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RESUMO

OLIVEIRA, Gabriela Franga, D.Sc., Universidade Federal de Vigosa, junho de 2023.
Tamanho populacional na detec¢io de QTL utilizando regressio quantilica em estudos
de associacdo gendmica ampla. Orientadora: Ana Carolina Campana Nascimento.
Coorientadores: Camila Ferreira Azevedo e Moysés Nascimento.

Estudos de associagao genomica (Genome-Wide Association Studies - GWAS) sdo aqueles que
buscam identificar marcadores significativos que podem estar relacionadas as caracteristicas de
interesse nos programas de melhoramento. O Modelo Linear Geral (General Linear Model -
GLM) ¢ um dos principais procedimentos de avaliacdo de associagdes significativas entre
marcadores e QTLs (Quantitative Trait Locus). A estimacao dos efeitos dos marcadores por
meio do GLM ¢ baseada em médias condicionais. No entanto, esta estimacdo pode ser
inadequada quando os erros ndo seguem distribui¢do normal e/ou ndo possuem variancias
homogéneas. Uma metodologia alternativa e que recentemente vem sendo explorada em
estudos de associacdo gendmica ¢ a Regressdo Quantilica (RQ), a qual possibilita a estimagao
do efeito dos marcadores ao longo de toda distribui¢do dos valores fenotipicos. A RQ ja foi
avaliada com sucesso em estudos de GWAS em um conjunto de dados reais que apresentava
um numero reduzido de individuos. Porém, a performance da técnica para diferentes tamanhos
populacionais ainda ndo foi estudada. Diante do exposto, o objetivo deste estudo, foi avaliar a
performance da RQ em estudos de GWAS quanto a capacidade de detectar QTLs associados as
caracteristicas fenotipicas de interesse, considerando diferentes tamanhos populacionais. Para
isso, foram utilizados dados simulados, com caracteristicas de diferentes niveis de
herdabilidade (h? = 0,30 e 0,50), controlados por 3 e 100 QTLs. Foi simulada uma populagio
de 1000 individuos e posteriormente foram realizadas redugdes aleatdrias de 100 individuos até
atingir uma populacdo de tamanho 200. O poder de deteccdo de QTLs e a taxa de falsos
positivos foram obtidos por meio do GLM e também por meio da RQ considerando trés quantis
diferentes (r = 0,10; 0,50 ¢ 0,90). Como resultado, observou-se que os modelos RQ,
apresentaram maior poder de detec¢do de QTLs em todos os cenarios avaliados e taxa de falsos
positivos relativamente baixa em cendrios com maior numero de individuos. Os modelos de
RQ nos quantis extremos (t = 0,1¢0,90) foram aqueles que obtiveram maior poder de
detec¢do de QTLs verdadeiros. Em contrapartida, a analise baseada no GLM detectou poucos
(cendrios com maior tamanho populacional) ou nenhum QTL nos cendrios avaliados. Nos
cenarios com baixa herdabilidade, o RQ obteve um alto poder de detec¢ao. Dessa forma,

verificou-se que a utilizagdo da RQ em GWAS ¢ eficaz, permitindo a detecgdo de QTLs



associados a caracteristicas de interesse, mesmo em cendrios com poucos individuos

genotipados e fenotipados.

Palavras-chave: GWAS. Melhoramento genético. Modelo Linear Geral. Simulagdo. Quantis

condicionais.



ABSTRACT

OLIVEIRA, Gabriela Franca, D.Sc., Universidade Federal de Vigosa, June, 2023. Population
size in QTL detection using quantile regression in genome-wide association studies.
Adviser: Ana Carolina Campana Nascimento. Co-advisers: Camila Ferreira Azevedo and
Moysés Nascimento.

Genome-wide association studies (GWAS) are those that seek to identify significant markers
that may be related to traits of interest in breeding programs. The General Linear Model (GLM)
is one of the main procedures for evaluating significant associations between markers and QTLs
(Quantitative Trait Locus). The estimation of the effects of the markers through the GLM 1is
based on conditional means. However, this estimation may be inadequate when the errors do
not follow a normal distribution and/or do not have homogeneous variances. An alternative
methodology that has recently been explored in genomic association studies is Quantile
Regression (QR), which makes it possible to estimate the effect of markers along the entire
distribution of phenotypic values. QR has already been successfully evaluated in GWAS studies
on a real dataset that had a reduced number of individuals. However, the performance of the
technique for different population sizes has not yet been studied. Given the above, the objective
of this study was to evaluate the performance of RQ in GWAS studies regarding the ability to
detect QTLs associated with the phenotypic traits of interest, considering different population
sizes. For this, simulated data was used, with traits of different levels of heritability (h? =
0,30 and 0,50), and controlled by 3 and 100 QTLs. A population of 1000 individuals was
simulated and then random reductions of 100 individuals were performed until reaching a
population of size 200. The power of detection of QTLs and the false positive rate were obtained
using the GLM and also using the QR considering three different quantiles (7 =
0.10,0.50 and 0.90). As a result, it was observed that the QR models showed greater QTL
detection power in all evaluated scenarios and a relatively low false positive rate in scenarios
with a greater number of individuals. The QR at the extreme quantiles (t = 0.1 and 0.90) were
the models that obtained the greatest power to detect true QTLs. In contrast, the analysis based
on the GLM detected few (scenarios with larger population size) or no QTL in the evaluated
scenarios. In scenarios with low heritability, the QR obtained a high detection power. Thus, it
was verified that using QR in GWAS is effective, allowing the detection of QTLs associated
with characteristics of interest, even in scenarios with few genotyped and phenotyped

individuals.



Keywords: GWAS. Genetic breeding. General linear model. Simulation. Conditional

quantiles.
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INTRODUCAO GERAL

Os avangos da biologia molecular e das tecnologias de genotipagem de baixo custo
baseadas em marcadores moleculares do tipo SNP (Single Nucleotide Polymorphism) e a
utilizagdo de métodos estatisticos adequados, t€ém permitido aos melhoristas identificar e
localizar QTLs (Quantitative Trait loci) por meio dos estudos de associagdo gendmica ampla
(Genome-Wide Association Studies - GWAS) (RESENDE et al., 2018). A GWAS tem por
objetivo identificar associagdes entre os marcadores moleculares e a caracteristica fenotipica
de interesse, devido ao desequilibrio de ligacdo entre o marcador e o QTL.

Em estudos de GWAS, um método tradicional muito utilizado para estimacdo dos
efeitos dos marcadores € o de regressao via marcas Unicas. Neste método, estima-se o efeito
individual de cada marcador sobre o fendtipo de interesse e, posteriormente, realizam-se
multiplos testes de hipoteses com intuito detectar quais os efeitos de marcadores sdo
estatisticamente significativos (DE RESENDE et al., 2011).

A estimagao do efeito de um marcador, pode ser realizada por meio de um modelo
estatistico assumindo o marcador como efeito fixo. Entretanto, se os individuos em estudo
possuem estrutura de populagdo ou parentesco genético, a consideragdo apenas do efeito do
marcador pode ser inadequada, pois a omissdo desta informacao pode ocasionar problemas de
associagdes espurias, isto ¢é, associagdes falso positivas (AULCHENKO; DE KONING;
HALEY, 2007; AZEVEDO et al., 2017; JABBARI et al., 2021; LI et al., 2014; MANCIN et
al., 2021; PRITCHARD et al., 2000; RESENDE; SILVA; AZEVEDO, 2014; SUL; MARTIN;
ESKIN, 2018). Uma alternativa para contornar este problema seria a utilizacdo de métodos
estatisticos que corrigem o modelo para estrutura de populacdo. Um método que pode ser
utilizado ¢ o Modelo Linear Geral (General Linear Model - GLM). O GLM ¢ um modelo de
regressao via marcas unicas com a insercdo da corre¢do para estrutura de populagdo via
componentes principais (LIPKA et al., 2012; WANG; ZHANG, 2021).

Além da questdo de considerar a estrutura de populacao, as associag¢des falso positivas
também podem estar relacionadas ao nivel de significancia adotado devido aos multiplos testes
aplicados, em virtude da alta densidade de marcadores (RESENDE; SILVA; AZEVEDO,
2014). Existem alguns métodos estatisticos que visam contornar este problema, dentre eles,
pode-se destacar a correcdo de Bonferroni e a taxa de falsas descobertas (False Discovery Rate
-FDR) (SILVA; VENCOVSKY, 2002; ZENG et al., 2015).

Nos métodos tradicionais de GWAS, a estimagao dos parametros ¢ baseada em médias

condicionais. No entanto, a estimagao obtida pode ser inadequada quando os erros ndo seguem
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distribuicdo Normal e/ou ndo possuem variancias homogéneas (GALARZA; LACHOS;
BANDYOPADHYAY, 2017). Uma metodologia alternativa e ainda pouco explorada para
estudos de GWAS ¢ a Regressao Quantilica (RQ) (KOENKER; BASSETT, 1978). Essa
metodologia, diferentemente dos métodos tradicionais baseados em médias, permite ajustar
modelos de regressdo para diferentes niveis (quantis) da distribuicdo do fenotipo de interesse,
ndo requer pressuposicoes sobre a distribuicdo do erro e € robusta a pontos discrepantes
(OLIVEIRA et al., 2021).

A regressdo quantilica ja foi aplicada com éxito em estudos de GWAS em dados reais
por Nascimento et al (2018). Os autores utilizaram a RQ para identificar SNPs associados as
caracteristicas fenologicas (Dias para a primeira flor - DFF, Dias para floragdo — DTF e Dias
até o final da florag¢do - DEF) em feijoeiro comum. Neste estudo, foram avaliados 80 gendtipos
de feijdo comum e 384 marcadores do tipo do tipo SNP. Como resultados, os autores
observaram que o GLM nio foi capaz de detectar nenhuma associagdo SNP-caracteristica. Em
contrapartida, ao utilizar a metodologia RQ considerando o quantil extremo (t = 0,10) foram
encontrados, respectivamente, 1 e¢ 7 SNPs significativos associados as caracteristicas
fenologicas DFF e DTF. Neste trabalho, a quantidade de genotipos disponiveis para avaliagao
foi relativamente pequena para estudos de GWAS, no entanto a metodologia de RQ conseguiu
detectar associacdes significativas.

Diante do exposto, o objetivo deste trabalho foi avaliar a performance da metodologia
de Regressao Quantilica em estudos de Associagdo Gendmica por meio de dados simulados
com diferentes tamanhos populacionais. Para tanto, este trabalho estd dividido em dois
Capitulos. O Capitulo 1 consiste em uma revisao de literatura sobre GWAS apresentando sua
defini¢do e importancia para o melhoramento genético. Além disso, ¢ apresentada uma
abordagem tradicional em estudos de associacdo, o Modelo Linear Geral (GLM).
Posteriormente, ¢ discutida a metodologia alternativa, a Regressdo Quantilica (RQ). E o
Capitulo 2 ¢ um artigo cientifico que tem por objetivo a avaliar performance da RQ em estudos
de GWAS considerando um conjunto de dados simulados com diferentes tamanhos
populacionais e arquiteturas genéticas, quanto a sua capacidade de detec¢ao de QTLs

associados a caracteristica fenotipicas de interesse.



14

CAPITULO 1

REVISAO DE LITERATURA

1. Associacdo genémica ampla

1.1 Defini¢cao e importancia

Os estudos de Associacdo Gendmica Ampla (Genome-Wide Association Studies-
GWAS) ¢ uma abordagem de crescente utilizagdo em programas de melhoramento, pois utiliza
informagodes diretamente do DNA através dos marcadores do tipo SNPs (Single Nucleotide
Polymorphism) com intuito de identificar variagcdes genéticas que possam estar associadas com
caracteristicas fenotipicas de interesse (HIRSCHHORN; DALY, 2005). A deteccdo dos
marcadores significativos ¢ realizada por meio de teste de hipoteses e, de posse desse
marcadores, investiga-se se 0os mesmos podem estar relacionados ao controle de determinada
caracteristica e suas respectivas fungoes biologicas (MIQUELONI; RESENDE; DE ASSIS,
2019; PERS et al., 2015).

Inicialmente, a GWAS foi desenvolvida para aplicacao em estudos epidemiologicos em
humanos (MCCARTHY et al., 2008), entretanto, foi expandida para o melhoramento genético
animal e vegetal. Esta metodologia tem sido aplicada com sucesso em diversas culturas,
incluindo feijdo (NASCIMENTO et al., 2018), milho (JAISWAL et al., 2019; KUKI et al.,
2018; OLUKOLU et al., 2016), cevada (JABBARI et al., 2021; MWANDO et al., 2020), arroz
(QUERO et al., 2018; SUELA et al., 2022), trigo (ARORA et al., 2019) e soja (MALLE et al.,
2020; ZHANG et al., 2018, 2021), por exemplo.

Nos estudos de GWAS, a estrutura de populagdo e o parentesco entre os individuos sao
fatores que devem ser corrigidos com intuito de evitar problemas de associacdes espurias
(AULCHENKO; DE KONING; HALEY, 2007; AZEVEDO et al., 2017; JABBARI et al.,
2021; LI et al., 2014; MANCIN et al., 2021; PRITCHARD et al., 2000; RESENDE; SILVA;
AZEVEDO, 2014; SUL; MARTIN; ESKIN, 2018; ZENG et al., 2015). A insercao da correcao
para estrutura de populacdo pode ser empregada por meio de métodos estatisticos apropriados.
Dentre os quais podem ser destacados a anélise de componentes principais (DAETWYLER et
al., 2012; NASCIMENTO et al., 2018), analise de covariancia via autovetores (YANG et al.,
2011) e modelos lineares mistos com inser¢cao da correcao para estrutura de populagao e efeitos

poligénicos (MEYER; TIER, 2012; XIE et al., 2012; ZHANG et al., 2010).
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Outro fator importante na analise de GWAS ¢ ado¢ao do nivel de significancia adequado
para selecao correta dos marcadores SNPs, uma vez que serdo realizados diversos testes de
hipoteses devido a alta densidade de marcadores (RESENDE; SILVA; AZEVEDO, 2014). A
adocdo de um nivel de significincia inadequado pode também ocasionar problemas de
associagdes falso positivas. Na literatura, existem métodos que permitem estabelecer limiares
de sele¢dao de marcadores com intuito de reduzir este problema. Dentre esses métodos pode-se
destacar a correcdo de Bonferroni e a taxa de falsas descobertas (FDR) (SILVA;
VENCOVSKY, 2002; ZENG et al., 2015).

1.2 Regressao via marcas unicas

As andlises de regressao via marcas unicas, tém por objetivo estimar o efeito aditivo do
i-ésimo marcador sobre o fendtipo de interesse. Estes modelos podem ser utilizados visando
posteriormente avaliar existéncia de associa¢do entre marcador (SNP) e o fenotipo, e podem

ser definidos por (RESENDE; SILVA; AZEVEDO, 2014):
Y=Ju+XiBi+¢&

em que Y refere-se ao vetor de informagdes fenotipicas com dimensdo n X 1, sendo n ¢ o
numero de individuos;

J € um vetor com valores iguais a 1;

u refere-se a média geral;

X; refere-se ao vetor de incidéncia do i-ésimo marcador;

Bi € o escalar referente ao efeito fixo do i-€simo marcador;

€ refere-se ao vetor de erros aleatérios do modelo, com dimensdo (n X 1), sendo que

£~N(0,102) e 62 a variancia do erro.
A estimacao do efeito do i-ésimo marcador ¢ baseada em médias condicionais e pode

ser realizada pelo método dos Minimos Quadrados Ordinarios (MQO). Este método consiste

em estimar o vetor de pardmetros (@ = [u, B;]°) resolvendo o seguinte problema de

n
0 = argming [Z slz]
i=1

otimizagao:



16

Ap0s a estimacao, a significancia do efeito do marcador pode ser avaliada por meio de testes

t-student.

1.3 Modelo linear geral

O Modelo Linear Geral (General Linear Model - GLM) ¢ o modelo de regressao via marcas
unicas com inser¢do da corre¢do para estrutura de populagdo (LIPKA et al., 2012; WANG;
ZHANG, 2021). A corregdo para estrutura de populacdo por meio de componentes principais
(CP) ¢é amplamente utilizada em GWAS (NASCIMENTO et al., 2018; PRICE et al., 2006),
visando a reducgao da taxa de falsos positivos. Essa correcao fundamenta-se na incorporagao de
covariaveis de efeitos fixos no modelo de regressdo via marcas unicas. Essas covariaveis
correspondem aos componentes principais derivados da matriz de parentesco genémico (G)
(AZEVEDO et al., 2017). Este modelo pode ser utilizado para estimacdo dos efeitos dos
marcadores, para posteriormente avaliar existéncia de associagcdo entre marcador (SNP) e o

fendtipo, e pode ser definido por:

K
Y=],u+X,,BL+Z)/kCPk+£
k=1

em que Y refere-se ao vetor de informagdes fenotipicas com dimensdo n X 1 , sendo n ¢ o
numero de individuos;

J € um vetor com valores iguais a 1;

u refere-se a média geral;

X; refere-se ao vetor de incidéncia do i-ésimo marcador;

B; € o escalar referente ao efeito fixo do i-€simo marcador;

K: ¢ o nimero de componentes principais;

Yk € o efeito fixo do k-ésimo componente principal, ajustado como uma covariavel,

CP,, ¢ o vetor do k-ésimo componente principal da matriz de parentesco gendmico (G);

€ refere-se ao vetor de erros aleatorios do modelo, com dimensdao (n X 1), sendo que

e~N(0,102) e o a variancia do erro.

Existem diversas expressdes para a obten¢do da matriz de parentesco gendmico (G), no

entanto, a principal delas foi proposta por VanRaden (2008) e ¢ dada por:
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_ww' (1)
~12piq;

em que p; € q; sdo as frequéncias dos alelos A e a do i-€simo marcador, respectivamente, € W

¢ a matriz de incidéncia de marcadores codificada (centrada na média) como apresentado a

seguir (VITEZICA et al., 2013):

Se AA,entio X = 2 —2p - 2q
W ={Se Aa,entaioX =1—-2p->q—p
Seaa,entioX = 0—2p - —2p

sendo W; a i-ésima coluna da matriz W.
A estimagdo do efeito do i-ésimo marcador no GLM ¢, assim como nos modelos de
marcas unicas, baseada em médias condicionais e pode ser realizada pelo método dos Minimos

Quadrados Ordinarios (MQO). Este método consiste em estimar o vetor de parametros

( 0 = [ll» Bi» V1, Yk ]t ) resolvendo o seguinte problema de otimizagao:

n
0 = argming [Z elz]
i=1

Apbs a estimacao, a significancia do efeito do marcador pode ser avaliada por meio de testes

t-student.
1.4 Regressao quantilica

A Regressao Quantilica foi proposta na década de 70 por dois economistas Koenker e
Bassett (KOENKER; BASSETT, 1978) como alternativa a regressdo via Minimos Quadrados
Ordinarios. Essa metodologia, permite ajustar modelos de regressdo para diferentes niveis
(quantis) da distribui¢do de probabilidade.

Nos modelos tradicionais baseados em médias, estima-se somente uma relacao funcional
entre as varidveis para explicar todo o conjunto de dados. J4 nos modelos de RQ, pode-se
estimar varias relagdes funcionais entre as variaveis ao longo de toda distribuigdo de

probabilidade de acordo com o quantil de interesse, fornecendo assim uma visao mais completa
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do estudo (CADE; NOON, 2003). Na Figura 1A, pode -se observar que o modelo tradicional
fornece apenas a relagdo estimada em termos médios entre as variaveis estudadas. Ja na Figura
1B ¢ possivel observar a relacdao funcional entre as variaveis estudadas em diferentes quantis

da variavel independente.

A B
Linear Regression Quantile Regression
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SHATR A kA
vk af [ i (A
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Figura 1: (A) Ajuste de um modelo tradicional (modelo linear). (B) Diferentes ajustes baseados
em Regressao Quantilica.

Fonte: Hao Naiman (2007)

Geralmente, a definicdo dos quantis estudados depende da finalidade do estudo, isto
significa que podemos estudar toda distribuicdo de probabilidade da varidvel de interesse ou
somente alguns quantis especificos. Outras vantagens da RQ ¢ que a metodologia nao requer
pressuposi¢oes sobre a distribui¢ao do erro e € robusta a pontos discrepantes (OLIVEIRA et
al., 2021).

A RQ tem-se mostrado uma metodologia bastante eficiente em diversas areas da
ciéncia. Especificamente no melhoramento genético animal e vegetal, pode-se citar estudos de

Selegao e Associacdo Gendmica, em que essa metodologia apresentou resultados melhores ou
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iguais aos métodos tradicionais (BARROSO et al., 2017; DOS SANTOS et al., 2018;
NASCIMENTO et al., 2017, 2018; OLIVEIRA et al., 2021).

O modelo de RQ que descreve a relagao funcional entre o fen6tipo e os marcadores do
tipo SNP em diferentes niveis da distribui¢do de probabilidade, pode ser descrito conforme a

equacao:
Y =Ju+ Xp + e,

em que Y refere-se ao vetor de informagdes fenotipicas com dimensdo n X 1 , sendo n € o
numero de individuos;

J € um vetor com valores iguais a 1;

u refere-se a média geral;

X; refere-se ao vetor de incidéncia do i-€simo marcador;

B¢ o escalar referente ao efeito fixo do i-ésimo marcador no quantil de ordem t;

s(r)

nx1 refere-se ao vetor de efeitos aleatorios independentes e identicamente distribuidos com o

quantil de ordem 7 igual a zero.

Ja o modelo de RQ que descreve a relacao funcional entre o fenotipo e os marcadores
do tipo SNP em diferentes niveis da distribui¢ao de probabilidade do fenétipo, com a inser¢ao
da corregdo para estrutura de populagdo via componentes principais, pode ser descrito conforme

a equagao (NASCIMENTO et al., 2018):

K
Y=Ju+ Xp© + Z yOCPy + £,
k=1

em que Y refere-se ao vetor de informagdes fenotipicas com dimensdo n X 1 , sendo n € o
numero de individuos;

J € um vetor com valores iguais a 1;

u refere-se a média geral;

X refere-se ao vetor de incidéncia do i-€simo marcador;

T) . g . .
/j’i( ) ¢ o escalar referente ao efeito fixo do i-ésimo marcador no quantil de ordem t;

K ¢ o nimero de componentes principais;
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)/,ET) ¢ o efeito fixo do k-ésimo componente principal no quantil de ordem 7, ajustado como uma

covariavel;
CPy ¢ o vetor do k-ésimo componente principal da matriz de parentesco gendmico (G). A

matriz G ¢ calculada conforme a com a equacao 1;

8(1)

nx1 refere-se ao vetor de efeitos aleatorios independentes e identicamente distribuidos com o

quantil de ordem t igual a zero.

A estimacdo dos parametros na RQ ¢ baseada no método da minimizagdo dos erros

absolutos ponderados. Essa metodologia consiste em estimar o vetor de parametros

(§T = [H: Bi, yl‘,..,yk]t) no quantil 7, resolvendo o seguinte problema de otimizagao:

N
6, = argming_ | )~ pileil],
1=

em que, p,; ¢ chamada fung¢dao check (KOENKER, 2005; NASCIMENTO et al., 2018;
OLIVEIRA et al., 2021) e ¢ definida como:

te, seg =0,
—17)g, seg <O

A minimiza¢do desta fungdo exige a utilizacdo de algoritmos de programacao linear
como o Meétodo Simplex, que ¢ apresentado em detalhes por Koenker (2005). Apds a
minimizagdo da fungdo em algum quantil de interesse, obtém-se as estimativas dos coeficientes
da regressdo naquele quantil. A significancia do efeito do marcador em cada quantil de interesse

pode ser avaliada por meio de testes t-student.
1.5 Correcao para multiplos testes

Ap0s a estimagdo dos efeitos dos marcadores, para analisar a existéncia de associagdes
significativas entre marcador e o fen6tipo de interesse, sao realizados multiplos testes -student.
De forma que, a hipdtese de nulidade (H,) a ser testada ¢ definida como “o i-ésimo marcador
nao apresenta efeito sobre o fenétipo™ conta a hipotese alternativa (H,) que ¢ definida como

sendo “o i-ésimo marcador tem efeito sobre o fenotipo”(SUL; MARTIN; ESKIN, 2018).
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No entanto, devido a alta densidade de marcadores, sdo realizados multiplos testes de
hipoteses. A realizacdo de multiplos testes pode acarretar problemas de associagdes falso
positivas, ou seja, declarar que o efeito do marcador ¢ significativo, mas na verdade, o marcador
ndo estd em desequilibrio de ligacdo com QTLs que controlam a caracteristica de interesse
(SUELA et al., 2022). Este problema pode estar relacionado ao nivel de significancia adotado
(SILVA; VENCOVSKY, 2002). Assim, determinar um nivel de significAncia adequado ¢
essencial para discriminar os verdadeiros positivos dos falsos positivos. Na literatura existem
diversos procedimentos estatisticos para ado¢do do limiar mais adequado, sendo a corregao de
Bonferroni e a taxa de falsas descobertas (FDR) as mais comumente utilizadas (KALER;
PURCELL, 2019).

A correcdo de Bonferroni ¢ um dos mecanismos mais simples para se aplicar em
multiplas comparagdes (NOBLE, 2009). Esta correcdo ¢ obtida ajustando o nivel de
significancia individual (definido pelo pesquisador) de acordo com o numero de testes (m)

realizados. Dessa forma, o nivel de significancia ajustado € obtido pela razdo entre o nivel de
significancia individual e o nimero de testes realizados (a’ = %) (ZENG et al., 2015). Um

marcador ¢ considerado significativo se seu p-value for menor que o nivel de significancia
ajustado (a"). O problema em utilizar a corre¢ao de Bonferroni é a suposi¢do de independéncia
entre os testes, o que ndo ocorre nas analises de associagdo gendmica, uma vez que os SNPs
podem estar em desequilibrio de ligacao. Este método também ¢ altamente conservador, isto &,
existe uma grande dificuldade em rejeitar a hipotese de nulidade (KALER; PURCELL, 2019;
SILVA; VENCOVSKY, 2002; ZENG et al., 2015).

A correc¢do por FDR proposta Benjamini e Hochberg (1995) ¢ baseada na proporgao do
numero de falsos positivos em relagdo ao numero total de resultados positivos. Uma forma de
inserir FDR no teste de significancia € por meio de uma corre¢ao do p-value associado ao teste,
obtendo o que ¢ denominado g-value (STOREY; TIBSHIRANI, 2003). O célculo do g-value
se da da seguinte forma: primeiramente deve-se ordenar os p-values em ordem crescente (P;)

e, posteriormente realizar o calculo do g-value por meio da seguinte expressao:

P(L) Xn

qi = P
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em que P(;) € 0 p-value na posi¢do 1, n € o numero de marcadores ¢ i € a posi¢do que o p-value
se encontra. Apos o célculo de q(;) deve-se realizar a corre¢do desses valores que sera

denominado gf, seguindo a seguinte restrigao:

i) qa@) < qeir1) €00 4Gy < qp

ii) q@) > q(i+1) entao Q(Ci) < q(i+1)

Neste caso, de acordo com Benjamini e Hochberg (1995) um marcador serd considerado

significativo se seu g-value corrigido (q(ci)) for menor que o nivel de significancia («) adotado

pelo pesquisador, ou seja q(cl-) <a.
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ABSTRACT

The aim of this study was to evaluate the performance of Quantile Regression (QR) in Genome-
Wide Association Studies (GWAS) regarding the ability to detect QTLs (Quantitative Trait
Locus) associated with phenotypic traits of interest, considering different population sizes. For
this, simulated data was used, with traits of different levels of heritability (0.30 and 0.50), and
controlled by 3 and 100 QTLs. Populations of 1000 to 200 individuals were defined, with a
random reduction of 100 individuals for each population. The power of detection of QTLs and
the false positive rate were obtained by means of QR considering three different quantiles
(0.10,0.50 and 0.90) and also by means of the General Linear Model (GLM). In general, it
was observed that the QR models showed greater power of detection of QTLs in all scenarios
evaluated and a relatively low false positive rate in scenarios with a greater number of
individuals. The models with the highest detection power of true QTLs at the extreme quantils
(0.10 and 0.90) were the ones with the highest detection power of true QTLs. In contrast, the
analysis based on the GLM detected few (scenarios with larger population size) or no QTLs in
the evaluated scenarios. In the scenarios with low heritability, QR obtained a high detection
power. Thus, it was verified that the use of QR in GWAS is effective, allowing the detection of
QTLs associated with traits of interest even in scenarios with few genotyped and phenotyped

individuals.

KEY WORDS: GWAS; Genetic breeding; General linear model; simulation; conditional

quantiles.

INTRODUCTION

The world's population reached 7.7 billion inhabitants in 2019 and may reach 9.7 billion
by 2050!. To the increase in population is added the growing concern about environmental
impacts and the limitations of arable areas, which culminates in the demand for increased
productivity of agronomic species 2. In recent years, it is estimated that about 50% of the
increase in productivity of several species was driven by genetic breeding, which has been
seeking new strategies to obtain more adapted, resistant, and productive cultivars >*.

In this context, Genome-Wide Association Studies (GWAS) have been conducted in
order to identify genetic variations that may be associated with phenotypic traits of interest >,

The potentials of GWAS have already been successfully explored in traits of economic interest
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10,11

and in different crops, such as barley , maize >4

15,16 . 17-20
b

rice , wheat 21723

, soybean e

arabica coffea 2%,

In GWAS, a classic and widely used statistical method is single markers regression.
This method estimates the individual effect of each marker on the phenotype of interest, and,
subsequently, multiple hypothesis tests are performed in order to detect which marker effects
are statistically significant 2’. When the correction for population structure is added to the single
markers regression model , this model is called General Linear Model (GLM)?®. However, the
estimation of parameters via single markers and GLM are based on conditional means, which
may be inadequate when the errors do not follow a normal distribution 2° and in the presence
of heteroscedasticity. An alternative and still little explored methodology for GWAS studies is
Quantile Regression (QR)*’. This methodology, unlike methods based on means, allows
adjusting regression models for different levels (quantiles) of the distribution of the phenotype
of interest, does not require assumptions about the error distribution, and is robust to discrepant
points *'. QR has already been successfully applied in GWAS studies on real data by>? for traits
related to the flowering time of common beans. These authors evaluated 80 common bean
genotypes and 384 SNP markers (single nucleotide polymorphism) in order to identify genomic
regions for three phenological traits. As a result, the authors found no significant associations
using the general linear model. In contrast, when using QR at the extreme quantile (t = 0,10),
it was possible to detect 7 significant associations between SNPs and the phenological traits
studied. In this study, the number of available genotypes was relatively small for GWAS
studies, but it was still possible to detect significant associations using QR in this setting.

Although QR has already been applied to real data sets and has obtained interesting and
promising results, the effect of population size on the ability to detect QTLs (Quantitative Trait
Locus) has not yet been evaluated. To this end, it is possible to use data simulation since this
strategy aims to reproduce the conditions of a biological system, facilitating the understanding
of'its real functioning and allowing prediction of the performance and recommendations before
starting field studies ***. In addition, simulation studies are especially convenient for testing
and comparing methodologies because they demand fewer resources, time, human efforts, and
the possibility of replication, thus generating greater efficiency in inferences 3.
In view of the above, this study evaluated the use of QR in GWAS regarding the power of QTL
detection through SNP markers for simulated data with different levels of heritabilities, trait

loci, and population sizes. The results of QR were compared with those obtained by GLM.
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MATERIAL AND METHODS

Aiming to access the power of QTL detection and false positives rates in a genome-wide

association study was performed a simulation study.
Genome and simulated populations

An advanced generation composite was obtained from two random mating populations
in linkage equilibrium, which were crossed to generate a population of 5000 elements from 100
families using linkage disequilibrium (LD), subjected to five generations of random mating
without mutation, selection, or migration.

From the advanced generation of the composite, 1000 individuals from the same
generation and from 20 families of full siblings, each consisting of 50 individuals, were
simulated. The simulated genome was composed of ten chromosomes with a size of 200
centimorgans (cM) each and comprised 2000 bi-allelic single nucleotide polymorphisms

(SNPs) separated by 0.1 ¢cM across the ten chromosomes. The LD value in a composite

1-20,p

" ) (pi-p2)(pi-p?), where a and b are two SNPs, two QTLs, or one

population is Ay, = (
SNP and one QTL, 0 is the frequency of recombinant gametes, and p! and p? are the allele
frequencies in the parental populations (1 and 2). The LD value depends on the allele
frequencies in the parental populations. Thus, regardless of the distance between the SNPs
and/or QTLs, if the allele frequencies are equal in the parental population, A=0. The LD is
maximized (|A] = 0.25) when 0=0 and |p'-p?| = 1. In this case, the LD value is positive

with coupling and negative with repulsion® .
Simulation of traits and the phenotypic values

Two genetic architectures were simulated, representing different scenarios, with
heritabilities of 0.30 and 0.50 and with 100 and 3 numbers of quantitative trait loci (QTLs),
distributed randomly in the regions covered by the SNPs. The first scenario follows the
infinitesimal model and the other (second scenario) with three major effects genes accounting
for 50% of the genetic variability. For the former, to each of 100 QTLs one additive effect of
small magnitude on the phenotype was assigned (under the Normal Distribution setting). For

the latter, small additive effects were assigned to the remaining 97 loci. The effects were
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normally distributed with zero mean and variance, allowing the desired heritability level. The
phenotypic value was obtained by adding to the genotypic value a random deviate from a
normal distribution N(0, 62), where the variance 62 was defined according to two levels of
broad-sense heritability, 0.30 and 0.50.

The data set was simulated using the Real Breeding program *’. More information can
be found detailed in*®.

Subsequently, in order to evaluate the effect of population size reduction, populations
were defined with numbers of individuals ranging from 1000 to 200 individuals. According
to*°, 200 individuals are considered as being sufficient for the construction of reasonably
accurate genetic maps. A random reduction of 100 individuals was defined in each scenario,
respecting the proportionality of individuals removed from each family. Thus, in all, thirty-six
distinct scenarios were evaluated. These scenarios correspond to the combination of two levels

of heritability, two genetic architectures, and nine variations in population size.

Linkage disequilibrium

A linkage disequilibrium (LD) analysis was performed to determine the markers
associated with QTLs. Specifically, the LD decay pattern between marker pairs across the
genome was obtained using a figure in which the square values of the correlation coefficient r?
were plotted against the genetic distance between markers (in ¢cM). Subsequently, a local

polynomial regression (LOESS)*2

was fitted to the data and a horizontal straight line was
plotted with a critical value of r? = 0.20 ****. The window distance, defined as the intersection
of the fitted LOESS curve and the horizontal straight line, will be used to determine which
markers are associated with QTLs. Thus, all markers that distance the value of the window
obtained (depending on the scenario evaluated) in relation to each QTL are considered as
markers associated with the QTLs. The square of the correlation coefficient (r?) was estimated

using the LD.decay function of the sommer package *° and the fit of the polynomial regression

model using the loess function, both from the R software*S.
Genome-wide association study
To perform the genome-wide association analysis, first, the correction for population

structure was performed through principal component analysis (PCA) of the genomic

relatedness matrix (G) 2%**®, The number of principal components adopted was obtained using
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STRUCTURE 2.3.4 software *°, selecting 300 markers in linkage equilibrium, aiming to ensure
that these markers are not associated. A cluster number (K) ranging from 1 to 21 was tested,
with ten independent replicates for each K value. In order to identify the optimal number of K,
10000 iterations were run, with 1000 burn-in. Then, the AK index >° implemented in Structure
Harvester software °! was calculated to determine the choice of the most likely value of K.
Subsequently, the K first principal components (CP) were used as fixed effect covariates in the
GWAS model.
The GWAS model was defined by:

K
Y= |.l+O(]SNP] +ZBkCPk+€
k=1

where Y is the vector of phenotypic information; p is the population mean; q; is the effect of
the j-th marker considered as fixed, j = 1,...,2000; SNP, is the incidence vector of the j-th SNP

marker; By is the fixed effect of the k-th principal component, adjusted as a covariate; CPy is

the vector of the k-th principal component; € is the vector of random errors. The vector 6 =

[u, o, By,.., Bk_]' represents the unknown parameters, being estimated by means of QR and the
GLM.

The methods estimate the individual effect of each marker on the phenotype of interest
and then perform multiple hypothesis tests in order to detect which marker effects are
statistically significant. The parameters were estimated via QR for different levels (quantiles)
of the distribution of the phenotype of interest ***2. This methodology consists of estimating

the parameters at the T quantile by solving the following optimization problem:
N
0, = argming_ \Z ptleill,
i=1

where T € (0,1) indicating the quantile of interest, N indicates the population size evaluated,

and p.(+), denoted check function by>’, is defined by:

_ (Tg ifeg; =0,
pt(el) N { (1-‘[)81, ifSi <0
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In this study, three quantiles (t = 0.10,0.50 and 0.90) were evaluated. For model
fitting, the rq function from the quantreg package >* of the R software was used. The individual
coefficients (effects) of each marker are estimated by summing the weighted absolute errors.
For estimation, it is necessary to use linear programming algorithms. One of the methods used
is the Simplex Method *>.

The parameters were also estimated using GLM. This methodology consists of

estimating the parameters in average terms and solving the following optimization problem:

N
0 = argmin, lz 812]

i=1

For model fitting, the individual coefficients (effects) of each marker were estimated by
minimizing the sum of squared errors by the ordinary least squares method using the GAPIT

R package of the R software*®.
Hypothesis testing

After estimating the effects of individual markers through QR and GLM, multiple #-
student tests were performed according to the methodology used, in order to analyze the
existence of significant associations between the marker and the phenotype of interest. In the
general linear model, the standard error estimate used was the usual, while in the quantile
regression it was based on rank 73°>>¢, However, due to the high density of markers, performing
multiple tests can lead to an increase in false positive associations ?’. An alternative to
controlling this rate is the False Discovery Rate (FDR) 378, One way to consider the FDR in
hypothesis testing is through a correction in the p-value associated with the test, called the q-

value *°. In this study, a significance level of 0.01 (a0 = 1%) corrected by the FDR was used.
Comparison between methodologies

In order to evaluate the efficiency of the analyzed methodologies, the QTL detection

power and the false positive rate were calculated and defined below:
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1) The power of QTL detection corresponds to the proportion of pre-established
windows (intervals) (by means of LD analysis) that contain at least one marker considered
significant by means of the statistical methods evaluated.

i) The false positive rate corresponds to the ratio between the number of markers that
were significant by the evaluated statistical methods and are not associated with QTLs and the

number of markers that are not associated with QTLs.

RESULTS AND DISCUSSION

Population structure

According to the method of*°, AK was plotted against the number of clusters (k). The
maximum value of AK occurred at K = 19 and K = 18 for the scenarios of 3 QTLs and 100
QTLs, respectively (Fig. 1). Thus, 19 and 18 principal components were used as covariates in
the GWAS analyses. According to the principal component analysis, 19 and 18 PCs accounted
for explanation percentages of the variance present in the genotypic data between 85% and
96%, depending on the scenario evaluated. This result is in agreement with the simulated data

of this study, where populations were simulated from 20 full sib families.

(a) (b)
100 I

B

Delta K
Delta K

20

o

5 0 15 20 5 10 15 20
K K

Fig.1 Graph AK versus number of clusters K. (A) Scenario with 3 QTLs. (B) Scenario with 100 QTLs

Linkage disequilibrium

The LD was calculated for all marker pairs in the same linkage group by means of r?.

Figures 2 and 3 graphically represent the decay of LD as a function of genetic distance
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according to the number of QTLs evaluated. The critical value of r?> = 0.20 was adopted, which
according to 43, it is expected that values of r? < 0.20, the LD is corrupted, that is, there is a
tendency of linkage equilibrium between the markers. The intersection of the LOESS curve
with the horizontal straight line (r? = 0.20) for the scenarios (different population sizes) of 3
QTLs, with a reduction in the number of individuals from 1000 to 200, was 0.924 c¢cM, 0.994
cM, 1.085 cM, 1.161 cM, 1.302 cM, 1.444 cM, 1.617 cM, 1.830 cM and 2.158 cM, respectively

(Fig. 2).
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Fig. 2 Decay of linkage disequilibrium (r?) as a function of genetic distance in the 10 linkage
groups in the scenario with 3 QTLs. (a) Scenario: 1000 individuals (b) Scenario: 900 individuals
(c) Scenario: 800 individuals (d) Scenario: 700 individuals (e) Scenario: 600 individuals (f)
Scenario: 500 individuals (g) Scenario: 400 individuals (h) Scenario: 300 individuals (i)

Scenario: 200 individuals
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As for the scenario with 100 QTLs, the intersections obtained were: 0.943 ¢cM, 1.019
cM, 1.101 cM, 1.196 cM, 1.312 cM, 1.452 cM, 1.620 cM, 1.820 cM, and 2.150 cM (Fig 3).
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Fig. 3 Decay of linkage disequilibrium (r?) as a function of genetic distance in the 10 linkage
groups in the scenario with 100 QTLs. (a) Scenario: 1000 individuals (b) Scenario: 900

individuals (¢) Scenario: 800 individuals (d) Scenario: 700 individuals (e) Scenario: 600
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individuals (f) Scenario: 500 individuals (g) Scenario: 400 individuals (h) Scenario: 300

individuals (i) Scenario: 200 individuals

After obtaining these values, it was determined that all markers that are less than the
distances mentioned above (depending on the scenario evaluated) from each QTL are

considered as markers associated with the QTLs.

Genome-wide association

The general linear model obtained a low power of detection of QTLs in all scenarios
evaluated (Table 1). In the scenarios with 3 QTLs, regardless of heritability and population size,
this methodology showed power values equal to or less than 0.03 (Table 1). In the scenarios
with 100 QTLs with 1000 individuals and a heritability of 0.30, the GLM obtained a power of
detection on average of 0.21 + 0.07 and with heritability 0.50, the power of detection was on
average 0.56 = 0.09. As the population size was reduced, the detection power was reduced until
it reached zero in all scenarios evaluated (Table 1). This result was already expected and can
be corroborated by several studies in the literature. For example, in the study by, in which the
authors evaluated the effect of population size in GWAS, considering data from barley
germplasm. In this study, the authors used a base population consisting of 766 individuals, and
population size reduction was achieved by random resampling without replacement, forming
populations with 96, 192, 288, 384, 480, 576, and 672 individuals, and observed that the
detection power of QTLs decreased according to population size reduction. ' Also evaluated
the power of GWAS to identify true significant associations using simulated Arabidopsis data
set with 200, 400, and 800 individuals. As a result, the authors observed that the power of
identifying true associations decreased as the number of individuals decreased. In addition to
these, ®evaluated the influence of sample size in GWAS using simulated data from a Chinese
soybean germplasm population consisting of 200, 400, 600, and 800 individuals randomly
sampled from an ideal base population. As a result, the authors observed that the detection
power of true significant associations decreased, and the false positive rate increased with
decreasing sample size. Furthermore, according to® and®, the efficiency of GWAS requires
large population sizes.

However, the pattern reported by the authors mentioned above and those observed here
for the GLM was not observed when using the QR models. In general, the QR, in all scenarios

evaluated, obtained high detection power (Table 1). Additionally, unlike the results obtained
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using GLM, the detection power of QTLs did not reduce with the decrease in population size
(Table 1). This result may be related to the way in which the standard error is calculated by the
two methodologies. In the GLM, the standard error estimate used was the usual one, while in
the QR it was based on the rank statistic. The rank statistic is greatly influenced by the sample
size>>>. Thus, the statistic of the test used generally presents higher values and, therefore, a
greater number of QTLs being considered significant.

In scenarios with 3 QTLs, at quantiles of 0.10 and 0.90, regardless of heritability and
population size variation, QR detected almost all simulated QTLs (Table 1). As for the scenarios
with 100 QTLs, QR at the extreme quantiles (t = 0.10 and 0.90) obtained higher or equal QTL
detection power when compared to QR (t = 0.50) (Table 1). In terms of population size,
independent of heritability and quantile evaluated, QR detected all QTLs of interest considering
population sizes equal to that of 200 and 300 individuals to QR (Table 1).

In general, the use of QR obtained a high QTL detection power independent of the
population size, and especially in the extreme quantiles. This result is reasonable since QR uses
the same idea of sampling for extremes ®. Sampling extreme phenotypes samples individuals
at the extremes in the hope that rare causal variants will be enriched among them 2. However,
unlike the extreme phenotype sampling approach, the use of QR does not require any
assumptions about the distributions of traits, is robust to outliers, and uses all individuals in the
estimation process, avoiding some problems related to extreme phenotype sampling, as an
example, sampling bias and the assumption of normality 3!-*2,

The detection of significant SNPs with a small population size and at the extreme
quantile has already been observed by>2. The authors evaluated 80 genotypes and 384 SNP
markers of common bean, aiming to identify genomic regions for three phenological traits
(Days to first flowering-DPF; Days to flowering-DTF; and Days to end of flowering-DFF). As
a result, the authors found no significant associations using GLM. On the other hand, when
using QR at the 0.10 quantile, one and six significant SNPs were found for DPF and DTF,
respectively. Although the work of ® and®” was not conducted in the context of genome-wide
association, the authors also evaluated the performance of QR on simulated data set with small
population sizes and concluded that QR is a robust technique in these situations. This result is
very promising in breeding programs that have a reduced number of available genotypes.

Regarding the rate of false positives, we have found that the GLM, in all scenarios
evaluated, presented low values for this rate. This result may be related to the low detection
power of QTIs by this methodology (Table 2). The false positive rate obtained by the QR

methodology is relatively low in the scenarios with a higher number of individuals. QR (1 =
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0.50) was the methodology that presented lower false positive rates. In scenarios where the QR
detection power in the three quantiles evaluated was equal, the QR (1t = 0.50) showed better
results than in the extreme quantiles QR (t = 0.10 and 0.90) since the false positive rate was
lower (Table 2). Regarding the reduction in the number of individuals, the false positive rate
increased substantially according to the reduction in population size, a result that may be related
to the observed increase in the number of QTLs detected in these scenarios.

Finally, it was observed that the decrease in the heritability of the trait implies a lower
power of detection of QTLs when using the GLM in all scenarios evaluated (Table 1). This
result is similar to that found by®?, in which the authors compared the detection power of true
significant associations using five GWAS methods. This was done using simulated data from a
Chinese soybean germplasm population with different levels of heritability (h? = 0.20, 0.50
and 0.90) and two genetic architectures with 10 and 100 QTIs. As a result, the authors observed
that the detection power was dramatically reduced for all methods and scenarios evaluated when
the heritability of the trait was reduced. On the other hand, this behavior was not observed when
using the QR methodology. The QR obtained greater or equal powers of detection of true
significant associations in scenarios with lower heritability (h? = 0.30) regardless of the
number of QTLs and sample size (Table 1). This result is interesting since it indicates that QR
is an interesting methodology for GWAS studies in both low and moderate heritability
scenarios.

Overall, these results indicate that using quantile regression to perform GWAS in the
identification of QTLs is an interesting approach. QR proved to be efficient both in scenarios
with many individuals and in scenarios with a reduced population size. Additionally, this
methodology also proved to be interesting for GWAS studies in which the traits have low and

moderate heritabilities.



1 Table 1. Means and standard errors (10 replicates) of QTL detection power against two methodologies.

Population Size

N° QTL h? Methods 1000 900 800 700 600 500 400 300 200
QR (0.10) 1.00 £ 0.00 0.97+0.03 1.00+£0.00 1.00+£0.00 1.00£0.00 1.00+£0.00 1.00£0.00 1.00+0.00 1.00+0.00
0.30 QR (0.50) 0.80 = 0.07 0.90 +0.05 0.93+£0.04 0.96+0.03 1.00£0.00 1.00+0.00 1.00£0.00 1.00+0.00 1.00=+0.00
QR (0.90) 1.00 = 0.00 1.00 £ 0.00 1.00£0.00 1.00+0.00 1.00£0.00 1.00+0.00 1.00+£0.00 1.00+0.00 1.00=+0.00
3 GLM 0.03+0.03 0.03 +0.03 0.03+£0.03 0.03+0.03 0.00£0.00 0.00+£0.00 0.00£0.00 0.00+0.00 0.03+0.03
QR (0.10) 0.87 £0.07 0.90 +0.05 0.93+£0.04 093+0.06 1.00£0.00 1.00+0.00 1.00+£0.00 1.00£0.00 1.00=+0.00
0.50 QR (0.50) 0.70 £ 0.10 0.70 £ 0.10 0.50+0.06 0.77+0.05 090+0.05 1.00+0.00 1.00+£0.00 1.00£0.00 1.00+0.00
QR (0.90) 0.80 +0.09 0.97 £0.03 1.00£0.00 1.00+0.00 1.00£0.00 1.00+0.00 1.00+£0.00 1.00+0.00 1.00=+0.00
GLM 0.03 +0.07 0.23 £ 0.07 0.23+0.07 0.23+0.07 0.20+0.07 0.07+0.04 0.03+0.03 0.03+0.03 0.00+0.00
QR (0.10) 0.92 £0.02 0,97 +£0.02 0.97+0.02 1.00+0.00 1.00£0.00 1.00+0.00 1.00+£0.00 1.00£0.00 1.00+0.00
0.30 QR (0.50) 0.54 £0.09 0.72 +0.07 0.82+0.05 092+0.03 096+0.03 1.00+0.00 1.00+£0.00 1.00+0.00 1.00+0.00
QR (0.90) 0.95 +0.02 0.98 £ 0.01 1.00£0.00 1.00+£0.00 1.00£0.00 1.00+0.00 1.00£0.00 1.00£0.00 1.00=+0.00
100 GLM 0.21+0.07 0.00+£0.00 0.00£0.00 0.00£0.00 0.00£0.10 0.00£0.00 0.00£0.00 0.00£0.00 0.00=+0.00
QR (0.10) 0.61 £0.06 0.77 £0.05 0.78+0.07 0.93+0.03 0.98+0.01 1.00£0.00 1.00+£0.00 1.00+0.00 1.00+0.00
0.50 QR (0.50) 0.15+0.06 0.23 £0.06 0.31+£0.08 0.57+0.07 0.72+£0.06 0.85+0.04 094+0.02 1.00£0.00 1.00=+0.00
QR (0.90) 0.55+0.06 0.64 +0.07 0.66+0.07 0.85+0.04 093+0.02 0.98+0.01 1.00£0.00 1.00+0.00 1.00=+0.00
GLM 0.56 £0.09 0.07 £0.02 0.03+0.01 0.04+0.02 0.01+£0.01 0.01+0.01 0.01+£0.01 0.01+0.01 0.00=+0.00

2 N°. QTL: number of loci controlling the trait; h’: heritability; QR: quantile regression; GLM: general linear model.
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3 Table 2.

Averages and standard errors (10 repetitions) of the false positive rate against two methodologies.

N°. Population Size
QTL h*  Métodos 1000 900 800 700 600 500 400 300 200
QR (0.10)  ¢35=0.04 0.36 % 0.04 0.37+0.03 0.42 0.03 0.49 £ 0.03 0.54 % 0.04 0.58 = 0.03 0.65 % 0.03 0.67+0.01
030 QR(0.50) ¢12:002 0.13 £ 0.02 0.17 +0.02 0.20+0.02 0.27£0.02 0.34+0.02 0.4 1+ 0.02 0.49 + 0.02 0.55+0.02
QR (0.90)  ¢33+0.02 0.40 £ 0.02 0.42 £ 0.02 0.50 = 0.02 0.53 +0.02 0.53 +0.02 0.61 = 0.02 0.69 = 0.02 0.66 = 0.03
3 GLM  (.0006+0.0003 0.0012+0.0004 0.0003 +0.0003 0.0001 +0.0001 0.0001 +0.0001 0.0004 +0.0002 0.0002 +0.0002 0.0001 +0.0001 0.0001 0.0001
QR (0.10)  ¢.13x0.04 0.18 £ 0.05 0.20 = 0.04 0.24+0.05 0.26 = 0.04 0.33+0.05 0.46 + 0.04 0.55+0.03 0.57+0.02
0.50 QR (0.50)  03+0.01 0.04 % 0.02 0.04 % 0.02 0.06 +0.02 0.10 = 0.02 0.14 % 0.04 0.21 % 0.04 0.30+0.03 0.42+0.03
QR (0.90)  ¢.12+0.03 0.18 = 0.03 0.22+0.03 0.26+0.02 0.31+0.03 0.36 +0.02 0.4 +0.03 0.57+0.03 0.57+0.03
GLM  0.0082+0.0021 0.0063%0.0024 0.0022 =0.0005 0.0019 =0.0006 0.0016 +0.0007 0.0008 +0.0003 0.0004 +0.0002 0.0001 +0.0001 0.0001 0.0001
QR (0.10)  ¢.18+0.02 0.22%0.02 0.24+0.03 0.30=0.02 0.33+0.03 0.43 +0.03 0.47 0.03 0.56 0.03 0.67+0.03
030 QR (0.50) 07+002 0.08 £ 0.02 0.10 % 0.02 0.16 % 0.03 0.21 = 0.04 0.24 % 0.02 0.36 % 0.02 0.44 £ 0.03 0.56 % 0.02
QR (0.90)  ¢23+0.03 0.25 % 0.02 0.26 +0.02 033+0.03 0.41 = 0.04 0.46 = 0.03 0.54+0.03 0.63 % 0.03 0.73 £0.03
100 GLM  0.0192+0.0068 0.0003%0.0003 0.0001 =0.0001 0.0000 =0.0000 0.0000 = 0.0000 0.0000 % 0.0000 0.0000 +0.0000 0.0000 = 0.0000 0.0000  0.0000
QR (0.10)  ¢.06=0.02 0.09 £ 0.02 0.11+0.03 0.15+0.02 0.22£0.03 0.27£0.03 0.36 % 0.03 0.49 = 0.04 0.64+0.03
0.50 QR (0.50)  ¢.01+0.00 0.01 £ 0.00 0.02+0.01 0.04+0.01 0.06 = 0.01 0.08 = 0.01 0.15+0.02 0.24+0.03 038 +0.03
QR (0.90)  ¢.06+0.01 0.06 = 0.01 0.08 +0.02 0.12+0.03 0.14 +0.02 0.21+0.03 0.34 +0.04 0.46 +0.03 0.65+0.03
GLM  0.0680+0.0147 0.0055+0.0028 0.0016=0.0007 0.0011=0.0005 0.0004 =0.0002 0.0000 =0.0000 0.0007 = 0.0007 0.0009 = 0.0006 0.0001  0.0001

4 N°. QTL: number of loci controlling the trait; h: heritability; QR: quantile regression; GLM: general linear model.
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CONCLUSION

The use of Quantile Regression models in genomic association studies on simulated data
proved to be effective. Since its use, it allows a high power of detection of QTLs in all the
scenarios analyzed in relation to the GLM. In scenarios with larger population sizes, the QR in
the extreme quantiles (1=0.1 and 0.9) were the most efficient models in the simulated conditions
because they were the ones that obtained the highest QTL detection powers. In the scenario
where the detection power of the QR in the three evaluated quantiles was equal, the QR (0.5)
was more efficient, as the false positive rate was lower. In the low heritability scenarios, QR
obtained a high detection power of QTLs. The false positive rate obtained by the QR
methodology in the scenarios with many individuals is relatively low. QR proved to be efficient

both in scenarios with many individuals and in scenarios with a small population size.
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