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RESUMO

BARROSO, Lais Mayara Azevedo, D.Sc., Universidade Federal de Vigosa, fevereiro de
2018. Regressado Quantilica: aplicacbes em selecdo gendmica amaientador:
Moysés Nascimento. Coorientadores: Ana Carolina Campana Nascimento, Cosme
Damido Cruz, Fabyano Fonseca e Silva, Marcos Deon Vilela de Resende e Nicola
Vergara Lopes Serrao.

A principal contribuicdo da genética molecular no melhoramento € a utilizagao direta das
informagbes de DNA no processo de identificagdo de individuos geneticamente
superiores. Sob esse enfoque, idealizou-se a selecdo gendmica Genprae(Wide

Selection — GWS), a qual consiste no uso de um grande niumero de marcadores SNPs
(Single Nucleotide Polymorphisms) amplamente distribuidos no genoma para predizer o
mérito genético de individuos. Diversas abordagens estatisticas foram propostas para a
predicdo de valores genéticos permitindo estimar os efeitos dos marcadores com base
apenas na média condicional da variavel dependente. Uma metodologia ainda pouco
explorada em GWS é a regressdao quantilica (RQ). Diferentemente das outras
metodologias, a RQ permite avaliar os fendtipos de interesse em diferentes niveis da
distribuicdo. Desta forma, este trabalho tem como objetivo apresentar duas aplicacées de
GWS utilizando a RQ. Na primeira aplicacéo foi proposto e avaliado o uso da Regresséo
Quantilica Regularizada (RQR) para estimar os efeitos marcadores SNPs para curvas de
crescimento em suinos. O modelo proposto permitiu a descoberta, em diferentes niveis
de interesse (quantils), de marcadores relevantes para cada caracteristica e suas
respectivas posi¢cdes cromossémicas. Além disso, RQR permitiu a construgéo de curvas
de crescimento genémico, que identificaram individuos geneticamente superiores em
relacdo a eficiéncia de crescimento. Na segunda aplicacao utilizou-se a RQR para predizer
valores genéticos de conjuntos de dados simulados com diferentes propor¢cdes de epistasia
na variancia genética e valores fenotipos com distribuicdes simétrica e assimétrica a
direita. Neste trabalho verificou-se que a RQR teve, em geral, maiores acuracias do que
asoutras metodologias avaliadas quando a caracteristica é de baixa herdabilidade. Além
disso, quando tem-se 100% da variancia genética como sendo epistatica, a RQR foi, na
maioria dos casos, melhor do que os métodos tradicionais. Desta forma, avaliando as duas
aplicacdes apresentadas, tem-se que a RQR é uma alternativa interessante em estudos de¢

GWS, uma vez que possibilita a descoberta do modelo que melhor representa a relagéo
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entre as variaveis dependentes (fenétipos) e independentes (efeitos dos marcadores)

aumentando o desempenho preditivo do modelo.



ABSTRACT

BARROSO, Lais Mayara Azevedo, D.Sc., Universidade Federal de Vigosa, February,
2018.Quantile regression: applications in genome-wide selectioAdviser: Moysés
Nascimento.Co-advisers: Ana Carolina Campana Nascimento, Cosme Damido Cruz,
Fabyano Fonseca e Silva, Marcos Deon Vilela de Resende and Nicola Mergasa
Sarao.

The main contribution of molecular genetics in breeding is the direct use of DNA
information in the process of identifying genetically superior individuals. Under this
approach, Genome Wide Selection (GWS) was idealized and consists of the use of a large
number of single nucleotide polymorphisms (SNPs) widely distributed in the genome to
predict the genetic merit of individuals. Several statistical approaches have been proposed
for the prediction of genetic values, however they allow estimating the effects of the
markers based only on the conditional mean of the dependent variable. A methodology
not yet explored in GWS is quantile regression (QR). Differently from the other
methodologies, the QR allows to evaluate the phenotypes of interest in different levels of
the distribution. In this way, this work aims to present two applications of GWS using
QR. In the first application, the Regulated Quantile Regression (RQR) was proposed and
evaluated to estimate the marker effects SNPs for growth curves in pigs. The proposed
model allowed the discovery, in different levels of interest (quantiles), of more relevant
markers for each trait and their respective chromosomal positions. In addition, RQR
allowed the construction of genomic growth curves, which identified genetically superior
individuals in relation to growth efficiency. In the second application, the RQR was used
to predict genetic values of simulated datasets with different proportions of epistasis in
genetic variance and phenotype values with symmetric and positive asymmetric
distributions. In this work it was verified that the RQR had, in general, greater accuracies
than the other methodologies evaluated when the trait is low heritability. Furthermore,
when 100% of the genetic variance is epistatic, RQR was, in most cases, better than
traditional methods. Thus, RQR is an interesting alternative in GWS studies, since RQR
allows the discovery of the model that best represents the relationship between the
dependent (phenotype) and independent (markers effects) increasing the predictive

performance of the model.



INTRODUGAO GERAL

Recentemente, devido ao avanco na genética molecular com o desenvolvimento de
novas classes de marcadores, dentre 0os quais se destacam oSiIRNPNILCIectide
Polymorphisms), mapas densos estdo disponiveis para diversas espeécies de plantas e
animais. Diante da abundancia destes marcadores, Meuwissen et al. (2001) idealizaram a
Selecdo Gendmica AmplaGénome Wide Sdlection - GWS), a qual consiste em
incorporar informacdes genémicas diretamente na predicao do mérito genético individual
para caracteristicas de interesse econémico.

Uma das principais vantagens da GWS esté relacionada com o intervalgée sele
uma vez que a GWS viabiliza a sele¢cédo precoce aumentando assim o ganho genético por
unidade de tempo. Essa vantagem merece destague pois algumas caracteristicas sao
medidas somente quando o individuo ja esta na fase adulta ou apés o abate do mesmo.
Além disso, com a GWS é possivel utilizar um maior nimero de informacdes (fenotipica,
genotipica e genealdgica) para corrigir os dados e fazer analise gendmica, fato que
aumenta a acuracia (Resende et al. 2014).

Geralmente o numero de marcadores é muito maior do que o nimero de individuos
genotipados e fenotipados e tais marcadores sdo altamente correlacionados, necessitando
da utilizacdo de métodos estatisticos apropriados para analise dos dados no ambito da
gendmica (Gianola et al., 2003).

Diversas abordagens estatisticas foram propostas para a predicdo de valores
genéticos, como regressao aleatoria (G-BIJRR-BLUP) e abordagens bayesianas
(BLASSO, BayesA, Bayes B, ...). Embora essas metodologias sejam amplamente
utilizadas, elas permitem estimar os efeitos dos marcadores com base na média
condicional da variavel dependente, ou seja, E(Y|X). Mais especificamente,scaso a
metodologias citadas acima para GWS sejam aplicadas, a relagdo funcional entre o
fenétipo e os SNPs é explicada por meio de um comportamento médio, 0 que possibilita
apenas o pesquisador selecionar individuos em termos médios da populacéo.

Uma metodologia ainda pouco explorada em GWS ¢ a regressdo quantilica (RQ).
Diferentemente das outras metodologias, a RQ, proposta por Koenker e Basset (1978)
permite avaliar os fenotipos de interesse em diferentes niveis da distribuicdo. A obtencdo
destes efeitos em quantis especificos permite ao pesquisador selecionar individuos de
acordo com o critério desejado, podendo obter assim um estudo mais informativo a

respeito da variavel analisada.



O estudo de diferentes niveis de distribuicdo da variavel de interesse usando RQ
foi realizado com sucesso na medicina por Beyerlein et al. (2011), que usaram RQ para
analise GWAS (Genome-Wide Association Study) em genética humana, onde enfatizaram
as vantagens estatisticas e biologicas ao estimar os efeitos dos marcadores em diferentes
quantis da distribuicdo fenotipica. Nascimento et al. (2017) propuseram e avaliaram a
utilizagdo da RQ regularizada (RQR) na GWS, para tanto os autores simularam cenarios
com diferentes graus de assimetria nos fenotipos € com uso da RQR houve um aumento
da performace preditiva do modelo.

Diante do exposto, o objetivo deste trabalho ¢ apresentar a metodologia da
Regressdo quantilica e duas de suas aplicacdes. Desta forma, este trabalho esta dividido
em trés partes: Revisdo de Literatura, Capitulo 1 e Capitulo 2.

Na Revisdo de Literatura, foi abordado conceitos, modelos e metodologias que
serdo utilizados posteriormente nos capitulos 1 e 2. Inicialmente ¢ feita uma revisao sobre
GWS e alguns modelos presentes na literatura. Posteriormente € discutida a metodologia
proposta neste estudo, apresentando a RQ e a RQR. Logo apds ¢ feita uma breve revisdo
de modelos nao lineares para curvas de crescimento que € o tema do primeiro capitulo
desta tese. Finalmente, apresenta-se os conceitos de assimetria e epistasia que serdo
abordados no segundo capitulo.

No primeiro capitulo, buscou-se propor e avaliar RQR para estimar os efeitos
marcadores SNPs para curvas de crescimento em suinos, bem como identificar as regides
cromossdmicas dos marcadores mais relevantes e estimar a trajetoria de peso individual
genético ao longo do tempo (curva de crescimento gendmico) em diferentes quantis.
Com o objetivo de estimar os efeitos dos marcadores SNPs nas estimativas dos
parametros das curvas de crescimento, utilizou-se uma abordagem em duas etapas. Na
primeira etapa, os modelos ndo-lineares foram ajustados aos dados de peso-idade de cada
animal. Na segunda, os modelos de regressao gendmica, RQR, foram ajustados
considerando as estimativas de parametros do passo anterior como variavel dependente.

O segundo capitulo utilizou-se RQR para predizer valores genéticos em um
conjunto de dados simulados com diferentes propor¢des de epistasia na variancia
genética quantitativa e fenotipos com distribui¢des simétrica e assimétrica a direita. O
uso de RQR para obter a estimativa dos efeitos de marcadores permite um estudo mais
informativo sobre os fenotipos, e com isso € possivel trabalhar em qualquer quantil de
interesse. Neste capitulo, também comparou-se o desempenho da RQR com outras

metodologias presentes na literatura. Além disso, buscou-se verificar se € possivel, com
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a utilizacdo da RQR, capturar os efeitos epistaticos, mesmo que estas interagdes nao
estejam explicitas no modelo.

Finalmente, apresentam-se as consideragdes finais do trabalho.



REVISAO DE LITERATURA

1. Selecao gendémica ampla (GWS)

Devido a ampla disponibilidade de marcadores SNPs no genoma, Meuwissen et al.
(2001) propuseram a GWS com o objetivo de utilizar informagdes diretas do DNA na
selecao e predi¢do do mérito genético, de forma a permitir alta eficiéncia sejgtinde
rapidez na obtencdo de ganhos genéticos com a selecao de baixo custo (Resende et al.,
2014).

A GWS baseia-se na utilizacdo de um grande numero de marcadores SNPs
(polimorfismo de um anico nucleotideo) que sdo amplamente distribuidos ao longo do
genoma, possibilitando obter o mérito genético individual para caracteristicas de interesse
econdmico. Desta forma, a GWS busca a determinacdo do valor genético gendmico
estimado (GEBV) de um individuo a partir de metodologias especificas para predicéo do
mérito genético e selecao, podendo também utilizar o GEBV para uma sele¢ao posterior,
incluindo individuos que n&o foram fenotipados.

Geralmente o numero de marcadores é muito maior do que o nimero de individuos
gue foram genotipados e fenotipados, tornando os marcadores altamente correlacionados,
0 que requer métodos estatisticos adequados que permitem propriedades de
estimabilidade e regularizacéo (Gianola et al., 2003). Para contornar essa limitacao, varias
abordagens estatisticas foram propostas para obtenc&o de valores genéticos genémicos,
como regressao aleatdria (RR-BLUP e G-BLUP), abordagens bayesianas (BLASSO,
Bayes A, Bayes B, ...) e regressao de reducdo de dimensionalidade (PLS, componentes
principais).

Nas proximas secOes serdo apresentados os principais modelos utilizados em

estudos de Selecdo Genbémica Ampla.

2. Random Regression- Best Linear Unbiased Predictor (RR-
BLUP)

A Regressdo Aleatéria - Melhor Preditor Linear ndo viesado (RR-BLUP) usa
preditores do tipo BLUP e assume que os efeitos dos marcadores sdo covariaveis de
efeitos aleatérios (Resende et al., 2014).

O modelo linear misto aleatério € dado por:



y=Xb+Wm, +e,
em que:y é o vetor de fenétipodié o vetor de efeitos fixosn, é o vetor de efeitos

aleatdrios dos marcadores;é o vetor de residuos aleatérioseW sdo as matrizes de
incidéncia pard e m,. A matriz de incidénci&V contém os valores -1, 0 e 1 para o

namero de um dos alelos do marcador em um individuo diploide.
A predicdo dos efeitos genéticos dos marcadores através do RR-BLUP baseia-se

nas equacdes dos modelos gendmicos mistos apresentados abaixo:

X' X X'W b| [Xy
WX WW+IA, | m | (WY

2
O

em qe,m, ~ N(O, Io-;f/nq), A, =(627/en) € denominado parametro de encolhimento
a'll

sendoo; avariancia genética aditiva, a variancia residual n, € o nimero de locus
e e dado pon, = 2_& p,(L— p) (Resende et al., 2014). O parametro de penalidade

promove o encolhimento homogéneo para todos os marcadores. Os componentes de
varidncia (c>eo?) sdo estimados através do método da Maxima Verossimilhanca

Restrita (REML).

3. Genomic - Best Linear Unbiased Predict@B-BLUP)

O modelo linear misto a nivel individual para valores genéticos aditivos individuais
(u,) é dado por:

y=Xb+Z2Zu, +e,
em que:Y é o vetor de fenotigos; b € o vetor de efeitos fixos com matriz de incidéncia
X; U, € o vetor de efeitos genéticos aditivos de individuos com matriz de incidéncia Z,
sendo a estrutura de variancia dadayor N (0,G,c2) ondec? é variancia aditiva e
G, (N x N) é a matriz de parentesco gendmica aditi@a o vetor residual do modelo
come~N(0,15?) sendo ques’ é a variancia residual le a matriz de identidade.

Utilizando as equacdes de modelo misto, podemos predizer por meio do método G-
BLUP conforme a seguir:



X' X X'Z -
xl

7% 7'74GA% 2110,
+ X A Zly

o2 |LYa
Para que as equag¢fes acima tenham solégdaeve ser uma matriz positiva

definida e, da mesma forma que RB-BLUP os componentes de variancia’€c?)
séo estimados por meio do método da Maxima Verossimilhanga Restrita (REML).

A matriz de parentesco genémicG,() descreve o parentesco entre individuos e
pode ser construida a partir do conjunto de marcadores pelo qual os individuos foram
genotipados e é dada por:

G o W

X.2p - p)

em que W é uma matriz de dimens&ox m, sendo quen corresponde ao numero de
individuos emo numero de marcadorespe sdo as frequéncias alélicas.

A analise G-BLUP é favoravel em termos computacionais, porque resulta em um

namero menor de equacdes a serem resolvidas (Resende et al., 2014).
4. Abordagens Bayesianas

Os métodos bayesianos teoricamente proporcionam uma maior acuracia
(Meuwissen et al., 2001; Bolormaa et al., 2013; Meuwissen et al., 2016), uma vez que
forcam muitos efeitos dos segmentos cromossdémicos a valores proximos de 0 (Bayes A)
ou O (Bayes B) e os efeitos estimados sdo ditados pelas distribajgies dos efeitos
dos marcadores (Resende et al., 2014).

A predicdo de valores genéticos gendmicos, utilizando informacdes fenotipicas e
genotipicas para cada individuo, pode ser estimada usando o seguinte modelo:

y=Xb+Wm+e,

em que:Yy é o vetor de fendtiposX € um vetor de mesma dimenséo de y com todos os
elementos iguais a 1) é a média da caracteristica de interesseé o vetor de efeitos
genéticos aditivos dos marcador@s;é a matriz de incidéncia que relaciona os efeitos

aditivos dos marcadores aos fenétipesé o vetor de erro aleatério do modelo com

e~N(,0?) e o2 é avariancia do erro.



4.1. Bayes A
Meuwissen et al. (2001) propuseram uma metodologia baseada na abordagem
bayesiana em que diferentes componentes de variancia sdo assumidos para cada
marcador. O método Bayes A, por meio de suas distribui¢geerg permite um fator
de encolhimento para cada marcador.
Este método pressupde poucos genes de grandes efeitos e muitos genes de pequenos
efeitos, ou seja, encolhimento especifico para cada marcador. A distriptigdade

cada efeito de marcador (dada a sua variancia) segue uma distribuicdo normal,

mj‘o,i_ ~N(0,62), e as variancias dos efeitos marcadores assumem distribuigdo qui-
1 1

quadrado invertida escalada com graus de liberdade parametro de esca$f, ou
seja,op, ~ z’z(vm,Sri) (Azevedo, 2015).

A escolha de uma distribuicdo de qui-quadrado invertida para componentes de
variancia é conveniente uma vez que tal distribuicdo combinada com a informacéo dos
dados também resulta em uma distribuicdo qui-quadrado invertida escalada (Meuwissen
et al., 2001).

O uso dessas duas distribuicbes (normal e qui-quadrada invertida) leva a
distribuicdo t univariada para os efeitos dos marcadores com média zero (Sorensen e

Gianola, 2002), da seguinte forma:

M| Vs S ~t(ov,, S%).

Este método pode ser implementado através da amostragem de Gibbs para obter
essa informacgédo combinada (Resende et al., 2014). A amostragem de Gibbs baseada nas

distribuicdes condicionas posteriori de todos os efeitos é utilizada para obter amostras

gue serdo usadas para estimar os efeitos e a variancia.

4.2. Bayes B
Embora util, 0 método Bayes A ndo permite a selecdo de variaveis (SV). A SV é
interessante uma vez que muitos marcadores ndo possuem efeitos genéticos ou nao estac
em desequilibrio de ligacdo com os QTLs. Desta forma, permite que alguns efeitos de
marcadores sejam iguais a zero, levando a uma condicdo estatistica mais favoravel, ou
seja, quanto menor o nimero de efeitos de marcadores a serem estimados, mais preciso

0 processo de estimagdo considerando o mesmo numero de observacoes.



O método Bayes B assume uma mistura de distribuic6es para o efeito do marcador,
ou seja, enquanto uma fracaodos marcadores assume distribuicdo normal (os mesmos
pressupostos do método Bayes A), a frabde dos marcadores ndo tem efeito. No
método de Bayes B, o valor de é definido subjetivamente. Especificamente, o método
Bayes B assume as seguintes distribuipdesi para cada efeito marcador:

m, ﬁ,arﬁj ~z N0, arij )+ (L-7)N(O, orii =0), sendOcrrf11 a variancia especifica do
j"" marcador.

As variancias dos efeitos dos marcadores sé&o assumjd,gso com

probabilidadel-~ e distribuicdo qui-quadrado invertida escalada sgmgraus de
liberdade e parametro de escéfy, isto é,07, ~ z‘z(vm,si) com probabilidader .

As distribuicdes condicionais completas para o método Bayes B ndo possuem
distribuicdes de probabilidade conhecidas. Assim, € necessério usar o algoritmo
Metropolis-Hastings (Gelman et al., 2004) para gerar amostras sequenciais como meio de
obter uma distribuicéo a partir da qual ndo ha amostragem direta. Mais detalhes sobre o
método Bayes B podem ser encontrados em Azevedo (2015). As distribuicbes
condicionais completas para os parametros do modelo Bayes B foram apresentadas em
detalhes por Zeng et al. (2013).

4.3. Bayesian LASSO (BLASSO)

O uso da versao bayesiana da regressao LASSO (BLASSO) para selecao genémica
foi proposta por de los Campos et al. (2009). O BLASSO inclui um termo de variancia
comum para modelar os residuos e os efeitos genéticos dos marcadores. Na formulacao
do BLASSO séao consideradas as seguintes distribuicpesra(Park e Casella, 2008;
de los Campos et al., 2009

J mj|0§,ff ~ N(O,z'jzaez)
o | Z~Bp@)
o X ~Gamma(a,,a,)
em que: A é o pardmetro de encolhimentow, e «, s80 0s hiperparametros da

distribuicdo gama. O parametrd pode ser estimado a partir dos dados por métodos
MCMC.



A distribuicdo apriori utilizada no LASSO Bayesiano mostra maior massa de
densidade em zero e caudas mais robustas, exercendo maior encurtamento sobre
coeficientes de regressado préximos de 0 e menor encurtamento sobre coeficientes de
regressao distantes de zero. Assim, as méd@steriori sdo estimadas, produzindo
valores muito pequenos, mas néo zero como no LASSO original.

Como definido anteriormente, a juncdo de uma distribuicdo normal e de uma
exponencial leva a uma distribuicdo exponencial dupla para os efeitos dos marcadores

(Park e Casella, 2008), da seguinte forma:
m| 2 ~ DuplaEx;{o,ﬁj
A

O Lasso Bayesiano € vantajoso em comparacdo com Bayes B e Bayes A
(Meuwissen et al., 2001) uma vez que minimiza a influéncia da distribagéari, ou
seja, proporciona uma melhor aprendizagem a partir de dados (Gianola et al., 2009;
Gianola, 2013). Os detalhes das distribuicées condicionais completas para os parametros

do modelo BLASSO foram apresentados em de los Campos et al. (2009).

5. Regressédo Quantilica (RQ)

Nesta secdo serdo apresentados os conceitos e fundamentos da Regresséo
Quantilica (RQ). Mais detalhes a respeito da metodologia pode ser encontrado em
Barroso (2014) e Hao e Naiman (2007).

A RQ, diferentemente da abordagem tradicional de Modelos de Regresséo,
possibilita obter informacgBes da variavel de interesse em diversos niveis da distribui¢ao,
tornando o estudo sobre o fenbmeno mais completo e informativo. A RQ pode ser usada
para fornecer uma andlise estatistica mais completa das rela¢des entre variaveis aleatorias.
Em geral, os quantils escolhidos dependem inteiramente da finalidade do estudo, ou seja,
podemos estudar toda a distribuicAo ou apenas algumas partes definindes quantil
especificos.

Os modelos de regressao tradicionais, apesar da facilidade de interpretacdo e
implementacdo, apresenta algumas limitacdes. Em primeiro lugar, os pressupostos do
modelo nem sempre sao validos para conjuntos de dados reais. A pressuposi¢cdo de
homocedasticidade (Figura 1) geralmente falha. Desta forma, quando excluimos o
pressuposto de homocedasticidade, embora os estimadores de minimos quadrados sejam

ainda ndo tendenciosos 0s mesmos ndo possuem variancia minima (Montgomery et al.,



2012). Assim, os estimadores obtidos por meio do método dos minimos quadrados néo
serdo BLUE Best Linear Unbiased Estimator).

Quando a distribuicdo apresenta caudas pesadas, a média condicional pode se tornar
uma medida inadequada e enganosa de localizag&o central, pois é fortemente influenciada
poroutliers.

Além disso, o calculo dos p-valores se baseiam no pressuposto de normalidade e
caso exista violagcdo desta condi¢éo pode ocorrer viés nos p-valores, acarretando em testes

de hipoteses invalidos (Hao e Naiman, 2007).

X3 Xz Xz x

Figura 1. Representacdo do modelo de regressédo linear simples com erros

homocedasticos.

Para contornar a limitacdo referente a distribuicdo normal dos erros, pode-se utilizar
o0 método de minimizacao dos erros absolutos, uma vez que este é robusto na presenca de
outliers e assimetria e descreve melhor uma medida de posicéo central da distribuicéo
condicional da variavel resposta, uma vez que estima o valor mediano da distribuicéo.

A RQ, proposta por Koenker e Bassett (1978) se baseia no método dos erros
absolutos ponderados. Entretanto, nesta metodologia ndo se considera apenas o valor
mediano, e sim é realizada uma ponderacdo na minimizagdo dos erros para se estimar 0s
diversos quantis de interesse.

A utilizacdo de diversos quantis possibilita a obtencé&o de maiores informacdes de
localizacdo do que quando se utiliza apenas o centro da distribuicdo. Desta forma é
possivel examinar uma localizagdo na cauda inferior (por exemplo, o quantil 0,1) ou na
cauda superior (por exemplo, o quantil 0,9) quando o pesquisador necessita de

informagdes sobre subpopulacdes especificas€iNaiman, 2007). Como por exemplo,
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nos estudos envolvendo problemas econémicos (8iR@rto Junior, 2006), medicina
humana (Beyerlein et al., 2011) e problemas socias é-Naiman, 2007).

Além disso, de acordo com Koenker (2005), modelos de RQ sdo capazes de
incorporar uma possivel heterocedasticidade, que seria detectada a partir da variacao das
estimativas dos coeficientes dos parametros para diferentes qz’ siis (

O modelo da Regressao Quantilica, que descreve a relagdo funcional entre a

variavel dependente e a variavel independente, pode ser descrito como:
y=5(0)+Bi(r) X +€(2), 1)
em que/f,(r) € a constante da regress@xXz) € o coeficiente da regressée(r) séo

os erros aleatérios independentes e identicamente distribuidos com quantil diz ordem
igual a zero;X € variavel independentezrefereseao quantil assumidér € (01)).

Nos modelos de regressao linear simples (RLS) estima-se apenas uma reta para
explicar todo o conjunto de dados. Entretanto, a linha da regressao ndo captura mudancas
na distribuicdo da variavel dependente. J& no modelo da Regressao Quantilica (1) podem
ser estimadas retas para cada quantil de interesse, desta maneira se torna mais adequad:
a interpretacao dos resultados para o conjunto de dados com presenca de assimetria, pois
através dela é possivel tracar a relagdo em regides centrais, através da medsna, e
caudas da distribuicdo condicional de acordo com o interesse.

Pode-se observar que a RLS fornece apenas informacfes em termos médios da
variavel dependente (Figura 2A). Enquanto que a RQ possibilita observar a relacao

funcional em diferentes niveis da variavel dependente (Figura 2B).
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Figura 2. Ajuste de um modelo linear e diversos ajustes da regressao quantilica.

Fonte: Hao e Naiman (2007).

A principal diferenca entre as estimacdes da RQ e da RLS é que a distancia dos
pontos observados a reta estimada na RQ é medida minimizando a média ponderada da
soma das distancias verticais, sendo que para pontos abaixo da linha atribu1-z peso
e para pontos acima da linha p.z3@onforme apresentado em Hao e Naiman (2007).

Cada escolha do valor do peroresultard numa funcdo ajustada do quantil
condicional. Assim, tem-se que um quartipode ser visto como o0 ponto em que
minimiza a distancia média ponderada, com pesos dependendo da localizacao do ponto,
se 0 ponto esta acima ou abaixo da reta ajustada.

O objetivo entdo é encontrar os valoresfie) que minimizem a equagao:

édr(yi )=t |Yi _ﬂOi(t)_ﬂli(T)Xi|+(l_ 7) |yi _ﬂoi(r)_iﬂli(r)xi| (2)

yizlfoi(r)%ﬁli(r)xi vi<ﬂ0i(r)§ﬂli(r)xi
em qued_é a distancia entre;, e ¥, ; 5, (r) é a constante da regress#fr) é o
coeficiente da regressaoX é variavel independenterarefere-se ao quantil assumido
(re (OD).

Ao minimizar a Equacéo 2 tem-se como resultados a reta da regressédo do quantil

de interesse.
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Um algoritmo que permite minimizar a Equagéo 2, estimando os coeficientes da

RQ (ﬂ ,81) € baseado em algoritmos de problemas de programacéo lireae (H

Naiman, 2007). O método utilizado para solugédo de problemas de programacao linear é
o Método Simplex. O principal objetivo neste método é obter o ponto que corresponde
ao menor valor da equagéo 2.

Deste modo é necessario encontrar os estimadgy¢s) e £, () que minimizem

a soma dos erros absolutos ponderados da equacao 2, ou seja, deve-se minimizar a soma

dos residuog/, — Y. de maneira que residuos com valores positivos receben: geso

residuos negativos recebem pl-r.

6. Regressao Quantilica Regularizada (RQR)

Como mencionado anteriormente, RQ é baseada em quantils condicionais, Q(Y|X),
isto é, é possivel ajustar modelos para toda a distribuicdo de probabilidade da
caracteristica avaliada, permitindo um estudo mais informativo da relacéo entre variaveis.

De acordo com Nascimento et al. (2017), a RQ facilita a selecdo de uma funcgéo
guantilica que "melhor" represente a relagdo entre as variaveis dependente (fenotipos) e
independente (marcadores) para resolver o problema da assimetria.

Quando combinamos as propriedades dos métodos tradicionais de GWS (por
exemplo, a teoria de estimacao de encolhimento) com caracteristicas desejaveis da RQ,
geramos a regressao quantilica regularizada (RQR), que é um método de predi¢cdo novo
e poderoso que pode resolver problemas relacionados a dimensionalidade,
multicolinearidade e distribuigéo fenotipica assimétrica.

Li e Zhu (2008) propuseram a RQR que usa a soma dos valores absolutos dos
coeficientes como penalidade.

Os métodos de penalizagdo consistem em encolher as estimativas de coeficientes
em relacdo a zero relacionado com as estimativas de minimos quadrados. Esses métodos
levam a estimativas estaveis, permitindo a estimativa dos parametros no caso n >> N,
onde n é o numero covariaveis e N € o numero de observacdes, e quando ha
multicolinearidade entre as variaveis. Assim, esta propriedade é muito importante para o
caso de alta dimensionalidade.

O RQR consiste em obter os efeitos marce(yjl?) gue solucionam o seguinte

problema de otimizagao:
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B:argminﬂ {ilp{yi _(ﬂ+g)§jﬁjj:|+ﬂé‘ﬂj‘} (3)

P , .. .
em que:Z‘,Bj‘ € a soma dos valores absolutos dos coeficientes de regrésséo,
i=1

parametro que controla a forca da regularizacap, € a fungdo que pondera as

observacdes para a estimativa da fungéo quantilica (Koenker e Bassett, 1978) chamada
fungéo decheck e é definida como:

p{yi —(u+ ijl&jﬁj ﬂ =

em quer e (0) indica o quantil de interesse. Através do coeficiente de encolhimento,

T|:yi _(ﬂ+jzp:l)<ijﬂj]:|' Se Y, _(ﬂ"'lzp:l)ﬁjﬁj) >0,

—(1- r{yi —(ﬂ Ly X, ﬂ , casaontrario.
=1

esta metodologia combina a selecdo de variaveis e a regularizacdo através do

encurtamento dos coeficientes de regresséao

7. Modelos N&o Lineares para curvas de crescimento
Para descrever a relagéo entre 0 peso e a idade dos animais € utilizada as curvas de
crescimento. Em geral, o estudo das curvas de crescimento é realizado ajustando modelos
nao-lineares utilizando o peso como variavel dependente e idade como variavel
independente. Esses modelos sdo usados porque sao flexiveis e apresentam um namero
reduzido de parametros com interpretacdes bioldgicas, como por exemplo, a taxa de
maturidade e peso do adulto (Silva et al., 2017).

Um resumo das equag¢des comumente usadas € apresentado na Tabela 1.

Tabela 1.Um resumo das equagdes de crescimento.

Referéncia Nome Equacao
Gompertz (1825) Gompertz y= ﬂle(—ﬂze(’”“)) te
Ratkowsky (1983) Logistic By

= +
y 1+ ,6’2e("’33Xj

von Bertalanffy (1957) von Bertalanffy y=4 (1_ ﬁze(—ﬂgx)f' te
1
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em quep, € o peso assintoticgd, € um parametro de localizag@o, sem interpretacéo
biologica; B, é o parametro da taxa de maturidayl€ a observacao da variavel resposta;

X é a idade & é o termo de erro aleatério.

8. Epistasia

A particdo classica da variancia genética para caracteristicas quantitativas é dada
em termos de componentes aditivos, dominantes e epistasia. Embora a variancia aditiva
determine correlacdes entre pais e resposta a selecdo, o estudo de componentes de
epistasia (Mackay, 2014) e dominancia (Azevedo, 2015) também é muito
importante.Diversos estudos destacaram a presenca da epistasia na arquitetura genética
das caracteristicas quantitativas (Phillips, 2008; Mackay, 2014; Huang e Mackay, 2016).

Bateson (1909) definiu a epistasia quando o efeito do alelo em um locus, ao se
expressar, esconde ou mascara o efeito de outro alelo em um segundo locus. Esta
definicdo é conhecida na literatura como epistasia biologica. A epistasia estatistica foi
proposta por Fisher (1918) e refere-se a qualquer desvio da combinacgdo aditiva de dois
loci em relagdo a sua contribuicdo para um fenétipo quantitativo.

Usando a férmula classica para fenétipos, é possivel representar um modelo de dois
locus como:

F=u+G,+G; +G,p +¢,

em que:F é o valor fenotipicoy é a média da popula¢d6, e G, séo os valores
genotipicos nos locus A e B, respectivamef®g, representa a interagao entre locus A
e B, ¢ é o valor ambiental.

A variancia epistéatica pode ser decomposta em seus componentes aditivo x aditivo,
aditivo x dominante e dominante x dominante (Cockerhan, 1954; Kempthorne, 1954).

E possivel expandir a equacéo fenotipica, considerando apenas efeitos aditivos,
para:

F=u+A+AA+A*A +s,

em queA, é o efeito aditivo para locus A}, é o efeito aditivo para locus B. O valor
epistatico (A, * A;) descreve a interagdo entre locus.

Considerando um locus bialélicdA(, A, e A,,, por exemplo ), sob epistasia
aditiva-aditiva (A,* A;), o valor aditivo do locus A muda dependendo do gendtipo do

locus B e vice-versa (Wolf et al., 2000).
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Tabela 2 Gendtipos que representam a epistasia aditiva-aditiva.

Gendtipo A, A, A,
B, 1 0 -1
B, 0 0 0
Bzz -1 0 1

Neste tipo de epistasia, 0 gendtipo 22 do locus A resulta em valores menores quando
combinados com o gendtipo 11 do locus B e valores maiores com o genotipo 22 do locus

B (Tabela 2 e Figura 3).
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Figura 3. Representacdo gréafica da epistasia aditiva-aditiva.

A presenca de epistasia em animais e plantas estd em véarios padrdes classicos de
genotipo-fendtipo, como a cor da pele em vérios animais; tipo de crista em galinhas; cor
de semente no trigo; forma da asa e velocidade do v@resophila melanogaster; peso

corporal e tamanho da ninhada em camundongos; "rat-tail" fenétipo no gado.

9. Assimetria
A assimetria descreve qual lado de uma distribuicdo tem uma cauda mais longa. Se
a cauda longa estiver a direita, entdo a assimetria é considerada a direita ou positiva

(Figura 4, b); se a cauda longa estiver a esquerda, entdo a assimetria é corsiderada
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esquerda ou negativa (Figura 4, c).
Matematicamente, a assimetria é dada pela razdo do momento amostral de ordem 3

pelo de ordem 2, na poténcia de 3/2:

As=—T5_,
(m,)’
Z(Xi - X)r _
em quem ZPIT’ I € a ordem do momentoX € a média da amostra, € 0

tamanho amostral.

Distribuicbes simétricas, como a apresentada na Figura 4 (a), possuet.

Distribuigao simétrica Distribuigdo assimétrica a direita Distribuigao assimeétrica a esquerda
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Figura 4. Possiveis distribuicdes para o fenétipo. (a) Distribuicdo simétrica. (b)

Distribuicdo assimétrica a direita. (c) Distribuicdo assimétrica a esquerda.

Existem distribuicBes assimétricas para varias caracteristicas de plantas e animais.
Na criacdo de gado leiteiro, nimero de tetas, taxas de distocia, contagem de células
somaticas do leite (SCC) sdo exemplos de fenétipos assimétricos muito importantes. A
producdo de ovos e a idade até a producédo do primeiro ovo sdao exemplos de fenétipos
assimétricos em frango. A ordem de parto (Varona et al., 2008) e as concentracdes de
horménios (Campos et al., 2015) ndo sdo normalmente distribuidos em suinos.

De acordo com Roy (2000), ha muitas situacdes que podem acarretar a assimetria
da variavel, uma delas € quando ha epistasia. A Figura 5 mostra a relacéo entre assimetria
e epistasia. A assimetria é positiva quando h& epistasia complementar (Figura 5 - b) e

negativa para epistasia duplicada (Figura 5 - c) (Snape e Riggs, 1975).
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Sem epistasia

(a)

il n =

Epistasia Complementar

(b)

s =

Epistasia Duplicada
(c)

Figura 5. Distribuicbes para situacbes em que nao existe epistasia (a), epistasia
complementar (b) e epistasia duplicada (c).
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Regularized quantile regression for SNP marker estimation of pig growth

curves

Abstract: Genomic growth curves are generally defined only in terms of population
mean; an alternative approach that has not yet been exploited in genomic analyses of
growth curves is the Quantile Regression (QR). This methodology allows for the
estimation of marker effects at different levels of the variable of interest. We aimed to
propose and evaluate a regularized quantile regression for SNP marker effect estimation
of pig growth curves, as well as to identify the chromosome regions of the most relevant
markers and to estimate the genetic individual weight trajectory over time (genomic
growth curve) under different quantiles (levels). The regularized quantile regression
(RQR) enabled the discovery, at different levels of interest (quantiles), of the most
relevant markers allowing for the identification of QTL regions. We found the same
relevant markers simultaneously affecting different growth curve parameters (mature
weight and maturity rate): two (ALGA0096701 and ALGA0029483) for RQR(0.2), one
(ALGA0096701) for RQR(0.5), and one (ALGA0003761) for RQR(0.8). Three average
genomic growth curves were obtained and the behavior was explained by the curve in
guantile 0.2, which differed from the others. RQR allowed for the construction of
genomic growth curves, which is the key to identifying and selecting the most desirable
animals for breeding purposes. Furthermore, the proposed model enabled us to find, at
different levels of interest (quantiles), the most relevant markers for each trait (growth
curve parameter estimates) and their respective chromosomal positions (identification of
new QTL regions for growth curves in pigs). These markers can be exploited under the
context of marker assisted selection while aiming to change the shape of pig growth

curves.
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Keywords: Genome association, growth curve, pig, QTL, regularized quantile

regression.

Background

In general, the study of growth curves is carried out by fitting nonlinear models to
weight (dependent variable) and age (independent variable) data. These models are used
because they are flexible and have parameters with biological interpretations, such as
maturity rate and adult weight.

With the goal of estimating SNP marker effects on parameter estimates of growth
curves, Pong-Wong and Hadjipavlou [1] proposed a two-step approach. In the first step,
nonlinear models were fitted to the weight-age data of each animal. In the second step,
genomic regression models were fitted while considering the parameter estimates from
the previous step as the dependent variable. Such an approach allows for the estimation
of marker effects based only on the conditional mean of the dependent variable.
Specifically, genomic growth curves are defined only in terms of population mean, i.e.,
the identification of genetically superior individuals in relation to the growth efficiency
is based on population mean distribution (quantile 0.5 of a normal distribution of the
sampled data).

An alternative approach for the second step that has not yet been exploited in
genomic analyses of growth curves is the Quantile Regression (QR) [2]. This
methodology allows for the estimation of marker effects at different levels (quantiles) of
the variable of interest. Obtaining these effects in specific quantiles allows for a more
informative study on the chromosomal regions affecting the growth curve trajectory.

In general, the larger number of markers and the dependence between them due to
linkage disequilibrium leads to multicolinearity estimation problems. Thus, methods such
as shrinkage estimation, which highlight the high dimensionality and multicollinearity
issues, are required. Under a QR framework, this method is named regularized quantile
regression (RQR), since the shrinkage (or penalty) parameter regularizes the variance of
the markers’ effects, thus performing a direct variable selection framework.

We aimed to propose and evaluate a regularized quantile regression for SNP marker
effect estimation of pig growth curves, as well as to identify the chromosome regions of
the most relevant markers and to estimate the genetic individual weight trajectory over

time (genomic growth curve) under different quantiles (levels).
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Methods

Animals and genotyping data

Phenotypic data was obtained from the Pig Breeding Farm of the Department of
Animal Science of the Federal University of Vicosa, Minas Gerais, and refer to the
weights at birth, 21, 42, 63, 77, 105 and 150 days of age. These weights were measured
in 345 animals from a F2 outbred population (Brazilian Piau X commercial). More details
about this population are found Byevedo et al. [3] and Band et al. [4].

DNA was extracted at the Animal Biotechnology Lab from Animal Science
Department of Federal University of Vicosa. The low-density customized SNPChip with
384 markers was based on the lllumina Porcine SNP60 BeadChip (San Diego, CA, USA,
[5]). The number of SNP markers was distributed as follows in the pig chromosomes:
(Sus scrofa; SSC): SSC1 (n = 56), SSC4 (n = 54), SSC7 (n = 59), SSC8 (n = 31), SSC17
(n =25), and SSCX (n = 12), totaling 237 SNPs. These markers were selected according
to QTL positions that were previously identified in this population by using meta-analyses
[6] and fine mapping [7, 8]. Thus, although a small number of markers have been used,
the customized SNPchip based on previously identified QTL positions ensures

appropriate coverage of the relevant genome regions in this population.

Statistical analysis
Initially, the logistic nonlinear regression model [9] was fitted to the individual
weight-age data:
= %
1+explla, —t;)/ ay]

+& (1)

Wi
where wy; is the weight of the animal i at agg(0,21,42,63 77,105and150Q ; «; , a5,
and ay are the parameters. df; >0 then«; is the horizontal asymptote &s— «
(mature weight) and 0 is the horizontal asymptote as—o. If ay <0 these roles are
reversed. The parameter, is thet; value at which the responseadg /2. It is the

inflection point of the curve. The scale parametgr (growth scale) represents the

distance on the t-axis between this inflection point and the point where the response is

a,; 1Q+€eh) ~0.73; g; Is the independent and normally distributed residual term,
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8~ N(0,67). In this parameterization, the growth scale parameter is the reciprocal of

growth rateon the model presented by Ratkowsky{10].

After obtaining parameter estimates of the logistic model, they were used as
dependent variables in a linear model to carry out fixed effect corrections (sex, lot, and
halothane gene). The corrected variables were identified based on the residual of the fitted

linear model plus the overall mean. Subsequently, the corrected variables
(a;,a, anddy) were used as dependent variables in a multiple regression model while

using SNP markers as the independent variables. This procedure is known in the literature
as a two-step approach: in the first step, a growth curve is fitted to the data of each animal,
and in the second step, the parameter estimates from the previous step are used as
phenotypic values [1, 11].

In the second step, the following genomic model proposed by Meuwissen et al.

[12] was fitted separately for each trait (parameter estimates from previous step):

=+ S| @

in which y; is the corrected phenotypg, , &, anda, from the first stepy is the general
mean; X, is the SNP marker, encoded as 2 (AA), 1 (Aa), or 0 (Ba)s the effect of the
marker k; ands; corresponds to the residual term,~ N(0,57).

To obtain the markers’ effects at different levels of the variables (traits defined by

4, ,4, anda,), the regularized quantile regression [13] was used. This method consists

of obtaining the marker effectg}() that solve the following optimization problem:

|

. . A*AK AK 237, .
where s = 1, 2, and 3 (respectively for each assumed trait, o, ,a, and a; ); Z|ﬁ Sk| is the
k=1

A . 345 o 237 237,
Bs = argmin, Zipm[as‘ _(ﬂ"' gxikﬂsk):|+ lskgtjﬁsk

sum of the absolute values of the regression coefficients; 4, is the regularization

parameter for each trait; and 7 € (0,1) indicates the quantile of interest. This parameter
(4) is required to avoid multicollinearity problems that are a result of the larger number

of highly dependent markers associated with linkage disequilibrium. It leads to the

formulation of the RQR.

The parameter pTS(.) is denoted as a check function [2] and is defined by:
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» 237 o 237
- z'-|:053i —(,u+ Z)(ikﬁskj:l i ag =+ Y X By >0,
PT{OA!; _(ﬂ"' 2 X P H = ! 237 <
k=1 _(1_2-).{0}; _(ILH_ inkﬁskﬂ, otherwise.
k=1

in which 7 € (0,1) indicates the quantile of interest. Thus, the values of Sy (7) represent
the markers’ effects in the 1™ quantile of interest for s™ trait.
In this study, for each traid, ,, and d; ), the quantiles = 02,0.5and0.8 were
used to generate results at three distinct levels that may characterize the low, andrage, a
high distribution of the phenotypic values under study, ¢, anda; ). Furthermore,

these quantiles were chosen to minimize the residual term in previous studies (pilot
analysis) by using the same datasets.

In order to verify whether marker effects differ between the quantile levels of the
traits (&, ,G, and &; ), the 2.5% most relevant SNPs (highest absolute values) and their p

values, based on bootstrapped standard error values, were presented. In addition, these
SNPs were used to identify possible QTL regions affecting growth traits in pigs.

The Genomic Estimated Breeding Values (GEBV) from RQR were obtained

through GEBV (z)= 6= ¥ x, /4, (), in which = represents the quantile of interest.
k

Subsequently, the genomic growth curves were obtained for each animal based on GEBV
() according to the following expression:

/’Ld; + UR*

K

" {1+ ex;{(ﬁ&; + 0&; )—(ﬁ&; + 0&; jtij }} | 3

in which Y, is the predicted breeding value for each animal i for the weight at each age

A

(t;) =0to 150 d) fige it and fi,. are the means of each trait (parameter estimates for

the logistic model); an a_ .0 and a  are the GEBV of these traits.

Finally, the genetic parameters for the interpretable traits derived from the logistic
model a, anda;) as well as the original traits associated with slaughter weight (SW) and

average daily gain (ADG) were estimated by using the following multi-trait model:
X 0 Z 0 e
Y2 0 X;]B, 0 Z,119,] [&
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Yi
where[y is the vector of response variables of traits | an a,bfd a; with SW and

2
ADG ), X, and X, are the fixed-effects design matrix (Sex, Batch, and Halothane

el
presence)Z,; andZ, are the random-effects design matrix, %réd} is the vector of
2

g
random residuals of the two traits. It is assumed {t&%"N(O’G@H), where
2

o
9 9 . - . . . .

H= ' 0_212 is the additive genetic variance and covariance matrix of the two
921 9,

2

CTe Cye
~N(0,l ®R), where R = - ' 0_212 is the residual variance and

e21 e2

. &
traits, and
eZ

covariance matrix of the two traits. Finallg is the additive relationship matrix

constructed by using 501 pigs an the identity matrix.

Computational features

Fitting of the models was carried out by using rifee(to fit the logistic nonlinear
model in the first step) ard (to fit the regularized quartile regression in the second step)
functions of thestats andquantreg packages [14] of R software [15], respectively. The
Mixed Model Analyses were performed in ASReml 3.0 [16].

To obtain the shrinkage parameter valt 4 )(a grid of A values between 0 and
50 was utilized, varying in 0.5 increments. The predictive capacity, defined as the
correlation between the estimated and observed values (curve parameters that were

obtained from fitting the Logistic model to the weight-age data), was used as a criterion

to define the optimal vali 4 .

The computational codes that were implemented in the R software are found on the
website of the Statistics Department of the Federal University of Vigosa (2017):
http://www.det.ufv.br/~moyses/links.php

Results
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The summary containing the descriptive statistics of the adjusted phenotypic data

is presented in Table 1.

Table 1.Means, standard deviations and ranges for weights at seven different ages of F2
outbred population.
Age,d N Mean weight-SD, kg Min, Kg Max, kg

0 345 1.20+ 0.27 0.53 2.13
21 345 4.90+ 1.00 2.56 8.00
42 345 8.36+ 1.81 2.66 12.90
63 345 16.29+ 3.38 7.43 26.53
77 345 21.44+ 4.39 9.30 34.50

The summary containing the correlation and descriptive statistics of the adjusted

phenotypic data (&, , &, anddy, ) is presented in Table 2.

Table 2. Correlation and descriptive statistics among the adjusted phenotypic data

(&, a5 anday).

Correlation Descriptive statistics
&, a, Ay Mean + SD Min Max
G, 100 082 0.63 89.43 £22.32 35.70 149.85
a, 0.82 1.00 0383 113.18 £ 17.97 72.83 166.43
a, 063 0383 1.00 32.03+4.24 22.76 47.29

Considering the aforementioned grid (0 to 50, by 0.5), the shrinkage parameter

value that showed the best results in terms of predictive capacity A vas0.5.

Specifically, the predictive capacity ranged between 0.6219 and 0.8252 (Table 3).

Table 3. Predictive capacity obtained by means of RQR, considering estimates of the
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nonlinear regression parameters.

Trait
Quantile
o, (A=05) a,(A=05) az(41=05)
0.2 0.7143 0.6938 0.6219
0.5 0.8252 0.7889 0.7904
0.8 0.7678 0.7663 0.7636

The mean and standard error for marker effeq‘},s'so and R goodness of fit

measure for each quantile adjusted medelpresent in Table 4. The goodness of fit
ranged between 0.67 and 0.75 (Table 4).

Table 4.Mean, standard error for marker effects asgh& R? for each quantile adjusted

model.
Model Trait Mean (Standard error Pseudo R**
a 0.43(0.37) 0.71
RQR (0.2) a; 0.44(0.45) 0.69
a3 0.11(0.14) 0.70
ay 0.28(0.44) 0.68
RQR (0.5) a, 0.42(0.40) 0.67
s 0.10(0.12) 0.68
oy 0.48(0.44) 0.75
RQR (0.8) a, 0.52(0.49) 0.74
s 0.13(0.09) 0.75

*Pseudo R?[17].
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In order to verify whether the most relevant SNPs for the three approaches (RQR
(0.2), RQR (0.5), and RQR (0.8)) were the same, the 2.5% most relevant SNPs for each

phenotype &, , &, andd ) were reported (Table 5).

Table 5 describes the most relevant markers considering the fitting through RQR
(0.2). For the mature weighty ), the markers are located on chromosomes SSC1, SSC4,
SSC7, SSC8, and SSC17 (Table 5). The position of the marker ALGA0096701 on
chromosome 17 (55.81 cM) is in accordance with the results of Pierzchala et al. [18], in
which the authors found QTL for the slaughter weight at the position 51.1 cM with the
cross between Meishan, Pietrain, and European Wild Boar. For birth weighttije
marker ALGA0044519 stands out, which is found in the SSC7 at the position 115.23 cM,
next to the QTL for the birth weight found by Guo et al. [19] at the position 120.9 cM for
crosses of Large white and Meishan. In terms of growth ratg, (the marker that
presented with the highest effect is found on chromosome 8. The position of the marker
ALGA0049546 at SSC8 (60.04 cM) is close to the position 62.2 cM, as reported by
Casas-Carrillo et al. [20] for average daily gain when using families from outbred lines

that were selected for high (fast) and low (slow) growth rates.

Table 5. Absolute values of the estimated effects of the 2.5% most relevant SNP by RQR

Estimated P Chromossom: Position
Phenotype Quantile SNP marker

effect (abs) Value* (SSC) (cM)
0.20 ALGAO0096701  18.93 0.099 17 55.81
0.20 ALGA0026109 15.29 0.019 4 75.57
0.20 ALGA0024036  14.98 0.007 4 20.55
0.20 ALGA0038840 14.50 0.041 7 15.18
0.20 ALGA0029474  14.15 0.060 4 122.99
0.20 ALGA0029483 14.07 0.042 4 123.28
0.50 ALGA0047992  30.89 0.008 8 30.17
Mature  0.50 ALGA0047995  29.47 0.006 8 30.31
Weight, 0.50 ALGAO0096701 21.81 0.058 17 55.81
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a, 0.50 ALGA0003761 17.22 0.098 1 50.37
0.50 ALGA0044299 15.65 0.153 7 110.66
0.50 ALGA0096707  15.57 0.144 17 55.84
0.80 ALGA0007216 22.14 0.001 1 160.61
0.80 ALGAO0003761 19.86 0.018 1 50.37
0.80 ALGA0096701 19.71 0.005 17 55.81
0.80 ALGA0042986  15.88 0.014 7 90.01
0.80 ALGA0029474  15.57 0.042 4 122.99
0.80 ALGA0042863  15.57 0.009 7 86.24
0.20 ALGA0048131 13.55 0.027 8 35.02
0.20 ALGAO0044519 13.12 0.020 7 115.23
0.20 ALGA0096701 12.98 0.011 17 55.81
0.20 ALGA0029483 12.50 0.029 4 123.28
0.20 ALGA0026109 11.23 0.033 4 75.57
0.20 ALGA0003761 10.85 0.095 1 50.37
0.50 ALGA0026100 19.87 0.009 4 75.53
Birth 0.50 ALGA0047995 18.71 0.027 8 30.31
Weight, 0.50 ALGA0048131 18.47 0.029 8 35.02
P 0.50 ALGA0047992 16.36 0.062 8 30.17
0.50 ALGA0039880 14.78 0.047 7 30.13
0.50 ALGA0021973 14.36 0.015 4 0.28
0.80 ALGA0048131 17.66 0.007 8 35.02
0.80 ALGAO0005071 17.64 0.002 1 80.44
0.80 ALGA0042986 16.32 0.005 7 90.01
0.80 ALGA0029483 15.21 0.010 4 123.28
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0.80 ALGAO0003761  15.08 0.025 1 50.37

0.80 ALGA0026769 14.49  0.073 4 90.18
0.20 ALGA0049546 3.91  0.015 8 60.04
0.20 ALGA0029483 3.77  0.005 4 123.28
0.20 ALGA0096701 3.42  0.011 17 55.81
0.20 ALGA0021973 331  0.014 4 0.28
0.20 ALGA0048854 3.29  0.031 8 50.17
0.20 ALGA0048131 3.27  0.035 8 35.02
050 ALGA0048131 5.89  0.004 8 35.02
Growth 050 ALGA0021973  4.37  0.023 4 0.28
Rate, 0.50 ALGA0048854 4.13  0.058 8 50.17
a; 0.50 ALGA0096701 3.66  0.075 17 55.81
0.50 ALGA0027642 3.62  0.054 4 102.39
0.50 ALGA0027644 3.36  0.087 4 102.41
0.80 ALGA0003761  4.43  0.008 1 50.37
0.80 ALGA0048131 3.74  0.018 8 35.02
0.80 ALGA0024881 3.61  0.005 4 40.50
0.80 ALGA0044299 3.34  0.052 7 110.66
0.80 ALGA0026769 3.07  0.105 4 90.18
0.80 ALGA0048133 3.01  0.034 8 35.04

*P value calculated using the bootstrap standard error.

Considering the RQR (0.5) in Table 5, the most important markets, forand
a, are located on chromosomes SSC4 and SSC8 (Table 5; RQR (0.5)), ,Rbe
marker ALGA0047992 stands out, which is found on SSC8 at the position 30.17 cM,

which is close to the QTL for slaughter weight found by Beeckmann et al. [21], and at

the position 33.9 cM on chromosome 8 in pigs obtained from crosses between Meishan,
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Pietrain, and European Wild Boar. For the birth weight traif),(the marker with the
greatest estimated effect was ALGA0026100. The position of this marker at SSC4 (75.53
cM) is close to the position at 74.4 cM reported by Walling et al. [22] for body weight at
birth. For ,, the position of marker ALGA0048131 on SSC8 (35.02 cM) was close to

the position 33.1 cM reported by Beeckmann et al. [21] who used data from an
experimental cross between Meishan, Pietrain, and European Wild Boar for average daily
gain (Table 5; RQR (0.5)).

Considering the RQR (0.8) in Table 5, the most significant SNPg far and o,
are located on chromosomes SSC1 and SSC8 (Table 5; RQR (0.8)). Regarding the mature
weight trait (o, ), the marker with the highest absolute value pertaining to the estimates
of the parameter effect is ALGA0007216. This marker is located on chromosome 1
(160.61 cM). Chen et al. [23] used a pig population comprised of Yorkshires and
Meishans to find significant QTLs for slaughter weight at the position 122.4 cM of SSC1,
i.e., close to the position 160.61 cM of the ALGA0007216 marker (Table 5; RQR (0.8)).

Another interesting result that was observed through RQR is the simultaneous
existence of important markers for different traits (Table 5). This fact is important for
breeding, since pleiotropy is the main factor in genetic correlation. Specifically, for RQR
(0.5) (Table 5), two markers (ALGA0047992 and ALGA0047995) were simultaneously
important for the mature weight() and birth weight &, ) traits. In addition, three SNPs
for RQR (0.2) (ALGA0096701, ALGA0026109, and ALGA0029483) and one for RQR
(0.8) (ALGA0042986) were simultaneously relevant fgrand o, .

Considering the traitse, (mature weight) andg, (growth rate), two
(ALGA0096701 and ALGA0029483), one (ALGA0096701), and one (ALGA0O003761)
markers were simultaneously important for the methodologies RQR (0.2), RQR (0.5), and
RQR (0.8), respectively. For the traits (birth weight) and., (growth rate), three
markers in the RQR (0.2) methodology (ALGA0048131, ALGA0096701, and
ALGA0029483), two in the RQR (0.5) methodology (ALGA0048131 and
ALGA0021973), and three in the RQR (0.8) methodology (ALGA0003761,
ALGA0026769, and ALGA0048131) were simultaneously relevant for these two traits
(Table 5).

The three genomic growth curves £ 0.2,0.5,0.8) that were obtained based on

all of the data are shown in Fig. 1B. The estimated curve based on the three quantiles
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showed a similar pattern until 100 d. After that, differences in the estimated growth curves
increased with time (FiglB). This result was expected given the increase in the

heterogeneity of variances that were presented at the final evaluated times, 100 and 150

d (Fig. 1A).
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Figure 1. (A) Body weight (BW) data of animals over time. Each dot in the figures
represents the BW of an animal, and (B) Genomic growth curves for each Regularized

Quantile Regression (RQR), for quantiles 0.2, 0.5, and 0.8.

The genomic growth curves for each RQR, for quantiles 0.2, 0.5, and 0.8 and their

confidence intervals showed significant differences (based on non-overlapping

confidence intervals) only in terms of mature weight (2i§). These differences are

highlighted in Fig. 2B.
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Figure 2. (A) Genomic growth curves for each Regularized Quantile Regression (RQR),
for quantiles 0.2, 0.5, and 0.8 and their confidence intervals. (B) Genomic growth curves
for each RQR, for quantiles 0.2, 0.5, and 0.8 and their confidence intervals. The genomic
growth curves are highlighted within the distribution ranges of Age (130 to 150 d) and

Weight (50 to 75 Kg).
Estimates of genetic parameters (heritability, and genetic and phenotypic

correlations) are presented in Table 6. Estimates of heritability for growth curve
parameters were moderate, with 0.447+0.200 and 0.4991+0.164, for parameaeis

a,, respectively. The original traits (SW and ADG) had low heritability estimates, with

0.214+0.127 and 0.094+0.087, for SW and ADG, respectively.

Table 6. Genetic parametérgstandard error) for growth curve parameters, ADG, and

SW.
Traits’ a, a; ADG SwW
a, 0.447 (0.200) 0.809 (0.191) -0.613 (0.390)  0.404 (0.113)
a 0.759 (0.030) 0.491 (0.164) -0.681 (0.229) -
ADG 0.047 (0.090) -0.451(0.06) 0.214 (0.127)  0.892 (0.677)
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S 0.662 (0.051) -0.191(0.080) 0.687 (0.039)  0.094 (0.087)

'Heritability, and genetic and phenotypic correlations presented on the diagonal, lower
off-diagonal, and upper off-diagonal, respectively.
2q, = asymptotic weight (mature body weight); = inflection point; ADG = average

daily gain; SW= slaughter weight.

Estimates of genetic and phenotypic correlations are presented in the off-diagonals

(Table 6). Between the interpretable growth curve parametgrsaifd .,) with the

original correspondent traits (SW and ADG), correlations were, respectively, highly

positive and negative, with a positive genetic correlation estimated for paramgtand
SW (0.404+0.113) and a negative genetic correlation estimategd, foith ADG (-

0.681+0.229). Phenotypic correlations between interpretable growth curve parameters
with slaughter weight (SW) and average daily gain (ADG) traits were also mogeratel
positive and negative, with 0.662+0.051 fgywith SW and -0.451+0.06 fog, with

ADG.

Discussion

In this study, we aimed to propose and evaluate a regularized quantile regression
(RQR) for SNP marker effect estimation on pig growth curves and to estimate the genetic
weight trajectory over time (genomic growth curve) under different quantiles (levels). In
order to do so, a real data set consisting of 345 animals from an F2 outbred population
with information on 237 SNP markers, randomly distributed over six chromosomes, was
used. The phenotypic data refers to the weight at birth, 21, 42, 63, 77, 105, and 150 days
of age. To estimate SNP marker effects for growth curves, we used a two-step approach
[1]. In the first step, we fitted logistic nonlinear models to the data of each animal, and in
the second step, genomic regression models were fitted while considering the estimated
parameters from the previous step as the phenotypic values. We obtained the three

genomic growth curves for the three evaluated quantiles (7 = 0.2,0.5,0.8). Finally, the
genetic parameters for the interpretable traits of the logistic mededr{d«,) and the

original traits, slaughter weight and average daily gain, were estimated.
Quantile regression (QR) can be used to provide a more complete statistical

analysis of the stochastic relationships among random variables. In general, the chosen
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quantiles depend entirely on the purpose of the study, i.e., we can study all distributions
or only some parts by defining specific quantiles. In this study, with the aim of
representing three distinct levels that characterize low, average, and high distributions of
the phenotypic values (estimated parameters while considering a logistic nonlinear

model), we choose, r = 0.2,0.5,0.8.

The use of RQR to estimate SNP marker effects and obtain the estimated genomic
growth curve was efficient since it was possible to construct genomic growth curves and
find the most relevant markers, which thus allows for the identification of QTL regions
at different levels of interest. Besides that, R goodness of fit measures ranging from 0.67
to 0.75 indicating that the model fits well for the observations.

Unlike traditional methods that are based on conditional expectations, E(Y|X),

RQR allows us to fit regression models on different parts of the distribution of the
variable response, therefore enabling a more complete understanding of the phenomenon
under study [2, 24]. Besides, the heterogeneous variance over time (Fig. 1A) indicates
that there is not a single rate of change that characterizes changes in the probability
distribution, therefore indicating that RQR is a good tool to deal with those situations.
Also, the predictive capacity that was obtained by means of RQR (Table 3) was better
than that obtained by Silva et al. [25].

The advantages of RQR, such as studying different parts of the distribution of the
variable response, can be combined with those from the two-step approach. Specifically,
the two-step approach enables us to obtain the genomic values for each observed time (t;),
as well as to estimate the weight for any other time of interest within the measured range
before this weight is attained [25].

Based on the results, it is possible to note that RQR allows for the identification of
markers close to QTLs at different distribution levels of the phenotypic values of interest.
The regions indicated by RQR coincide with the results of several studies in which the
authors found QTL for the traits that were evaluated in this study.

The use of quantile regression to estimate genomic curves based on three
contrasting quantiles in our population was efficient when it came to producing distinct
growth curves. Specifically, we can see in Fig. 2B that the final BW of the genomic
growth curves was statistically different; in other words, the growth behavior over time

changed in terms of mature weight. In fact, this result shows that RQR is a statistical
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method that could be effectively used to estimate more than a single mean behavior,
thereby providing a more complete picture of the relationships between variables.

The genetic correlations between «, and o, with BW and ADG had, respectively, a
high positive and negative genetic correlation, which indicates that o, and «, have the

potential to be used as selection tools to improve SW and ADG. Additionally, the high

genetic correlation between ¢, with o, and SW with ADG enable us to understand causes

of SNPs’ pleiotropic effects. These results are in agreement with Silva et al. [25], who

found significant genetic correlation between the interpretable traits of logistic model

(Foy = —0.69) in the same populations that were used in this study. The difference

between the signals of genetic correlation estimates observed in the present study is due

to the different Logistic model parameterizations. Specifically, our approach uses the
parameterization presented in Pinheiro and Batef®], where the growth scale parameter
(«,) is the reciprocal of growth rafe0, 25].

The study of different distribution levels of the variable of interest using QR has
been successfully performed in medicine by Beyerlein et al. [26], who used QR in GWAS
(Genome-Wide Association Study) analysis in human genetics where they emphasized
statistical and biological advantages when estimating marker effects in different quantiles
of the phenotypic distribution. Sun et al. [27] proposed to use QR to identify
hypermethylated CpG islands (CGlIs) that can be associated with breast and ovarian
cancer. They concluded that the quantile level between 80% and 90% is the best strategy
to identify methylated and unmethylated CGIs. Moreover, regularized quantile
regression has already been successfully evaluated for analyzing ultra-high dimension
data [28]. These authors demonstrated that QR greatly enhances existing tools for large
dimensional data analysis, since it revealed a substantial reduction in model complexity
when compared with alternative methods.
However, even though the use of RQR is promising and efficient, more studies are
needed to address the choice of the shrinkage parameter value, which is always critical to
find as it can be defined by using a grid of values, cross-validation, or by using a Bayesian
approach. Another issue about the use of RQR is the choice of the quantile. There are a
lot of quantiles that can be used; therefore, finding the best one to explain the functional

relationship is a challenge.

Conclusions
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The proposed model enabled the discovery, at different levels of interest (quantiles),
of the most relevant markers for each trait (growth curve parameter estimates) and their
respective chromosomal positions (identification of new QTL regions for growth curves
in pigs). Furthermore, RQR enabled the construction of genomic growth curves, which

identified genetically superior individuals in relation to growth efficiency.
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CAPITULO 2
Genomic prediction accuracies using regularized quantile regression

methodology

Abstract: We aimed to evaluate the use of regularized quantile regression (RQR) for
genomic prediction analyses of traits with or without skewness and with different
proportions of epistatic variance. Data were simulated for 2,500 individuals. The genome
included 5,000 markers, 50 or 5,000 quantitative trait loci (QTLs) for a low heritable trait
(heritability = 0.1) and a high heritable trait (heritability = 0.5) simulated for the scenarios:
combinations of trait distributions (symmetric normal or positive skewed) and percentage
of epistatic and additive genetic variances (100% epistatic, 50% epistatic and 50%
additive, 100% additive). Estimation of marker effects was performed using 2,005
individuals (training). The remaining 495 individuals were used for validation. The
accuracies were calculated by the correlation between genomic estimated breeding values
and true breeding values. Analyses were performed in R software using the RQR
considering three quantiles (0.10, 0.50 and 0.90), Bayesian LASSO (BLASSO), Bayes B
and GBLUP methods. In general, accuracies of genomic prediction for the symmetric
normal trait were variable and decreased as the proportion of epistatic variance increased.
For the positively skewed distribution and low heritable trait, the RQR was better than
the other methods. In the symmetrical scenarios and low heritability (0.1), the RQR
presented better results compared with the other methods when the trait presented a
proportion of epistatic variance. In all scenarios with 100% epistatic variance, the RQR
presented better results than BLASSO, Bayes B and GBLUP. In conclusion, for the trait
with low heritability, RQR showed, in general, greater accuracies than the other
approaches. These results suggest that improved accuracy of genomic prediction for low

heritable traits can be obtained using RQR.

Background

Several statistical approaches have been proposed for the prediction of genomic
breeding values (GEBVs), such as random regression (G-BLUP and RR-BLUP),
Bayesian approaches and dimension reduction regression. Although these methods are
widely used, they allow estimating marker effects based only on the conditional mean of
the dependent variable. This limitation may be a problem when the assumptions of the

model are violated, e.g., when there is heterogeneity of error variances, or when the
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phenotypes present a skewed distribution. For these situations, these kind of methods may
not fit the best model for the data.

The quantile regression (QR), proposed by Koenker and Basset (1978), allows the
estimation of marker effects at different levels (quantiles) of the dependent variable
distribution. However, due the large number of markers and their interdependence,
problems as multicollinearity and high dimensionality may occur. Li and Zhu (2008)
proposed the regularized quantile regression (RQR), which uses shrinkage estimation,
such as LASSO, for solving the high dimensionality and multicollinearity issues.

The use of RQR to obtain the estimations of marker effects enables a more
informative study about the phenotypes, making it possible to work in any quantile of
interest. The RQR has been applied with success in breeding studies, such as in Barroso
et al. (2017) and in Nascimento et al. (2017). Barroso et al. (2017) proposed a RQR for
estimation of single nucleotide polymorphism (SNP) marker effects of pig growth curves.
Nascimento et al. (2017) proposed the RQR for genomic selection (GS) studies to
improve GEBVs prediction using a simulated dataset with different degrees of skewness.
However, those studies did not take into account skewed phenotypes and whether the
guantitative genetic variation presented epistasis.

In general, the epistatic effects are not considered important and the estimations are
based only in the additive part of the variation because the additive variance is responsible
for the correlations among relatives and for the response to selection (Huang and Mackay,
2016). However, studies point out which proportion of the genetic variance in the
populations is due to interactions between genes (Evans et al., 2006; Carlborg and Haley,
2004) and how important is epistasis in the genetic architecture of quantitative traits
(Mackay, 2014; Huang and Mackay, 2016). The epistasis in animals and plants is present
in several classic genotype-phenotype patterns, such as coat color in several animals;
comb type in chickens; kernel color in wheat; wing shape and flight velocity in
Drosophila melanogaster; body weight and litter size in micend “rat-tail” phenotype
in cattle.

It is known that teat number, dystocia rates and milk somatic cell counts (SCC) are
examples of important skewed phenotypes in dairy cattle. When the phenotypes present
skewness, the general solution is to use a logarithm scale to turn skewed distributions
symmetric. However, the use of this transformation does not help data to become normal
and, in some cases, makes data more variable and skewed (Feng et al., 2014).

In this sense, we aimed to use the RQR in a simulated dataset to predict genetic
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values of individuals in scenarios with different proportions of epistasis in the quantitative
genetic variance and considering phenotypes with symmetric and positive skewed
distributions. We also aimed to compare the performance of RQR with other methods
present in literature. In addition, it was sought to verify if the RQR captures epistatic

effects even if they are not explicit in the model.

Materials and Methods

Simulated genome (Population structure)

The genotypic dataset used in this study was simulated using QMSim software
(Sargolzaei and Schenkel, 2009). For the population structure one replicate, heritability
of 0.2 and phenotypic variance equals to 1.0 were used. In the historical population, 100
generations with a size of 0 were simulated. Then, 3,000 generations with an increase in
population size from 0 to 100 were simulated to create an initial linkage disequilibrium
(LD).

In the next simulation step, five generations were used to expand the population. A
total of 200 male founders and 1,389 female founders were randomly selected from the
last generation with random mating design, which allowed obtaining 2,500 animals in the
last generation.

The population was simulated with 5,000 SNP markers and 50 or 5,000 quantitative
trait loci (QTLs), totaling two scenarios. The parameters used in the simulation are shown
in Table 1. All these parameters were chosen to generate a population with similar

characteristics of the dairy cattle breed (Brito et al., 2011).

Table 1.Parameters of the simulation process.

Population Structure

Step 1: Historical generations (HG)
Number of generations(size) - phase 1 100(0)

Number of generations(size) - phase 2 3000(100)

Step 2: Expanded generations (EG)
Number of founder males from HG 200

Number of founder females from HG 1389
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Number of generations 5

Litter size 1

The proportion of male progeny 0.5 ffix
Mating design Random
Sire replacement 0.50.2
Dam replacement 0.20.2
Genome

Number of chromosomes (Total) 29

Total length 2333
Number of markers (Total) 5000
Marker positions Random

Number of marker alleles in the first historical generation All 2

Marker allele frequencies in the first historical generation Equal

Number of QTL loci on the chromosome (Total) 50/ 5000

QTL position Random

Number of QTL alleles in the first historical generation  All 2

QTL allele frequency in the first historical generation Equal

QTL allele effect Gamma distributior

(Shape = 0.40%)

*The scale parameter were determined internally with QMSim, obeying the simulated

genetic variance (Melo et al., 2016).

Simulated phenotypes

The phenotypes were simulated using the R softwRai@efelopment 2018). The
QTLs file simulated in QMSim software was used to calculate the QTLs effects. Two
types of heritabilities — low (0.1) and high (0.5) — were considered and five replicates
were generated.

The quantitative genetic variance was split into three scenarios, 100% of the
variance due to epistasis, 50% epistasis and 50% additive, and 100% additive. In the cases
with both variances (additive and epistatic), the number of QTLs was divided into 40%
for only additive effects, 40% for only epistatic effects and 20% having both effects.

Since this study considers a biallelic locus in a diploid genome, for insertion of

epistatic effects, a two-allele system with additive-by-additive epistasis was used. Under
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this system, the additive value for one locus changes depending on the other locus, and
vice versa (Wolf et al., 2000; Mackay, 2014; Huang and Mackay, 2016)

The markers genetic effects were simulated using a gamma distribution with shape
and scale parameters equal to 0.4 and 1.66, respectively. To control the percentage of
quantitative genetic variance, when 50% was epistatic and 50% additive, the additive and
epistatic effects were simulated and the variances of these effects were calculated. Then,
a constant based on these two variances was multiplied by the epistatic effects. In this
way, the variances are equal and each one assumes half of the heritability.

Since the objective was to evaluate skewed phenotypes as well as the proportion of
epistasis in the genetic variance, two distributions were used for the error. For
symmetrical phenotypes, errors were simulated using normal distribution with mean 0
and variance equals to the variance of the genetic effects, whereas for the skewed
phenotypes, an exponential distribution with parameter equals to 1 divided by the square
root of the variance of the genetic effects was used. Therefore, the phenotypes were
obtained summing the genetic effect to the error. Figure 1 shows an example of
phenotypes (gray color) and genomic values (black color) for a symmetrical and skewed

distribution.
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Figure 1. Histograms of the first replicate of the scenario with 5,000 SNP markers and
50 QTLs, heritability equals to 0.1 and 50% additive variance and 50% epistatic variance.

(a) error with symmetrical distribution. (b) error with exponential distribution.
Statistical Analysis
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The dataset with 2,500 animals was split into two groups. The groups were formed
based on the distance between the animals considering the genetic relationship matrix.
The functiorhclust from R software was useéd separate the animals. The training dataset
consisted of the 2,005 most closely related animals, while the validation dataset contained
495 animals. Compared to approaches in which the separation of individuals is random,
this way of splitting the data is more rigorous.

The training dataset was used with the proposal of estimating the SNP effects for
the four methods analyzed in the study: BLASSO, Bayes B, GBLUP and RQR.

The RQR (Li and Zhu, 2008) was used to calculate the markers effects at different

levels of the phenotypes. This method consists in obtaining the marker B, 2ct () that

|

5000
inwhich 7=0210.5and 0.9, >'[B,|is the sum of the absolute values of the regression
k=1

solve the following optimization problem:

. (2005 5000 500
Bs(2)= argmln/j’{ .:21 pf(yi - (ﬂ + gl)gkﬂkjj +4 gjﬂk

coefficients, Y, is the phenotype, x4 is the overall mean and A is the regularization

parameter.

The parameter p, () is denoted check function (Koenker and Bassett, 1978) and is
defined by:

5000 T(yi _(ILH' Sgoxikﬁk)] , ity _(/“' Sggﬁkﬁk) >0
pr(yi _(/“' z)ﬂkﬁk)j = - -
k=1

-1 r)(yi —(,u+ Sgoxkﬂk)j , Ootherwise.
k=1

in which T€ (O,ZI) indicates the quantile of interest. Thus, the values of f, represent the
effects of markers in the t ™ quantile of interest.

The quantilesr = 0.1,0.5 and 0.9 were used to generate results at three distinct
levels that may characterize the low, average, and high distribution of the phenotypic
values under study. In RQR, to obtain the shrinkage parar A devdlues, a grid of five

A values were used. The choice of these values was defined as varying between 1 and

the mean of the BLASSO shrinkages.
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With the estimated betas for each method, the GEBVs were obtained by

GEBV = (1= ¥ %, f, . The accuracies were calculated by the correlation between the true
k

breeding value simulated and the GEB

For the Bayesian methods, 50,000 iterations for the MCMC algorithms of the
different models were used, with the first 5,000 iterations discarded as burn in. After every
set of one iteration (thin), a sample was retained to calculadsgteriori statistics.

The BGLR function of BGLR package (Pérez and de los Campos, 2013) was used
to estimate the effects for BLASSO and Bayes B methods. For GBLURjntbkip
function of rrBLUP package (Endelman, 2011) was applied. The RQR model fittings

were performed using thrg function of the quantreg package (Koenker, 2015).

Results and discussion

For the scenario with 50 QTLs, symmetrical phenotypes and heritability equals to
0.1 (Figure 2 - a), it was observed that RQR performed better than the traditional methods
when there was a proportion of epistatic variance in the genetic variance. In the case of
100% epistatic variance, the RQR(0.5) accuracy was greater than the other models. The
RQR(0.5) accuracy was 0.079 (0.01), while for BLASSO and Bayes B the accuracies
were 0.025 (0.03) and 0.020 (0.02), respectively. For 0% epistatic variance, the models
showed similar performance. On the other hand, in the situation with 50% epistatic
variance, the RQR(0.50), Bayes B and BLASSO presented accuracies of 0.094 (0.017),
0.079 (0.01) and 0.065 (0.01), respectively.

For heritability equals to 0.5, (Figure 2 - b), the RQR was superior to the other
models only in the case with 100% epistasis. More specifically, RQR(0.5) accuracy was
60.7% greater than the Bayes B accuracy. In the 50% and the 0% situations, the Bayes B

presented better results than RQR.
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Figure 2. Accuracies and standard errors of the scenario with 5,000 SNPs, 50
and symmetrical phenotypes. The 100% corresponds to 0% additive variance an
epistatic variance; 50% represents 50% additive variance and 50% epistatic v
and 0% symbolizes 100% additive variance and 0% epistatic variance. (a) heri

equals to 0.1, (b) heritability equals to 0.5.

For the scenario with 5,000 QTLs, symmetrical phenotypes, and heritability equals
to 0.1 (Figure 3- @), the results were similar for all variance proportions. Even when we
had 100% epistatic variance, the accuracies ranged from 0.059 (0.024) to 0.076 (0.016).
For 50% epistatic variance, the accuracies ranged from 0.069 (0.018) to 0.104 (0.038),
and for 0% epistatic variance, they ranged from 0.121 (0.014) to 0.179 (0.03).

Figure 3 (b) shows that the traditional methods presented better results than RQR
for all variance proportions. For 100% epistatic variance (or 0% additive variance), the
GBLUP method showed the best accuracy, 0.099 (0.027). When we turn to 0% epistatic
variance, the same result was achieved, but in this situation the difference between
GBLUP and RQR(0.10) accuracies was higher, around 0.088.
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Figure 3. Accuracies and standard errors of the scenario with 5,000 SNPs, 5,00(

Accuracy
Accuracy

and symmetrical phenotypes. The 100% corresponds to 0% additive variance an
epistatic variance; 50% represents 50% additive variance and 50% epistatic v
and 0% symbolizes 100% additive variance and 0% epistatic variance. (a) heri

equals to 0.1, (b) heritability equals to 0.5.

Figure 4 (a) presents the results for the scenario with 50 QTLs, skewed phenotypes,
and low heritability (0.1). In this scenario, the RQR(0.1) was superior in all situations.
We highlighted that in the case with 100% epistatic variance, BLASSO, Bayes B and

51



GBLUP methods presented negative accuracies and the RQR(0.1) accuracy was 0.065
(0.067). For 0% epistatic variance, the RQR(0.1) got almost 40% greater accuracy than
BLASSO.

Figure 4 (b) shows the accuracies for heritability equals to 0.5. For this scenario,
the RQR presented superior results only for the case with 100% epistatic variance. So,
even when the phenotypes are skewed, for the cases with 50% and 100% additive

variances, the Bayes B method showed better results than the RQR.
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Figure 5 (a) shows the same results presented in Figure 4 (a), i.e., RQR(0.1) was
the best method in terms of accuracy. For 100% epistatic variance, the accuracies ranged
from 0.024 (0.023) for BLASSO method to 0.080 (0.015) for RQR(0.1). Figure 5 (b)
shows that only for the situation with 100% epistatic variance, the RQR(0.1) presented
superior accuracy than the traditional methods. For 0% epistasis, GBLUP method got 44%

greater accuracy than RQR (0.1) method.
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Considering the symmetrical scenarios (Figures 2 and 3), the RQR method
performed better than the other methods when the simulated trait had low heritability (0.1)
and presented epistatic variance. In general, for the scenarios with high heritability (0.5)
and high number of QTLs, the traditional methods performed better than the RQR method.
When the number of QTLs is low (50), the RQR method presented the best results only
for 0% additive variance. In the skewed scenarios (Figures 4 and 5), RQR(0.1) was
superior to the other methods when the simulated trait presented low heritability. Since
the phenotypes were positively skewed, we expect that lower quantiles work better.

According to Briollais and Durrieu (2014), when the conditional distributions of
the dependent variable are non-normal (for instance, positively skewed), the mean might
not be the best measure. However, when we had high heritability (0.5), only for the case
with 0% additive variance, the RQR presented better results. This situation can be
explained by the shrinkage parameter. Since this parameter was defined as a grid of values
based on the BLASSO method, these values cannot be the “best” ones for the quantile
regression. This is a limitation of RQR analysis, i.e., the choice of the shrinkage value is
always critical (Barroso et al., 2017), once this parameter exerts a greater shrinkage force
in the RQR estimation process compared with BLASSO. Therefore, it is expected that a
choice based on other methodologies can improve the RQR fit.

According to Roy (2000), one of the factors that may result in skewness of

phenotypes is the epistasis. When there is complementary epistasis, the skewness is
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positive and it is negative for duplicate epistasis (Snape and Riggs, 1975). The skewed
distribution (positive in this case) of a trait in general suggests that the trait is under the
control of non-additive gene action, especially epistasis (Babu et al., 2017). In the present
study, when the phenotypes were skewed and the genetic variance has a proportion of
epistasis, the RQR accuracy was better or close to the other methods. The RQR estimates
can be used to construct predictions without assuming any parametric error distribution
and when the variance is heterogeneous (Cade and Noon, 2003).

The RQR method efficiently predicted GEBVs considering a simulated trait with
low heritability and the phenotype distributions presenting positive skewness. In these
scenarios, RQR method showed better results than the traditional methods evaluated,
even when the model was 100% additive. These results are reasonable because the RQR
is an extension of a linear model for estimating functional relationships between variables
in all portions of the distribution of a response variable (Nascimento et al., 2017). This
also can be justified by Chicano et al. (2017), who reported that high epistasis results in
a low coefficient of determinatiofR?), consequently in a low heritability.

Many studies have confirmed the potential of QR. Briollais and Durrieu (2014)
pointed out some aspects of the use of QR in genome-wide association studies (GWAS).
Nascimento et al. (2017) used the RQR method as a novel computational tool for GS that
can improve marker estimation and GEBVs prediction. Barroso et al. (2017) applied the
RQR for SNP marker effect estimation of pig growth curves and identified important
chromosome regions under different quantiles. Although considered an interesting
method, the RQR has some limitations. As previously described, the shrinkage value and
the quantile used are subjectively chosen. According to Nascimento et al. (2017), specific
penalty values can be accessed exclusively for RQR by cross-validation (Silva et al., 2011)
or via Bayesian inference (Alhamzawi et al., 2012). The use of these approaches may
improve the performance of RQR. An infinite number of quantiles can exist in RQR,
finding the “best” one to explain the functional relationship is still a challenge.

Although the QR approach seems to be interesting in situations considering high
proportion of epistatic variance and traits with low heritability, further studies using
simulated and real datasets with different genetic architectures, sizes (individuals and
markers) and other proportions of epistasis (e.g., 15%, 25%, ...) are needed to confirm

the efficiency of QR compared to traditional GS approaches.

Conclusions
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The use of RQR allows a more complete statistical analysis of the stochastic
relationships among random variables. With RQR, it is possible to predict genetic values
in different proportions of epistasis in the quantitative genetic variance, even if there are
no interactions in the model. In general, RQR presented greater accuracies than the others
methods evaluated in this study when the trait has low heritability. More specifically,
when we have 100% of the genetic variance as epistatic variance, the RQR is, in most
cases, better than the traditional methods. These results suggest that improved accuracy
of genomic prediction for traits with low heritability and low additive variance can be
obtained using RQR.
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CONCLUSOES GERAIS

Este trabalho abordou a utilizacdo da Regressdo Quantilica em selecao genémica
ampla e comparou os resultados obtidos com aqueles provenientes de metodologias
tradicionais, tais como o G-BLUP, BLASSO e Bayes B.

No Capitulo 1, o objetivo foi propor e avaliar a regressao quantilica regularizada
(RQR) para obter a estimativa dos efeitos dos SNPs para curvas de crescimento de suinos,
bem como identificar as regides cromossdmicas dos marcadores relevantes e estimar a
trajetoria de peso individual genético ao longo do tempo (curva de crescimento gendmico)
sob diferentes quantils (niveis). A RQR permitiu a descoberta, em diferentes niveis de
interesse, dos marcadores mais relevantes, permitindo a identificacéo de QTLSs.

Ja no Capitulo 2, o objetivo foi avaliar o uso da RQR para analises de predi¢cédo
genbmica em caracteristicas com ou sem assimetria e com diferentes proporcdes de
variancia epistatica. Os dados foram simulados para 2500 individuos. O genoma incluiu
5000 marcadores, 50 ou 5000 QTLs para uma caracteristica de baixa herdabilidade

(h* = 0)) e caracteristica de alta herdabilida@é = 05) simulada para os cenarios:

combinagdes de distribuicdo das caracteristicas (simétrica normal ou assimétrica a direita)
e porcentagem de epistasia na variancia genética (100% epistética, 50% epBfética e
aditiva, 100% aditiva). Em geral, a RQR apresentou maiores acuracias que as outras
metodologias avaliadas (G-BLUP, BLASSO e Bayes B) quando a caracteristica possui
baixa herdabilidade. Especificamente, quando temos 100% da variancia genética como
variancia epistatica, a RQR €, na maioria dos casos, melhor do que os métodos
tradicionais.

Os resultados obtidos indicam que a RQR é uma alternativa interessante em estudos
de GWS, uma vez que possibilita a descoberta do modelo que melhor representa a relagao
entre as variaveis dependentes (fendtipos) e independentes (efeitos dos marcadores)

aumentando o desempenho preditivo do modelo.
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