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ESTIMAÇÃO DA INTERAÇÃO GENÓTIPO-AMBIENTE UTILIZANDO NORMA DE 

REAÇÃO GENÔMICA E ANÁLISE DA REDE GÊNICA PARA CARACTERÍSTICAS 

REPRODUTIVAS DE BOVINOS DA RAÇA NELORE 

 

Resumo - A interação genótipo-ambiente (GxE) pode ser uma importante fonte de 
variação em características reprodutivas com um efeito notável no início da 
puberdade animal. Desta forma, os objetivos do presente estudo foram: i) Avaliar a 
interação GxE em características indicadores de precocidade sexual em animais da 
raça Nelore em diferentes condições ambientais (EC) e ii) identificar regiões 
genômicas e vias biológicas associadas a características indicadores de 
precocidade sexual e verificar se seus efeitos mudam de acordo com os níveis de 
EC. Informações fenotípicas para idade ao primeiro parto (AFC), ocorrência de 
prenhez precoce (HP), reconcepção de novilhas (HR) e perímetro escrotal (SC), 
foram coletados em 128.994, 85.339, 90.831 e 151.053 animais, respectivamente. 
Destes, 1800 novilhas, 3050 touros jovens e 800 touros foram genotipados com 
BovineHD BeadChip. Um modelo de norma de reação foi usado para estimar a 
resposta do animal às mudanças nas condições ambientais. Para avaliar a 
capacidade preditiva, foram utilizados os esquemas de validação em animais jovens 
e em ambiente específico. Para varredura genômica ampla os efeitos dos 
marcadores SNP para as características reprodutivas foram estimados em três 
níveis de EC Baixo (EC = -3.0), Médio (EC = 0.0) e Alto (EC = 3.0) usando uma 
transformação linear dos valores genômicos genéticos. As regiões pleiotrópicas 
associadas com características reprodutivas (AFC, SC, HP e HR) em três EC foram 
identificadas utilizando a combinação estatística dos resultados de GWAS uni-
característica e consideradas significativas quando -log

10
(p-valor)>6.0. A inclusão de 

informação genômica combinada com pedigree para avaliar a interação GxE, 
proporcionou estimativas dos componentes de variância e parâmetros genéticos 
mais acurados quando comparado com apenas a informação de pedigree. A 
interação GxE apresentou um efeito importante na prenhez precoce e perímetro 
escrotal levando a sensibilidade do valor genético genômico. Além disso, uma forte 
interação marcador SNP-ambiente foi observada com mudanças no efeito e 
variância explicada nos diferentes níveis ambientais. O esquema de validação em 
animais mais jovens apresentou maior capacidade preditiva para SC e HP em 
comparação com a validação específica do ambiente. A utilização da combinação 
estatística dos resultados de GWAS uni-característica identificou um total de 56 
marcadores SNP com efeito pleiotrópico para características reprodutivas em 
diferentes níveis de EC. Tais marcadores foram distribuídos nos Bos taurus 
autosome (BTA) 5, 7, 10, 14, 16 e 29, e apresentaram mudanças em seu efeito de 
acordo com as mudanças nas condições ambientais. Um total de 45 genes foram 
identificados dentro de 200kb dos marcadores significativos e apresentam um efeito 
importante em processos biológicos associado a deposição de gordura, crescimento 
embrionário, diminuição dos níveis hormonais e diminuição da fertilidade em machos 
e fêmeas (principalmente na diminuição do número de oócitos e espermatogênese). 
Em resumo, este estudo indicou o efeito da interação GxE no valor genético de 
características reprodutivas em bovinos da raça Nelore. Além disso, as regiões 
genômicas identificadas apresenteram um papel fundamental nos mecanismos 
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biológicos que codificam as principais vias reprodutivas e as mudanças nas 
condições ambientais apresentam efeitos importantes em sua expressão. Estes 
resultados contribuem para uma melhor compreensão de diferenças no desempenho 
reprodutivo de animais Nelore criados em diferentes condições ambientais, podendo 
auxiliar o melhoramento genético de características reprodutivas em bovinos Nelore. 

 
Palavras-chave: bovinos Nelore, função gênica, interação genótipo-ambiente, 
precocidade sexual, predição genômica 
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ESTIMATION OF GENOTYPE-ENVIRONMENT INTERACTION USING GENOMIC 

REACTION NORM AND ANALYSIS OF GENE NETWORK FOR REPRODUCTIVE 

TRAITS IN NELLORE CATTLE  

 

Abstract – Genotype-environment (GxE) interactions could be an important source 

of variation in reproductive traits with a striking effect on the onset of animal puberty. 

Thus, the objectives of the present study were: i) to assess the GxE interaction in 

Nellore sexual precocity indicator traits under different environmental conditions (EC) 

and ii) to identify, genomic regions and biological pathways associated to Nellore 

sexual precocity indicator traits and to investigate whether their effects changes 

according to EC levels. Phenotypic records for age at first calving (AFC), heifer early 

pregnancy (HP), heifer rebreeding (HR) and scrotal circumference (SC) were 

collected on 128,994; 85,339; 90,831 and 151,053 animals, respectively. From those, 

1800 heifers, 3050 young bulls, and 800 sires were genotyped with BovineHD 

BeadChip. A reaction norm model was used to estimate the animal’s response to 

environmental conditions changes. To assess the predictive ability the younger 

scheme and environment-specific scheme were used. For genome-wide scan, the 

SNP effects for reproductive traits were estimated in three EC levels: Low (EC = -

3.0), Medium (EC = 0.0) and High (EC = 3.0) using a linear transformation of the 

genomic breeding values. The pleiotropic regions associated to reproductive traits 

(AFC, SC, HP and HR) in three EC levels, were identified using the statistical 

combination of the single-trait GWAS results and considered significant when 

-log
10

(p-value)>6.0. The inclusion of genomic information combined with pedigree, 

lead to variance components and genetic parameter estimates more accurate than 

that considering pedigree information. The GxE interaction had an important effect on 

heifer early pregnancy and scrotal circumference leading to genomic breeding value 

sensitivity in different environmental condition. In addition, a strong SNP marker-

environment interaction was observed for Nellore sexual precocity indicator traits with 

changes in their effect and explained variance in different EC levels. The younger 

scheme leads to a higher predictive ability for SC and EP compared to environment-

specific scheme. Using the statistical combination of single-trait GWAS were 

identified, a total of 56 SNP markers with pleiotropic effect for reproductive traits in 

different EC levels. Those SNP markers were distributed on Bos Taurus autosome 

(BTA) 5, 7, 10, 14, 16, and 29 and showed changes in their effect according to 

environmental condition changes. A total of 45 genes were mapped within 200 kb 

and show a striking effect in biological process associated to fat deposition, 

embryonic growth, decreasing in hormonal levels and decreasing female and male 

fertility (mainly on decreased oocyte number and spermatogenesis). In summary, this 

study pointed to the effect of GxE interaction on breeding value of reproductive traits 

in Nellore cattle. In addition, genomic regions identified show a key role in biological 

mechanisms that encode the major reproductive pathways, and that the 

environmental conditions changes have important effects on its expression. These 

results contribute to a better understanding of differences in reproductive 
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performance of Nellore cattle raised under different environmental conditions, might 

aid the genetic improvement of reproductive traits in Nellore cattle. 

 

Keywords: gene function, genomic prediction, genotype-environment interaction, 

Nellore cattle, sexual precocity 
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Chapter 1 – General Considerations 

1.1 Introduction 

Brazilian beef cattle animals are raised and selected on pasture conditions in 

a wide range of environments, with variations in nutritional levels and heat stress. 

Differences in these environmental conditions have been pointed out as an important 

factor to phenotypic variation (Burrow, 2012). Usually, traits as age at first calving, 

heifer early pregnancy and scrotal circumference are used to identify and select 

precocious animals for reproduction. However, Nellore heifers are raised on pasture 

during their growth period with seasonal variations in forage quality and quantity. 

These environmental factors are partially responsible for the high age at puberty in 

Brazilian herds. In general, genetic-quantitative studies have shown that these traits 

are affected by environmental conditions leading to genotype-environment (GxE) 

interaction (Chiaia et al., 2015; Santana Jr et al., 2017; Santana Jr et al., 2018a; 

Santana Jr et al., 2018b). 

In beef cattle breeding programs, generally, animals are selected under 

improved environmental conditions, which allow high production. However, due to 

the presence of GxE interactions, sires genetic rank can change when their offspring 

are raised under poor nutritional level, affecting genetic gain (Cardoso and 

Tempelman, 2012; Rauw and Gomez-Raya, 2015). Nevertheless, to mitigate these 

effects, breeding programs should target animals more adapted to different 

environments (Kolmodin et al., 2003; Kolmodin and Bijma, 2004). 

When GxE interactions occur, the animal's selection could be driven to 

identifying the genotype with better performance in different environmental 

conditions increasing their robustness to environmental variation (Mulder and Bijma, 

2005). This selection strategy might lead to better genetic gains due to the similarity 

of environmental conditions between seedstock herd and production systems (Nirea 

and Meuwissen, 2017). Moreover, this selection design, based on their resilience, 

has been proposed to reduce GxE interaction effects on genetic gain, using the 

robustness trait in breeding programs (Knap, 2005; Hermesch et al., 2015; Colditz 

and Hine, 2016).  

The effect of animal sensitivity to environmental conditions changes have 

been assessed through reaction norm models, due to considering that the trait could 

change continuously across the environment (Kolmodin et al., 2002; Calus et al., 
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2002; Kolmodin and Bijma, 2004; Su et al., 2006; Cardoso and Tempelman, 2012; 

Santana et al., 2017; Grenier et al., 2016). Hence, animal sensitivity is expressed as 

a function of the reaction norm slope (de Jong, 1995). In this sense, reaction norm is 

fitted similarly to random regression model (Schaeffer, 2004), using as explanatory 

variable, environmental gradients. This approach provides intercept and slope 

estimates for each animal, where the estimates for the slope could be used to select 

animals more robustness (Knap, 2005; Knap and Su, 2008). 

The development of modern genotyping and sequencing technologies, e.g. 

single nucleotide polymorphism (SNP), have been applied to animal selection 

enabling higher accuracy of selection (Meuwissen et al., 2001). Thus, GxE 

interaction evaluation trough genomic information in reaction norm models 

represents a promising alternative to evaluate animal sensitivity to environmental 

changes (Lillehammer et al., 2007). Indeed, genomic reaction norms have played an 

important role to knowledge the genetic variability of animals with performance 

environment-dependent (Lillehammer et al., 2009; Silva et al., 2014; Mulder, 2016).  

The analysis of the GxE interaction using genomic reaction norm models 

(RNM) represents a promising alternative to evaluate characteristics strongly 

influenced by environmental factors, i.e. age at first calving, heifer early pregnancy, 

scrotal circumference, and heifer rebreeding. The inclusion of genomic information in 

RNM shows advantages for the estimation of genetic parameters and prediction of 

breeding value, increasing prediction accuracy, mainly, for fertility traits (Zhang et al., 

2019). Besides, it permits to identify changes in genomic regions affecting 

economically relevant traits in different environments. The knowledge of genomic 

regions involved with GxE interaction for reproductive traits in Nellore cattle can aid 

the development of breeding programs in harsh conditions. 

 

1.2 Literature review 

1.2.1 Structure of beef cattle programs 

Beef cattle breeding programs are hierarchically organized with animal 

selection performed in seedstock herds, to subsequently widespread the genetic 

material through artificial insemination across the different commercial herds (Simm, 

1998; Figure 1). Beef cattle breeding programs are structurally organized to select 

animals in seedstock herd for high production levels in more favorable conditions, 
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i.e. better nutrition levels and management (Figure 1), supporting the expression of 

their genetic potential (Rauw and Gomez-Raya, 2015). In contrast, these animals, 

with genetic superiority in seedstock herds, will produce offspring raised in 

commercial herds that show a wide range of environmental conditions defined 

through temperature, seasonally poor nutritional levels, health status, as well as 

other stressor factors. Hence, when sires are selected for increasing performance 

under high nutrition level and their offspring are raised in harsh conditions the 

differences between sires and/or the sires rank can change (Burrow, 2012). 

 

 

Figure 1. Hierarchical structure of beef cattle breeding programs with animal 
selection in seedstock herd through better nutrition, and management, to 
subsequently disseminate in commercial herds. Adapted from Simm (1998) and 
Klopčič (2009). 

 

1.2.2 Genotype – environment interaction (GxE) 

The GxE interaction occurs when the performance of genotypes, exhibit 

different response to environmental condition changes (Falconer and Mackay, 1996). 

The GxE could show different kinds of effect on trait expression, so that different 

genotypes can have different response when exposed to harsh condition (Figure 2). 

When the genotypes show differences in estimated breeding value (EBV) across 

environmental conditions, but without changes in ranking the environmental effect 

lead to a scaling effect of EBV (Figure 2 A). However, when genotypes exhibit 

different levels of response according to environmental condition, often the re-

ranking of genotypes could occur (Figure 2 B). The scaling, without re-ranking, effect 
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caused by GxE interaction on EBV value show less importance, because the best 

genotype in determined environment would still in other environments. 

 

 

Figure 2. Environment effect on genotype variation, the breeding value can vary 
depending on the genotype and environment, and often a complex interaction 
between genotype and environment. (A) Example of environment effect leading to 
scaling effect on breeding value of genotype and (B) re-ranking of breeding value in 
response to environmental change.  

 

The GxE interaction leading to animal re-rank of EBV (Figure 2 B), of the trait 

evaluated in different environmental conditions can be considered as different traits 

(Kolmodin et al., 2002) and the magnitude of GxE interaction effect could be 

assessed by the genetic correlation of trait in different environmental conditions 

(Falconer and Mackay, 1996; Kolmodin et al., 2002). Robertson (1959), suggested 

that correlation for a trait evaluated in different environments lower than 0.80 would 

indicate an important re-ranking and would justify the separate selection scheme for 

breeding progams (Mulder and Bijma 2005; Mulder et al., 2006). Hence, the 

selection of animal for determinate trait in a determined environmental condition may 

not be favorable for offspring raised in a different environment. 

 

1.2.3 Modeling GxE interactions 

To evaluate the GxE interaction effect and to obtain breeding values (EBV) in 

different environmental conditions for beef cattle, two models are frequently used: 

multitrait and reaction norm models.  
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1.2.3.1 Multi-trait model for GxE interactions 

The multi-trait model is useful when environmental conditions can be 

described by few categories, e.g., when system of production (pasture x feedlot), 

level of nutrition (high x low), system of production (nucleus x production or feedlot 

and pasture progeny test) or performance test in different countries (Interbull - 

http://www.interbull.org), are evaluated. 

In multi-trait models for GxE interaction assumes that the same phenotypic 

information, measured in different enviromental conditions, are different traits 

(Falconer and Latyszewski 1952; Malosetti et al., 2013). Thus, the (co)variance 

components can be estimated for a trait in each environmental condition and the 

animal re-ranking across environmental conditions is quantified by the genetic 

correlation (Robertson, 1959). 

The multitrait model approach to evaluate the GxE interaction for three 

environments may be described as: 

[

𝑦1

𝑦2

𝑦3

] = [
𝑋1 0 0
0 𝑋2 0
0 0 𝑋3

] [

𝑏1

𝑏2

𝑏3

] + [
𝑍1 0 0
0 𝑍2 0
0 0 𝑍3

] [

𝑎1

𝑎2

𝑎3

] + [

𝑒1

𝑒2

𝑒3

] 

where the y
1
, y

2
 and y

3
 represents the phenotypic information for same trait (y) 

recorded in different environmental conditions (1 to 3), b represents the vector of 

fixed effect for trait in each environmental conditions, a represents the vector of 

random animal effect for each environment (1 to 3), e1, e2 and e3 represents the 

residual effect for environments and X and Z are the incidence matrix of fixed effect 

and random effect of animal, respectively. 

The random effects are considered to follows the multivariate normal 

distribution (MVN): [

𝑎1

𝑎2

𝑎3

] ~ MVN(0,A⨂G) and [

𝑒1

𝑒2

𝑒3

] ~MVN(0,I⨂R), where A is the 

additive genetic relationship matrix and G is the additive genetic (co)variances matrix 

as follow: 𝐺 = [

σaE1
2 σaE2,1 σaE3,1

σaE1,2 σaE2
2 σaE3,2

σaE1,3 σaE2,3 σaE3
2

], σ𝑎𝐸1
2 , σ𝑎𝐸2

2  and σ𝑎𝐸3
2  represents the additive 

genetic variances on environment 𝐸1, 𝐸2 and 𝐸3 and  σaE1, σaE2 and σaE3 are the 

genetic covariance between environments. The residual (co)variance matrix denoted 
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by 𝑅 = [

σeE1
2 0 0

0 σeE2
2 0

0 0 σeE3
2

], where σ𝑒𝐸1
2 , σ𝑒𝐸2

2  and σ𝑒𝐸3
2  represents the residual 

variances on environment𝐸1, 𝐸2and 𝐸3 and residual covariance between 

environments (E) is zero (∅) because the animal are raised in only one environment, 

I is the identity matrix and ⊗ is the Kronecker product. 

The multitrait models enable to estimate the genetic correlation between the 

same traits under different environmental conditions. Genetic correlations are 

dependent on environmental conditions, with an important implication on genetic 

gain and tradeoffs (Sgrò and Hoffmann, 2004). Thus the genetic correlation of trait 

across environments is defined as 𝑟𝑎𝐸1,𝑎𝐸2=
𝜎𝑎𝐸1,𝑎𝐸2

√𝜎𝑎𝐸1
2 ∗ 𝜎𝑎𝐸2

2  
⁄  and estimated 

through genetic parameters estimated by the multitrait models. 

Raidan et al. (2016) evaluated differences in breeding values using multi-trait 

models for growth and reproductive traits with animals raised on pastures and 

feedlots. They reported the occurrence of GxE interaction and concluded that a 

higher response to selection was obtained evaluating and selecting animals on 

pasture instead of feedlots. Nirea and Meuwissen (2017) assessed the GxE 

interaction using multi-trait models in pigs and an important effect of GxE interaction 

was observed by the low genetic correlations among nucleus and production 

systems. 

Robertson (1959) suggested that genetic correlations below 0.80, indicate 

an important biological effect of GxE interaction in a trait. In various studies using 

multi-trait models, genetic correlations below 0.80 have been associated to 

reductions in selection response (Fikse et al., 2003; Ruiz-Sánchez et al., 2007; 

Tsuruta et al., 2015; Raidan et al., 2016).  

 

1.2.3.2 Reaction norm model for GxE interaction 

The multi-trait models used to assess the GxE interaction show limitations 

when many environmental conditions are evaluated, leading to problems in 

convergence of models. Hence, the genetic parameters estimation could be biased. 

In this context, the reaction norm (RN) model may be useful, particularly in situations 

in which the environmental conditions can be described as continuous variable 

(Kolmodin et al., 2002; Schaeffer, 2004). The GxE interaction is fitted considering 
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that the animal performance could change continuously across the environment 

(Schaeffer, 2004). 

The RN models assume that phenotypic value is express as a polynomial 

function associated with the environmental condition, in which the polynomial 

coefficients show genetic influence (de Jong, 1995). Assuming a linear effect, the 

animal sensitivity can be expressed in function of the regression slope of the animal 

performance (e.g. reproductive traits) on known environmental conditions (de Jong, 

1995). Hence, genetic variations across environmental conditions resulting from 

variations on slope coefficient. 

The animals’ response to environmental conditions (EC) changes can be 

describes by RN model as follows:  

𝑦𝑖𝑗 = 𝑋𝐵 + ∑ 𝜔𝑓Φ𝑓(𝐸𝐶𝑗)

1

𝑓=0

+ ∑ 𝛼𝑖𝑓Φ𝑓(𝐸𝐶𝑗)

1

𝑓=0

+ 𝑒𝑖𝑗 

where, 𝑦𝑖𝑗 is the vector for the phenotypic information of animal i recorded in the 

environment j; 𝑋𝛽 is the fixed effects, 𝜔𝑓 are the fixed regression coefficients on Φ𝑓; 

Φ𝑓 are the Legendre polynomials corresponding to EC level (𝐸𝐶𝑗); 𝛼𝑖𝑓 are the 

random regression for additive effects of intercept and slope for animal i on the  𝐸𝐶𝑗 

and 𝑒𝑖𝑗 is a random residual. 

The 𝛼𝑖𝑓 is assumed to follow a normal distribution 𝛼~𝑁(0,A⨂𝐾𝑎𝑏), where A 

is the relationship matrix and Kab= [
σa

2 σab

σab σb
2

] is the additive genetic (co)variance 

matrix for the reaction norm coefficients, where σa
2, σb

2 and σab genetic variance for 

intercept and slope, and genetic covariance between intercept and slope, 

respectively. In case of heteroscedastic residual variance between environments 

assume e ~ N(0,IR) where I is the identity matrix and 𝑅= [
σeE1

2 0

0 σeEp
2 ] is the residual 

variances in the E1 and Ep environment, respectively. 

The covariance components in different environmental conditions are 

obtained by covariance functions (Kirkpatrick et al., 1990; Schaeffer, 2004): 𝑉𝐴𝐸 =

𝛼𝑖𝑓 𝐾𝑎𝑏 𝛼𝑖𝑓', where VAE represents the genetic covariance matrix across 

environmental conditions and 𝛼𝑖𝑓 represents the polynomial coefficients for each 

level of the environments and 𝛼𝑖𝑓′ transposed of 𝛼𝑖𝑓. The genetic correlation 
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between environments can be estimates though covariance functions rEn,Ep= 

Cov(𝐴𝐸𝑛,𝐴𝐸𝑝) √VAEn ∗ VAE𝑝 ⁄ . Thus, the breeding value (EBV) of animals in a 

determined environment also can be estimated in different environmental conditions 

as a function: 𝐸𝐵𝑉 = 𝛼𝑖𝑓 Φ𝑓′, were 𝛼𝑖𝑓 the genetic values estimated for reaction 

norm coefficients intercept (a) and the slope (b) and Φ𝑓 represents the transposed 

polynomial coefficients for each level of the environments. 

The EBV variation for a determined animal in reaction norm model is 

expressed as functions relating EBV of animal to environmental variables (Figure 3). 

The reaction norm for an animal is measured by combination of two distinct 

components denominated intercept and slope (Figure 3 A). 

 

 

Figure 3. Graphical representation of reaction norm for breeding value (EBV) to 
environmental changes. Linear reaction norm model is characterized by the intercept 
(represents the expected average EBV of animal) and the slope (represents the 
animal EBV for environmental sensitivity). [A] represents the variation of EBV as 
function across environmental condition (EC) and a represents the intercept and b 
represents the slope of reaction norm. [B] Representation of animals that show 
differences in the parameters of the reaction norm (intercept and slope). 

 

The advantages of GxE interaction assessed by reaction norm model, is that 

EBV can be estimated across the continuous environments, but also their 

environmental sensitivity through the slope estimation (Fuller et al., 2005). Thus, 

slope estimation determines the intensity EBV sensitivity for the animal to 

environmental changes (Figure 3 B). Moreover, the (co)variance estimates for 

intercept and slope can be used to evaluate the genetic variation and genetic 

correlations of a trait across environmental conditions applying covariance functions 

(Kirkpatrick et al., 1990). Thus, the level of GxE interaction can be also measured by 

the ratio of genetic variance of the slope (𝜎𝑎1
2 ) and intercept (𝜎𝑎0

2 ) (Kolmodin and 
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Bijma 2004) and by their genetic correlation (𝑟𝑔 = 𝜎𝑎0,𝑎1 √𝜎𝑎0
2 𝜎𝑎1

2⁄ ) (Kolmodin et al., 

2002). 

The GxE interaction in dairy and beef cattle have been evaluated by RNM in 

a wide range of environmental factors and animals re-ranking has been found when 

the environments show a large difference, e.g. different temperature index or 

production level (Kolmodin et al., 2002; Schaeffer, 2004; Satana et al., 2018a; 

Santana et al., 2018b). In dairy cattle, RNM has been frequently used because the 

sires have their offspring raised in a wide range of herd environments. Using RNM 

considering GxE interaction, Kolmodin et al. (2003), and Kolmodin, and Bijima 

(2004) occurs that, in restrictive environments, the animals were re-ranked, 

indicating different response to selection across the environments. 

In beef cattle, the animal sensitivity have been identified for reproductive  

(Chiaia et al., 2015; Santana et al., 2017; Araujo Neto et al., 2018; Santana Jr et al., 

2018a; Santana Jr et al., 2018b) and growth traits (Pegolo et al., 2011; Cardoso and 

Tempelman, 2012; Chiaia et al. 2015; Oliveira et al., 2016, Oliveira et al., 2018 ). 

These authors identified an important effect of GxE interaction and low correlation 

estimates between extreme environments, leading to a significant re-ranking of 

animals in different environments. Santana et al. (2017) observed the evidences of 

GxE interaction on non-return rate in Brazilian Holstein cattle as effect of heat stress. 

They concluded that the genetic evaluation and animal selection should take into 

account the GXE interaction effects caused by heat stress. Araujo Neto et al. (2018), 

evaluating the effect of GxE interaction on age at first calving and production traits in 

Nellore cattle, observed different responses in breeding value of sires to changes in 

the environmental gradient. The authors concluded that it is important to consider the 

GxE effect in breeding program schemes in order to maximize the genetic gain. 

 

1.2.4 Genotype x environment interaction in genomic era 

Genotype-environmental interaction has been an important source of 

phenotypic variation in beef cattle and have been assessed at the phenotypic level 

(Rauw and Gomez-Raya, 2015; Mulder, 2016). These differences in the phenotypic 

plasticity could be explained by the fact that some alleles might have different 

expressions according to the environments. Currently, the development of genomic 

tools has provided a substantial gain in knowledge about the genetic mechanisms 
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underlying complex traits and accuracy of selection for selection candidates 

(Meuwissen et al., 2001). In this sense, combining reaction norm (RN) models and 

genomic information, can lead to a better estimation of GxE interaction estimate 

compared to conventional selection methods using pedigree information (Silva et al., 

2014). In addition, provide new opportunities to identify and to explore the genetic 

factors and molecular variants that affect the animal sensitivity (Des Marais et al., 

2013; Mota et al., 2017). 

 

1.2.4.1 Genomic selection exploring the GxE interaction 

Genomic selection (GS) as proposed by Meuwissen et al. (2001) permits to 

use the genome-wide SNP markers information to predict the breeding values of 

animals, allowing the more accurate predictions of breeding value (EBV), improving 

the animal selection by breeding programs. Combining genomic information in model 

that assess the GxE interaction, e.g. RN models, high accuracy for selection have 

been achieved compared to pedigree information (Silva et al. 2014; Mulder, 2016). 

The increase in accuracy of breeding value prediction could result of genomic 

information to overcome the problem of few sire having offspring in various 

environments (Hayes et al., 2016). This occur because the breeding value for 

animals can be calculated based on genomic information, requiring that the 

genotyped animal have been evaluated in different environmental conditions (Nirea 

and Meuwissen, 2017). 

The genomic models considering GxE interaction have increased prediction 

accuracy of phenotypic response for traits such as total number born in pigs (Silva et 

al., 2014), tick resistance in Hereford and Braford beef cattle (Mota et al., 2016), feed 

efficiency traits in pigs (Nirea and Meuwissen, 2017), yearling weight in Nellore cattle 

(Oliveira et al., 2018). The inclusion of GxE interactions into genomic prediction 

models, can aid breeding programs to select animals adapted to different 

environmental conditions and it generates higher accuracy of animal selection. 

The GxE interaction shows an important effect on prediction accuracies with 

the lowest estimates when only a subset of environments is used in the reference 

population (Nirea and Meuwissen, 2017). These reduction on predictive ability of 

model occurs due to GxE interaction effect on re-ranking of animals, mainly when 

observe lower genetic correlations estimates between environments [r < 0.80] 
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(Bohlouli et al., 2017). Nirea and Meuwissen (2017) concluded that using a reference 

population with animal from different environments achieves more accuracy of 

prediction than only environments. Thus, the reference population can be oriented 

towards a customized approach by identifying the best designs that account the 

environmental sensitivity to improve the genetic gain. 

 

1.2.4.2 Genome-wide scan exploring the GxE interaction 

The occurrence of GxE interaction in target traits of breeding programs 

presents potential challenges for the selection, caused by differences in the 

performance of genotypes. Mainly, by the fact that the presence of GxE interaction 

can lead to changes of genetic variants effects among environments and their 

association with the trait might be significant in one environment but not significant in 

another environment (Lillehammer et al., 2009). Genome-wide scan to the mapping 

genomic regions combined with RN models permits to explore the understanding of 

different mechanisms involving the GxE interaction and their relative importance in 

animal sensitivity (Streit et al., 2012; van Gestel and Weissing, 2016). Recently, Des 

Marais et al. (2013) have provided insight about the most important genomic regions 

associated with GxE interaction and their control appears to involve different genetic 

regions affecting major pathways for phenotypic expression. 

The genome-wide association study (GWAS) under different environments, on 

dairy cattle (Lillehammer et al., 2007; Hayes et al., 2009; Lillehammer et al., 2009), 

beef cattle (Mota et al., 2017) and swine (Silva et al. 2014), have identified several 

genomic regions associated to an important effect on phenotype expression in 

different environmental conditions. Remarkably, animal adaptation to harsh 

conditions is modulated by diverse genomic factors, related to major metabolic 

pathways (Pfau and Russo, 2015). These factors also have been associated with 

shared effects that can range from antagonistic effects to, what is most commonly 

observed, differential sensitivity of alleles across environments (Pigliucci, 2005). In 

addition, the knowledge of genomic regions involved with GxE interactions could be 

important to aid the development of breeding programs in harsh conditions and with 

climate change. 

Recently, the single-trait GWAS results have been largely used in the 

statistical combination aiming to uncover important genomic regions among 
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correlated traits (Bolormaa et al., 2014 and Melo et al., 2018). The major advantage 

of combination statistical of single-trait GWAS is the increase of statistical power to 

detect genomic variants associated with correlated traits, i.e. pleiotropic effect 

(Bolormaa et al., 2014). In this sense, the statistical combination of GWAS results in 

different environmental conditions can be used to identify the existence of possible 

pleiotropic effects for different traits evaluated across environments. Thus, the 

identification of pleiotropic genomic regions among traits in different environmental 

conditions can contribute to a better understanding of physiological mechanisms 

involved in GxE interaction. 

 

1.2.5 Influence of environmental conditions on reproductive traits in beef cattle 

In the context of sexual precocity and reproductive traits selection in beef 

cattle, the GxE interaction is an important effect (Chiaia et al., 2015; Santana Jr at 

al., 2018b, Araujo Neto et al., 2018). Several studies have focusing on the effects of 

production systems on reproductive traits and have found that their differences are 

responsible for differences on reproduction indexes (Barth et al., 2008; Samadi et al., 

2014; Nepomuceno et al., 2017; Ferraz Jr et al., 2018). 

Production systems are a key factor on heifers and young bulls’ sexual 

precocity and heifer rebreeding (Barth et al., 2008; Nepomuceno et al., 2017; Ferraz 

Jr et al., 2018). Ferraz Jr et al. (2018) observed that an improvement in the 

production system, i.e. nutritional factors, increases sexual precocity in Nellore 

heifers. In young bulls, the nutritional factors can reduce the age at puberty and 

promote earlier onset of spermatogenesis (Barth et al., 2008). These authors 

concluded that post-weaning body weight and average daily gain are strongly 

associated to age at puberty. 

Differences in nutrition levels affect sexual precocity and reproductive 

performance in cattle by differences in metabolic status, through changes in glucose, 

insulin and reproductive hormones (Robinson et al., 2006; Barth et al., 2008; 

Garnsworthy et al., 2008; D’Occhio et al., 2019). Perhaps these factors are involved 

directly with specific metabolites with a striking effect on oocyte and 

spermatogenesis development, ovulation, embryo growth and survival and 

pregnancy rate (Robinson et al., 2006; Ashworth et al., 2009). These suggest that 

genes regulate the energy expenditure, implying that cattle fertility is an energy-
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dependent process. Zhang et al. (2019), evaluating fertility traits in Danish Holstein 

cattle using genomic reaction norm models, observed that growth, immunity, and 

reproduction related genes affect directly fertility traits. 

Differences in production systems can give rise to changes in gene 

expression (Kantanen et al., 2015). The understanding of this mechanism could be 

better explored by dense SNP-markers technology to be used to search for 

adaptation patterns. Thus, from a GxE interaction genomic point of view, animal 

adaptation to environmental conditions or nutritional factors are associated with 

structural and functional changes in genomics regions (Lv et al., 2014) and can be 

estimated from genomic reaction norms (Zhang et al., 2019). 

 

1.3 Objective 

1.3.1 General objective 

The main objectives of this study were the understanding of the genetic and 

genomic basis of the animal sensitivity for Nellore sexual precocity indicator traits in 

different environmental condition and the biological pathways behind genotype-

environment interaction. 

 

1.3.2 Specific objectives 

• To verify the occurrence of GxE interaction in Nellore sexual precocity 

indicator traits by RNM using pedigree and combining pedigree and genomic 

relationship aiming to increase accuracy of prediction applying different scheme of 

training and validation. In addition, the effect of GxE interaction on SNP markers in 

different environmental conditions was also evaluated. 

• To carry carried out to identifying major pleiotropic genomic regions 

associated to age at first calving (AFC), heifer early pregnancy (HP), heifer 

rebreeding (HR), and scrotal circumference (SC) traits, in Nellore cattle raised in 

different environmental conditions (EC). 
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Chapter 2 – Genomic reaction norm models exploiting genotype x environment 

interaction effects on sexual precocity indicator traits in Nellore 

cattle 

 

Abstract – Brazilian beef cattle are raised, predominantly, on pasture conditions in a 
wide range of environments. In this scenario, genotype by environment (GxE) 
interactions are an important source of phenotypic variation in the reproductive traits. 
Hence, the evaluation of GxE interaction for heifer’s early pregnancy (HP) and 
scrotal circumference (SC) traits in Nellore cattle, belonging to three breeding 
programs, was carried out to unravel the animal sensitivity to the environmental 
condition (EC). The dataset consisted of 85,874 records for HP and 151,553 records 
for SC, from which 1,800 heifers and 3,343 young bulls were genotyped with the 
BovineHD BeadChip. Genotypic information of 826 sires was also used in the 
analyses. Reaction norm models, using pedigree information (RNM_A) or pedigree 
and genomic information (RNM_H), were used to infer upon GxE interactions. Two 
validation schemes were used to assess the predictive ability using as training 
populations: a) younger scheme and b) environment-specific scheme: low EC (-3.0 
and -1.5) and high EC (1.5 and 3.0). The inclusion of the H matrix in RNM increased 
the genetic variance of intercept and slope in 18.55% and 23.00% on average, 
respectively, and provided genetic parameter estimates more accurate than the 
analysis considering pedigree only. The same trend was observed for heritability 
estimates, which were of 0.28 to 0.56 for SC and of 0.26 to 0.49 for HP, using 
RNM_H, and of 0.26 to 0.52 for SC and of 0.22 to 0.45 for HP, using RNM_A. The 
lowest correlation observed between unfavorable (-3.0) and favorable (3.0) EC levels 
were of 0.30 for EP and -0.12 for SC indicating the presence of GxE interaction. The 
GxE interaction effect implied in differences on animals’ genetic merit and re-ranking 
of animals on different environmental conditions. Strong SNP marker-environment 
interaction was detected for Nellore sexual precocity indicator traits with changes in 
effect and variance across EC levels. The RNM_H captured GxE interaction effects 
better than RNM_A, and improved the predictive ability around 14.04% for SC and 
21.31% for HP. The younger scheme increased the overall predictive ability for SC 
and HP compared to environment-specific scheme. The results suggest that 
inclusion of genomic information combined with pedigree to assess the GxE 
interaction, lead to variance components and genetic parameter estimates more 
accurate. 
 

Key-words: accuracy; beef cattle breeding; genomic prediction; random regression 
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2.1 Introduction 

In beef cattle breeding programs, sexual precocity indicator traits have been 

used as selection criteria, aiming to increase the herd efficiency. Usually, traits as 

heifer early pregnancy (EP) and scrotal circumference (SC) are used to identify and 

select animals sexually precocious. However, sexual precocity in cattle is affected by 

many environmental factors, e.g., heat stress and nutrition, which play a major role 

on the onset of puberty (Robinson et al., 2006). Differences in the environments 

have been pointed out as a main issue for sexual precocity variation in Brazilian 

herds (Nepomuceno et al., 2017; Ferraz Jr et al., 2018). The Brazilian beef cattle are 

raised predominantly on pasture with a wide range of environmental conditions with 

seasonal variations in forage production and different nutritional levels. In this 

scenario, genotype by environment (GxE) interactions could be an important source 

of phenotypic variation (Santana et al., 2015), mainly to sexual precocity traits in 

Nellore cattle (Ashworth et al., 2009; Chiaia et al., 2015). Thus, the genotype-

environment interactions (GxE) could occur, causing changes on animal’s 

performance under different environments, affecting the genetic variance and/or the 

rank of the animals (Burrow, 2012).  

Differential animal responses across environmental conditions have been 

assessed through reaction norm models (RNM), describing the animal sensitivity to 

environmental changes (Kolmodin et al., 2003; Calus and Veerkamp, 2003). 

Genomic information has been used to assess the GxE interaction representing a 

promising alternative to evaluate traits strongly influenced by environmental factors 

(Lillehammer et al., 2008, 2009; Silva et al., 2014; Mota et al., 2016; Zhang et al., 

2019). According to Hayes et al. (2016), the inclusion of genomic information in RNM 

has the potential to overcome the low number of phenotypic information from sires 

with offspring in a wide range of environments, given that the genotyped animals are 

well distributed across the environments.  

The inclusion of genomic information has improved the estimation of GxE 

effects and increasing the accuracy of predictions when compared to the pedigree 

relationship (Silva et al., 2014). Combining the information of genotyped and non-

genotyped animals in RNM may be important to aid the development of breeding 

programs in different environmental conditions. Thus, this study was carried out to 

verify the occurrence of GxE interaction in Nellore sexual precocity indicator traits by 

RNM using pedigree and combining pedigree and genomic relationship aiming to 
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increase accuracy of prediction applying different scheme of training and validation. 

In addition, the effect of GxE interaction on SNP markers in different environmental 

conditions was also evaluated. 

 

2.2 Material and methods 

2.2.1 Phenotypic and Genotypic Data 

Phenotypic data of Nellore animals were provided by three breeding 

programs: DeltaGen, Paint and Cia de Melhoramento. Animals were born between 

1984 and 2014, in 220 farms distributed in three regions of Brazil (Midwest, 

Southeast and Northeast). The sexual precocity indicator traits evaluated were, 

heifer early pregnancy (HP) and young bull’s scrotal circumference (SC). The HP 

was defined attributing a value of 1 (success) to heifers calving until 31 months of 

age and a value of 0 (failure) to heifers calving after 31 months of age. The SC (cm) 

was measured in young bulls at yearling with 18 ± 1.5 months of age. In some herds, 

heifers with age of 16 to 18 months were exposed to reproduction for 60 days in an 

anticipated breeding season from February to April in order to identify the sexually 

precocious heifers. To those heifers not conceiving in this anticipate season, a 

second chance was given, in the normal breeding season, when they were about 24 

month of age. 

The contemporary groups (CG) for HP and SC were formed combining 

information of year and season of birth, farm (at birth, weaning and yearling) and 

management group (at birth, weaning and yearling). The CG for HP in which animals 

showed the same response category (0 or 1), i.e. without variability, were excluded 

from the analysis. Phenotypic information for SC outside the interval between ± 3.5 

standard deviations of the CG average were excluded from the dataset. Only CG 

with more than five records were kept on the final dataset. The percentage of 

animals with unknown sire in the phenotypic file were of 30.86% for HP and 26.58% 

for SC. The structure of the phenotypic data is shown in Table 1. 
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Table 1. Structure of data set for heifer early pregnancy (HP) and scrotal 
circumference (SC). 

Trait Nº of observations Nº of Sires Nº of dams Nº of CG Mean (SD) 

HP (%) 85,874 1,950 69,626 3,386 26.45 (0.66)* 

SC (cm) 151,553 4,051 110,270 10,495 29.64 (2.34) 

HP – Heifer early pregnancy; SC – scrotal circumference; CG – contemporary 
groups; SD - Standard deviation, * Represents percentage of success for HP. 
 

A total of 1,900 heifers, 1,500 young bulls and 850 sires were genotyped 

using the Illumina BovineHD BeadChip assay (770k, Illumina Inc., San Diego, CA, 

USA) and 1,950 young bulls using GeneSeek® Genomic Profiler HDi 75K 

(GeneSeek In/c., Lincoln, NE). The young bulls genotyped with panel 75K were 

imputed to the HD panel using FImpute version 2.2 (Sargolzaei et al., 2014). 

Autosomal markers presenting minor allele frequency (MAF) lower than 0.05, p-

value for Hardy–Weinberg equilibrium test less than 10-5, and a call rate for markers 

and samples less than 0.95 were removed. After genotype quality control, 1,800 

heifers, 3,343 young bulls, 826 sires, and 412,528 SNPs remained in the dataset. 

 

2.2.2 Statistical Modeling 

2.2.2.1 Animal model 

The traditional linear animal model (BLUP), with pedigree information (A 

matrix), and the single-step GBLUP (ssGBLUP) combining pedigree and genomic 

information (H matrix), were used for SC. For HP, nonlinear animal models 

(threshold), using A or H matrix were also applied. In matrix notation, the equation 

model for each trait was: 

y=X𝛽+Z𝛼+e, 

where, y is the vector of phenotypic observations (SC and HP); 𝛽 is a vector of fixed 

effects (CG for HP and SC) and age at recording as linear co-variable for SC; 𝛼 is 

the vector of additive genetic effects; 𝑋 and Z are the incidence matrices relating y to 

the effects 𝛽 and a, respectively, and e is a vector of random residual effects. The 

HP was analyzed using the threshold model, assuming an underlying distribution as 

follows: 𝑓(𝐻𝑃|𝑙𝑖) =  ∏ 1(𝑙𝑖 < 𝑡𝑖)1(𝐻𝑃 = 0) + 1(𝑙𝑖 > 𝑡𝑖)1(𝐻𝑃 = 1)
𝑛𝑖
𝑖=1 , where HP is the 

binary trait (0 or 1), 𝑙𝑖 is the underlying liability of observation i, 𝑡𝑖 is the threshold that 
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defines the category response for HP and 𝑛𝑖 is the number of information (n = 

85,874). 

The additive genetic and residual effects were considered normally 

distributed: 𝑎={ai}~N(0, Aσa
2) or 𝑎={ai}~N(0,Hσa

2) for BLUP and ssGBLUP, 

respectively, and e = {eij}~N(0,Iσeij
2 ), where σa

2 and σeij
2  are the variance components 

for the additive genetic and residual effects, respectively; A represents the 

relationship matrix based on pedigree information, I is an identity matrix and H is a 

matrix combining pedigree and genomic relationship. The inverse, 𝐻−1 , is calculated 

as follows (Aguilar et al., 2010): 

𝐻−1=𝐴−1+ [
0 0
0 𝐺−1- 𝐴22

−1], 

where 𝐴−1 is the inverse of relationship matrix based on pedigree information, 𝐴22
−1 

represents the inverse of pedigree-based relationship matrix for genotyped animals 

and, 𝐺−1 is the inverse of the genomic relationship matrix obtained according to 

vanRaden (2008). 

 

2.2.2.2 Reaction Norm 

A reaction norm model in two-steps was considered in the present study 

(Calus and Veerkamp, 2003; Silva et al., 2014). In this study, the yearling body 

weight (YBW) was used to define the production level, given that the YBW has a 

great impact on sexual precocity in young bulls (Barth et al., 2008) and heifers 

(Nepomuceno et al., 2017). 

In the first step, the environmental condition (EC) to describe the production 

level, were based on the CG solutions for YBW. The CG was defined by animals 

born in the same year and season of birth, from the same farm (from birth to 

yearling) and management group (from birth to yearling). These solutions were 

obtained with an animal model using the ssGBLUP, separately for males and 

females as defined above. The CG solutions were standardized to a mean of 0 and 

variance of 1 and with values ranging from -3 to +3 standard deviations. The 

phenotypic trend and number of information across EC levels are shown on 

Supplementary information S1 Figure.  

In the second step, the single-trait reaction norm model was: 

𝑦𝑗𝑖 = 𝑋𝛽 + 𝜑𝑓Φ𝑓(𝐸𝐶𝑖) + 𝛼𝑗Φ𝑓(𝐸𝐶𝑖) + 𝑒𝑗𝑖, 
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where, 𝑦𝑗𝑖 is the vector for the phenotypic records (SC and HP) of animal j recorded 

in the level i of EG; 𝛽 is the vector with the fixed effects including CG and for SC the 

linear effect of age at recording and 𝑋 is the incidence matrix for fixed effects, 𝜑𝑓 are 

the fixed regression coefficients on Φ𝑓; Φ𝑓 is the Legendre polynomial for each EC 

level i (𝐸𝐶𝑖); 𝛼𝑗𝑓 are the random regression coefficients of additive effects for each 

animal j on the 𝐸𝐶𝑖, and 𝑒𝑗𝑖 is the random residual. The HP was analyzed assuming a 

threshold-reaction norm model assuming an underlying distribution as defined 

above. 

Five classes were used to model residual variances as follows: class 1= EC 

level lower than -1.5; class 2 = -1.5 ≤ EC level ≤ -0.5; class 3 = -0.5 < EC level ≤ 0.5; 

class 4 = 0.5 < EC level ≤ 1.5 and, class 5 = EC level higher than 1.5. The additive 

genetic and residual effects were considered normally distributed: a =

{aj}~N(0, A𝐾𝑎𝑏) or 𝑎 = {aj}~N(0, H𝐾𝑎𝑏) and e = {eij}~N(0, IR), where 𝐾𝑎𝑏= [
σa

2 σab

σab σb
2

] 

is the (co)variance matrix for the reaction norm coefficients - intercept (a) and the 

slope (b) - considering A matrix or H matrix; 𝑅 is the diagonal residual variance 

matrix considering 5 classes of variances defined above. 

Genetic variance (σ̂a𝐸𝐶𝑖

2
) and heritability (ĥ𝐸𝐶𝑖

2
) estimates for the traits in each 

EC level were calculated by the following equations: σ̂a𝐸𝐺𝑖

2
=Φ𝑓𝐾𝑎𝑏Φ𝑓 '; where Φ𝑓 is 

the Legendre polynomial estimate corresponding to the EC levels. Thus, the 

heritability (ĥ𝐸𝐶𝑖

2
) for each EC level was determined as follows: ĥ𝐸𝐶𝑖

2
=

σ̂a𝐸𝐶𝑖
2

σ̂a𝐸𝐶𝑖
2

+σ̂e𝐸𝐶𝑖
2 ; 

σ̂a𝐸𝐺𝑖

2
 and σ̂e𝐸𝐺𝑖

2
 are genetic and residual variances, respectively, in environment i. 

The genetic correlation across EC levels (𝑟𝐸𝐶𝑖,𝐸𝐶𝑖𝑛) was determined as follows: 

𝑟𝐸𝐶𝑖,𝐸𝐶𝑖𝑛 = 𝜎𝐸𝐶𝑖,𝐸𝐶𝑖𝑛 √σ̂a𝐸𝐺𝑖

2
∗ σ̂a𝐸𝐺𝑖𝑛

2
 ⁄ , where 𝜎𝐸𝐶𝑖,𝐸𝐶𝑖𝑛 is the covariance between EC 

level i and EC level in, estimated the same way as the genetic variance in each EC 

level.  

The reaction norm model described above was fitted: 1) considering the 

relationship among individuals based on the pedigree (RNM_A) and 2) genomic 

information matrix combined with pedigree relationship matrix (RNM_H). 
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2.2.3 Model inference and comparison  

Samples of the posterior distributions of the genetic parameters were 

obtained using a Bayesian approach and Gibbs sampler, applying GIBBS3f90 

program for SC and the THRGIBBS3f90 program for HP (Misztal et al., 2015). 

Bayesian analysis consisted of a single chain of 1,000,000 cycles, considering a 

burn-in of 100,000 iterations with samples stored at every 10 cycles. Thus, 90,000 

samples were used to obtain posterior parameter estimates. The convergence was 

evaluated through visual inspection and using the Bayesian Output Analysis (Smith, 

2007) and Geweke test (Geweke, 1992). 

The models were compared by the deviance information criterion (DIC) 

(Spiegelhalter et al., 2002): 

DIC=D̅(θ)+p
D
=2D̅(θ)-D(θ̅) 

in which D̅(θ)=Eθ|y[D(θ)] is the posterior expectation of Bayesian deviance; and 

𝐷(θ) = −2𝑙𝑛𝑝(𝑦|𝜃). The effective number of parameters represents a penalty from 

the increase in model complexity: p
D
=D̅(θ)-D(θ̅) where θ represents the model 

parameter vector; and 𝐷(𝜃̅) is the Bayesian deviance obtained as the posterior 

mean of the parameters. 

 

2.2.4 Breeding values and single polymorphism effects across EC levels 

The estimated breeding values (EBV) and the genomic breeding value 

(GEBV) associated with each EC level were obtained using the following equation: 

ĝ
j𝐸𝐶𝑖

=𝛼𝑗Φ𝑓′; where 𝛼𝑗 is the estimated additive genetic values for intercept and slope 

estimates of animal j and Φ𝑓′ is the transpose vector of the Legendre polynomials 

estimates for the EC level i.  

The SNP marker effects were estimated in different EC levels using linear 

prediction equation (Silva et al., 2014) as follows: ûk𝐸𝐶𝑖
=𝛼𝑘Φ𝑓′; where 𝛼𝑘 is the 

estimated effect for intercept and slope for each SNP marker k; Φ𝑓′ is the vector of 

the Legendre polynomials estimates for the EC level i; which allows the estimation of 

a vector of marker effects across EC levels. To assess the SNP effect pattern across 

EC level, a total of 30 SNP markers that presented the greatest absolute effect in 

medium EC level (0.0), were selected. The percentage of genetic variance explained 

by each SNP marker (σSNPECi
2 ) in each EC levels was estimated as follows: σSNPECi

2 = 
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2piqiûkECi
2

σaECi
2 ∗ 100, where ûkECi

2
 is the square of the SNP marker effect in the EC level i, p

i
 

and q
i
 are the allele frequencies, and σ̂a𝐸𝐺𝑖

2
 is the additive genetic variance in the EC 

level i. 

 

2.2.5 Predictive ability across EC levels 

The predictive ability was assessed partitioning the data set in two scenarios 

as follows: 

Scenario 1 (younger scheme): Training and validation data were subsets from 

the population based on year of birth, in such a way that the validation set was 

composed by animals born from 2008 to 2012 for HP and from 2011 to 2014 for SC. 

Scenario 2 (environment-specific scheme): Training and validation were 

subsets from animals classified according to the environmental levels: a) animals in 

the lowest EC levels (-3.0 to -1.0) were used as training set and those in EC levels of 

-0.5 to 3.0 as validation; (b) animals in the highest EC levels, of 1.0 to 3.0, for 

training and those in EC levels of -3.0 to 0.5 for validation. This scenario will show 

how well predictions would perform across-environments.  

In order to verify the distribution of the genotyped animals in the training and 

validation sets, a principal component analysis was used (Figure 1). The predictive 

ability was computed as the Pearson correlation between the breeding values 

obtained using A or H matrices and the phenotypes adjusted for fixed effects (y*), as 

follow: r̂i= cor(y*,(𝐺)𝐸𝐵𝑉𝐸𝐺𝑖), where y* (y*=y-(X𝛽̂)) is the vector of the adjusted 

phenotypes for fixed effects (𝑋𝛽) and (𝐺)𝐸𝐵𝑉𝐸𝐺𝑖 is the vector of the genomic 

breeding values (GEBV) for genotyped animals and breeding value (EBV) in each 

EC level.  
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Figure 1. Distribution of animals in training (black) and validation (red) groups in 
each validation scenario, obtained by principal component analysis based on the 
genomic matrix. Younger validation - partition into training and validation sets was 
based on year of birth; Environment-specific: Low - dataset was partitioned based in 
animals classified in poor environmental condition (of -3.0 to -1.0) for training set and 
those environmental conditions (of -0.5 to 3.0) for validation; High - dataset was 
partitioned based in animals in better environmental condition (of 1.0 to 3.0) for 
training and those environmental condition (of -3.0 to 0.5) for validation. 
 

2.3 Results and Discussion 

2.3.1 Comparison of models 

The results for DIC criterion pointed out that reaction norm models (RNM_A 

and RNM_H) presented a better fit than BLUP models (BLUP and ssGBLUP). Using 

RNM models instead of BLUP decreased DIC value in 5.71% for SC and 43.55% for 

HP (Table 2). Hence, models taking into account the GxE interaction showed a 

better adjustment of the data compared to the conventional models, as already 

showed by Mulder (2016). 

 

Table 2. Deviance information (DIC) criterion for models considering pedigree 
information (RNM_A and BLUP) and genomic information matrix combined with 
pedigree (RNM_H and ssGBLUP). 

Trait 
Models 

RNM_A RNM_H BLUP ssGBLUP 

SC 5,860 5,501 6,139 5,907 
HP 2,189 1,949 3,998 3,352 

SC – scrotal; HP - heifer early pregnancy; RNM_A – reaction norm model 
considering pedigree information; RNM_H – single-step reaction norm model; BLUP 
– animal model; ssGBLUP - single-step GBLUP 
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Including genomic information in ssGBLUP and RNM_H reduced DIC, on 

average, in 9.97 and 8.60%, respectively, compared to BLUP and RNM_A (Table 2). 

These results agree with Mota et al. (2016) that evaluated the GxE interaction for tick 

counts. The authors reported a reduction of 15.8% in DIC when using reaction norm 

with H matrix. Therefore, GxE interactions should be included in genetic evaluation 

models and the inclusion of genomic information in reaction norm models allows 

capturing genetic relationships between animals more accurately compared to 

evaluations considering only pedigree (Yu et al., 2017). 

 

2.3.2 (Co) Variance Components  

The inclusion of genomic information in the RNM increased the genetic 

variance of intercept and slope in 18.55% and 23.00%, respectively, on average 

(Table 3). The increase in genetic variance estimates by using genomic information 

has been previously described (Silva et al., 2014). In addition to resulting higher 

variance components estimates, the inclusion of H matrix in reaction norm models 

presented lower standard deviations (SD), i.e. more accurate predictions were 

achieved. These results are in agreement with previous studies in pigs (Silva et al., 

2014) and cattle (Mota et al., 2016). According to Forni et al. (2011) and Yu et al. 

(2017), using the H matrix instead of A matrix for genetic evaluation will reduce the 

error of prediction due to a better estimation of kinship coefficient. 
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Table 3. Variance component estimates and standard deviation (values in 
parentheses) for parameters of reaction norm model using pedigree (RNM_A) and 
genomic information matrix combined with pedigree matrix (RNM_H), for Nellore 
sexual precocity indicator traits, scrotal circumference (SC) and heifer early 
pregnancy (HP). 

Variance component 
SC  HP 

RNM_A RNM_H  RNM_A RNM_H 

Intercept (σa
2) 2.56 (0.131) 2.87 (0.082)  0.12 (0.076) 0.15 (0.041) 

Slope (σb
2) 1.42 (0.114) 1.60 (0.092)  0.09 (0.049) 0.12 (0.023) 

Covariance (σab) 1.20 (0.127) 1.25 (0.052)  0.08 (0.054) 0.09 (0.038) 

Slope / Intercept ratio 0.55 (0.090) 0.56 (0.072)  0.75 (0.082) 0.80 (0.066) 

Correlation (rab) 0.63 (0.104) 0.54 (0.086)  0.79 (0.124) 0.62 (0.075) 

Residual class 1 (σe1
2 ) 1.91 (0.110) 1.87 (0.070)  0.09 (0.027) 0.09 (0.012) 

Residual class 2 (σe2
2 ) 2.15 (0.082) 2.10 (0.051)  0.11 (0.014) 0.10 (0.013) 

Residual class 3 (σe3
2 ) 2.38 (0.058) 2.35 (0.033)  0.13 (0.043) 0.12 (0.026) 

Residual class 4 (σe4
2 ) 2.64 (0.071) 2.58 (0.059)  0.13 (0.052) 0.12 (0.031) 

Residual class 5 (σe5
2 ) 3.01 (0.095) 2.98 (0.046)  0.12 (0.020) 0.11 (0.015) 

Residual class 1: EC levels lower than -1.5; Residual class 2: -1.5 ≤ EC level ≤ -0.5; 
Residual class 3: -0.5 ≤ EC level ≤ 0.5; Residual class 4: 0.5 < EC level ≤ 1.5; 
Residual class 5: EC level from > 1.5. 

 

For both traits, the GxE interaction effects, given by the slope/intercept ratios, 

were higher when using RNM_H instead of RNM_A (Table 3). In this work, the 

genetic correlation estimates between intercept and slope were higher when using 

RNM_A model than RNM_H model, reinforcing the improvement in GxE estimation 

by using RNM_H for HP and SC (Table 3). However, the genetic correlation between 

intercept and slope were positive and of high magnitude, for both traits, indicating 

that animals with higher intercept (average breeding value) respond more when the 

environmental conditions become less restrictive. Some studies indicated that a high 

correlation between intercept and slope suggests the occurrence of animals re-

ranking when evaluated in different environments (Su et al., 2006; Oliveira et al., 

2016; Zhang et al., 2019). Oliveira et al. (2016) observed that this occurs by scale 

effect in the EBV. The correlation estimate between intercept and slope was similar 

to that observed by Santana Jr et al. (2018) in Nellore cattle for HP (0.65) and higher 

than those reported by Santana et al. (2013) and Santana et al. (2015) for SC of 

0.001 and 0.14, respectively. 

The residual variance estimates decreased around 1.10 to 10.50% using 

RNM_H instead of RNM_A (Table 3). The same trend was reported using H matrix in 



31 
 

 

RNM for body weight and visual scores in Nellore (Gordo et al., 2016; Oliveira et al., 

2016) and for total number born in pigs using G matrix (Silva et al., 2014). In the 

present study, the addition of genomic information in RNM (RNM_H) also resulted in 

a decrease in the genetic parameter estimations standard deviations (SD) 35.42% 

for SC and 37.31% for HP, on average (Table 3). Our results agree with those from 

Forni et al. (2011), Gordo et al. (2016) and Mota et al. (2016) who reported 

reductions on variance components SD of 31.82%, 31.80% and 22.63%, 

respectively, when combining genomic and pedigree relationship. 

 

2.3.3 Genetic Parameters  

Heritability estimates obtained with RNM_H model were from 0.28 to 0.56 for 

SC and from 0.26 to 0.49 for HP (Figure 2). The heritability estimates obtained with 

the RNM_H were around 8.14 and 12.30% higher for SC and HP, respectively, 

regarding those from RNM_A. The inclusion of genomic information may improve the 

genetic connectedness across herds, through the better genetic relationship 

between animals, which will affect the heritability estimates (Bérénos et al., 2014).  

 

Figure 2. Heritability estimates for scrotal circumference (SC) and heifer early 
pregnancy (HP) in Nellore cattle across different environmental conditions by the 
RNM_A (reaction norm model considering pedigree information) and RNM_H 
(reaction norm considering the combination of pedigree and genomic information). 

 

The heritability estimates for SC and HP traits, from both RN models showed 

the same trend, increasing with the environmental improvement, i.e. under less 

restrictive EC levels the genetic variance estimates increased. This tendency was 

previously described for SC (Santana et al., 2013; Chiaia et al., 2015) and HP 

(Santana Jr et al., 2018) in Nellore. The difference in heritability estimates in different 

EC levels occurs as consequence of the GxE interaction (Fordyce, 2006). 
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Using reaction norm models, the heritability estimates for SC and HP, in the 

intermediate EC level (0.0), were similar to those obtained with models disregarding 

GxE. These estimates using RNM_A and RNM_H were, respectively, 0.31 and 0.33 

for SC, and 0.29 and 0.32 for HP, while with BLUP and ssGBLUP the values were 

0.31 and 0.34 for SC, and 0.30 and 0.33 for HP (data not shown). The heritability 

estimates were lowest of those described in the literature for SC (0.51 to 0.67) 

(Santana et al., 2013; Chiaia et al., 2015) and HP (0.40 to 0.76) (Santana Jr et al., 

2018) in Nellore cattle considering GxE interaction. These differences in heritability 

estimates are directly associated with population and mainly by the environmental 

conditions used to define the production level used in RNM. 

Genetic correlation estimates for each trait under different EC levels ranged 

from -0.12 to 0.98 for SC, and from 0.30 to 0.99 for HP indicating the presence of 

GxE (Figure 3). For SC the genetic correlations estimated using H or A matrix were 

similar (Figure 3), as also found by Mota et al. (2016) and Oliveira et al. (2018) using 

genomic information in reaction norm for beef cattle. However, for HP, larger 

differences were observed in genetic correlation estimates when using the H matrix, 

with values ranging from 0.30 to 0.98, instead of 0.60 to 0.98 with A matrix. The 

effect of including genomic information seems even more important for HP trait. 
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Figure 3. Genetic correlation estimates for scrotal circumference (SC) and for heifer 
early pregnancy (HP) across different environmental condition considering A 
(pedigree information) and H (genomic and pedigree information) relationship 
matrices. 

 

The genetic correlation estimates between the extremes EC levels, using the 

H matrix, were of low magnitude and negative for SC (-0.12), and positive for HP 

(0.30; Figure 3). Therefore, in this case, a stronger effect of GxE interaction can be 

expected, leading to an important re-ranking of animals, based on EBV, across EC 

levels. The genetic correlations have been used to assess the degree of animal 

sensitivity to environmental changes (Robertson, 1959). These estimates are in 

agreement with other results reported by Santana et al. (2015), Chiaia et al. (2015) 

and Santana Jr et al. (2018), in which the magnitude of genetic correlation estimates 

decreased when differences between EC levels increased, indicating occurrence of 

GxE interaction with re-ranking of EBVs across EC levels. 
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2.3.4 GxE Interactions 

Reaction norm for 30 animals with higher GEBV in medium EC level (0.0) 

showed large re-ranking of animals (Figure 4). The effect of GxE interaction on 

animal sensitivity to changes in EC levels was expected as indicated by the genetic 

correlation estimates across EC levels lower than 0.80 and moderate between 

intercept and slope. The positive correlation between intercept and slope (Table 3) 

indicates that animals with a higher intercept estimate generally have a higher slope, 

increasing their performance when EC levels become less restrictive (Figure 4). 

 

 
Figure 4. Reaction norms for scrotal circumference (SC) and heifer early pregnancy 
(HP) considering RNM_A (left – breeding value) and RNM_H (right – genomic 
breeding value) relationship matrices, considering the 30 animals with highest 
genomic breeding values in the medium environmental condition (EC = 0.0), 
predicted with RNM_H. 
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The breeding values for SC across EC levels, obtained with both models 

(RNM_A and RNM_H), presented similar trends (Figure 4). However, for HP, large 

differences between the two models were observed, as already indicated by the 

genetic correlation estimates (Figure 3). These differences could be due to the fact 

that heifers show a lower connectedness among EC levels compared to young bulls. 

Including genomic information in the model not only improves animal’s relationship 

but also provides a better genetic connectedness driven by the degree of genomic 

links across EC levels. According to Hayes et al. (2016), with genomic information, 

the estimation of GxE interaction is improved since it has the potential to reduce bias 

when genotyped animals are well sampled across the environments. 

The animal sensitivity to environmental changes affected the GEBV 

distribution for both traits, leading to an increase on their average and distribution 

when the EC levels became less restrictive (Supplementary Information: S2 Figure). 

Under low environmental conditions (-3.0), the GEBV average for SC and HP were, 

respectively, 0.97 cm and 0.25%, and, for high EC level (3.0), these values were 

3.23 cm and 1.07%. According to Fordyce (2006), animal plasticity has an important 

effect on the mean and variance of the trait in different environmental conditions. 

Notably, the sexual precocity indicator traits (SC and HP) exhibited significant 

changes in the mean and genetic variation according to EC levels and animal 

selection should be carefully assessed. The findings of the present study showed 

similar trend to those reported in studies for reproductive traits (Santana Jr et al., 

2018; Araujo Neto et al., 2018), indicating that GxE interaction affects significantly 

the animal re-ranking across environmental conditions. 

Remarkably differences in (G)EBV and genetic correlation estimates, for 

Nellore sexual precocity indicator traits, were observed across EC levels (Figure 4) 

and indicate these traits are strongly influenced by GxE interaction. When GxE 

interaction occurs, the differences in (G)EBV of a trait in different environments 

would be determined by different genomic region. In the present study, the SNP with 

the greatest effect for Nellore sexual precocity indicator traits showed different 

contribution across EC levels, affecting the animal sensitivity (Figure 5). It was 

noticed that the SNP effects are environmentally dependent (Figure 5 A and B). 
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Figure 5. SNP marker effects reaction norms and percentage of the genetic variance 
explained by each SNP marker, for scrotal circumference (SC) and heifer early 
pregnancy (HP), considering the 30 SNP with the greatest absolute effects in 
medium environmental condition (EC = 0.0). 

 

The environmentally dependent SNP markers showed a great contribution for 

genetic variance explained in some environments, although with only a small 

percentage of genetic variance explained in other environments (Figure 5 C and D). 

This strong SNPxE interaction indicates that genomic regions show a striking effect 

for Nellore sexual precocity indicator at a certain EC level and not in others, with 

changes not only in magnitude but also in direction (Figure 5). A higher dispersion of 

SNP marker effects was observed when EC level became less restrictive, and the 

highest percentage of the genetic variance explained by a SNP was 1.029% for SC 

and 1.04% for HP. Mota et al. (2017) observed the same trend using RNM, i.e. the 

range and variance of the SNP effects increased with the EC level. Lillehammer et 

al. (2008), using a random regression model for QTL identification, reported that the 

largest variation on SNP effects occurred when environmental level became less 

restrictive. These authors observed re-ranking of markers across different 

environmental conditions highlighting that genomic regions with major effect in a 

determinate EC level do not show the same significance in another EC level. Studies 

evaluating GxE interaction effects on dairy cattle (Lillehammer et al., 2009; Hayes et 

al., 2009), beef cattle (Mota et al., 2017) and swine (Silva et al., 2014), revealed that 
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genomic region effects were environment-dependent, causing an important GxE 

interaction effect on phenotypic expression of traits. A possible explanation for this is 

that animals raised under less restrictive EC levels are able to express their genetic 

potential for sexual precocity. van Gestel and Weissing (2016) reported that animal 

adaptation and plasticity are controlled by genomic regions involved on major 

physiological process. 

 

2.3.5 Assessment of predictive ability across EC levels 

For both RNM_A and RNM_H models in younger scheme, the predictive 

ability, assessed by Pearson correlations between phenotype corrected (y*) and 

(G)EBV, increased with the EC levels, being higher in the most favorable 

environment (EC level = 3.0) (Figure 6). The low predictive abilities of (G)EBV for SC 

and EP, under restrictive EC levels, i.e. EC levels from -3.0 to -0.5, are perhaps in 

part due to their lower heritability estimates, compared to less restrictive 

environmental conditions (Figure 2). Moser et al. (2010) reported that there was a 

strong association between the predictive ability of genomic prediction and the 

heritability of the trait. Thus, a trait with a low heritability requires larger number of 

records to achieve a predictive ability similar to that obtained for traits with high 

heritability. In this context, Silva et al. (2014), evaluating number of pigs born, 

observed that the highest predictive ability occurred at intermediate levels, which 

showed the lowest heritability estimate, but the highest number of individuals 

evaluated. 
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Figure 6. Predictive ability assessed in younger scheme by Pearson’s correlations 
between adjusted phenotypes and genomic breeding values or breeding values for 
scrotal circumference (SC) and heifer early pregnancy (HP) in Nellore cattle across 
different environments, using pedigree-based reaction norm model (RNM_A) and 
single-step reaction norm model (RNM_H). 

 

Using younger scheme and the RNM_H model, (G)EBV predictive abilities 

for both traits were higher than those based on the RNM_A model, increasing  

from 14.61 to 21.18% for SC and from 12.74 to 22.56% for HP (Figure 6). The 

(G)EBV predictive abilities obtained using RNM_H were moderate (from 0.32 to 

0.51 for SC and 0.28 to 0.43 for HP). Our results are similar to that found by 

Oliveira et al. (2018) using a model including GxE interaction for Nellore body 

weight. The authors reported an increase in the predictive ability of 7.9% by using 

RNM_H instead of RNM_A. These results indicate that combining genomic and 

pedigree information could be considerably advantageous. 

Compared to RNM_A, the RNM_H model provided the greatest predictive 

ability across environmental levels (Figure 6), and an explanation could be the lower 

standard error for slope of reaction norm (Supplementary Information: S3 Figure). 

The H matrix allows exploiting the genetic similarity among pedigree-based 

unrelated individuals but that are genetically related to each other based on genomic 
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information, and it should contribute to increasing the predictive ability by improving 

the overall genetic connectedness among EC levels. 

For the environment-specific scheme, only RNM_H was applied. Using 

animals from the unfavorable environment as reference population and those from 

the favorable environment as validation population and vice-versa, instead of the 

younger scheme, reduced the overall predictive ability for both traits (Figure 6 and 

7). These reductions were, on average, 19.30% for SC, and 12.02% for HP in Low 

scheme and 13.90% for SC and 6.00% for HP in High scheme. One of the major 

factors on decreasing predictive ability observed for environment-specific scheme 

could be, partially, due to the small number of genotyped animals in the reference 

population compared to validation (Figure 1). Daetwyler et al. (2010) observed that 

the number of animals in reference compared to validation is one of the key factors 

in genomic prediction accuracy. 

Reduction in model predictive ability could be also due to GxE interaction 

effect on re-ranking of animals occurring, mainly, between those environments with 

genetic correlations lower than 0.80 (Figure 3). Moreover, with this environment-

specific scheme, animals from training and validation are less genetically related 

than in the younger scheme (Supplementary Information: S4 Figure). Our results 

agree with those from Nirea and Meuwissen (2017). The authors observed that 

considering a sampling of animals from different environments as reference 

population resulted in higher predictive ability than using an environment-specific 

scheme. 
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Figure 7. Predictive ability of genomic selection obtained for environment-specific 

scheme, partitioning dataset according to EC levels. Low training - animals from poor 

environmental condition (-3.0 to -1.0) used as training set and those environmental 

conditions (-0.5 to 3.0) for validation set; and High training - animals from better 

environmental condition (1.0 to 3.0) used as training set and those from 

environmental condition (-3.0 to 0.5) used as a validation set. 

 

Higher predictive ability was achieved with the younger scheme because it 

allowed a better relationship among reference and validation population (Figure 1 

and Supplementary Information: S4 Figure). Several studies have shown that the 

predictive ability depends on the degree of genomic relationship between individuals 

in training and validation subsets (Clark et al., 2012; Pryce et al., 2012; Lee et al., 

2017). The predictive ability results indicated the younger scheme as the best 

scheme in this work, since it combines animals across EC levels leading to a better 

sampling of genotyped animals. 
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2.4 Conclusions 

Our results indicate the occurrence of genotype-environment interaction 

effects on Nellore sexual precocity indicator traits (scrotal circumference and early 

heifer pregnancy). Using a reaction norm model, combining pedigree and genomic 

information to evaluate genotype-environment interaction, increases breeding values 

predictive abilities compared to a model considering pedigree only. 

The genomic breeding values for heifer pregnancy and scrotal circumference 

were sensitive to changes in environmental levels demonstrating an important effect 

of the GxE interaction. Strong SNP marker-environment interaction was detected for 

Nellore sexual precocity indicator traits with changes in SNP effect and genetic 

variance estimates across environmental levels. 

Validation schemes allowing sampling animals across the EC levels for 

training and validation subsets, keeping a close relationship between them, are 

indicated.  
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2.6 Supplementary Information 

 

 

S1 Figure. Number of records across environmental conditions and phenotypic 
average for Nellore sexual precocity indicator traits, [A] scrotal circumference (SC) 
and [B] heifer early pregnancy (HP). 
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S2 Figure. Probability density distribution of genomic breeding values estimated 
using results of reaction norm model for three environmental conditions. Low (dark 
yellow color) environmental condition = -3.0; Medium (dark green color) 
environmental condition = 0.0 and High (dark blue color) environmental condition = 
3.0, for Nellore scrotal circumference (SC) and heifer early pregnancy (HP). 

 

 

 

S3 Figure. Random slope estimation and standard error (SE) for Nellore scrotal 
circumference (SC) and Nellore heifer early pregnancy (HP). RNM_A – reaction 
norm model considering pedigree information and RNM_H – single-step reaction 
norm model. 
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S4 Figure. Genomic relationships among animals in training and reference subsets 
for younger scheme and environment-specific scheme used to assess the predictive 
ability for scrotal circumference (SC) and heifer early pregnancy (HP) in Nellore 
cattle. The red line indicates the mean of genomic relationship among animals.  
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Chapter 3 – Pleiotropic regions identified as key-modulators in Nellore 

reproductive traits in three environmental conditions 

 

Abstract – Genome-wide association studies (GWAS) are an effective approach to 
identify genetic variants associated with reproductive traits. Despite significant 
advances in understanding genetic determinants on sexual precocity in Nellore 
cattle, there is still a lack of insights about the genetic variation in response to 
environmental changes. Hence, multi-trait meta-analysis method for GWAS was 
carried out to identify candidate genomic regions affecting multiple traits associated 
with reproductive traits in Nellore cattle, raised under different environmental 
conditions (EC). Phenotypic records of age at first calving (AFC), heifer early 
pregnancy (HP), heifer rebreeding (HR), and scrotal circumference (SC) measured 
on 128,994; 85,339; 90,831 and 151,053 animals, respectively, were used. From 
those, 1800 heifers, 3050 young bulls, and 800 sires were genotyped with BovineHD 
BeadChip. A reaction norm model was applied to estimate the animals’ response to 
environmental changes. The SNP effects for reproductive traits were estimated using 
a linear transformation of the genomic breeding values. The meta-analysis GWAS 
were performed on SNP effects for each trait under the three EC levels (Low = -3.0, 
Intermediate = 0, and High = 3.0). Both single-trait and the statistical combination of 
single-trait GWAS pointed out genomic regions on BTA 5, 14, and 29 with major 
pleiotropic effect for reproductive traits under EC levels. The statistical combination 
resulted in 56 significant SNP markers, at an empirical threshold of p < 1 × 10−6 
(FDR = 1%). Within 0.2 Mb of the significant regions, candidate genes significantly 
overrepresented on biological factors affecting scrotal circumference, age at puberty, 
conception rate, heifer pregnancy, interval to the first estrus after calving and 
ovulation rate were found. From the gene network analyses, the key genes PLAG1, 
IGF1, IGF2, INS, TH, LYN, and HRAS were found to shelter pleiotropic variants 
affecting reproductive traits on different EC levels as regulators of reproductive 
pathways. The identification of such shared genomic regions under different EC 
levels and with pleiotropic effects in reproductive traits, contribute to a better 
understanding of the molecular mechanisms affecting reproduction in Nellore cattle 
raised under different environmental conditions. 

 

Keywords: genotype-environment interaction, GWAS, genomics, meta-analysis, 

pleiotropic effect 
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3.1 Introduction 

Reproductive performance plays an important role in the economic efficiency 

of beef cattle systems because these traits are paramount to the profitability of beef 

production systems. However, reproductive efficiency is mostly affected by 

environmental conditions defined by differences in heat stress and nutrition factors, 

with striking effects in beef cattle (Robinson et al., 2006; Ashworth et al., 2009). 

Sexual precocity phenotypic variation has often shown an association with nutritional 

factors, due to its effect in the energy metabolism regulating the major reproductive 

hormones (Roche et al., 2011; Lucy et al., 2014). 

Nellore cattle in Brazil are raised on pasture in a wide range of environments, 

mostly in seasonally poor nutrition, high temperature, and humidity. These different 

environmental conditions could lead to genotype-environment (GxE) interaction 

(Burrow, 2012) and can be an important source to the genetic variation in 

reproductive traits, affecting animals ranking and population genetic gain (Rauw and 

Gomez-Raya, 2015; Mulder, 2016). 

Reproductive traits have a complex inheritance controlled by different 

genomic regions (Robinson et al., 2006; Lucy, 2008; D’Occhio et al., 2019) and can 

be affected by environmental factors (Zhang et al., 2019). The environmental 

conditions may often lead to changes on metabolic or endocrine functions 

associated to onset of puberty (Moriel et al., 2012; Samadi et al., 2014; D’Occhio et 

al., 2019). Thus, when GxE interaction occurs, it is expected a changing in genomic 

regions with a significant effect on reproductive traits, according to the environmental 

conditions (Zhang et al., 2019). The understanding of this biologic process could be 

important to design strategies for reproductive traits selection.  

Single-trait genome wide scan (GWAS) has been successfully used for 

identification of genetic variants associated to several reproductive traits (Cole et al., 

2011; Hawken et al., 2012; Fortes et al., 2013; Irano et al., 2016; Melo et al., 2018). 

In this context, GWAS, through a reaction norm model, permits to identify 

environmental-dependent genomic regions associated to reproductive traits 

(Lillehammer et al., 2007; Zhang et al., 2019). 

Usually, traits used to select animals for reproductive efficiency, as age at first 

calving, heifer early pregnancy, heifer rebreeding and scrotal circumference, are 

associated to each other and are affected by GxE interaction (Chiaia et al., 2015; 

Santana et al., 2017; Santana Jr et al., 2018). In addition, combining the results from 
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single-trait GWAS across environments, can improve the power for identifying 

shared genomic variants across EC levels and the existence of possible pleiotropic 

effects on different reproductive traits (Evangelou and Ioannidis, 2013; Bolormaa et 

al., 2014; Melo et al., 2018). Hence, the objective of this study was carried out to 

identifying major pleiotropic genomic regions associated to age at first calving (AFC), 

heifer early pregnancy (HP), heifer rebreeding (HR), and scrotal circumference (SC) 

traits, in Nellore cattle raised in different environmental conditions (EC). 

 

3.2 Material and Methods 

3.2.1 Ethical approval 

Procedures were approved by the Animal Care of the School of Agricultural 

and Veterinary Science, São Paulo State University (UNESP) Ethical Committee 

(protocol No. 18.340/16). 

 

3.2.2 Phenotypic information 

Nellore heifers and young bulls’ phenotypic information were provided by 

three breeding programs: DeltaGen, Paint and Cia de Melhoramento. The animals 

were born between 1984 and 2014 in 220 farms located in the Midwest, Southeast, 

and Northeast of Brazil. Reproductive traits were: age at first calving (AFC), heifer 

early pregnancy (HP), heifer rebreeding (HR) and scrotal circumference (SC). 

The AFC was computed as the difference between the date of first calving 

and heifer date of birth, in days. HP was defined attributing a value of 1 (success) to 

heifers calving until 31 months of age and 0 (failure) otherwise. The HR was 

computed attributing a value of 1 (success) or 0 (failure) to females that presented or 

not a second calf, respectively. The SC (cm) was measured at 18 ± 1.5 months of 

age. 

Contemporary groups (CG) were defined by animals born in the same year, 

raised in the same farm (at birth, weaning, and yearling), and belonging to the same 

management group (at birth, weaning and yearling). For HR, the systematic effect of 

early pregnancy and calf sex were included in the CG. In some of the herds, two 

breeding seasons are adopted: 1) an anticipated breeding season from February to 

April in which all heifers are exposed to reproduction for 60 days and 2) a breeding 

season starting around November and lasting for 90 days in which all cows and 

heifers, which did no conceive in the first breeding season, are exposed. 
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Phenotypic data for HP and HR, in which all animals showed the same binary 

response (0 or 1) within CG were excluded. For AFC and SC, phenotypic data 

outside of the interval of 3.5 standard deviations below and above the CG mean 

were excluded. For all traits, CG with less than five phenotypic records were 

excluded. A summary of the descriptive statistics is presented in Table 1. 

 

Table 1 – Descriptive statistics for reproductive traits, and heritability estimates 
(standard errors) using an animal model and single-step GBLUP. 

Trait Number of CG Number of information Mean S.D. Heritability 

AFC (days) 10495 128994 1042.00 110.91 0.12 (0.006) 

SC (cm) 9154 151053 28.67 2.35 0.34 (0.008) 

HP (%)* 3786 85339 26.45 0.66 0.33 (0.004) 

HR (%)* 7798 90831 69.85 0.55 0.27 (0.003) 

AFC – Age at first calving; SC – scrotal circumference; HP – heifer early pregnancy; 
HR – heifer rebreeding; S.D. – standard deviation; * Mean represents the percentage 
of success for HP and HR. 

 

3.2.3 Genotypes 

A total of 1,900 heifers, 1,500 young bulls and 850 sires were genotyped 

using the Illumina BovineHD BeadChip assay (770k, Illumina Inc., San Diego, CA, 

USA) and 1,750 young bulls using GeneSeek® Genomic Profiler HDi 75K 

(GeneSeek Inc., Lincoln, NE). The young bulls genotyped with panel 75K were 

imputed to the HD panel using FImpute v.2.2 (Sargolzaei et al., 2014). The 

imputation accuracy of animals genotyped with lower density are expected to be 

higher than 0.98 (Carvalheiro et al., 2014). Autosomal markers presenting minor 

allele frequency (MAF) less than 0.03, significant deviation from Hardy–Weinberg 

equilibrium (P ≤ 10-5) and call rate of markers and samples less than 0.95 were 

removed. After quality control, 1,800 heifers, 3,050 young bulls, 800 sires and 

451,554 SNP remained for further analyses. 

 

3.2.4 Statistical Modeling 

The environmental conditions (EC), describing production levels, were based 

on the solutions of CG for yearling body weight (YBW). Yearling weight is an 

indicator of nutritional conditions across herds. Differences in EC affecting body 

weight could reduce reproductive performance due to changes in metabolic 

homeostasis (Samadi et al., 2014). In this study, two-steps were used to analyze 

GxE interaction effects on reproductive. 



53 
 

 

 

3.2.4.1 First Step 

In the first step, the EC levels were determined by the CG solutions for YBW 

obtained using animal models and the single-step GBLUP (ssGBLUP) method, 

separated for males and females, as follows: 

𝑦 = 𝑋𝛽 + 𝑍𝑎 + 𝑒 

where 𝑦 is the vector of phenotypic information for YBW; 𝛽 is the fixed effect for CG 

(defined by animals born in the same year and season, in the same farm from birth 

to yearling and management group from birth to yearling) and age at recording as a 

linear co-variable; 𝑎 is the vector of additive genetic effect assuming the normal 

distribution 𝑁(0, 𝐻𝜎𝑎
2) in which 𝜎𝑎

2 is the additive genetic variance and 𝐻 is the 

pedigree-genomic relationship matrix; 𝑒 is the residual effect following the 𝑁(0, 𝐼𝜎𝑒
2), 

𝐼 is the identity matrix and 𝜎𝑒
2 is the residual variance. The 𝑋 and 𝑍 are the incidence 

matrices related to fixed and random effects. 

In the ssGBLUP model the combined pedigree-genomic relationship matrix 

(𝐻) was used and its inverse (𝐻−1) was calculated as follows (Aguilar et al., 2010): 

𝐻−1=𝐴−1+ [
0 0
0 𝐺−1- 𝐴22

−1] where 𝐴22
−1 represents the subset of the inverse of the 

pedigree-based relationship matrix for the genotyped animals, and 𝐺−1 is the inverse 

of the genomic relationship matrix, according to VanRaden (2008). 

The CG solutions means obtained separately for males and females to define 

the EC levels were standardized to a mean of 0 and variance of 1, with values 

ranging from -3.0 to +3.0 standard deviations. The phenotypic trend and number of 

phenotypic information across EC levels are shown in supplementary information S1 

Figure. 

 

3.2.4.2 Second Step 

In order to obtain the random regression coefficient estimates for each animal 

(intercept and slope) to estimate the genomic breeding value across EC levels, to be 

used as pseudo-phenotypes on GWAS, the follow single-trait reaction norm model 

was used: 

𝑦𝑖𝑗 = 𝑋𝛽 + 𝜑𝑓Φ𝑓(𝐸𝐶𝑗) + 𝛼𝑖𝑓Φ𝑓(𝐸𝐶𝑗) + 𝑒𝑖𝑗, 
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where, 𝑦𝑖𝑗 is the vector for phenotypic record (AFC, HP, HR, and SC) of animal i 

recorded in the level j of EC; 𝑋𝛽 is the fixed effects including CG and, for SC, the 

linear effect of age at recording, 𝜑𝑓 are the fixed regression coefficients on Φ𝑓; Φ𝑓 is 

the Legendre polynomial for each EC level (𝐸𝐶𝑗); 𝛼𝑖𝑓 are the random regression 

additive effect coefficients corresponding to animal i on EC level j, and 𝑒𝑖𝑗 is the 

random residual. Heifer early pregnancy (HP) and heifer rebreeding (HR) were 

analyzed assuming threshold-reaction norm models, considering an underlying 

distribution as follows: 𝑓(𝑦|𝑙𝑖) =  ∏ 1(𝑙𝑖 < 𝑡𝑖)1(𝑦 = 0) + 1(𝑙𝑖 > 𝑡𝑖)1(𝑦 = 1)
𝑛𝑖
𝑖=1 , where y 

is the binary trait HP or HR, 𝑙𝑖 is the underlying liability of binary observation i, 𝑡𝑖 is 

the threshold that defines the category response for 𝑦 scale and 𝑛𝑖 is the number of 

information for HP or HR. 

There were considered five classes of EC: class 1: EC level lower than -1.5; 

class 2: -1.5 ≤ EC level ≤ -0.5; class 3: -0.5 ≤ EC level ≤ 0.5; class 4: 0.5 < EC level 

≤ 1.5; and class 5: EC level higher than 1.5. The model described above was fitted 

using the single-step GBLUP (ssGBLUP) approach, where the genomic information 

is combined with pedigree information (Aguilar et al., 2010). 

The additive genetic and residual effects were considered normally 

distributed: a={aj}~N(0,HKab) and e={eij}~N(0,ℛ), where Kab= [
𝜎𝑎

2 𝜎𝑎𝑏

𝜎𝑎𝑏 𝜎𝑏
2 ] is the 

(co)variance matrix attributed to random regression coefficients of the intercept (a) 

and the slope (b) and ℛ is the diagonal residual variance matrix considering 5 

classes of heterogeneity. The H matrix is given by: where A corresponds to the 

relationship matrix based on pedigree information, 𝐻 = 𝐴 + [
0 0
0 𝐺 − 𝐴22

], in which 

𝐴22 represents of subset of pedigree-based relationship matrix for genotyped 

animals and G is the genomic relationship matrix obtained according to VanRaden 

(2008). 

The analyses were performed using GIBBS3f90 program for AFC and SC and 

the THRGIBBS3f90 program for HP and HR (Misztal et al., 2015). A single chain of 

1,000,000 cycles was used, considering a burn-in of 100,000 iterations and the 

results being saved at every 10 cycles. A total of 90,000 samples were used to 

obtain posterior parameter estimates and their convergence was evaluated through 
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visual inspection and using the Bayesian Output Analysis (Smith, 2007) and Geweke 

test (Geweke, 1992) 

 

3.2.5 Estimates of SNP effects 

In the GWAS analyses, animals with accuracies (based on prediction error 

variance [PEV] acc = √1-PEV
σa

2⁄ ) lower than 0.40 for reaction norm parameters 

(intercept and slope) were excluded. Therefore, a total 1,778 heifers, 2,985 young 

bulls and 745 sires were considered for genome wide association analyses. 

Animals GEBVs were estimated across EC levels using the following 

equation: 𝑔̂𝐸𝐶 =  𝛼𝑖𝛷𝑓′ , where 𝛼𝑖𝑓 is the vector of estimated additive genetic values 

for regression coefficients (intercept and slope) of animal i and 𝛷𝑓′ is the transpose 

vector of the Legendre polynomial for the EC level. Animal GEBVs estimated in three 

EC levels -3.0 (Low), 0.0 (Medium) and 3.0 (High) were used to estimate SNP 

marker effects. 

The SNP effects (𝑢̂𝑘) were estimated for the reproductive traits (AFC, HP, HR 

and SC) separately in the three EC levels: Low (AFC_L, HP_L, HR_L and SC_L) 

Medium (AFC_M, HP_M, HR_M and SC_M) and High (AFC_H, HP_H, HR_H and 

SC_H) from a linear transformation of estimated GEBV (Gualdrón Duarte et al., 

2014) using: ûk=Z
'
G

-1
𝑔̂𝐸𝐶. The Z (n x m) (where m and n are the numbers of SNPs 

and animals, respectively) is the SNP matrix assuming 0, 1, and 2 for genotypes AA, 

AB, and BB, respectively, and G
-1

 is the inverse of genomic relationship matrix, 

according to VanRaden (2008) and 𝑔̂𝐸𝐶 is a vector of the GEBV estimates in Low, 

Medium and High EC level. 

The variance for each SNP effect (𝜎ûk

2
) from a linear transformation of 

estimated GEBV was estimated according Gualdrón Duarte et al. (2014) as follows: 

𝜎ûk

2 = 𝑍′𝐺−1𝑍𝜎𝑎
2 − 𝑍′𝐺−1𝐶𝑎𝑎𝐺−1𝑍, 

where 𝜎𝑎
2 is the genetic variance for reproductive traits evaluated in three EC levels 

defined above and 𝐶𝑎𝑎 was obtained from the inverse of coefficient matrix of the 

mixed model equations as follows: 

𝐶𝑎𝑎 = 𝜎𝑒
2(𝐼 − 𝑋(𝑋′𝑋)−1𝑋′ + 𝐺−1𝜆)−1 
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where  𝜎𝑒
2 is the residual variance for each reproductive trait evaluated in three EC 

levels; 𝐼 is the identity matrix; 𝑋 is the incidence matrix related to genotypes and 

GEBV and 𝜆 is the residual variance and genetic variance ratio (
𝜎𝑒

2

𝜎𝑎
2⁄ ) for each 

reproductive trait in three EC level. 

 

3.2.6 Detection of pleiotropic candidate genomic regions 

To identify the pleiotropic regions affecting reproductive traits in the three EC 

levels Low (AFC_L, HP_L, HR_L and SC_L), Medium (AFC_M, HP_M, HR_M and 

SC_M) and High (AFC_H, HP_H, HR_H and SC_H), the statistical combination 

method, described by Bolormaa et al. (2014), was used. Statistical tests were 

performed standardizing the SNP effect in each EC level as follows: 𝑡𝑘 =
𝑢𝑘

𝑆𝐸(𝑢𝑘)
. In 

this way, 𝑡𝑘 is the t-values for the SNP marker effect; 𝑢̂𝑘 is the SNP effects for each 

trait in each EC level and 𝑆𝐸(ûk) is the standard error for SNP effect (𝑢̂𝑘).  

Multi-trait statistic test was used to evaluate the association and influence of 

SNP effects for reproductive traits across different environments and traits 

(Bolormaa et al., 2014). This statistic test summarizes single-marker statistics 

following a 𝜒2 distribution with k degrees of freedom, where k is the number of traits 

included in the multi-trait statistic test. For each SNP marker (total of 451,554 SNP 

markers) the statistic was: 𝑀𝑢𝑙𝑡𝑖 − 𝑡𝑟𝑎𝑖𝑡 𝜒2 = 𝑡𝑘
′ 𝑉−1𝑡𝑘, where 𝑡𝑘 is a vector 12 x 1 of 

the signed t-value of SNPk for the 4 reproductive traits in the 3 environmental 

conditions, 𝑡𝑘
′  is a transpose of vector 𝑡𝑘; 𝑉−1 is an inverse of the t-values correlation 

matrix (12 x 12). The 𝑉−1 was corrected by adding the average correlation of each 

trait to their respective diagonal element. This correction was used because some 

traits show higher correlations than others and may lead to highly significant 

composite scores even when single-trait analyses have lower evidence of the 

association (Pereira et al., 2016). 

 The assessment of possible GWAS predictions inflation were calculated 

based on the inflation/deflation factor (λ): λ =
𝑚𝑒𝑑𝑖𝑎𝑛 (𝑝 − 𝑣𝑎𝑙𝑢𝑒)

0.456
⁄ , where 

values of λ ranging between 1.0 and 1.1 were considered acceptable (Devlin and 

Roeder, 1999). The p-value was adjusted for multiple tests using the false discovery 

rate (FDR) test (Qu et al., 2010): 𝑓𝑑𝑟 = 𝑚 ∗ 𝛼 𝑠⁄ , where 𝑚 the total number of SNP 

markers in the analyze (n = 451,554), 𝛼 is the significance threshold and 𝑠 is the 
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number of significant markers with p-value < 𝛼. To select a value for α that results a 

false discovery rate lower than 1% the p-value rank position proceeding as described 

by Benjamini and Hochberg (1995). 

 

3.2.7 Gene mapping of significant SNP for GWAS statistical combination 

The SNP markers from GWAS statistical combination were deemed 

significant when –log10(p-value) > 6.0, where the significance was based on the FDR 

test. Genes located within 200 kb of each SNP were identified using the Ensembl 

gene 93 database (Aken et al., 2016) for cattle using the UMD v3.1 assembly, as 

well as the BioMart R package (Durinck et al., 2009). The animal QTL database 

(QTLdb) for cattle (Hu et al., 2016) was used to identify if significant genomic regions 

were in overlapped with described quantitative trait loci (QTL). Biological 

mechanisms and pathways (Gene Ontology - GO) involving the candidate genes 

were identified using the clusterProfiler R Package (Yu et al., 2012). GO terms test 

was based on hypergeometric distribution using the false discovery rate (FDR) 

multiple testing (p-value < 0.01). 

Aiming to gain additional insights regarding the genes, based on biological 

process, clusterProfiler R Package (Yu et al., 2012) was used to classify the GO in 

groups, highlighting the biological key role. Interactions between protein-coding 

genes were predicted using the STRING database with default settings according to 

Szklarczyk et al (2015). The networks were graphed using gephi 0.9.2 (available at: 

http://gephi.github.io/) from results of String and were used the modularity score to 

identify sub-network structure (Blondel et al., 2008). 

 

3.3 Results 

3.3.1 Single-trait GWAS for reproductive traits in three EC levels 

With the single-trait GWAS analysis, genomic variants significantly associated 

(p-value < 5×10−6) with reproductive traits and located on different chromosomes 

were identified (Additional file 2: Figure S2). The quantile-quantile (Q-Q) plot shows 

that the inflation-factor (λ) estimates ranged from 1.01 to 1.19 (Additional file 3: 

Figure S3). 

Reproductive traits in High EC level showed the highest number of significant 

genomic regions (Figure 1). Based on the single-trait GWAS results, a total of 95 

SNP for AFC_H, 96 for HP_H, 146 for HR_H and 90 for SC_H were deemed as 

http://gephi.github.io/
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significant (Figure 1 A). Shared genomic regions varied according to the genetic 

correlation between reproductive traits in different EC level (Figure 1 B and 

Additional file 4: Table S1). As expected, the same trait in high and medium EC 

levels (highly correlated; Additional file 4: Table S1), showed a large number of 

shared genomic regions, a total of 49 for SC (r = 0.83), 35 for HP (r = 0.81) and 28 

for HR (r = 0.75; Figure 1 B). Major significant pleiotropic variants, including peaks 

higher than the FDR threshold (-log
10

(p-value)>6.0), were detected on BTA 5, 7, 10, 

14, 16, and 29 (Additional file 2: Figure S2). 
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Figure 1. Genomic regions significantly (−log10(p − value) > 6.0) associated to reproductive traits - age at first calving (AFC), 
scrotal circumference (SC), heifer early pregnancy (HP) and heifer rebreeding (HR) - in three EC levels low (L), medium (M) and 
high (H). A – Total number of SNP markers identified and B - Overlap of significant SNP markers indicating the pleiotropic and 
shared regions. Colors represent number of 12 traits (4 traits x 3 environmental conditions) with shared regions and bars represent 
the number of SNP in overlap. 
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3.3.2 Multi-trait statistical combination to detect pleiotropic regions 

Results from Multi-trait statistical combination analysis showed inflation-

factors (λ) of 1.083 and a total of 56 SNPs with a significance level of 

-log
10

(p-value)>6.0, resulting in a 𝑓𝑑𝑟 = 0.01 (Figure 2). These results highlight 13 

regions, distributed in six regions chromosomes, as pleiotropic regions for 

reproductive traits in different EC levels (Figure 2 and Table 2). These 13 regions 

were also mapped in single-trait GWAS in the same positions within chromosomes 

5, 7, 10, 14, 16 and 29 (Figure 3). Combining GWAS results enabled to identify 

pleiotropic effects for reproductive traits in EC levels, explaining their associations. 

A linkage disequilibrium (LD) analysis was performed indicating a strong 

association (LD from 0.40 to 0.80) around the top scoring SNP markers within these 

regions (Figure 4). This is an indication that these chromosome segments, most 

likely, show similar genetic signal in the different environment levels. 
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Figure 2. Manhattan plot for statistical combination of genome-wide results for loci affecting age at first calving (AFC), scrotal 
circumference (SC), heifer early pregnancy (HP), and heifer rebreeding (HR) in three environmental conditions Low (L), Medium 
(M) and High (H). Manhattan plot with significant (-log

10
(p-value)>6.0) associations where highlighted in red and suggestive 

associations (5 < -log
10

(p-value) < 6) in light green. 
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Table 2 – Identification of genes within the 200 kb of 56 SNP markers identified in multi-
trait statistical combination (-log

10
(p-value)>6.0) for reproductive traits in three 

environmental condition in Nellore heifers and young bulls. 

Chromosome 
Genomic region1 

Number 
of SNP2 Gene symbol Initial 

position 
End 

position 

5 66436841 66522516 8 PARPBP, PMCH, IGF1 

7 3640197 3710059 5 
ATP13A1, CILP2, 

GATAD2A, GMIP, LPAR2, 
NDUFA13, PBX4, TSSK6 

10 43641433 43641433 1 ATL1, SAV1 

14 25009960 25199512 12 
LYN, RPS20, MOS, PLAG1, 

CHCHD7, SDR16C5, 
SDR16C6, PENK 

14 25211447 25254540 8 SDR16C5, SDR16C6, PENK 
14 25312775 25521782 6 SDR16C6, PENK, IMPAD1 
16 45808109 45887895 7 RERE, SLC45A1 
29 49110300 49174899 2 OSBPL5, CARS, NAP1L4 
29 49588566 49588566 1 KCNQ1 

29 
50053108 50053108 

1 
ASCL2, TH, INS, IGF-2, bta-

mir-48 

29 50385393 50602910 1 
PDDC1, POLR2L, CD151, 
PNPLA2, RPLP2, PIDD1, 

DRD4, TSPAN4 

29 50702910 50717364 2 
MOB2, RASSF7, TMEM80, 
LRRC56, HRAS, bta-mir-

2410, bta-mir-210 
29 51087878 51288335 2 MUC5B, MUCAC 

1 Refers to SNP markers position within 200 kb used for search genes using the 
Ensembl gene 93 (UMD v3.1 assembly)  
2 Number of significant SNP markers in this region. 
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Figure 3. Single trait GWAS results Manhattan plot for age at first calving (AFC), scrotal 
circumference (SC), heifer early pregnancy (HP), and heifer rebreeding (HR) in three 
environmental conditions Low (L), Medium (M) and High (H) for the significant regions 
found with the Multi-trait statistical combination method. 
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Figure 4. Association plot and linkage disequilibrium for six genomic significant regions 
on chromosome 5, 7, 10, 14, 16 and 29. LD (r2) with the top scoring marker is 
represented according to the indicated color scale. 

 

The effects of the 56 significant SNP markers varied according to the EC level 

(Figure 5), indicating a strong SNP x E interaction. Changes in the SNP effects with EC 

levels were both in ranking and variance. The percentages of genetic variance 

explained by the genomic regions were:  16.89%, 19.86% and 22.85% for AFC; 

15.96%, 19.82% and 23.03% for HP; 19.04%, 22.15% and 22.51% for HR; and 15.84%, 

18.50% and 21.53% for SC, respectively, in Low, Medium and High environmental 

conditions. Differences in SNP effects occurred as response to environmental changes, 

mainly for AFC, HP and SC (Figure 5). For all traits, the highest dispersion of SNP 

effects and the highest percentage of the genetic variance explained by SNP markers 

were observed in the High EC level. 



65 
 

 

 

Figure 5. SNP marker effects of genomic regions significantly associated 
(-log

10
(p-value)>6.0) to age at first calving (AFC), heifer early pregnancy (HP), heifer 

rebreeding (HR) and scrotal circumference (SC) on three EC levels: Low, Medium and 
High. The color represents the chromosome (CHR) and line represents the 56 SNP 
markers. 

 

3.3.3 Gene-set enrichment annotation 

With the meta-analysis genome scan 56 SNP markers significantly associated 

with male and female reproductive traits in Nellore cattle, were found. From those, a 

total of 45 genes were mapped within 200 kb and show a striking effect on reproduction 

traits (Figure 6). 

Significant regions detected on BTA5 harbors three putative candidate genes for 

sexual precocity (IGF1, PARPBP and PMCH) and are associated to biological 

processes affecting growth and reproduction (Additional file 5: Table S2). A region on 

BTA7 harbors eight candidate genes (Table 2) affecting physiological processes with 

important effects in lipid signaling. In addition, one significant region on BTA10 harbors 

two genes (ATL1 and SAV1) playing a key role in the immune systems, affecting cells 

activities and ovarian follicle growth. 

The genomic region that explains the highest effect on reproductive traits was 

located on BTA14 (25.00 – 25.25 MB), harboring eight candidate genes (Table 2). This 

gene set has been associated with biological processes affecting reproductive traits, 
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mainly by the association with a reduction in IGF1 levels, fat depth and beginning of 

puberty in females and males (Additional file 5: Table S2). The BTA16 harbors two 

genes (RERE and SLC45A1) playing a key role in the physiological process affecting 

estrogens hormone. The BTA29 harbors 23 genes (Table 2) and overall, show 

associations with insulin and glucose concentrations and present an important role as a 

metabolic signal to GnRH secretion. 

The regions identified by multi-trait statistical combination analysis have been 

overlapped to QTLs previously reported in the literature (Figure 6 – a). Remarkably, 

some regions are closely associated to body weight at different ages (BTA 5, 7, 14 and 

29), insulin-like growth factor 1 level (BTA 5 and 14), fat deposition (BTA 5 and 14), 

height (BTA 5 and 14), average daily gain (BTA 14 and 29) and body condition score 

(BTA 5). These regions have also been associated directly with scrotal circumference 

(BTA 7, 14 and 16), sperm motility (BTA 29), reproductive performance affecting age at 

puberty (BTA 14), conception rate (BTA 29), heifer pregnancy (BTA 7), interval to first 

estrus after calving (BTA 14 and 29), ovulation rate (BTA 5) and gestation length (BTA 

5, 14 and 29). 



67 
 

 

 

Figure 6. A) Functional annotation for quantitative trait locus (QTL). QTL percentage 
represents numbers of QTL overlapped with the significant regions. B) Biological 
process hits within the 200kb region of the SNP markers (-log

10
(p-value)>6.0), the 

number represents the genes amount associated to biological functions. 
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Enrichment analyses identified biological processes and pathways that may 

affect reproductive traits in cattle (Figure 6 – b). A total of 18 groups of GO for biological 

process showed significant overrepresentation (P-value < 0.001) on reproduction and 

growth traits in animals (Figure 6 b). The GO terms were related with responses to 

growth hormone (GO:0060416), peptide hormone (GO:0043434) and insulin 

(GO:0032868), resulting in change state or activity of a cell, related to secretion, 

enzyme production, and gene expression.  

With the pathway analysis was possible to identify genes involved in biological 

process with effect on reproductive processes, acting on ovarian follicle cell-cell 

adhesion (GO:0071840), negative regulation of oocyte maturation through regulation of 

glucose metabolism (GO:0010906) and GnRH signaling in response to peptide 

hormone (GO:0043434). 

From the 47 candidate genes identified (Table 2), 36 have been annotated to 

protein-protein interaction on the STRING database (Figure 7). A total of 30 genes were 

involved in a single network and 3 smaller networks were formed by 2 genes (Figure 7). 

The key genes identified are involved in reproduction and growth such as IGF1 (insulin-

like growth factor 1), IGF2 (insulin-like growth factor 2), HRAS (HRas Proto-Oncogene, 

GTPase), INS (insulin), PLAG1 (pleomorphic adenoma gene 1), PMCH (pro-melanin-

concentrating hormone), ASCL2 (Achaete-Scute Family BHLH Transcription Factor 2) 

and TSSK6 (Testis Specific Serine Kinase 6) were found to shelter pleiotropic variants 

in different EC levels. Using a modularity score to measure network structures it was 

observed that the genes IGF2, IGF1, INS, and HRAS have strong connection with each 

other, and are associated with ovarian steroidogenesis pathway (04913), at the 

biological process affecting response to growth hormone (GO:0060416) and response 

to insulin (GO:0032868; Figure 7). 
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Figure 7. Network of candidate pleiotropic genes for reproductive traits on three EC 
levels in Bos indicus (Nellore) cattle. The network was built from known protein-protein 
interactions (edges) between gene products (nodes). Size of nodes represents the 
number of connections between genes and color represents the associations between 
genes in the network. 
 

 

3.4 Discussion 

Results from the GWAS identified 56 genetic variants associated with correlated 

traits, and such associations have been related to pleiotropic effects on reproductive 

traits. Significant genomic regions harboring variants that contribute to multiple 

reproductive traits (AFC, SC, HP and HR), under different EC levels, provide valuable 

insights into the underlying physiological mechanisms changes in response to animals’ 

adaptation to environmental conditions. 



70 
 

 

The negative correlation between AFC in low (AFC_L) and in high (AFC_H) EC 

levels suggests genomics regions leading a pathway that regulates these traits in 

opposite direction (Additional file 4: Table S1). Therefore, changes in EC levels lead to 

differences in patterns of SNP effect that differentially contribute to animal fitness 

(Solovieff et al., 2013), and to a better understanding of the genetic association between 

reproductive traits on different EC levels. Therefore, different genomic variants can 

show specific effect in the expression of reproductive traits according to environmental 

condition. 

The number of overlapping genomic variants associated with multiple correlated 

traits varied according to genetic correlation (Figure 1), indicating that the genetic cause 

of this correlation is mainly the pleiotropic effect existing among reproductive traits 

across EC levels. In this sense, a reduction of the sharing genetic variants between 

traits leads to a reduction in the genetic correlations (Evangelou and Ioannidis, 2013). 

Genetic correlations between phenotypes under different EC levels can lead to an 

assessment of biological pleiotropy, where the genetic variants are associated with 

multiple traits (Solovieff et al., 2013). 

In this work 6 regions identified on BTA 5, 7, 10, 14, 16 and 29, using a statistical 

combination of GWAS analysis, showed a pleiotropic effect on reproductive traits in 

three environmental conditions (Figure 2). The SNP markers identified in the present 

work have been reported as associated with reproductive traits in previous GWAS 

studies in cattle (Velazquez et al., 2008; Hawken et al., 2012; Nicolini et al., 2013; 

Fortes et al., 2013a; Wolfe et al., 2014; Bolormaa et al., 2014; Smith et al., 2015). 

Several QTLs, genes and variants affecting growth and reproduction in cattle 

(Kirkpatrick et al., 2000; Snelling et al., 2010; Karim et al., 2011; Hawken et al., 2012; 

Fortes et al., 2013a) surrounding most of SNP markers were found, with effects on 

ovulation rate, age at puberty, gestation length, length of productive life and postpartum 

anestrous interval. 

The region BTA5 (66.43 – 66.52 MB) could be explored to identify sexually 

precocious animals. In this region, the IGF1 is a candidate gene affecting directly QTLs 

associated with ovulation rate, age at puberty, gestation length, length of productive life, 

postpartum anestrous interval and calving ease (Kirkpatrick et al., 2000; Mullen et al., 
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2011; Lirón et al., 2012; Wei et al., 2013). For example, the PMCH (Pro Melanin-

Concentrating Hormone) gene on BTA5 (66.43 – 66.52 MB), encodes three 

neuropeptides (MCH, NEI and NGE) that play a role in the regulation of metabolism and 

feed intake in mammals (Murray et al., 2001; Mul et al., 2010; Seo et al., 2016). PMCH 

variants have been associated with scrotal circumference and fat deposition in cattle 

(Helgeson and Schmutz, 2008; Walter et al., 2014). Changes in energy homeostasis 

caused by PMCH and MCH genes have been associated with reproduction traits due to 

their effect on ovarian steroid feedback, with major effect on GnRH, LH and FSH levels 

(Murray et al., 2001; Pissios et al., 2006; Wu et al., 2009; Naufahu et al., 2013). 

In the same region on BTA5  (66.43 – 66.52 MB), the PARPBP (Poly[ADP-

Ribose] Polymerase 1 binding protein) positively regulates the activity of PARP1 gene, 

which plays an important role in the regulation of gene expression associated to cell 

cycle and metabolism (Kraus, 2008; Ke et al., 2017). According to Wei et al. (2013), 

PARP1 is associated with the process of oocyte nest breakdown, primordial follicle 

formation, and transition to primary follicles. The insulin-like growth factor 1 (IGF1) has 

been associated with sexual precocity in cattle (Fortes et al., 2013c) and reproductive 

performance, e.g. calving interval, post-partum resumption of ovarian cyclicity, first 

service conception rate (Mullen et al., 2011). Lirón et al. (2012), reported QTL in the 

IGF1 gene associated with age at puberty in cattle. This gene also shows association 

with genetic factors contributing to an earlier puberty onset in precocious heifers and 

regulation of testicular growth in young bulls (Lirón et al., 2012; Johnston et al., 2014). 

The IGF1 gene changes the reproductive efficiency in cattle, mainly by controlling the 

production of GnRH or the secretion of gonadotropin; as well as, it has a direct effect on 

the ovary susceptibility to FSH and LH (Velazquez et al., 2008; Akers et al., 2005). 

The genes identified on BTA7 (36.40 - 37.10 MB), exhibited genes playing a role 

in energy metabolism regulation (GO:0031325). This region was associated with 

reproductive traits such as heifer early pregnancy (Irano et al., 2016) and scrotal 

circumference (McClure et al., 2010). The GATA zinc finger domain containing 2A 

(GATAD2A) gene is a member of GATAD family and has target action on delays 

puberty, acting as a neurobiological brake that controls the GnRH pattern pulse, 

necessary for proper reproduction (Leclerc et al., 2008; Lomniczi et al., 2015). The 



72 
 

 

TSSK6 (Testis Specific Serine Kinase 6) gene has been reported in Tssk6-KO mouse 

model to play an essential role on spermatogenesis with impact on production and 

sperm function, affecting the fertility due to morphologically abnormal sperm (Jha et al., 

2017). The NDUFA13 gene shows an indispensable role to assemble and function of 

mitochondrial complex I (Hou et al., 2017). The mitochondrial complex I represents a 

major target for compounds that improve insulin sensitivity through increased AMPK 

activity (Turner et al., 2008). Its effect on reproduction traits in males and females could 

be mediated by the complex I effect on AMPK that affects signal pathways controlling 

the interactions between energy balance and reproduction (Bertoldo et al., 2015). 

Significant SNP markers on BTA10 (43.64 MB) have been associated with QTLs, 

(Figure 6), affecting daughter pregnancy rate and length of productive life in cattle (Cole 

et al., 2011). The main gene in such region was SAV1, which has an important function 

in early follicular development, granulosa cell proliferation and differentiation, and 

oocyte maturation during ovulation associated to Hippo signaling pathway (Lyu et al., 

2016) with effect in metabolic and cellular process (GO:0008152 and GO:0009987), 

which play a role on ovarian follicle growth (Hsueh et al., 2015). 

The major pleiotropic variant found on BTA14, targeting the traits in the three EC 

levels, was mapped on the position 24.5 to 25.5 Mb and harbors genes such as RPS20, 

MOS, PLAG1, LYN, CHCHD7 and SDR16C5 (RDHE2). Such location on BTA14 has 

been pointed out as an important pleiotropic region in cattle affecting traits as growth, 

fat deposition, age at puberty, and the negative regulation of luteinizing hormone 

secretion (Nishimura et al., 2012; Fortes et al., 2013a; Juma et al., 2016; Takasuga, 

2016; Melo et al., 2018). These pleiotropic regions play a key role on the regulation of 

many genes and pathways, including IGF2, IGF1R pathways, and multiple levels of the 

hypothalamic–pituitary–gonadal (HPG) axis (Van Dyck et al., 2007). Changes in the 

effect of this region (Figure 5), lead to genetic differences in reproductive performance, 

affecting mostly growth pathways, due to differences in IGF1 and IGF2 hormonal levels 

(Velazquez et al., 2008; Fortes et al., 2013b). Thus, this region on BTA14 affects the 

endocrine hormone secretion (GO:0060986) regulating the endocrine system process 

involved in both secretion and response to endocrine hormones. The gene set on 

BTA14 (Table 2), plays an important role on regulation pathways involved in age at 
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puberty in males and females indicating a relevant association of growth with 

reproductive traits (Fortes et al., 2013b; Juma et al., 2016). 

The PENK gene identified on BAT14 plays a biological role in response to stress 

(GO:0050896) and homeostasis (Karim et al., 2011). The PENK region has been 

associated with fertility traits in cattle because it presents a major role in embryonic 

development, estrous cycle, and early pregnancy, which match with its effect on neural 

tissues, regulating hormone secretion (Cánovas et al., 2014). The MOS gene has been 

associated with Mos/MAPK Pathway affecting female fertility acting in oocyte maturation 

(Brisard et al., 2014). Differences in Mos/MAPK signaling pathway in oocyte maturation 

lead to lower fertility rates in cattle (Brisard et al., 2014). Hence, factors targeting 

oocytes maturation and embryonic development, which might be regulated by energy 

metabolism-related genes, prostaglandin synthesis and lipid metabolism might reduce 

fertility in heifers. The IMPAD1 gene shows SNPs associated with detection of the first 

corpus luteum and SC in Brahman cattle (Fortes et al., 2012). 

The region on BTA16, (45.60 – 45.98 Mb), showed high association with SC and 

HP in different EC levels and has been, previously, associated with QTLs affecting SC 

(McClure et al., 2010). The RERE gene, mapped in this region, plays a role in 

embryogenesis and embryonic survival in mouse (Zoltewicz et al., 2004). Genes 

affecting fertilization rate and embryonic survival rate have been related to conception 

rate in female (Khatib et al., 2009). In this framework, changes on physiological events 

required for heifers’ normal estrous cycle lead to differences in oocyte and spermatozoa 

development, ovulation, fertilization, embryo survival and early pregnancy (Robinson et 

al., 2006; Roche et al., 2011). 

The functional candidate genes surrounding the peak on BTA29 at 49.01 – 51.18 

Mb, showed a high association with reproduction traits on the three EC levels. Surround 

this region, there are QTLs affecting gestation length, the interval to the first estrus after 

calving and sperm motility. The TH (Tyrosine Hydroxylase) gene plays an important role 

in the physiology of adrenergic neuron involved in the conversion of tyrosine to 

dopamine and regulates physiological events affecting reproduction, via hypothalamic-

pituitary-gonadal (HPG) axis (Parillo et al., 2014). Thus, the TH gene could be an 

important neurotransmitter that mediates stimulus to preovulatory GnRH/LH patterns 
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(Pau et al., 2000; Serova et al., 2008). The Insulin-like growth factor 2 (IGF2) and 

insulin (INS) genes located on the BTA29 are associated with regulation of glucose 

metabolism (GO:0010907), glycogen metabolic process (GO:0070875), regulation of 

lipid metabolic process (GO:0045834), response to insulin stimulus (GO:1900076). The 

regulation of the bioavailability of insulin-like growth factors (IGFs) plays a role in growth 

and animal development (Berkowicz et al., 2012). These genes act regulating embryo 

development during estrus cycle and early pregnancy (Robinson et al., 2000), affecting 

directly antral follicle growth, functioning as a potent stimulator for estradiol production 

(Meikle et al., 2004). In addition, IGF2 and INS are candidate genes for mediating the 

effects of dietary deficiencies affecting energy balance on reproductive function 

(Robinson et al., 2006). The levels of insulin concentration affected by genes IGF2 and 

INS, and it has been associated to the time of re-initiation of ovarian cyclicity after 

calving, acting indirectly on ovarian activity by insulin signaling (GO:0032868, response 

to insulin) during early embryonic development (Llewellyn et al., 2007). These biological 

processes are key regulators of energy homeostasis in cattle (Chagas et al., 2007; Lucy 

et al., 2014). The energy homeostasis, mainly the glucose and insulin metabolism, has 

been recognized as a major regulator of energy metabolism, although it plays a role in 

reproduction by their neuroendocrine function with effect on GnRH/LH secretion 

(Sliwowska et al., 2014). 

Overall, candidate pleiotropic genes network (Figure 7) provides insights about 

reproductive pathways with physiological functions during estrous and early pregnancy 

in heifers and spermatogenesis in young bulls. This finding suggests that common 

variation in Nellore cattle reproductive traits raised under harsh conditions is essential to 

controlling reproductive precocity and reproductive efficiency. 

The gene network (Figure 7) identified the potential genes associated with 

physiological mechanisms controlling reproductive traits and energy metabolism. 

Noticeably, the identified gene set (IGF1, IGF2, INS, NDUFA13, PNPLA2, PMHC, LYN 

and HRAS) has major action on feedback-regulated systems controlling reproductive 

and somatotropic axis. This provides a link between nutritional and metabolic aspects 

into the reproductive process. In this context, these genes are associated with the 

metabolism of energy balance affecting the onset of puberty caused by the direct effect 
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on oocyte maturation (Gong, 2002). Energy metabolism play a striking effect during the 

oocyte maturation, spermatozoa development, ovulation, fertilization, embryo survival 

and the establishment of pregnancy (Robinson et al., 2000; Meikle et al., 2004; Chagas  

et al., 2007; Lucy, 2008; Berkowicz et al., 2012; Lirón et al., 2012). Usually, these 

processes require a lot of energy from the different metabolic pathways, as of lipid, 

glucose and insulin metabolism (Gong, 2002; Ashworth et al., 2009). In dairy cattle, the 

negative energy balance causes impaired reproductive performance caused by the changes 

in levels of insulin, glucose, IGF-1 and non-esterified fatty acids (Meikle et al., 2004; Roche 

et al., 2011; Lucy et al, 2014) and the gene set identified (IGF-1, IGF-2, MOS, ATP13A1, 

TSSK6, PMCH, NDUFA13, PENK, PLAG1, LAPR2, SAV1 and INS) shows association with 

these physiological changes  

 

3.5 Conclusion 

Our results show shared genomic regions and metabolic pathways associated 

with reproductive traits in different environmental conditions. For all traits, SNP effects in 

these regions indicated a strong SNP x environmental condition interaction. The 

pleiotropic genomic regions, on BTA 5, 7, 10, 14, 16 and 29, harbor functional candidate 

genes affecting sexual precocity and reproductive traits in Nellore heifers and young 

bulls. The major pleiotropic genes identified are directly implicated in the regulation of 

reproductive pathways. These genes include a striking number of energetic metabolism 

regulators controlling reproductive traits. These results contributed to a better 

understanding of the physiological mechanisms involved in Nellore reproductive traits 

under different environmental conditions. 
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3.7 Supplementary Information 

 

 
Additional file 1: Figure S1. Number of records across environmental conditions and phenotypic average for Nellore 
reproductive traits, age at first calving (AFC), scrotal circumference (SC), heifer early pregnancy (HP) and heifer rebreeding 
(HR).



85 
 

 

 

Additional file 2: Figure S2. Manhattan plots for reproductive traits in Low (AFCL, 
SCL, HPL and HRL), Medium (AFCM, SCM, HPM and HRM) and High (AFCH, SCH, 
HPH and HRH) EC levels. The horizontal line indicates the genome-wide significance 
level of -log10 (p-value) > 7.  
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Additional file 3: Figure S3. Quantile-quantile plot for SNP-based p-value by the chi-
square test statistics (χ2) used in the association analysis for reproductive traits in 
Low (AFCL, SCL, HPL and HRL), Medium (AFCM, SCM, HPM and HRM) and High 
(AFCH, SCH, HPH and HRH) EC levels. 
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Additional file 4: Table S1 – Estimates of Pearson correlations between estimated genomic breeding values (below 
diagonal) and heritability (on diagonal) in Nellore reproductive traits in three EC levels. 

Trait AFC_L AFC_M AFC_H HP_L HP_M HP_H HR_L HR_M HR_H SC_L SC_M SC_H 

AFC_L 0.23            

AFC_M 0.22 0.29           

AFC_H -0.10 0.79 0.37          

HP_L -0.71 -0.73 -0.45 0.26         

HP_M -0.54 -0.80 -0.67 0.61 0.36        

HP_H -0.37 -0.78 -0.76 0.31 0.81 0.41       

HR_L -0.68 -0.30 -0.27 0.63 0.42 0.38 0.20      

HR_M -0.33 -0.40 -0.32 0.52 0.51 0.46 0.59 0.25     

HR_H -0.25 -0.37 -0.35 0.44 0.44 0.50 0.32 0.79 0.39    

SC_L -0.37 -0.51 -0.27 0.54 0.45 0.40 0.19 0.27 0.24 0.30   

SC_M -0.35 -0.49 -0.32 0.52 0.52 0.48 0.19 0.27 0.26 0.47 0.37  

SC_H -0.28 -0.40 -0.33 0.42 0.43 0.49 0.16 0.24 0.28 0.20 0.83 0.38 

AFC_L – age at first calving on low EC level; AFC_M – age at first calving on medium EC level; AFC_H – age at first 
calving on high EC level; HP_L – heifer early pregnancy on low EC level; HP_M – heifer early pregnancy on medium EC 
level; HP_H – heifer early pregnancy on high EC level; HR_L – heifer rebreeding on low EC level; HR_M – heifer 
rebreeding on medium EC level; HR_H – heifer rebreeding on high EC level; SC_L – scrotal circumference on low EC 
level; SC_M – scrotal circumference on medium EC level; SC_H – scrotal circumference on high EC level. 
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Additional file 5: Table S2 - Gene Ontology for biological process related with gene set identified in Multiple-trait meta-

analysis.  

ID Description count p-value q-value Gene name 
GO:0015758 glucose transport 2 0.0032123 0.0064245 INS; IGF1 
GO:0034637 cellular carbohydrate biosynthetic process 2 0.0015887 0.0031775 IGF1; IMPAD1 
GO:0032094 response to food 2 0.0015887 0.0031775 INS; IGF1 
GO:0046323 glucose import 2 0.0012683 0.0025367 INS; IGF1 
GO:0006006 glucose metabolic process 3 0.0004299 0.0008597 INS; IGF1; IGF2 
GO:0019318 hexose metabolic process 3 0.0007904 0.0015809 INS; IGF1; IGF2 
GO:0050994 regulation of lipid catabolic process 2 0.0012683 0.0025367 INS; PNPLA2 
GO:0060416 response to growth hormone 2 0.0004253 0.0008505 INS; IGF1 
GO:0032868 response to insulin 3 0.0002888 0.0005775 INS; IGF1; IGF2 
GO:1901652 response to peptide 3 0.001003 0.002006 INS; IGF1; IGF2 
GO:0043434 response to peptide hormone 3 0.0008304 0.0016608 INS; IGF1; IGF2 
GO:0061351 neural precursor cell proliferation 3 0.0025806 0.0051612 IGF1; LYN; RERE 

GO:0022008 neurogenesis 10 0.0017911 0.0035822 
AP2A2; HRAS; IGF1; LYN; 

ASCL2; RERE; ATL1; PLAG1; 
TH; MOB2 

GO:0045834 positive regulation of lipid metabolic process 3 0.0017194 0.0034388 INS; LYN; PNPLA2 
GO:0010906 regulation of glucose metabolic process 3 0.001311 0.0026221 IGF1; IGF2; INS 
GO:1903580 positive regulation of ATP metabolic process 2 0.0009151 0.0018302 IGF1; INS 

GO:0043467 
regulation of generation of precursor metabolites 

and energy 
3 0.0008232 0.0016463 IGF1; IGF2; INS 

GO:0044042 glucan metabolic process 3 0.0006427 0.0012854 IGF1; IGF2; INS 
GO:0005977 glycogen metabolic process 3 0.0006192 0.0012384 IGF1; IGF2; INS 

GO:0010628 positive regulation of gene expression 11 0.0006086 0.0012172 
HRAS; IGF1; IGF2; INS; 
RERE; PLAG1; POLR2L; 

PIDD1; SAV1; TNNI2; PBX4 
GO:0014013 regulation of gliogenesis 3 0.0005963 0.0011925 LYN; ASCL2; PLAG1 
GO:0070873 regulation of glycogen metabolic process 3 0.000052 0.000104 IGF1; IGF2; INS 

GO:0031325 positive regulation of cellular metabolic process 17 0.0000313 0.0000626 

HRAS; IGF1; IGF2; INS; LYN; 
MOS; RERE; NDUFA13; 
PLAG1; POLR2L; PIDD1; 
PNPLA2; SAV1; TNNI2; 
PBX4; MOB2; LPAR2 



89 

GO:0010962 regulation of glucan biosynthetic process 3 0.000032 0.000064 IGF1; IGF2; INS 
GO:0005979 regulation of glycogen biosynthetic process 3 0.000032 0.000064 IGF1; IGF2; INS 

GO:0045725 
positive regulation of glycogen biosynthetic 

process 
3 0.0000041 0.0000081 IGF1; IGF2; INS 

GO:0060251 regulation of glial cell proliferation 3 0.0000061 0.0000121 LYN; ASCL2; PLAG1 
GO:0032868 response to insulin 3 0.0000008 0.0000016 LYN; HRAS; INS; IGF2 


