o2 0.55 (0.05)  0.49 (0.05)  0.21 (0.02)
o2 3.29 3.29 3.29

h? 0.07 (0.01) 0.07 (0.01)  0.05 (0.01)
c? 0.13(0.01) 0.12(0.01) 0.06 (0.01)

aS1: earthen ponds seeded at low density, S2: concrete recirculation tanks seeded at high
density and, S1+S2: combination of records from both systems

b HW: harvest weight, SUR: survival

¢ g5 phenotypic, oZ: additive genetic, 2 full-sib family and oZ: residual variances. h*:
Heritability, c2: effect common to full sibs

Table 6. Genetic correlation estimates (SE) between harvest weight, uniformity and
survival across different environments
Genetic correlation Production System?

(1,)° s1 S2 S1+S2
HW-HW, 0.17+0.13  0.34%022 -0.23+0.08
HW-SUR 0.36+0.10  -059+0.10 -0.02+0.10
HW.,-SUR* -0.32+0.01  0.18+0.10  -0.03 + 0.002

aS1: earthen ponds seeded at low density, S2: concrete recirculation tanks seeded at high
density and, S1+S2: combination of records from both systems

b HW: harvest weight, HW.: uniformity for harvest weight, SUR: survival

* Simple correlation coefficient.
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2.4. Discussion
2.4.1 Genetic parameters for harvest weight and uniformity

The h? estimates obtained for HW were of low to moderate magnitude and are
consistent with other studies for growth related traits in Litopenaeus vannamei
(ranging from 0.14 to 0.42; Gitterle et al., 2005b, 2005a; Ibarra and Famula, 2008;
Kanchanachai et al., 2011; Li et al., 2015; Sui et al., 2015; Zhang et al., 2016). Low to
high h? estimates (0.07 = 0.03 to 0.52 + 0.09) were reported for several growth traits
in studies using data from the same breeding program (Caballero-Zamora et al., 2015,
2013; Campos-Montes et al., 2017, 2013, 2009; Castillo-Juarez et al., 2007,
Hernandez-Ruiz et al., 2020; Montaldo et al., 2013; Rios-Pérez et al., 2015). The wide
range of h? observed in these studies may be explained by several factors, such as:
trait (morphometric measures and growth under specific conditions), number of
families, statistical model and methodology and age of the animal at the time of
measurement. In our study, h? estimates for HW were also affected by the source of
information, i.e., the culture environment. Our results found a downward estimation of
the additive genetic effect in S1, accounting for about half of the estimates in S2 and
S1+S2. In contrast, single-trait animal models for the same trait and dataset produced
very similar genetic parameters (e.g., h?~0.28), irrespective of the production system
(results not shown). It is likely that the sire-dam DHGLM produced this effect because
it incorporates only information between sires and dams, rather than the whole family-
based relationship applied in animal models. However, when a single observation per
animal is available, animal models may produce biased variance components for
residual variance models estimates because of the high dependence between EBV
and residuals (Sae-Lim et al., 2017). For this reason, the most suitable model was the
sire-dam. Additionally, it may be observed that most of parameters estimated in the
residual part of the model in S1 are higher than in S2 and S1+S2 (lower section of
Table 4). Perhaps a fraction of the genetic variance of HW, in S1, was captured by the
DHGLM and directed to HWv. Nevertheless, more studies of the genetic heterogeneity
of residual variance for this data structure and species are necessary to clearly
understand these results.

The GCV,, are consistent with other studies on aquaculture species ranging from
0.14 to 0.38 (Sae-Lim et al.,, 2017, 2015; Sonesson et al., 2013). GCV, may be

interpreted as the change in residual variance by one standard deviation of selection
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response for genetic variance (Mulder et al., 2008). Thus, selection using residual
variance for HW in shrimp may be used to increase its uniformity. However, the low
estimates of h2 suggest poor accuracy of selection for uniformity. Similarly low h2
estimates were found in aquaculture and other livestock species as reviewed by lung
et al. (2019). Other environmental factors may be included in the total residual
variance, making it difficult to disentangle the true residual variance (Houle, 1992).
The accuracy of selection for uniformity could be improved by using sib-testing to
increase the number of relatives (Sae-Lim et al., 2015), or, alternatively, by using
genomic information (Mulder et al., 2013a). However, these options may imply costly
operations or investments and should be carefully planned.

Production systems also have an effect on the GCV, estimates. This variation
could possibly be explained by the number of records per family. The lowest expected
response to selection for uniformity was obtained in S2 in which, on average, families
had 42 records. According to Hill and Mulder (2010), a reasonable number of records
per family for a moderate heritability trait to estimate variance components for its
uniformity is 85, which is close to the number of records found in S1 (80). Another
possible explanation for the divergent estimates of GCV,, obtained across production
systems is due to GXE interaction. Sae-Lim et al. (2015) found re-ranking in uniformity
of body weight for rainbow trout between production and breeding environments
despite the fact that no GXE interaction was found for the mean, i.e., the genetic
configuration that underlies the mean and residual variance of a trait may be in
different loci or interact distinctly. In our case, no GxE interaction was found for HW

between S1 and S2 (r,=0.88, results not shown). A very similar result was previously

obtained by Campos-Montes et al. (2009) with the same database. A GxE interaction
model for uniformity was attempted, but convergence was not achieved.
2.4.2 Genetic parameters for harvest weight and survival

The genetic parameters for HW and SUR remained more stable across
production systems according to the results of the bivariate animal model. The h?2
estimates for HW ranged from 0.12 to 0.17 and for SUR from 0.05 to 0.07, both low.
Similar results for SUR were found in other studies for L. vannamei: 0.02 £ 0.02 — 0.12
+ 0.06 (Gitterle et al., 2005a); 0.06 + 0.02 — 0.11 + 0.03 (Li et al., 2015) and 0.04 +
0.01 for a study of the same population (Campos-Montes et al., 2013). Tan et al.

(2017) reported greater heritability values for SUR in different environments (h?>0.30)
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but they did not include the common effect to full-sibs in the models which could
overestimate variance components (Montaldo et al., 2013). In the present study, the
common full-sib environmental effect represented up to 13% of the total phenotypic
variance, highlighting the importance of this effect to obtain more accurate estimates.
Several factors may affect the estimation of genetic parameters for survival in growth
ponds, such as density (Ibarra and Famula, 2008; Tan et al., 2017), presence of
diseases (Caballero-Zamora et al., 2015; Gitterle et al., 2005b; @degard et al., 2011)
and temperature (Li et al., 2015). When production environments have substantial
differences as in our study, these factors may be simultaneously present and make it
difficult to identify which factor is responsible for the variation in the estimates (Nguyen
et al., 2019). Thus, survival to specific factors rather than general survival may be
preferred in aquaculture breeding programs (Castillo-Juarez et al., 2015; Yafez et al.,
2015).

2.4.3 Genetic correlations

The 7, between HW and HWy were inaccurate (large standard errors) for S1

and S2, making it difficult to identify a clear additive genetic relationship between mean
and residual variance levels. However, the sign and magnitude of correlations are
consistent with the only available results for L. vannamei (Castillo-Juarez et al., 2012)
with a r; of 0.18 + 0.14, which are approximately similar. Studies on other aquaculture
species for untransformed HW also revealed similar tendency, ranging from 0.30 to
0.60 (Marjanovic et al., 2016; Sae-Lim et al., 2015), in which selection for growth traits
may be genetically tied to decreased uniformity, i.e., to an increase in the coefficient
of variation. Given that uniformity is also one of the breeding goals, mean and residual
variance of a trait could be included in a selection index to achieve a more efficient
response to selection for both traits simultaneously. There was an unexpected sign
change in the correlation for S1+S2. Negative genetic correlations between mean and
residual variance for weight were reported in several species such as pigs (Yang et
al., 2011), chickens (Mulder et al., 2016), cattle (lung et al., 2017; Neves et al., 2011)
and aquaculture species (Agha et al., 2018; Sae-Lim et al., 2015). However, a factor
in common among these studies is data transformation. Very often data transformation
is performed to obtain normality that may potentially reduce the additive genetic
variance of residual variance (Sonesson et al., 2013). In our study, no scale effect was

observed in HW, thus only untransformed data were used.
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The r; between HW and SUR had different values and direction depending on

the production system. Our results also suggest that different responses to selection
may be obtained according to the production system. Some studies have shown high
and positive correlations between growth and survival traits (0.44 — 0.98; Campos-
Montes et al., 2013; Gitterle et al., 2005a; Hernandez-Ruiz et al., 2020). In the present
study, the correlation estimate was positive (0.36 £ 0.10) in S1, negative (-0.59 £ 0.10)
in S2 and close to zero (-0.02 + 0.10) in S1+S2. General survival is strongly influenced
by uncontrolled and unknown environmental factors, as reflected in the low h?
estimates for SUR. If a disease occurred in one environment in a given year, for
example, it is perfectly reasonable that the other environment remained unaffected
because S1 and S2 were in different geographical locations. Argue et al. (2002), for
instance, identified negative genetic correlations between growth and survival traits in
the presence of Taura syndrome virus (TSV). Another plausible explanation for
divergent r; between HW and SUR in both environments is related to stocking density.
In S2, animals were stocked in higher densities, which could result in competition
and/or aggressive behaviour in shrimp (Griffith and Wigglesworth, 1993; Zhang et al.,
2008). Animals that have higher growth rates will require more environmental
resources, i.e., growth may be a threshold factor to survive in a competitive
environment (Ellen et al., 2008). To confirm this hypothesis, models using indirect
genetic effects (social effects) could be applied but specific breeding designs are
necessary to estimate social effects (Luan et al., 2015; Sae-Lim and Bijma, 2016),
which was not the case for the dataset available to this study.

Production systems seemed to affect r; estimation between HW, and SUR. A
negative r; (-0.32 + 0.01) was observed in the less intensive system suggesting that
families with lower residual variance for weight, i.e., higher uniformity, may display an
increase in survival rates (Figure 1). It is possible to observe that in S1, one of the
families with the higher survival rate also displayed less variation in weight records
compared to a family with a lower survival rate and higher mean weight. This result is
consistent with recent studies in pigs (Mulder et al., 2015; Putz et al., 2019) and cattle
(Elgersma et al.,, 2018; Poppe et al., 2020). All of them report an increase in
resilience/health traits when selection for uniformity is performed. Given that disease
outbreaks are a major concern in shrimp farming (Lightner, 2011; Thitamadee et al.,

2016), the use of residual variance as a selection criterion is an option to improve
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overall survival and resistance to stressor agents and to increase “robustness”. For
S2, this correlation was positive and with a high standard deviation, making it difficult
to identify a trend between survival and uniformity. The correlations between HWy and
SUR were calculated on the basis of EBVs with accuracy greater than 0.50, resulting
in only 215 animals analysed in S2, which is substantially less than in S1 (9,811).

Commercial production system (S1) Nucleus production system (S2)
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Figure 1. Boxplot of two contrasting families (high survival vs low survival) in both
production environments. Each black dot represents a weight record (g) from an
individual showing the level of variation around the family mean.

2.5 Conclusion
A substantial genetic proportion in the residual variance was found for harvest

weight in Litopenaeus vannamei, suggesting an opportunity to increase uniformity
through selection. As in other aquaculture species, low heritability and a high genetic
coefficient of variation of residual variance were found. Production systems seemed
to affect genetic correlations between weight, uniformity and survival. A negative
genetic correlation between uniformity and survival, under low-density culture
conditions, suggests that more uniform families have greater chances for survival

during the grow-out phase in a commercial-like production system.
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Chapter 3 - Application of a novel 50K SNP genotyping array to assess the
genetic diversity and linkage disequilibrium in a farmed Pacific white

shrimp (Litopenaeus vannamei) population?

ABSTRACT - The Pacific white shrimp (Litopenaeus vannamei) is the most
farmed shrimp species globally. The inclusion of genomic information became a
reality in shrimp breeding and it is expected to accelerate the genetic gain over
time. The decay of linkage disequilibrium (LD) between single nucleotide
polymorphisms (SNPs) is an important measure to evaluate the feasibility of
implementing genomic selection. The aim of this study was to evaluate the use
of a novel 50K SNP array tool to characterize the genomic diversity, LD and
effective population size (Ne) in a farmed shrimp population. A total of 96 animals
(40 sires and 56 dams) were genotyped using the novel Illumina AquaArray HD
(50K) vannamei®. Quality control (QC) of genomic data was performed and three
different minor allele frequency (MAF) exclusion thresholds were applied: < 0.10
(QC1), < 0.05 (QC2) and < 0.01 (QC3). After QC, 34,425, 39,091 and 42,789
SNPs were retained for QC1, QC2 and QC3, respectively, validating the high
informativeness of this SNP array to this particular shrimp breeding population.
The population showed a considerable high overall heterozygosity in comparison
to other aquaculture species meaning that genetic diversity is stable despite
selection. The principal component analysis revealed three genetically distant
groups with the first two principal components explaining 27.7% of total variation.
LD decayed rapidly in the first 30Kb of distance between markers from 0.20 to
0.07 and then decreased to 0.02 in the long-range distance. These results
suggest a relatively recent incorporation of animals from different populations in
the broodstock. Ne size reduced from 7,871 to 301 animals in 827 generations
for QC1, 8,253 to 305 animals for QC2 and 8,957 to 315 animals for QC3, both
in 899 generations. Contemporary Ne was close to 86 for all QCs. The level of LD
estimated suggests that genomic selection is feasible in shrimp by using this SNP
array. For GWAS, the rapid LD decay indicates that a higher proportion of SNPs

would be necessary to accurately map quantitative trait loci (QTLS).

Keywords: Shrimp, SNP array, Linkage disequilibrium, Effective population size
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3.1 Introduction

The Pacific white shrimp (Litopenaeus vannamei) is the most produced
shrimp world-wide, accounting for approximately 83% of all shrimp and prawn
farmed in 2018 (FAO, 2020). In the Americas, L. vannamei farming is present
mainly in Brazil, Mexico and Ecuador accounting for more than 80% of all shrimp
produced in this continent in 2018 (FAO, 2020). A strategy to increase overall
production in shrimp and other aquaculture species is the implementation of
breeding programs (Gjedrem, 2005). Several studies showed expressive
improvement (around 5-15% by generation) in economic relevant traits in shrimp
through selection, such as, growth (Argue et al., 2002; Campos-Montes et al.,
2013) and resistance to diseases (Hernandez-Ruiz et al., 2020; Trang et al.,
2019).

As in other aquaculture species, most of breeding programs in shrimp
farming are based on recording phenotypic and pedigree information to estimate
breeding values (Neira, 2010). With the advent of genomic technologies, genomic
information has also been included in breeding programs paving the way for
which has been called genomic selection (GS) (Meuwissen et al., 2001). GS is
feasible when a sufficient number (thousands) of single nucleotide polymorphism
(SNP) markers, distributed all over the genome, are available, allowing to capture
genetic variability through linkage disequilibrium (LD) with quantitative trait loci
(QTL) (Goddard, 2009).

The use of genomic information may allow higher accuracy in estimating
the genetic merit (i.e., genomic estimated breeding values) in comparison to
traditional pedigree methods, thus accelerating the rate of genetic gain (Correa
et al., 2017; @degard et al., 2014; Vallejo et al., 2017; Yoshida et al., 2019b,
2018). GS has special importance for traits that are difficult and/or expensive to
measure (e.g., resistance to pathogens and product quality traits), because it
explores the relationship between phenotyped and selection candidates more
accurately (Calus and Veerkamp, 2011). Another application of genomic
information is related to genome-wide association studies (GWAS). This
approach may help to unravel the genetic architecture of traits and detect
genomic regions associated to genetic variation by using LD information between

markers and QTLs. Besides, the LD pattern may be used to understand historical
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processes and evolutionary forces that affected the population over time (e.g.,
artificial/natural selection, bottlenecks, cross-breeding) (Heuertz et al., 2006).
Thus, the level and extension of LD may help to determine the potential of a
specific SNP panel to predict SNP effects in the implementation of GS as well as
mapping of QTLs in GWAS and also provide important information about
population genetic diversity (Johnson et al., 2010).

Different methods were proposed to evaluate LD in populations, among
them, r? is the most common measure (Pritchard and Przeworski, 2001). By
definition, the LD is the non-independent association between two loci, resulting
in frequency of occurrence distinct that the expected by chance. In case of no
recombination between these alleles, there is complete LD. LD in farmed
populations has been subject of study in livestock as, for example, in dairy and
beef cattle (Bohmanova et al., 2010; Espigolan et al., 2013); pigs (Ai et al., 2013;
Amaral et al., 2008; Du et al., 2007), sheep (Al-Mamun et al., 2015; Prieur et al.,
2017), chicken (Andreescu et al., 2007; Fu et al., 2015) and goats (Berihulay et
al., 2019; Brito et al., 2015; Mdladla et al., 2016). LD has also been investigated
in aquaculture species as, for example, in Atlantic salmon (Barria et al., 2018;
Gutierrez et al., 2015; Hayes et al., 2006; Kijas et al., 2017); coho salmon (Barria
et al., 2019); rainbow trout (Rexroad and Vallejo, 2009; Vallejo et al., 2018); Nile
tilapia (Yoshida et al., 2019a) and Pacific oyster (Zhong et al., 2017).

For shrimp, Du et al. (2010) and Ciobanu et al. (2010) reported the first
results of LD estimation using 1,344 and 1,221 putative SNPs, respectively.
Jones et al. (2017) used the first 6.4K SNP array for shrimp to estimate the mean
r2 of adjacent SNP pairs as 0.15 for distances lower than 1 cM. More recently,
Wang et al. (2019), using the 2b-RAD method for discovering and genotyping
SNPs in 200 shrimps, estimated LD decay for about 2.6 million of paired SNPs.
A novel 50K SNP array is commercially available for shrimp breeding. Up to date,
there are no studies aimed at evaluating the applicability of this tool for the
incorporation of genomic information in shrimp breeding populations. In this
study, we present the first application of a 50K SNP to characterize the genetic
diversity, estimate the linkage disequilibrium and the effective population size of

a breeding population of Pacific white shrimp from Ecuador.
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3.2 Material and methods
3.2.1 Population and samples

Animals were obtained from the shrimp breeding population owned by
Opusculo del Mar S.A. (Santa Elena, Ecuador). The population was established
in 1999, in which a mass selection scheme has been implemented since then to
improve harvest weight for about 20 generations. An average of 140 families are
created on each generation by using hierarchical matings (1:2-3 male:female
ratio) and the generation interval spans 12 months. A considerable increase in
growth rate has been achieved in the population across 20 generations. For
instance, the average body weight of females at the age of six months in 1999
and 2020 was 29 g and 60 g, respectively. No pedigree information is available
for this breeding program. With the objective to evaluate a SNP genotyping tool
to incorporate genomics to assist selection, a total of 96 animals (40 sires and 56
females) were randomly sampled in January 2020 and used in this study. Due to
unknown information about the families, the relatedness among animals was
assessed using genomic relationship through the G matrix (Strandén and
Garrick, 2009). The average relatedness was close to 0 (-1.031° SD = 0.08), with
a minimum of -0.09 and maximum of 0.53 (negative relatedness estimate means
that the individuals are less related than the average). It is important to mention
that these samples have no genetic links with the samples used to develop the
50K SNP array.
3.2.2 Genotyping, quality control and genetic diversity

Pleopods of the 96 animals were sampled and used for genomic DNA
extraction. Further, genotyping was performed using the novel Illlumina
AquaArray HD (50K) vannamei® panel developed by Neogen® (Nebraska, USA)
and commercially available through the Center for Aquaculture Technologies
(San Diego, USA). This panel uses the assembly ASM378908vl (GenBank
accession GCF_003789085.1; Zhang et al., 2019) of L. vannamei as a reference
to discovery SNPs.

Quiality control of genotypes consisted of four exclusion criteria: call-rate <
0.8 for SNPs and samples, Hardy-Weinberg equilibrium (p-value < 10°) and
minor allele frequency (MAF) with different threshold values, forming three quality
control sets (QC): < 0.10 (QC1), < 0.05 (QC2) and < 0.01 (QC3). By using
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different levels of MAF, we investigated the effect of including less frequent alleles
in the LD estimation.

The genetic diversity of the population was evaluated by calculating the
observed (H,) and expected (H;) mean heterozygosity for each QC and using
principal component analysis (PCA) on the genomic relationship matrix. The
observed heterozygosity for each SNP (Hysyp)) Was obtained as: Hysypy =

Nap
(Nga+Nap+Npg) '

where Nyyu, Nyg, Ngg are the number of individuals carrying AA,
AB and BB alleles for each SNP, respectively. The expected heterozygosity
(Hg(snpy) for each SNP was estimated as: Hgsypy = 2pq, Where p is the frequency
of A allele and q is the frequency of B allele (obtained simply as: 1 —p),
respectively. The H, and Hg values may be compared to other populations to
indicate the level of genetic diversity genome-wide. If H, in a breeding population
is lower in comparison to a wild population, for instance, there is loss of genetic
diversity in the first population and inbreeding may be a cause of such poor
genetic variability. On the other hand, a higher value of H, indicates high genetic
variability due to introduction of meta-populations, for example. A PCA was also
performed based on the variance-standardized relationship matrix (Yang et al.,

2011) which may be calculated as:

Ay = %EN: (xi; _zzpi)(xik — 2p;)
- pi(1—p;)

where Aj; is the genetic relationship between individuals j and k, N is the number
of SNPs after quality control, x;; and x;, are the numbers of copies of the
reference allele for the i'" SNP of the j individual and k™ individual, respectively,
and p is the frequency of the reference allele. The building of the genetic
relationship allows to investigate the possible existence of subpopulations by
plotting the two principal components that explained higher proportions of
variation in this matrix. The quality control and genetic diversity parameters
described above were evaluated using the PLINK 1.9 software (Purcell et al.,
2007).
3.2.3 LD estimation

Considering two biallelic loci, one with alleles a and A and other with alleles

b and B, the LD was estimated using the r? formula (Hill and Robertson, 1968):
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(paB—PaPB)’
pa(1-pa)pp(1-pp)’

72(P4, Pp, Pag) = where p,p is the frequency of haplotypes with

the allele A at locus 1 and allele B at locus 2, and p, and pg are the frequencies
of alleles A and B, respectively. The parameters: --ld-window-kb 10000, --ld-
window 99999 and --ld-window-r2 set to zero were used in PLINK 1.9 to estimate
r? between all SNPs in each contig for windows of 10Mb maximum size. The
minimum and maximum distances between two adjacent SNPs in the LD analysis
were 2.21 and 10,000Kb, respectively. Each pair-wise r?> was included in a
determined bin based on the physical distance between syntenic SNPs to
generate the LD decay plot.
3.2.4 Effective population size (Ne)

The historical effective population size (Ne) was estimated using the SNeP
v1.1 tool (Barbato et al., 2015). SNeP applies a formula developed by Corbin et
al. (2012):

1 1
Nop = -
°t (4f (c)) (E[razdj|ct] >
where N,; Is the effective population size t generations ago, c; is the

recombination rate for a specific physical distance between SNPs, rjdj is the LD
adjusted for sample size (rjdj =r2 — (1/sample size)) and a is the adjustment

for mutation rate. The ¢, component is inferred using mapping functions that
translate physical distance into linkage distance. Firstly, the recombination rate
between two SNPs is inferred using an approximation: § = kd, where § is the
physical distance in Mb, k is a constant equal to 108 and d is the linkage distance
in centiMorgan (cM). This approximation is not valid for large values of d due to
higher probabilities of recombination and non-linearity between map distance and
the recombination rate. To overcome this, we applied a mapping function to
modify the ¢, developed by Sved (1971):
-0

(1-d)?

where c; is the recombination rate between two SNPs and d is the linkage

Ct

distance previously estimated. We considered a« = 2, meaning that mutation does
occur. This is a theoretical value that assumes mutations occurring at different

time points on the same chromosome which has been previously derived by Ohta
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and Kimura (1971). The Ne was estimated between SNPs within a distance of O
to 5Mb and the number and size of each bin was 30 and 50Kb, respectively. Due
to the low number of SNPs per contig, the mean Ne was expressed using
harmonic means calculated for each bin (Alvarenga et al., 2018). In order to
estimate the contemporary Ne, we used the software NeEstimator v2.01 (Do et
al., 2014). First, the genotype files in PLINK format were transformed to
GENEPOP format (Rousset, 2008) using the R software (R Core Team, 2017)
through the radiator package (Gosselin et al., 2020). Then, the LD method was
chosen assuming non-random mating and a critical value for removing rare

alleles of 0.05 to obtain the contemporary Ne considering each quality control.

3.3 Results
3.3.1 SNP array validation and quality control

The initial genotype dataset had 50,811 SNPs from 96 animals. After
quality control 6 animals were removed due to low call-rate (<0.80). The number
of SNPs that were not present in at least 80% of animals was only 3,570 showing
the high quality of genotyping of samples using the novel 50K array (Table 1). It
is possible to notice that MAF was the filter that eliminated most SNPs (11,075,
7,374 and 3,664, for QC1, QC2 and QC3, respectively). The final numbers of
SNPs after each quality control were 34,425, 39,091 and 42,789 for QC1, QC2
and QC3, respectively.

Table 1. Summary of number of markers included after different quality controls
(QC) performed in the 50K SNP genotypes in a farmed shrimp population.

L Call-rate? MAF?3 HWE* Heterozygosity®
Samples SNPs (%)" SNPs (%) SNPs (%) Ho He
QC1 90 47,241 (93.0) 36,166 (71.2) 35,425 (69.2) 0.4041 0.3994
QC2 90 47,241 (93.0) 39,867 (78.5) 39,091 (76.9) 0.3783 0.3744
QC3 90 47,241 (93.0) 43,577 (85.8) 42,789 (84.2) 0.3496 0.3461

1 Quality control applied (differences only in MAF filter)

2 Number of SNPs and samples included after the exclusion criterion call-rate < 0.8

3 Number and proportion of SNPs included by minor allele frequency (MAF) threshold:
QC1 (MAF > 0.10), QC2 (MAF > 0.05), and QC3 (MAF > 0.01)

4 Number and proportion of SNPs in Hardy—Weinberg Equilibrium (HWE) (p > 10%)

5 Heterozygosity observed (Ho) and expected (He)

" All percentages are in comparison to the initial number of SNPs (50,811)
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There was small variation in MAF levels regarding the quality controls (Fig.
1). Comparing the two most contrasting scenarios (QC1 vs QC3), the proportion
of SNPs loci ranged from 1.85 to 4.44% considering all MAF classes. The mean
MAF was 0.31 £ 0.12 for QC1, 0.28 + 0.13 for QC2 and 0.26 £ 0.14 for QC3. In
addition, a large proportion of SNPs have MAF > 0.2, showing high level of
polymorphism present in the studied population and captured by the SNP array.
The number of SNPs that were eliminated by more than one criterion is shown in

the supplementary material (Appendix A).
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Figure 1. Proportion of SNPs in different minor allele frequency (MAF) intervals
after distinct quality controls (QC) using three MAF exclusion criteria thresholds:
QC1 (< 0.10), QC2 (< 0.05) and QC3 (< 0.01).

3.3.2 Genetic diversity

Observed and expected heterozygosity values are showed in Table 1. The
observed and expected values were very similar for all QCs and the overall
heterozygosity seems to be at an acceptable level despite selection for 20
generations. As expected, a reduction in the Hg is noticed as MAF decreases,
i.e., the proportion of homozygous loci increases when SNPs with lower MAF are
included. This reduction in the heterozygosity was equal to 6.4 and 13.5% for
QC2 and QC3 in comparison to QC1, respectively. For the PCA, all QCs
produced similar results, thus, we presented results of QC1 only. The two most
important principal components explained 27.7% of the genomic relationship

variation among animals in this population (Fig. 2). Three clusters may be
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observed in the PCA: a larger group of 75 animals (top-left), a small group of 7
females (bottom-centre) and a last small group with 8 animals of both sexes (top-
right). The first principal component differentiates the three clusters (14.4% of
variation) and the second component differentiates the female group from the

other two groups (13.3% of variation).
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Figure 2. Genetic structure of a farmed shrimp population based on principal
component analysis of the genomic relationship matrix (G). Sires and dams are
identified by different shapes. Only SNPs with minor allele frequency = 0.10 were
considered to compute G.

3.3.3 LD and Ne estimation

The estimates of LD for each contig are shown in Table 2. Overall, LD
levels varied among contigs ranging from 0.21 to 0.26, considering all adjacent
SNPs in each contig and quality controls. The MAF had minor effect on LD
estimations within each contig. The LD decay (Fig. 3) revealed a rapid decrease
of r? as the physical distance between markers increased. The most significant
drop was observed in the first 30Kb of distance and then the r? level slightly
decreased to values close to 0.02. Regarding the different QCs, the inclusion of

SNPs with less frequent alleles (QC2 and QC3) seemed to decrease the r? in the
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Table 2. Estimated average linkage disequilibrium (r? + standard deviation), number of SNPs and mean distance between adjacent
SNPs (Dist. + standard deviation in Mb), for a farmed shrimp population. Values are expressed for each contig after distinct quality
controls (QC) using different minor allele frequency (MAF) exclusion criteria thresholds: QC1 (< 0.10), QC2 (< 0.05) and QC3 (< 0.01).
QC1 QC2 QC3
r’ + SD SNPs | Dist. + SD r’ + SD SNPs | Dist. + SD r’ + SD SNPs | Dist. + SD
1 0.021 £0.035 | 1401 |4.88+2.87| 0.021 +£+0.035 | 1508 [4.88+2.88|0.020+0.034| 1660 |4.88 +2.88
2 0.021 £0.034 | 1333 |4.88+2.88| 0.021 £0.033 | 1441 |4.88+2.88|0.020 +0.032| 1557 |4.88 +2.88
3 0.021 £0.033 | 1173 |4.86+2.88| 0.021 £0.033 | 1309 [4.85+2.88|0.020+0.032| 1415 |4.85+2.88
4 0.021 £0.035 | 1090 [4.85+2.88| 0.021 £0.034 | 1198 |4.85+2.88|0.021 +0.033| 1296 |4.85+2.88
5 0.021 £0.032 | 1028 |4.83+2.87|0.021 £0.031 | 1124 [4.84+2.87|0.020+0.031| 1212 [4.84+2.87
6
I
8
9

Contig

0.022 +0.033 | 980 [4.82+2.88| 0.021 +0.033 | 1080 |4.82+2.88]|0.021 +0.032| 1169 |4.82 + 2.88
0.022 +0.033 | 948 |4.83+2.88| 0.021 +0.033 | 1042 |4.83+2.88]|0.021 +0.033| 1130 |4.83+2.88
0.021 +0.034 | 945 |4.80+2.88]| 0.021 +0.033 | 1025 [4.80+ 2.88|0.020+0.032| 1093 |4.81 +2.88
0.022+ 0.033 898 4.81+287|0.022+0.033 | 977 [4.81+2.87|0.021+0.032| 1065 |4.81+2.87
10 0.023+0.035| 894 |4.80+2.88]| 0.022+0.034| 973 [4.80+2.883|0.022+0.034| 1064 |4.80+2.88
11 0.022+0.036 | 854 |4.80+2.88| 0.022+0.035 | 952 |4.81+2.88]|0.021+0.034| 1022 |4.80 + 2.88
12 0.023+0.040 | 843 |4.82+2.88]| 0.023+0.039 | 926 [4.81+2.88|0.022+0.037| 1013 |4.80+ 2.88
13 0.022+0.034 | 854 |4.80+2.87]|0.021 +0.034 | 944 [4.80+2.883|0.021 +0.033| 1021 |4.80+ 2.88
14 0.021 +0.034 | 813 |4.80+2.88| 0.021 +0.033 | 909 [4.79+2.87]/0.020+0.032| 988 [4.80+ 2.87
15 0.022+0.038 | 765 |4.77+2.87]|0.022+0.036 | 842 [4.77+2.87|0.021 +0.035| 925 |4.76+2.87
16 0.025+0.041 | 705 |4.75+2.88|0.024+0.039 | 784 |4.75+2.88/0.023+0.038| 856 |4.75+2.88
17 0.022+0.032 | 768 |4.77+2.87]|0.021 +0.032 | 853 [4.76+2.87|0.021 +0.031| 911 |4.76+2.87
18 0.022+0.034 | 700 |4.72+2.87]|0.021+0.034 | 772 |4.72+2.87]0.021+0.033| 835 |4.72+2.87
19 0.021+0.033 | 736 |4.76+2.86| 0.021 +0.033 | 810 |4.75+2.87]|0.021+0.032| 865 |4.75+2.87
20 0.022+0.035| 650 |4.74+2.88]|0.022+0.034 | 715 [4.72+2.88|0.021 +0.033| 785 |4.72+2.87




Table 2. Continued.

21 0.022+0.035| 630 |4.66+2.87]|0.021+0.034 | 693 |4.69+2.86]|0.021+0.033| 750 |4.70+2.87
22 0.023+0.039 | 637 |4.71+2.86]| 0.022+0.038 | 694 [4.71+2.86|0.021+0.036| 763 |4.71+2.86
23 0.021 +0.038 | 633 |4.72+2.87|0.021+0.036 | 699 |4.71+2.87]|0.020+0.035| 765 |4.71+2.87
24 0.021 +0.032 | 623 |4.66+2.86]| 0.021 +0.032 | 673 [4.67+2.86|/0.020+0.031| 720 |4.65*2.86
25 0.021 +0.034 | 597 ]4.69+2.87]|0.021 +0.033 | 654 [4.69+2.86|0.021+0.033| 702 |4.68+2.86
26 0.022 +0.037 | 587 |4.71+2.87|0.021+0.036 | 650 |4.72+2.87]0.021+0.035| 713 |4.71+2.87
27 0.023+0.037 | 547 |4.65+2.86| 0.023+0.037 | 594 [4.65+2.86|0.022+0.036| 633 |4.66*2.86
28 0.022 +0.033 | 484 |4.56+2.84|0.022+0.033 | 528 |4.56+2.84|0.021+0.032| 573 [4.55+2.84
29 0.020+0.033 | 419 |452+2.84]|0.020+0.032 | 446 |4.52+2.84|0.020+0.032| 496 [4.52+2.85
30 0.021 +0.030 | 434 [4.53+2.84|0.020+0.030 | 482 |4.50+2.84|0.020+0.029| 524 [4.53+2.85
31 0.020+0.031 | 424 (4.52+2.84|0.020+0.030 | 468 |4.52+2.83/0.019+0.030| 504 [4.51+2.83
32 0.020+0.031 | 381 |4.43+2.83]|0.020+0.031 | 429 |4.43+2.83]|0.019+0.031| 467 |4.44+2.83
33 0.021+0.031 | 364 |4.37+2.82|0.020+0.030 | 400 |4.38+2.81/0.020+0.030| 437 |4.39+281
34 0.026 +0.046 | 360 |4.39+2.81]| 0.025+0.044 | 400 [4.39+2.81|0.024+0.043| 426 |4.38+2.81
35 0.021+0.032 | 339 |4.26+2.79|0.020+0.031 | 363 |4.26+2.78]|0.020+0.030| 393 |4.27+2.78
36 0.021 +0.035 | 313 |4.22+2.76]| 0.021 +0.034 | 352 [4.24+2.78|0.020+0.033| 379 [4.23+2.77
37 0.021+0.032 | 314 |4.30+2.80]| 0.021+£0.032 | 341 |4.29+2.79/0.020+0.031| 369 |4.30+2.79
38 0.022 +0.035 | 328 ]4.32+2.80]| 0.021 +0.034 | 353 [4.33+2.80/0.020+0.033| 388 [4.32+2.79
39 0.020+0.033 | 315 |4.27+2.80]| 0.020+0.032 | 342 [4.28+2.79|/0.019+0.031| 368 [4.27+2.78
40 0.023+0.036 | 302 [4.24+2.79]|0.022+0.035| 338 |4.25+2.80|0.021+0.034| 368 |4.25+2.79
41 0.021+0.035| 270 |4.01+2.70]| 0.021 +0.034 | 294 [4.03+2.72|/0.020+0.033| 318 [4.02+2.72
42 0.022+0.041 | 156 |2.57+1.80]|0.021+0.039 | 169 |2.58+1.81/0.020+0.037| 186 |2.60+1.83
43 0.023 +0.040 72 |11.22+0.85] 0.023 + 0.039 80 [1.22+0.86]0.022 +0.037 85 [1.21+0.84
44 0.026 + 0.046 60 [1.16+0.82| 0.025 +0.045 65 [1.14+0.80)|0.024 +0.043 69 [1.12+0.78
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short-range distances, compared to QC1, but all had similar pattern of LD decay

in the long-range distances.
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Figure 3. Estimated average linkage disequilibrium (r2) over different classes of
distance between syntenic markers, for a farmed shrimp population, using
different quality controls (QC) with three minor allele frequency exclusion criteria
thresholds: QC1 (< 0.10), QC2 (< 0.05) and QC3 (< 0.01).
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Figure 4. Effective population size (Ne) estimated in a farmed shrimp population
using different quality controls (QC) with three minor allele frequency exclusion
criteria thresholds: QC1 (< 0.10), QC2 (< 0.05) and QC3 (< 0.01).

The historic Ne using the LD method showed a decrease in size of 7,871
to 301 animals in 827 generations for QC1, 8,253 to 305 animals in 899
generations for QC2 and 8,957 to 315 animals in 899 generations for QC3 (Fig.
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4). The most significant decrease was observed in the last 300 generations with
approximately 62% of total reduction in this period. The contemporary Ne
estimated was very similar among all quality controls 85.0, 86.6 and 86.7 for QC1,
QC2 and QC3, respectively.

3.4 Discussion
3.4.1 Genetic diversity

This study shows the first application of a 50K SNP genotyping array to a
farmed shrimp population. The panel presents 50,811 SNPs, which after quality
control yielded 69.2, 76.9 and 84.2% out of the total SNPs for QC1, QC2 and
QC3, respectively. Furthermore, the proportion of SNPs with MAF > 0.2 was close
to 70% with a mean value of 0.3 for all QCs. These results show the high
adequacy of this novel tool for this particular farmed shrimp population from
Ecuador.

The evaluation of genetic diversity is important because it may help to
assess the genetic variability of broodstock, genetic “bottlenecks”, level of
inbreeding and show perspectives for genomic selection (Yafiez et al., 2015). A
possible effect of mass selection is the reduction of overall heterozygosity through
generations. Our results showed that overall heterozygosity is at a satisfactory
level and its reduction overtime was likely slow in this population. Despite genetic
diversity has been studied in shrimp using different types of genetic markers (see
Benzie, 2000 for a review), few studies were found using SNPs (Ciobanu et al.,
2010; Lu et al., 2018; Perez-Enriquez et al., 2018) and none study was found
characterizing a farmed population using dense genomic information becoming
difficult to compare our results with previous reports in literature. Indeed, the
comparison of the results obtained with wild L. vannamei or other commercial
populations would be more adequate to clearly visualize the effect of selection on
genetic diversity. However, expected heterozygosity found in the present study
(0.35-0.40) is in the upper level to what has been found in other farmed
aguaculture species such as, Tilapia (0.28-0.36) (Yafez et al., 2020; Yoshida et
al., 2019a), sea trout (0.27) (Drywa et al., 2013) and Atlantic salmon (0.22-0.38)
(Kijas et al., 2017).
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A possible explanation for the considerable overall heterozygosity may be
the high genetic variability present in the population. Likely, there was inclusion
of animals from different strains in this broodstock recently. This assumption may
be verified by the PCA results which display three distinct groups. We expect that
these groups represent sub-populations rather than families because
hybridization with other wild and farmed populations could not be discarded.
Although inbreeding is not a direct measure of genetic diversity, the directional
selection applied in breeding programs may generate diversity loss and
inbreeding depression (i.e., inbred individuals have reduced average
performance in comparison to non-inbred) (De Donato et al., 2005). In this
population, the recent introduction of animals of different populations or strains
allowed a more flexible mating system by broadening options of selection,
reducing the chances of reproduction between relatives and controlling
inbreeding.

Another aspect that reinforces the consistence of heterozygosity results
obtained is associated to the lack of genetic links between the population studied
and the population used to discover and build the SNP array. In order to select
SNPs to include in the array, a small base population is genome-sequenced and
the SNPs are chosen following mainly quality, spacing and frequency as criteria
(Malomane et al.,, 2018). The non-random selection of animals as discovery
population and the pre-filter applied on SNPs may generate the ascertainment
bias, i.e., the observed allelic frequencies are different than those expected for a
random sample (Lachance and Tishkoff, 2013). As a result, measures of genetic
variability, such as heterozygosity, in the discovery population may be
overestimated (Rogers and Jorde, 1996). Thus, we expect that these parameters
were accurately estimated. The inclusion of SNPs by softening the MAF filter
(QC2 and QC3) decreased the overall heterozygosity. This result is expected
because SNPs with less frequent alleles will increase the proportion of
homozygote loci.

3.4.2 LD and Ne

LD provides important information about previous events that may have

changed the population to what is observable on its current status. Our results

presented variable r? estimations across all 44 contigs (0.21-0.26) with high
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variation within each contig. This variation most likely happened due to different
recombination rates at specific genomic regions (hotspots and coldspots) as a
possible result of genetic drift and different genomic structures (Arias et al., 2009;
Saunders et al., 2005). Several factors may affect LD, such as admixture, founder
effect, inbreeding, mutation and selection (Gaut and Long, 2003). Accuracy of LD
estimation depends on demographic and biological factors, as mentioned before,
but also on sample size and relationship among animals. Bohmanova et al.
(2010) suggested that a satisfactory number of animals to estimate LD is 55 using
the r> measure. Gutierrez et al. (2015) stated that LD may be overestimated when
the animals under study are highly related. The present study used 90 animals
and, as explained in the methods section, there is low relationship level among
them. Thus, we expect that LD was estimated accurately.

LD was estimated in other shrimp populations (Du et al., 2010; Jones et
al., 2017; Wang et al., 2019). However, a direct comparison is inappropriate due
to differences in the quality control of genotypes, method of SNP discovery, SNP
density and intrinsic characteristics of each population. Most studies of LD in
shrimp used low density SNPs arrays (<7K) which may not represent properly
the whole LD considering that the genome of L. vannamei has approximately
2,600Mb (Zhang et al., 2019). In addition, the SNP array used in this study offers
higher accuracy regarding the SNP-calling process and even distribution of
markers across the genome in comparison to genotyping-by-sequencing
methods applied in studies that used denser SNPs (Robledo et al., 2018).

The LD decay pattern was different than the one reported by Wang et al.
(2019) for a L. vannamei population cultivated in China. It is possible to observe
that LD at short-range was weaker in our study (~0.2) in comparison to Wang’s
study (~0.4) and that long-range LD was low (< 0.05) in both studies. The recent
admixture of distinct populations is suspected to decrease LD at short-range
(@degard et al., 2014) also known as admixture linkage disequilibrium (Pfaff et
al., 2001). We believe that the level of admixture found within the Ecuadorian
population studied here was absent in the Chinese population studied by Wang
et al. (2019) generating the difference in the short-range LD. The L. vannamei is
naturally found in the Pacific coast from Mexico to Northern Peru (Holthuis, 1980)

while it was commercially introduced in Asia as an exotic species in 1996 (Biao
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and Kaijin, 2007; Liao and Chien, 2011). Due to its natural occurrence, the
inclusion of animals of different genetic basis or wild strains is recurrent in the
Americas (Moss et al., 2012). This “admixture effect” was also described in other
species, such as Nile tilapia (Yoshida et al., 2019a) and Salmon (Barria et al.,
2018).

Some studies also suggested that the persistency of LD levels through
distance (long-range LD) is influenced by admixture as well (Barria et al., 2018;
@degard et al., 2014; Vallejo et al., 2018). However, the induced LD at long-range
was not observed in this population. As suggested by Yoshida et al. (2019a),
other biological and demographical factors also play important roles in the LD
extension, such as recombination events and effective population size. The MAF
filter had minor effect on LD estimation overall. The inclusion of SNPs with less
frequent alleles (QC2 and QC3) decreased slightly r? at short-range distances.
This probably happened because higher MAFs tend to overestimate the level of
LD (Espigolan et al., 2013).

The historical Ne decreased considerably overtime with a more
pronounced drop in the last 300 generations with a reduction of about 5,000 to
300 in the Ne. However, these results should be interpreted with caution.
According to Corbin et al. (2012) the estimation of Ne, in the most recent
generations, involves high rates of recombination which may compromise the Ne
prediction model derived by Hayes et al. (2003). In this method, Ne is estimated
assuming a relationship between the length of chromosomes segments and
number of generations fitting better to lower rates of recombination. Moreover,
Santiago et al. (2020) using simulation showed that coalescent methods (such
as the one we applied in this study) may produce biased estimations of Ne when
populations suffer abrupt reductions or expansions, especially in recent past
generations. This likely has occurred in this shrimp population as suggested by
the PCA results. This bias could also explain the sharply reduction of Ne size in
the more distant past (300 generations ago) rather than when admixture likely
occurred (~20 generations ago). Nevertheless, this method is a useful alternative
to extract demographic information about unknown events that affected a

population and has been widely used for Ne estimation in humans (Tenesa et al.,
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2007), livestock (Makina et al., 2015) and aquaculture species (Barria et al.,
2019, 2018; Yoshida et al., 2019a).

The MAF had major effect in the long-term Ne and QC3 presented higher
Ne estimates at early generations in comparison to QC1 and QC2. The Ne is
estimated using LD information and the different LD levels in each quality control
as well as distinct recombination rates likely caused distinct patterns of early Ne.
The contemporary Ne was close to 86 showing that Ne reduced 214 in the last 13
years (assuming one year of generation interval). The contemporary Ne observed
Is similar to the reported in other shrimp populations using microsatellites markers
ranging from 50 to 173 (Cruz et al., 2004; De Donato et al., 2005; Ren et al.,
2018; Vela Avitua et al., 2013). The number estimated in this population is greater
than 50 which was recommended by Ponzoni et al. (2010) to keep inbreeding
rate limit close to 1% in breeding programs. Thus, our results showed that despite
mass selection applied in this population, genetic variability and effective
population size are at acceptable levels most likely as a result of recent
incorporation of different populations.
3.4.3 Practical applications

The results of LD obtained here are relevant for the prospect of genomic
tools applied to shrimp breeding. The extent of LD may affect GS and GWAS
basically in two ways: for GS, it has implications on the accuracy of genomic
estimated breeding values, and for GWAS, on the mapping power and resolution.
For GS, the predictive ability of QTL effects may be totally dependent of LD when
QTLs are not represented in the panel (Kizilkaya et al., 2010). Meuwissen (2009),
suggested that, for unrelated individuals, high accuracy of genomic breeding
values may be obtained using 2NeL number of animals and 10NeL number of
markers, where Ne is the effective population size and L is the length of genome
in Morgans. For this study, assuming Ne equals to 85 and that the genome size
of L. vannamei has approximately 45.325 Morgans (Jones et al., 2017), 7,706
training records and 38,527 SNPs would be necessary to achieve accuracy of
0.88 — 0.93. Although, these formulas are empirical and were obtained using
simulation of small populations, the marker density required is close to the
obtained after QC2 and QC3 showing the feasibility of GS using this SNP array.
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The level of LD observed in the present study shows opportunity to
conduct GWAS using this SNP array. However, the QTL mapping power depends
on other factors rather than SNP density, such as genetic architecture, heritability
of the trait, sample size and statistical method which should be evaluated before

performing association analysis.

3.5 Conclusion

The 50K SNP array panel applied in this study showed a high proportion
of polymorphic loci being a suitable tool to estimate genetic variability, LD and Ne
in a farmed shrimp population. The heterozygosity level and PCA results showed
recent incorporation of animals from different populations or strains in this
broodstock. This study revealed the potential use of a novel SNP array
technology to GS and GWAS in shrimp breeding.
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Chapter 4 - Accuracy of genotype imputation to sequence level using

different populations of Nile tilapia

ABSTRACT - A cost-effective strategy to obtain genomic information at
sequence level is to sequence part of population and perform genotype
imputation from a lower density to sequence for the remaining animals. The aims
of this study were to evaluate the feasibility of genotype imputation from medium
density to sequence level in Nile tilapia and to investigate the impacts of size and
origin of reference population in the accuracy of imputation. DNA samples were
extracted from fin-clip samples of 326 animals from 3 different populations (Pa,
Ps and Pc). After sequencing, alignment and quality control, approximately 4.6
million of single-nucleotide polymorphisms (SNPs) were retained in common to
all populations as the final imputation density. Four scenarios were evaluated for
each population: two reference sizes (10 or 90% of animals of each population)
and two reference origins (two different populations only or all three populations).
The animals in the validation set had part of their genotypes masked keeping only
49,216 SNPs and the accuracy of imputation was assessed using the correlation
between the imputed and observed genotypes (R?). Imputation was carried out
using FImpute3 software. Overall, the R? per animal showed intermediate results
ranging from 0.37 to 0.56 for Pa, and 0.43 to 0.58 for Ps and Pc. The results
showed an increase in the R? of 31.5% for Pa and 24.6% for Pe and Pc, when
90% animals from same population were used as reference in comparison to only
10%. Using all three populations as reference yielded the best results in terms of
number of SNPs imputed with accuracy greater than 0.8, being on average equal
to 676,233, 666,559 and 592,187 for Pa, Ps and Pc, respectively. Considering
only these top accuracy SNPs (accuracy>0.8), the average imputation accuracy
of samples was equal to 0.95 for Pa and 0.92 for Ps and Pc, considering scenarios
that included more animals as reference (90% of same population as reference,
two and three populations). The R? for scenarios that used 90% of animals from
the same population and used animals from the three population as reference
were very similar showing that the strategy of using information from other
population to increase the reference population had minor effect on accuracy of

imputation. In conclusion, it was feasible to impute from 50k to approximately
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680k with high accuracy using tilapia sequence data. We also expect that the use
of more animals from these populations or animals from ascending lines as
reference could help in the imputation process to obtain millions of imputed SNPs

with high accuracy.

Keywords: Nile tilapia, whole-genome sequencing, genotype imputation
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4.1 Introduction

Nile tilapia (Oreochromis niloticus) is one of the most farmed freshwater
fish in the world reaching approximately 4.6 megatons (MT) in 2019 (FAO, 2021).
The four main Nile tilapia producer countries in 2019 were: China (1.23 MT),
Indonesia (1.18 MT), Egypt (1.08 MT) and Brazil (0.32 MT) altogether
representing more than 83% of total production in this year (FAO, 2021). A
milestone in the increasing of tilapia production was the establishment of the
GIFT (Genetic Improvement of Farmed Tilapias) project in the end of the 1980s
(Eknath et al., 1993). The GIFT breeding program was a strategy to spread and
popularize the tilapia around the globe that showed excellent accumulated
genetic gain for selection to growth performance (85% of increase in comparison
to a base population in five years) (Eknath and Hulata, 2009). Due to its success,
currently, Nile tilapia is produced in more than 87 countries and it is the
aguaculture species that has the highest number of breeding programs registered
in developing countries (19) (Neira, 2010; Yafez et al., 2020a).

As in other aquaculture species, most of Nile tilapia breeding programs are
based on pedigree and phenotype information to estimate breeding values and
select animals. However, recent advances in molecular biotechnology and
guantitative analysis have allowed the incorporation of genomic information in
aquaculture breeding programs as well (Yanez et al., 2015). When genotyping of
animals is performed, it is possible to estimate the genomic breeding values and
select the candidates accurately using between and within familiar genetic
information, the so-called genomic selection (GS) (Meuwissen et al., 2001).
Recent studies have shown GS benefits over pedigree-based methods in tilapia,
mainly for pathogen resistance (Joshi et al., 2021a, 2021b, 2020; Lu et al., 2020;
Sukhavachana et al., 2020) and growth traits (Yoshida et al., 2019b). Another
application for genomic information is the mapping of quantitative trait loci (QTL)
through genome-wide association studies (GWAS). GWAS identify statistical
associations between phenotypes and markers (e.g., single-nucleotide
polymorphisms or SNPSs) in order to detect signals of genetic variation over the
genome (Goddard and Hayes, 2009). GWAS have also been performed in tilapia

trying to understand the genetic architecture of interest traits and detect QTLs
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associated to them (Céceres et al., 2019; Sukhavachana et al., 2020; Yoshida et
al., 2019b; Yoshida and Yarfez, 2021a; Yu et al., 2021).

The density of SNPs in which the animals are genotyped affects the
accuracy of genomic prediction and precision of QTL mapping (Daetwyler et al.,
2014; Pérez-Enciso et al., 2015). It is expected that genotypes obtained through
whole-genome sequencing (WGS) (millions of SNPs) will offer more accurate
results in comparison to SNP panels (thousands of SNPs) (MacLeod et al., 2016).
Due to the high costs associated to WGS technology, the genotype imputation is
a cost-effective strategy to obtain sequence information for several animals. This
strategy uses a small number of sequenced animals as reference to infer and
impute nongenotyped markers of target animals that were genotyped using lower
density SNP panels. Several factors may influence the accuracy of genotype
imputation such as, number of SNPs in the lower density panel, number of
animals used as reference, relatedness between reference and target
populations, method and software of imputation, marker frequency and precision
of genotyping calling during the WGS process (Carvalheiro et al., 2014;
Fernandes Janior et al., 2021; Hayes et al., 2012; Hickey et al., 2012a). Although
genotype imputation has been successfully applied for aquaculture species using
different SNP panel densities (Dufflocq et al., 2019; Tsai et al., 2017; Tsairidou
et al., 2020; Yoshida et al., 2018) and WGS data (Yoshida and Yafnez, 2021a,
2021b), none imputation study was found evaluating population reference size
and origin as factors that may influence genotype imputation accuracy in
aguaculture species using WGS data.

The objectives of this study were to evaluate the technical feasibility of
genotype imputation from approximately 50k SNPs to sequence level in Nile
tilapia and to investigate the impacts of size and origin of reference population in

the accuracy of imputation.

4.2 Material and methods
4.2.1 Origin of animals

The animals used in this study belong to three different Nile tilapia
breeding populations. The first population (Pa) is from Brazil and belong to

AquaAmerica corporation, where animals had been evaluated in cages using
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daily weight gain as selection criteria for three generations. The Pa founders are
GIFT originally imported from Malaysia in 2005. The second population (Ps) is
from Costa Rica and belong to Aquacorporacion Internacional, where animals
had been evaluated in ponds using body weight as selection criterion for seven
generations. The founders of Ps are a mixture of different populations from Israel,
Singapore, Taiwan and Thailand that gave origin to the GIFT strain. The last
population (Pc) is from the same breeding company and country of Ps which had
been selected for eight generations. However, the founders of Pc are a mixture
of populations from the eighth generation of GIFT and two African strains that
originated GIFT. More detailed information about the origin of these populations
is available in Yafnez et al. (2020).

4.2.2 Whole-genome sequencing and quality control of genotypes

DNA of 326 animals (57 Pa, 126 Ps and 143 Pc) were obtained from fin-
clip samples using a Wizard Genomic DNA purification kit (Promega). The
sequencing of samples was performed using Illlumina HiSeq 2500 equipment
(Nlumina, USA). The assembly ASM185804v2 (GenBank accession
GCF_001858045.1) (Conte et al., 2017) of O. niloticus was used as a reference
genome for alignment of the raw sequencing reads for each sample. The GATK
v3.5.0 software (McKenna et al., 2010) was implemented to discover the variants
and generate the raw SNP file in the variant call format (VCF). A more detailed
description of the variant discovery step is fully described in Céceres et al. (2019)
and Yéafiez et al. (2020). Due to a new version of Nile tilapia genome
(O_niloticus_ UMD_NMBU, GCA _001858045.3) (Conte et al., 2019), probes of
200 base pairs were extracted and used to reallocate the SNPs according to the
new positions.

An initial quality control of genotypes was applied using the VCFtools
software (Danecek et al., 2011) by removing: insertions/deletions, non-biallelic
SNPs, genotypes with quality score (phred) < 15, mitochondrial SNPs and SNPs
assigned to other than the 23 chromosomes. After that, the filtered VCF file was
transformed into binary PLINK format. Then, a second round of QC was applied,
but at this time, separated by population. Using the PLINK v1.9 software (Purcell
et al., 2007), the following excluding criteria were applied: Hardy-Weinberg

equilibrium (HWE) p-value < 1x1078, minor allele frequency (MAF) < 0.01 and
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call-rate of SNPs < 0.80. A final filter was applied to keep only the SNPs that were
in common among the three populations.
4.2.3 Imputation scenarios

We evaluated the impact of two main factors in the accuracy of genotype
imputation: size and origin of reference population. The size of reference
population was tested within each population exclusively (i.e., reference and
target animals were from the same population). Two reference size scenarios
were evaluated: 10rer and 90rer, corresponding to 10 or 90% of animals of each
population, respectively. For example, Pa_10rer and Pa_90rer scenarios
represent 6 and 51 animals used as reference, respectively (10 and 90% of 57
Pa animals). The origin of reference population was assessed in two other
scenarios: using only animals from other populations as reference or using
animals from all populations as reference. For example, Pa_Psc represents
imputation of Pa animals using only Ps and Pc animals as reference (6 Pa animals
as target and 126 Ps + 143 Pc animals as reference) while Pa_Pasc represents
imputation of Pa animals using Pa, Ps and Pc animals as reference (6 Pa animals
as target and 51 Pa + 126 Ps + 143 Pc animals as reference). The four scenarios
were applied for the three populations totalizing 12 imputation scenarios which

are summarized in Table 1.

Table 1. Imputation scenarios and number of animals used as reference (Ref)
and validation (Val) in each cross-validation group.

Scenario® Ref Val Scenario® Ref Val Scenario® Ref Val
Pa_10rer 6 51 Ps_10rer 13 113 Pc_10rer 14 129
Pa_90rer 51 6 Ps_90rer 113 13 Pc_90rer 129 14
Pa_ Psc 269 6 Ps_Pac 200 13 Pc_Pas 183 14

Pa Pasc 320 6 Ps Pasc 313 13 Pc Pasc 312 14

2 Imputation scenarios using Population A (Pa) as target: Pa_10rer and Pa_90rer
scenarios represent 10 or 90% of Pa animals used as reference, respectively. Pa_Pgc
and Pa_Pagc represent imputation of P animals using only Pg and Pc or using Pa, Pg and
Pcanimals as reference, respectively.

b Imputation scenarios using Population B (Pg) as target: Ps_10rer and Ps_90rer
scenarios represent 10 or 90% of Pg animals used as reference, respectively. Pg_Pac
and Ps_Pagc represent imputation of Pg animals using only Pa and Pc or using Pa, Pg and
Pc animals as reference, respectively.

¢ Imputation scenarios using Population C (Pc) as target: Pc_10rer and Pc_90rer
scenarios represent 10 or 90% of Pc animals used as reference, respectively. Pc_Pas
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and Pc_Pasc represent imputation of Pc animals using only Pa and Pg or using Pa, Ps and
Pcanimals as reference, respectively.

4.2.4 Genotype imputation and accuracy
The imputation was performed using the FImpute v3 software (Sargolzaei

et al., 2014) by diving each target population randomly in 10 groups. The animals
in the validation set had their genotypes masked keeping only 49,216 SNPs.
These validation SNPs were the same obtained in a previous study to develop a
50K SNP array to Nile tilapia (Yafez et al., 2020). Animals used as reference had
information at sequence level and target animals had genotypes at medium
density (50k). Finally, the target animals had genotypes imputed to sequence
level using the reference scenarios described previously. To assess the accuracy
of imputation, we used the square of the Pearson correlation coefficient between
observed and imputed genotypes (R?). The R may be estimated as (Huang et al.,
2009):

_ e (xi = %)(g: — 9)

INOACAEE S D ATk
where for each SNP in which the true genotypes were masked, the possible

genotypes were coded as 0, 1, or 2, representing the possible number of the
minor allele for this SNP in the target population; x; is the imputed genotype for
individual i, and x denotes the mean value of the imputed genotypes across all
individuals. Similarly, g; and g express the correspondent variables for the
observed genotypes and n is the number of individuals in the validation group.
The R? was calculated by SNP and averaged by individual. We also evaluated
the imputation efficiency according to different MAF levels by plotting R? and the
allelic imputation error rate (AIER) over different MAF ranges. The AIER in

percentage was estimated as (Zhang and Druet, 2010):
1 N
— 1 1
AIER (%) —m E j=1|0(nij)— I(nij)|*100

where N is the number of markers, 0(n{;) and I(n};) are the observed genotypes
and imputed number of alleles “1” for individual i at marker j respectively, and 2 *
N is the final number of imputed alleles. The AIER was estimated for each SNP
imputed. Both R? and AIER statistics may be used to measure correctness of

imputation. R? is a direct measure of accuracy of imputation and AIER is a



80

proportion of alleles incorrectly imputed. Due to the high dependence of AIER on
the population allelic frequencies (Calus et al., 2014), we decided to evaluate the
MAF effect on this metric, but we used R? as the main comparison criteria for

accuracy of imputation.

4.3 Results
4.3.1 WGS and quality control

After WGS and posterior alignment of the 326 samples, 76.3 + 64.6 million
reads were mapped to a single position in the O. niloticus genome. The mean
coverage per sample was 8.7 + 8.9x, ranging from 2.1 to 65.7x. The discovery
step yielded a total of 38,454,943 variants that were posteriorly filtered to remove
redundant SNPs and re-positioned using the latest genome version resulting in
36,399,577 SNPs. Quality control results of WGS genotypes are available in
Table 2.

Table 2. Initial and population-specific genotype quality control of whole-genome
sequencing (WGS) tilapia data.

Initial quality control@ Before After

All populations 36,399,577 24,664,286
Population-specific quality control HWEP MAF¢ Call-Rated
Pa 24,651,013 13,862,830 8,942,268
Ps 24,077,033 15,332,113 10,475,788
Pc 23,766,617 14,924,264 10,048,571
Common SNPs* 4,631,757

2nitial quality control applied to all populations by excluding: insertions/deletions, non-
biallelic SNPs, genotypes with quality score (phred) < 15, mitochondrial SNPs and SNPs
assigned to other than the 23 chromosomes

® Number of SNPs in Hardy—Weinberg Equilibrium (HWE) (p > 10%)

¢ Number of SNPs included by minor allele frequency (MAF) threshold (MAF > 0.01)
dNumber of SNPs included after the exclusion criterion call-rate > 0.8

¢ Final number of SNPs that are in common among the three populations

After the initial quality control on raw WGS data (exclusion of
insertions/deletions, non-biallelic SNPs, genotypes phred < 15, SNPs not
assigned to one of the 23 chromosomes), 11,735,291 SNPs (32.2%) were
removed. For the population-specific quality control, the filter that proportionally
most excluded SNPs was MAF (29.6, 24.0 and 24.3%) followed by call-rate (13.5,
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13.3 and 13.4%) and HWE (0.04, 1.6 and 2.5%) for Pa, Ps and Pc, respectively.
The final quality control yielded 4,631,757 SNPs that were in common among all
populations and was used as the final imputation density.
4.3.2 Accuracy of genotype imputation

Overall, genotype imputation per animal presented low to moderate

accuracy (Table 3).

Table 3. Summary statistics of correlation between imputed and observed
genotypes (R?) for individuals, number and mean R? of SNPs with accuracy
greater than 0.8 in each scenario.

Scenario® Mean + SD? Max® Min? SNPs>0.8 + SD® Mean>0.8 + SDf

Pa 10rer 0.37x£0.04 0.52 0.25 24,791 7,582 0.86 + 0.06

Pa 90rer 0.54+0.07 0.71 0.35 585,283 +112,914 0.95 + 0.06

Pa_Psc 0.47+0.06 0.64 0.36 546,775+ 119,290 0.95+ 0.06
Pa_Pasc 0.56 +0.07 0.78 0.39 676,233 +£142,291 0.95 £ 0.06

Ps 10rer 0.43+0.05 0.64 0.23 47,857 +4,190 0.85+0.04

Ps 90rer 0.57+£0.07 0.72 0.29 595,759 +48,323 0.92 +£0.07

Ps_Pac 0.45+0.06 0.59 0.22 448,678 +34,039 0.92+0.07
Ps_Pasc 0.58+0.08 0.76 0.27 666,559 +52,648 0.92+0.07

Pc 10rer 0.43+0.05 0.63 0.30 30,650+ 2,267 0.85+0.05
Pc_90rer 0.57+0.07 0.76 0.38 543,525+ 73,811 0.92+0.07

Pc_Pas 0.45+0.06 0.60 0.28 386,706 57,739 0.91+0.07

Pc Pasc 0.58+0.07 0.80 0.37 592,187 +89,663 0.92+0.07

2 Scenarios of imputation: first acronyms are the target populations (before “ ), 10rer
and 90rer represent 10 or 90% of same population used as reference and second
acronyms are the reference populations (after “_")

® Mean +* standard deviation of correlation between imputed and observed genotypes
(R?) for individuals

¢ Maximum correlation between imputed and observed genotypes (R?) for individuals

4 Minimum correlation between imputed and observed genotypes (R?) for individuals

¢ Mean % standard deviation of number of SNPs with correlation between imputed and
observed genotypes (R?) greater than 0.8

fMean * standard deviation of correlation between imputed and observed genotypes (R?)
only using SNPs with R? greater than 0.8

The scenario with the lowest mean individual correlation between imputed
and observed genotypes (R?) was Pa_10rer (0.37 + 0.04) and the highest were
Ps_Pasc and Pc_Pasc (0.58 £ 0.08 and 0.58 + 0.07, respectively). The minimum
and maximum individual accuracies were achieved in the Ps_Pac and Pc_Pasc
scenarios, 0.22 and 0.80, respectively. In spite of moderate accuracy values at
individual level, some scenarios showed a high proportion of genotypes imputed
with accuracy greater than 0.8 (SNPs>0.8).
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For instance, considering scenarios using 90% of animals from same
population as reference (90rer) and using two or three populations as reference
(Psc, Pac, Pas and Pasc), the number of SNPs with accuracy greater than 0.8
ranged between 386,706 + 57,739 (Pc_Pag) and 676,233 + 142,291 (Pa_Pa&c)
(Figure 1).
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Figure 1. Mean and standard deviation of number of SNPs with correlation
between imputed and observed genotypes (R?) greater than 0.8 for all cross-
validation groups.

As a result, the average accuracy of imputation per individual increased,
for example, from 0.45 £ 0.06 to 0.91 + 0.07 and from 0.56 + 0.07 to 0.95 + 0.06
for Pc_Pas and Pa_Pasc, respectively, when using only the SNPs>0.8 (Table 3).
4.3.2.1 Effect of reference population size and origin

There was a clear difference in the accuracy of imputation between
scenarios that used 10 and 90% of same population as reference. The increase
in the R? was equal to 0.17 for Pa and 0.14 for Ps and Pc when 90% of animals
were used as reference compared with 10%. The same trend was observed in
the number of SNPs imputed with accuracy greater than 0.8 in which 24,791,
47,857 and 30,650 SNPs>0.8 were obtained in 10rer scenarios, and 585,283,
595,759 and 543,525 in 90rer, for Pa, Ps and Pc, respectively. Regarding the
reference population origin, using all three populations as reference (Pasc)

Population

M Pa
M P
M P
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resulted in greater accuracy of imputation in comparison with two population
scenarios (Psc, Pac, Pas). This difference was equal to 0.09 for Pa and 0.13 for
Ps and Pc when animals from all populations were used as reference. A positive
effect of using two different populations as reference was observed in the number
of SNPs imputed with accuracy above 0.8. Assuming that only two different
populations had WGS data, it was possible to obtain 546,775, 448,678 and
386,706 SNPs imputed with accuracy greater than 0.8 for Pa, Ps and Pc,
respectively (Figure 1).
4.3.2.2 Effect of MAF

The average individual accuracy of imputation (R?) and allelic imputation
error rate (AIER) were calculated for different MAF classes (0-0.049; 0.050-0.099;
0.100-0.149; 0.150-0.199; 0.199-0.249; 0.250-0.299; 0.300-0.349; 0.350-0.399;
0.400-0.450) in Figure 2 and Figure 3, respectively. It is possible to observe that,
for most of scenarios, accuracy of imputation was greater for higher MAF levels
and this effect was more pronounced for scenarios with a reduced number of
reference animals (10rer). In contrast, imputation of SNPs with higher MAF levels
tended to increase the AIER and, such effect is softened by increasing the
reference size (90rer) and using all populations (Pasc) as reference.
4.3.2.3 Effect of sequencing coverage

An implicit factor that may affect the accuracy of imputation is the
sequencing coverage. Due to the relatively low average coverage (8.7x) obtained
in this study, we computed the accuracy of imputation according to each
individual coverage (Figure 4). These results showed a strong and positive
relationship between the average sequencing coverage and accuracy of
imputation mainly in the first 10x coverage spectrum. This effect was more
pronounced in the 90rer and _Pasc scenarios and, after 10x, the accuracy of

imputation seemed to stabilize.
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Figure 2. Correlation between imputed and observed genotypes (R?) by minor
allele frequency (MAF) range. (10rer: 10% of same population individuals as
reference; 90rer: 90% of same population individuals as reference; 2Pop: two
other populations as reference only; 3Pop: all three populations as reference).
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Figure 3. Allelic imputation error rate (AIER) by minor allele frequency (MAF)
range. (10rer: 10% of same population individuals as reference; 90rer: 90% of
same population individuals as reference; 2Pop: two other populations as
reference only; 3Pop: all three populations as reference).
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Figure 4. Correlation between imputed and observed genotypes (R?) as a
function of sequencing coverage depth for each individual. a: 10% of same
population individuals as reference; b: 90% of same population individuals as
reference; c: two other populations as reference only; d: all three populations as
reference. (The solid line represents a generalized additive model (GAM) fitted
by a sum of smooth functions of the covariates plus a conventional parametric
component of the linear predictor, see Wood (2006) for more details).

4.4 Discussion

The permanent reduction of costs to obtain genotypes in livestock and
aguaculture species have increased the interest in the use of WGS data. In
addition to the low-cost projection in a near future, WGS data offers more
accurate results in comparison to high density SNP arrays for genomic prediction
and GWAS mainly when the causal mutations are expected to present low MAF
(Druet et al., 2013). Currently, genotype imputation has a key role to obtain WGS
data with reduced costs on a large scale. In this study, we evaluated two
important factors that may affect accuracy of imputation: size and origin of
reference population. To the best of our knowledge, both effects have not been
investigated in genotype imputation to WGS in aquaculture species.

We found low to moderate mean individual accuracy of imputation (0.37 to
0.58) for the evaluated scenarios. These estimates are lower than the accuracy
of imputation to the sequence level reported for other species, for example, 0.78
to 0.95 in dairy cattle, (Binsbergen et al., 2014; Pausch et al., 2017), 0.94 to 0.95
in beef cattle (Fernandes Junior et al., 2021) and 0.87 to 0.97 for sheep
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(Bolormaa et al., 2019), considering different reference sizes and the individual
R? as accuracy of imputation. The main challenge in the imputation process from
medium density to sequence level is the high number of genotypes to be imputed.
Some studies showed that larger differences between the density of SNPs from
the reference and imputation panels may decrease the accuracy of imputation
(Carvalheiro et al., 2014; Hickey et al., 2012a). This was a potential problem in
our study because we aimed to impute from approximately 50k to 4.6 million of
SNPs (approximately 92 times more). The imputation studies using WGS
mentioned above used higher density SNP panels (500-777k) or stepwise
imputation (i.e., sequential imputation from medium density to high density before
imputation to sequence level), meaning lower distance between reference and
target densities. In order to reduce the distance between densities, we evaluated
the use of a high-density SNP panel for tilapia. However, at this moment, the
development of a more expensive genotyping chip would be an unrealistic
scenario for this species and we opted to use only the 50k platform as validation.

There was an increase in the accuracy of imputation of 31.5% for Pa and
24.6% for Ps and Pc, when more animals from the same population were used
as reference (i.e., 10rer Vs 90rer). In livestock, the success of genotype
imputation is highly affected by the relationship between reference and target
animals. If the target animals are immediate ancestors of the reference animals,
for example, a low number of reference animals is enough to obtain high accuracy
of imputation (Hayes et al., 2012). On the other hand, more distant animals would
require a higher number of animals as reference to impute with the same
accuracy. This happens because most of imputation software (including
Fimpute3) seek haplotypes shared between reference and target animals to
predict the missing genotypes. The haplotype construction is more accurate for
closer relatives because they share longer haplotype blocks requiring less
animals (Sargolzaei et al., 2014). In the present study, there is weak genetic ties
between animals of each population. The mean genomic relationship within
population was 0.13 £ 0.12, 0.06 £ 0.09 and 0.05 £ 0.09 for Pa, Ps and Pc,
respectively. These values were calculated through a genomic relationship matrix
(VanRaden, 2008) using the WGS data (Appendix B). Thus, the shift of 10 to 90%

of animals used as reference had a major impact in the accuracy of imputation.
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A strategy to increase the number of animals used as reference would be
the addition of WGS data available from other populations. For Pa, the accuracy
increased from 0.37 in the lowest reference size scenario to 0.47 using only the
other two populations as reference (i.e., Pa_10rer vS Pa_Psc), while for Ps and
Pc, this gain in accuracy was marginal (from 0.43 to 0.45 for both populations)
comparing the analogous scenarios. Most likely, this benefit was higher for the
Pa because only six animals were used as reference in the 10rer scenario while
for PB and PC this number was equal to 13 and 14, respectively.

Despite a previous study determined that these are three highly diverse
populations (Yoshida et al., 2019a), we expected that the common GIFT origin
could help in the imputation. However, the recent admixture and selection applied
to these populations in different geographical locations may have difficulted the
construction and traceability of haplotypes. Bouwman and Veerkamp (2014) also
obtained moderate imputation accuracy imputing to sequence level and using a
multi-breed cattle population as reference. These authors also observed that the
persistency of linkage disequilibrium phase between markers in the low-density
panel may limit the advantage of using different populations as reference.
Similarly, this may also have affected the performance of imputation in scenarios
that included animals from different populations in this study. Nevertheless, the
final number of SNPs imputed with accuracy higher than 0.8 (SNPs>0.8) was
much higher when two different populations were used as reference (21 times
greater for Pa, 8.4 for Ps and 11.6 for Pc) in comparison to 10rer scenarios. These
results reinforce the idea of Bouwman and Veerkamp (2014) that a “reference
bank” with WGS data from different populations or breeds may be an
advantageous strategy for imputation, mainly when a low number of sequenced
animals is available.

The best results of accuracy of imputation were obtained when animals
from all populations were used as reference. The benefit of using Pasc as
reference was more evident when compared to 10rer scenarios (51.3% higher
accuracy in comparison to Pa_10rer and 34.9% higher in comparison to both
Pe_10rer and Pc_10rer) and scenarios with two populations used as reference
(19.1% higher accuracy in comparison to Psc and 28.9% higher in comparison to

both Pac and Pag). On the other hand, these differences were marginals in
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comparison to 90rer scenarios (3.7% for Pa and 1.7% for both Ps and Pc). The
same tendency was observed for the SNPs>0.8. For example, a higher mean
proportion of SNPs>0.8 was observed for Pasc in comparison to scenarios that
used only other two populations as reference (23.7, 48.6 and 53.1% more
SNPs>0.8 for Pasc in comparison to Psc, Pac and Pas, respectively). On average,
there was also more SNPs>0.8 for Pasc in comparison to 90rer scenarios,
however these differences were not significant due to high standard deviations.
These results showed that the use of more related animals as reference was
more important than adding more animals from other populations to the
imputation. Regardless the differences between scenarios and populations, the
average accuracy of imputation for individuals using only SNPs>0.8 could be
increased from 0.37-0.58 to 0.86-0.95 maximizing the number of known
genotypes from 50k to approximately 680k.

An advantage of imputing to sequence level is the possibility of inclusion
of rare variants in the subsequent analysis. We observed that for most of
scenarios the accuracy improved as the MAF increased. This result was expected
because SNPs with lower MAF in the target population have few haplotypes,
containing these rarer SNPs, in common with the reference animals hardening
the imputation (Hickey et al., 2012a). This effect is intensified when the reference
size is lower which also explains the poor accuracy of imputation in 10rer
scenarios mainly for Pa. The accuracy of imputation by MAF class followed the
results of individual accuracy of imputation: the inclusion of animals from the other
2 populations increased the accuracy but the Pasc and 90rer presented the best
results with no significant difference between them. Interestingly, the accuracy of
imputation was higher in Pa_90rer, Pa_Psc and Pa_Pasc for SNPs imputed with
low MAF (0-0.049). A possible explanation for this result is the fact that the low
number of validation animals (6) in Pa are overrepresenting the SNPs in common
with lower MAF in the others populations assisting the haplotype construction. It
is worthy to mention that Fimpute3 allows the inclusion of pedigree information
which could improve substantially the accuracy of imputation of rare variants
(Fernandes Junior et al., 2021; Ma et al., 2013). Unfortunately, this information

was not available in our study.
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An alternative metric used to evaluate the correctness of accuracy of
imputation is the allelic imputation error rate (AIER). A similar trend was found in
the AIER curves regarding the size and origin of reference population. There was
a reduction in AIER in scenarios that included more animals as reference
specially when these reference animals had individuals from the same target
population. However, it is possible to observe an opposite relationship between
MAF and the AIER in comparison to the accuracy of imputation (R?), i.e.,
imputation of SNPs with higher MAF increases the AIER. This antagonistic effect
caused by different MAF levels between both metrics may be explained by how
they are calculated. For lower MAF SNPs, the missing genotypes are most likely
homozygous for the more frequent allele resulting in very low AIER (Calus et al.,
2014). On the other hand, the R? is only a Pearson’s correlation between imputed
and observed genotypes not being influenced by this effect. For this reason, the
accuracy of imputation measured as correlation (R?) is the most common metric
applied in imputation studies.

Another aspect that possibly affected the accuracy of imputation in this
study was the sequencing depth or coverage. The coverage is related to the
average number of times that a locus is sequenced which influences the precision
of “genotype calling” process in WGS. Our results showed that most of individuals
with mean coverage greater than 10x had the highest accuracy of imputation
levels. The mean individual coverage considering all animals was 8.7x
suggesting that a deeper sequencing could improve the performance of
imputation. The sequencing coverage is also linked to costs in WGS because the
higher the average coverage, the higher the sequencing costs. In order to reduce
these costs, VanRaden et al. (2015) reported a trade-off between coverage and
number of sequenced animals for accuracy of imputation, i.e., it is possible to
decrease WGS costs without loss of accuracy of imputation by sequencing
several animals with low coverage. With the tendency of reduction for WGS costs,
the strategy of low-coverage sequencing of several animals to perform imputation
is a promising alternative for genomic studies (Rubinacci et al., 2021).

Two additional factors may also affect imputation studies: the position of
the imputed SNP along the chromosome and the method or software of

imputation. An unequal accuracy of imputation along chromosomes was reported
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in different species (Bolormaa et al., 2019; Liu et al., 2015; Pausch et al., 2017).
Several reasons may cause this effect, e.g., level of heterozygosity, density of
SNPs in determined regions and segmental duplications (Daetwyler et al., 2014;
Fernandes Junior et al., 2021). For tilapia, specifically, we think that it may be
associated to assembling errors. Although we used the latest version of genome
assembling, we noticed in some chromosomes, regions with systematic low
accuracy of imputation (Appendix C). It is expected that future improvements on
tilapia genome assembling may also increase accuracy of imputation in these
regions. Several software have been applied for imputing genotypes in livestock
and aquaculture species, for instance, Alphalmpute (Hickey et al., 2012b),
Beagle (Browning and Browning, 2008), Minimac (Howie et al.,, 2012) and
Flmpute (Sargolzaei et al., 2014). In addition to FImpute, we tested Minimac as
the imputation software in some scenarios. However, we opted for Fimpute
because it was more time-efficient and no significant differences in accuracy were

observed in the scenarios evaluated (results not shown).

4.5 Conclusion

It was possible to impute from 50k to approximately 680k SNPs using
tilapia WGS data with expected accuracy between 0.92 and 0.95, considering
only SNPs imputed with accuracy greater than 0.8. The use of more animals from
same population as reference had higher impact in the accuracy of imputation
than animals from different populations. However, a higher proportion of SNPs
imputed with high accuracy was obtained when animals from all populations were

used as reference.
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CHAPTER 5 - Final Considerations

In the present thesis, we tried to explore three important topics related to
new perspectives of quantitative genetics and genomic tools applications in
aguaculture breeding. The first topic was linked to uniformity of harvest weight in
shrimp. Our results showed that there is a large proportion of genetic variance in
the residual variance for harvest weight in this shrimp species, suggesting
opportunity to increase uniformity through selection. However, there is low
heritability for uniformity indicating that a large number of animals is necessary to
select animals for this trait with high accuracy. In order to increase accuracy of
selection for uniformity, sib-testing or the inclusion of genomic information may
be interesting alternatives. We also observed a negative correlation between
estimated breeding values (EBV) for uniformity of harvest weight and survival,
when the animals are reared in low density conditions. It may indicate that most
likely families that are more uniform may also present higher survival rates, i.e.,
these families may be more “robust” in this condition. “Robustness” may be a
desirable trait in shrimp farming given the constant outbreak of diseases and
climate change issues that affect this industry.

Currently, there is a clear expansion in the knowledge of genomic
resources of aquaculture species. Each year, more genomic studies and tools
are developed to assist in the aquaculture breeding programs. One example was
showed in the second topic of this thesis in which we evaluated the application of
the first 50k SNP panel commercially available for shrimp. Our results showed a
high proportion of polymorphic loci validating this tool to this farmed shrimp
population. We also evaluated population parameters associated to genetic
variability, linkage disequilibrium and effective population size. These results
converge to suggest recent incorporation of animals from different populations or
strains in this broodstock. Finally, the level of linkage disequilibrium (LD) extent
captured by the panel revealed its potential use to genomic selection (GS) and
genome-wide association studies (GWAS) in shrimp breeding. For GS, as shown
in other species, this level of LD and the number of SNPs seem to be satisfactory
to estimate with high accuracy the genomic EBV of animals. This is particularly
important for traits that are difficult or expensive to be measured, such as disease

resistance and meat quality. Nevertheless, care must be taken in the application
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of GWAS. Spurious associations between QTL and SNPs may be obtained due
to the rapid linkage disequilibrium decay at short distance, mainly for polygenic
traits, requiring a high number of animals and probably a denser SNP panel to
improve QTL detection.

Finally, the last topic was related to genotype imputation using whole-
genome sequence data (WGS). This type of data is very informative and may
boost the application of GS and GWAS. However, it is expensive to obtain mainly
considering many thousands of individuals. In this sense, we evaluated the
genotype imputation as a cost-effective strategy to obtain WGS in Nile tilapia.
Using only SNPs with high imputation accuracy (r2>0.8) we were able to impute
from 50k to approximately 680k SNPs. If we only consider this high-accuracy
SNPs as the final density, the expected accuracy of imputation would be high
(between 0.92 and 0.95). We also observed that a “WGS bank” with animals from
different populations may help in the imputation. However, a larger impact on
accuracy is expected when target and reference animals share higher kinship
levels. Thus, we do recommend more animals or animals from ascending lines

as reference to obtain millions of SNPs imputed with high accuracy.
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Appendix A

QcC1 Call-rate QC2 Call-rate QC3 Call-rate

3017
(19.61%)

3109
(26.53%)

3200
(39.89%)

149
1.27%)

7362
(62.82%)

3664
(45.67%)

788
(9.82%)

(71.68%) (4.82%)

(0.31%)

MAF HWE HWE
Appendix A. Venn diagrams of quality control (QC) of SNPs for a farmed shrimp population genotyped with a 50k array using three
minor allele frequency (MAF) exclusion criteria thresholds: QC1 (< 0.10), QC2 (< 0.05) and QC3 (< 0.01). Call-rate and Hardy-
Weinberg equilibrium (HWE) exclusion filters were the same for all QCs, < 0.8 and p-value < 107, respectively.
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Appendix B
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Appendix B. Genomic relationship matrix among the tilapias studied from three
different populations: 57 Pa, 126 Ps, 143 Pc.

Appendix C

R2 (imputed,observed)

Physical position in Chromosome 19 (Mb)
Appendix C. Example of correlation between imputed and observed genotypes
(R?) as a function of physical position in chromosome 19 for Pa. a: 10% of same
population individuals as reference; b: 90% of same population individuals as
reference; c: two other populations as reference only; d: all three populations as
reference. (Red dots are SNPs with accuracy greater than 0.8 considering the 10
validation groups).



