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GENOMIC RANDOM REGRESSION MODELS FOR TEST-DAY MILK 

PRODUCTION IN GIROLANDO CATTLE 

ABSTRACT – This study presents an integrated approach for evaluating milk 

yield and the genetic structure of the Girolando cattle population using random 

regression models (RRM) based on test-day milk yield (TDMY) records. These 

models allow for the adjustment of additive genetic and permanent environmental 

effects over the lactation period, providing more accurate estimates of genetic 

values and parameters compared to traditional methodologies. A total of 480,364 

TDMY records from 76,688 first-lactation cows across 913 herds, with calvings 

occurring between 1991 and 2021, were analyzed. The study was conducted in 

two stages: the first employed the single-step BLUP (ssBLUP) model using 

phenotypic and pedigree data; the second applied the single-step genomic BLUP 

(ssGBLUP), incorporating genotypic information from 25,936 animals. The 

animals represented nine genetic groups formed by different proportions of 

Holstein (H) and Gir (G) ancestry. The average daily milk yield was 22.3 kg, 

peaking at 23.8 kg between 91 and 120 days in milk. The most suitable model 

was a fourth-order Legendre orthogonal polynomial with heterogeneous residual 

variances modeled across five classes. The average heritability and repeatability 

estimates were 0.56 and 0.84, respectively. The genomic analysis revealed high 

genetic variability, with genotypic frequencies indicating increased heterozygosity 

in crossbred groups. The mean inbreeding coefficient was close to zero, 

suggesting that inbreeding is effectively managed through mating strategies. The 

genetic differentiation index (Fst) ranged from 0.003 to 0.21, with the highest 

divergence observed between the pure Holstein and Gir groups, and the lowest 

among crossbred groups. Genetic correlations between adjacent lactation stages 

ranged from 0.64 to 0.99, indicating strong persistence of permanent 

environmental effects over time. In conclusion, the Girolando population exhibits 

high genetic diversity, with a positive impact of heterosis especially in crossbred 

animals. Incorporating genomic information through the ssGBLUP model 

improved the accuracy of genetic evaluations compared to traditional approaches 

based solely on pedigree. The combined use of RRM and genomic data is a 

robust and promising tool for enhancing genetic selection strategies in dairy 

cattle, particularly under tropical production conditions. 
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MODELOS DE REGRESSÃO ALEATÓRIA GENÔMICA PARA PRODUÇÃO 

DE LEITE NA DATA DO CONTROLE DE BOVINOS GIROLANDO 

RESUMO – Este estudo apresenta uma abordagem integrada para a avaliação 

da produção de leite e da estrutura genética da população Girolando, utilizando 

modelos de regressão aleatória (MRA) aplicados a dados de produção de leite 

no dia do controle (PLDC). Esses modelos permitem o ajuste dos efeitos 

genéticos aditivos aleatórios e ambientais permanentes ao longo da lactação, 

proporcionando estimativas mais precisas de valores genéticos e parâmetros 

genéticos em comparação com metodologias tradicionais. Foram analisados 

480.364 registros de PLDC de 76.688 vacas em primeira lactação, oriundas de 

913 rebanhos, com partos ocorridos entre 1991 e 2021. O estudo foi conduzido 

em duas etapas: na primeira, utilizou-se o modelo ssBLUP com dados 

fenotípicos e de pedigree; na segunda, foi aplicado o modelo ssGBLUP, 

incorporando dados genotípicos de 25.936 animais. Os animais avaliados 

pertenciam a nove grupos genéticos resultantes de diferentes proporções entre 

as raças Holandesa (H) e Gir (G). A produção média diária de leite foi de 22,3 

kg, com pico de 23,8 kg entre 91 e 120 dias de lactação. O modelo mais 

adequado foi o polinômio ortogonal de Legendre de quarta ordem, com 

variâncias residuais heterogêneas em cinco classes. As estimativas médias de 

herdabilidade e repetibilidade foram 0,56 e 0,84, respectivamente. Com a 

inclusão de dados genômicos, observaram-se frequências genotípicas indicando 

alta heterozigosidade nos grupos mestiços, e o coeficiente médio de endogamia 

foi próximo de zero, sugerindo controle efetivo dos acasalamentos. O índice de 

diferenciação genética (Fst) variou de 0,003 a 0,21, com maior divergência entre 

os grupos Holandês e Gir, e menor entre grupos mestiços. As correlações 

genéticas entre períodos adjacentes de lactação variaram de 0,64 a 0,99, 

evidenciando persistência dos efeitos ambientais permanentes ao longo do 

tempo. Conclui-se que a população Girolando apresenta elevada diversidade 

genética, com impacto positivo da heterose nos grupos mestiços. A inclusão de 

informações genotípicas na avaliação genética, por meio do modelo ssGBLUP, 

aumentou a precisão das estimativas em relação às abordagens baseadas 

exclusivamente em pedigree. O uso combinado de MRA e dados genômicos 
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constitui uma ferramenta robusta e promissora para a seleção genética mais 

eficiente em sistemas de produção leiteira tropical. 

Palavras-chave: avaliação genética, diversidade genética e estrutura 

populacional, gado leiteiro, Girolando, modelos de regressão aleatória, produção 

de leite no dia do controle. 
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 1 – GENERAL CONSIDERATIONS1  CHAPTER  

1. INTRODUCTION

The Girolando, developed in Brazil from a crossbreed between the 

Holstein and Gir breeds in the 1940s, reflects the search for an efficient solution 

for milk production in tropical and subtropical regions (Freitas et al., 2002). This 

strategic crossbreeding sought to combine the Gir breed's adaptability with the 

Holstein breed's high productivity, resulting in animals with productivity, fertility, 

and vigor. With racial compositions that vary in the proportion of Holstein (0.25 to 

0.875) in the cross with Gir, the Girolando stands out as a bovine population 

adapted to the tropical environment (Freitas et al., 2002; Silva et al., 2023). 

Daily milk yields, often assessed through test-day milk yield (TDMY), are 

considered longitudinal measures in dairy cattle. As Kirkpatrick & Heckman 

(1989) indicated, these measures can be analyzed using random regression 

models (RRM), also known as infinite-dimensional models, which can provide a 

more comprehensive and detailed understanding of production performance 

throughout lactation. 

From the RRM, it is possible to estimate the breeding values for the 

lactation curves of each animal using the random regression coefficients to 

estimate the breeding values for the components of the curve, such as the peak 

and persistence of lactation. Lactation persistency measures the cow's ability to 

maintain its production after peak lactation, i.e., the higher the persistency of a 

cow's lactation, the slower the milk production decreases after reaching peak 

lactation (Ptak & Schaeffer, 1993; Jamrozik & Schaeffer, 1997). The importance 

of RRM for Girolando or even Zebu dairy breeds is increased by the need to 

include the shape of the lactation curve in genetic evaluations, in addition to 305-

day cumulative milk yield. 

RRM is adjusted according to the days in milk and uses ordinary 

polynomials or linear functions that model the trajectory of the lactation curve 

about the population average (fixed regressions) and for each animal (random 

1: This chapter was adapted from the article entitled “Utilizing random regression models 

for genetic evaluation of milk production in dairy cattle: a comprehensive approach”, 

submitted to the Journal of Applied Animal Research. 
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regression) according to  Jamrozik & Schaeffer (1997). In this way, it is possible 

to estimate a genetic lactation curve for each animal using the (co)variances over 

time, and the breeding values are obtained from the genetic regression 

coefficients. Legendre's orthogonal polynomials have been the most widely used 

in RRM, as they are orthogonal and have the advantage of reducing correlations 

between the estimated coefficients and modeling the shape of the lactation curve 

(Pool et al., 2000; Schaeffer, 2004). 

RRM has been used in various animal production systems. In dairy 

farming, RRM is fitted to milk production data to estimate variance components 

and genetic parameters (El Faro et al., 2008; Cobuci et al., 2011; Pereira et al., 

2013; Buaban et al., 2020; Mbuthia et al., 2021; Khanal et al., 2022; Ashrafian et 

al., 2023) and to use this information in genetic evaluations for milk yield and the 

components of the lactation curve (Cobuci et al., 2007; Koivula et al., 2015; Kang 

et al., 2018; Buaban et al., 2020; González-Herrera et al., 2022; Ashrafian et al., 

2023). 

The use of RRM, according to Meyer (2004), increases accuracy by 6 to 

8% for estimates of the direct effects of animals with only one or two TDMY. 

Studies indicate that the inclusion of genomic information in genetic evaluations 

can increase the accuracy of the genomic estimated breeding values (GEBV) by 

up to 70% and from 50 to 100% in the rate of genetic gain per year of production 

traits (VanRaden et al., 2009; García-Ruiz et al., 2016) and with the consequent 

increase in the accuracy of GEBV in the selection of young animals, which can 

reduce the generation interval (Meuwissen et al., 2001; Pryce & Daetwyler, 

2012). 

This review provides a comprehensive overview of RRM in the context of 

animal breeding. Topics approached include (i) a historical introduction of the 

development of the first RRM to the most recent advances; (ii) a discussion of 

how covariance functions are used to model the trajectory of repeated 

measurements, highlighting their importance in the analysis of longitudinal data; 

and (iii) explanation of how genomic information is integrated into genetic 

selection, using RRM to improve the accuracy and effectiveness of selection for 

desirable traits. 
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2. LITERATURE REVIEW

2.1.RANDOM REGRESSION MODELS 

According to Meyer (2005), RRM is an alternative for better data use and 

adjustment when modeling longitudinal data. It uses all the records of the animal 

and its relatives, increasing the selection accuracy (Laird & Ware, 1982), which 

is compared to a multivariate analysis; each observation is considered a single 

trait (Meyer & Hill, 1997). The first RRM was proposed to solve the over-

parameterization of multitrait models (Henderson, 1982) and was developed 

based on repeatability models, which estimate the genetic effect at different times 

in the animal's life without increasing the complexity of the model, which is one of 

the differentials of these models (Lidauer et al., 2003). 

RRM was first used by Schaeffer & Dekkers (1994) as an alternative for 

describing the lactation curve of animals and evaluating them for milk production. 

It replaced the traditional models that used the 305-day cumulative milk yield or 

the multitrait TDMY. 

Ptak & Schaeffer (1993) introduced an alternative model consolidating 

multiple TDMY into a single record per lactation. This model did not account for 

the specific effects of each TDMY, but it did incorporate projection factors to 

estimate the total 305-day milk yield for incomplete lactations. 

With RRM, it is possible to predict two sets of curves associated with milk 

production, in which one set called fixed regression is adjusted for cows 

belonging to the same calving age subclass and contemporary group or even a 

single lactation curve for the population. The other set, called random regression 

for each individual, is calculated as the deviation from the fixed curve for the 

subclass to which the animal belongs (Jamrozik & Schaeffer, 1997; Schaeffer, 

2004). The equation can be described as single-trait RRM for milk yield data: 

𝑦𝑖𝑗𝑘 = ∑ 𝑏𝑞𝑖𝑧𝑞𝑖

𝑄

𝑞=1

+ ∑ 𝑎𝑟𝑗𝑧𝑟𝑗

𝑅

𝑟=1

+ ∑ 𝑝𝑠𝑗𝑧𝑠𝑗

𝑆

𝑠=1

+ 𝑒𝑖𝑗𝑘     [1]

where 𝑦𝑖𝑗𝑘 is the k-th record of animal 𝑗 in the i-th group; 𝑏𝑞𝑖 is the q-th fixed 

regression coefficient for the i-th group; 𝑎𝑟𝑗 is the r-th random regression 
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coefficient for the additive genetic effect of animal 𝑗; 𝑝𝑠𝑗 is the s-th random 

regression coefficient for the permanent environment effect of animal 𝑗; 𝑒𝑖𝑗𝑘 is the 

residual effect; 𝑧𝑞𝑖, 𝑧𝑟𝑗, and 𝑧𝑠𝑗 are the covariates of order 𝑄, 𝑅, and 𝑆, used to 

describe the fixed curve and the additive genetic and permanent environment 

random curves of the animal. 

The RRM uses the Mixed Model Equations (MME) (Henderson, 1963; 

1973), and these can be described as follows: 

[

𝑋′𝑅−1𝑋 𝑋′𝑅−1𝑍 𝑋′𝑅−1𝑊
𝑍′𝑅−1𝑋 𝑍′𝑅−1𝑍 + 𝐴−1⨂𝐺0

−1 𝑍′𝑅−1𝑊

𝑊′𝑅−1𝑋 𝑊′𝑅−1𝑋 𝑊′𝑅−1𝑊 + 𝐼⨂𝑃0
−1

] ∗ [
𝑏
𝑎
𝑝

] = [

𝑋′𝑅−1𝑦

𝑍′𝑅−1𝑦

𝑊′𝑅−1𝑦

]     [2] 

where 𝑦 is the vector of observations; 𝑋, 𝑍, and 𝑊 are the incidence matrices for 

the fixed effects (contemporary group, age of cow at calving as a covariate, and 

regression coefficients of days in milk), (𝑏), the additive genetic random 

regression coefficients (𝑎) and the random regression coefficients of the 

permanent environment of animal (𝑝), respectively; 𝐴 is the genetic relationship 

matrix based on pedigree information; 𝐼 is the identity matrix; 𝐺0 and 𝑃0 are the 

(co)variance matrices of the animal's additive genetic and permanent 

environment random regression coefficients, respectively; 𝑅 is the residual 

variance matrix. 

The RRM assumptions can be described as follows: 

𝐸[𝑦] = 𝑋𝑏 

and 

𝑉𝑎𝑟 [
𝑎
𝑝
𝑒

] = [
𝐴⨂𝐺0 0 0

0 𝐼⨂𝑃0 0
0 0 𝑅

]     [3] 

where 𝑒 is the vector of residuals; the other terms were defined in [equation 2], 

𝐺0 and 𝑃0contain the additive genetic and permanent environment (co)variances 

of the animal between the random regression coefficients. The matrices of the 

animal's additive genetic and permanent environment (co)variances of the animal 

for TDMY can be obtained: 
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Σ = 𝑇G0T′ 

and 

ϕ = 𝑇P0T′     [4] 

where Σ is the matrix of genetic (co)variances between TDMY; ϕ is the matrix of 

permanent environmental (co)variance of the animal; 𝑇 is the matrix of 

independent covariates for all points (days in milk). 

With the solutions to the regression coefficients for each animal, it is 

possible to predict the estimated breeding values (EBV) for all points in the 

trajectory. The vector of the animal's EBV can be calculated using the equation: 

𝐸𝐵𝑉𝑗 = 𝑇𝑎̂𝑗      [5] 

where 𝑎̂𝑗 is the vector of EBV for the coefficients of the covariance function for 

the j-th animal, and 𝑇 is the days in milk. 

Several authors have demonstrated the efficiency of using RRM in dairy 

cattle, where RRM improves the solutions of MME, the computational demand is 

lower, the estimation of genetic parameters is more accurate and with less bias, 

and the TDMY are better adjusted compared to other multitrait test-day models 

(Lidauer et al., 2003; Schaeffer, 2004; Cobuci et al., 2011; Oliveira et al., 2019). 

2.2. COVARIANCE FUNCTIONS 

The (co)variances between traits, which are measured at different ages, 

as a function of these ages are called the covariance function (CF), which is the 

finite-dimensional equivalent of a (co)variance matrix in a multitrait model 

(Kirkpatrick & Heckman, 1989). According to Meyer (1998), the CF is a 

continuous function that provides the (co)variances of traits measured at different 

points in a trajectory and explains the covariance between measurements taken 

at certain ages as a function of those ages. 

According to Kirkpatrick & Heckman (1989), there are three main 

advantages of CFs compared to other conventional models: (i) CFs produce a 

description for each point along a continuous scale of measurements (time), 
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which facilitates interpolation to find covariances between unmeasured ages; (ii) 

Each CF has a set of eigenvalues and eigenfunctions that are comparable to 

eigenvectors and provide information on the direction in which the average curve 

is more likely to be altered by selection due to its greater genetic variance; (iii) 

CF models make the estimation and use of relevant parameter data more 

efficient. In addition, negative sample correlations can be minimized, which can 

avoid overparameterization, reduce residual variance, adjust lower order 

polynomials, and considering the exact date the data was collected, regardless 

of whether its collection dates are inaccurate (Meyer & Hill, 1997; Kirkpatrick et 

al.; 1994). 

A CF, which results in the covariance between ages m and l, can be 

represented as: 

𝑓(𝑎𝑚
∗ , 𝑎𝑙

∗) = ∑ ∑ 𝜙𝑖(𝑎𝑚
∗ )𝜙𝑗(𝑎𝑙

∗)

𝑘−𝑙

𝑗=0

𝐾𝑖𝑗

𝑘−𝑙

𝑖=0

  [6] 

where 𝜙𝑖 is the i-th polynomial; 𝑘 is the order of the polynomial being adjusted; 

𝑎∗ are the ages adjusted for the range in which the polynomial is defined; and 𝐾𝑖𝑗

are the elements of the matrix 𝐾, which is the matrix of coefficients of the 

covariance function. 

In matrix notation: 

Σ = Φ𝐾Φ′𝑒 𝐾 = Φ−1Σ(Φ−1)′     [7] 

where 𝑘 = 𝑡 (number of ages); Σ is the observed covariance matrix; Φ is a 

𝑡 ∗ 𝑘 matrix of orthogonal polynomials (Meyer & Hill, 1997). 

Kirkpatrick et al. (1990; 1994) modeled CF using orthogonal polynomials, 

called Legendre Orthogonal Polynomials (𝜙𝑘), which presented the following 

formula: 

𝜙𝑘(𝑎𝑖
∗) =

1

2
√

2𝑘 + 1

2
∑ (−1)𝑚

[𝑘/2]

𝑚=0

(
𝑘
𝑚

) (
2𝑘 − 2𝑚

𝑘
) (𝑎𝑖

∗)𝑘−2𝑚     [8] 
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 where 𝑎𝑖
∗ are the ages adjusted for the range in which the polynomial is defined 

[−1 𝑡𝑜 + 1]. The ages are standardized as follows:  

𝑎𝑖
∗ =

2(𝑎𝑖 − 𝑎min)

𝑎𝑚𝑎𝑥 − 𝑎𝑚𝑖𝑛
− 1     [9]

where 𝑎𝑖 is the age to be adjusted, and 𝑎𝑚𝑎𝑥 and 𝑎𝑚𝑖𝑛 are the maximum and 

minimum ages in the data. 

RRM is a specific case of CFs (Meyer & Hill, 1997; Meyer, 1998), and the 

Restricted Maximum Likelihood (REML) methodology can be used to estimate 

the coefficients of RRM covariance functions directly. This can be done by 

estimating variance components using a reparameterization of the REML 

methodology in finite-dimensional models (Meyer & Hill, 1991). The coefficient 

matrix will be positive definite, which is one of the advantages of using REML. 

The method created by Meyer & Hill (1997) can be summarized below: 

𝑦 = 𝑋𝑏 + 𝑍𝑎 + 𝑒     [10] 

where 𝑦 is the vector of observations; 𝑏 is the vector of fixed effects; 𝑎 is 

the vector of additive random effects of the animal; 𝑒 is the vector of residual 

random effects; 𝑋 and 𝑍 are incidence matrices for the fixed and random effects, 

respectively; and 𝑣𝑎𝑟(𝑦) = 𝑍𝐺𝑍′ + 𝑅, 𝑣𝑎𝑟(𝑎) = 𝐺, with 𝐺 = 𝐴⨂𝐺0. If the matrices 

are the same for all traits, 𝑣𝑎𝑟(𝑒) = 𝑅 = 𝐼⨂𝑅0, with 𝐴 the numerator of the

relationship matrix between the animals; 𝐺0 the matrix of additive genetic 

variances and covariances between the 𝑡 traits; 𝑅0 the matrix of residual 

variances and covariances between the 𝑡 traits and ⨂ the Kronecker product. 

Thus, the logarithm of the REML function is: 

ln ℒ = −1/2 [𝑐𝑜𝑛𝑠𝑡 + 𝑁 ln|𝑅0| + 𝑁𝑎 ln|𝐺0| + 𝑡 ln|𝐴| + ln|𝐶| + 𝑦′𝑃𝑦]     [11]

where 𝑁 is the number of animals in the analysis, 𝐶 is the coefficient matrix in the 

MME, and 𝑦′𝑃𝑦 is the sum of squares of the residuals. Meyer & Hill (1997) rewrote 

the above equation as a function of the (co)variance matrices between the CF 
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coefficients, 𝐾𝑎 and 𝐾𝑒, for the additive and residual genetic CF, respectively, in 

place of 𝐺0 and 𝑅0. Thus: 

ln ℒ = −1/2 [𝑐𝑜𝑛𝑠𝑡 + 𝑁 ln|𝐾𝑒| + 𝑁𝑎 ln|𝐾𝑎| + (𝑁 + 𝑁𝑎) ln|ΦΦ′| + 𝑡 ln|𝐴| + ln|𝐶|

+ 𝑦′𝑃𝑦]     [12]

where Φ is the 𝑡 𝑥 𝑘 matrix (days in milk x coefficient matrix in the MME) 

with the orthogonal polynomials. 

It is possible to separate the environment effects into permanent and 

temporary, with 𝑒 = 𝑟 + 𝑒, and 𝛴𝑒 = 𝛴𝑟 + 𝛴𝜀, where 𝑟 is the vector of permanent 

environment effects of the animal; 𝜀 the vector of temporary environment effects; 

𝛴𝑟 the matrix of permanent environment (co)variances of the animal; and Σ𝜀 =

𝐷𝑖𝑎𝑔{𝜎𝜀𝑖

2 } the matrix of temporary environment variances. Thus, the log of the

REML function can be rewritten as: 

ln ℒ = −1/2 [𝑐𝑜𝑛𝑠𝑡 + 𝑁 ln|ΦKrΦ′ + 𝐷𝑖𝑎𝑔{𝜎𝜀𝑖
2 }| + 𝑁𝑎 ln|𝐾𝑎| + 𝑁𝑎 ln|ΦΦ′| + 𝑡 ln|𝐴| + ln|𝐶|

+ 𝑦′𝑃𝑦]     [13]

where 𝐾𝑟 is the matrix of coefficients of the permanent environment covariance 

function of the animal. 

Polynomial regressions generally describe growth or lactation curves. 

Regressions on time (age) are generally considered fixed effects to account for 

general trends within fixed-effects classes. Most studies have used orthogonal 

Legendre polynomials to model longitudinal data, as there is no need to make 

assumptions about the shape of the curve or the trajectory of the trait over time. 

However, higher-order polynomials are generally required to model the effects of 

the permanent environment of animals (Meyer, 2000). 

In studies using RRM that considered the residual variances as 

homogeneous, the genetic variances of the animal were overestimated 

throughout lactation (Jamrozik & Schaeffer, 1997; Jamrozik et al., 1997). The 

estimation of variance components may be affected by the fact that residual 

variances throughout lactation are considered homogeneous. 

Using residual variances as heterogeneous can improve the partitioning of 

phenotypic variances. However, on the other hand, the number of parameters 
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that must be estimated to maximize the likelihood function increases (Meyer & 

Kirkpatrick, 2005). According to El Faro et al. (2008), using this methodology for 

genetic evaluations with large data can be difficult due to the number of 

parameters in the model, the covariance structure, and the incidence matrices 

being denser than conventional models. 

Several authors have shown that Legendre's orthogonal polynomials fit 

RRM test-day models well. However, there is no consensus on the best choice 

for adjusting the order of the polynomials, as this depends on the structure of the 

data and the population structure (Bignardi et al., 2009; Cobuci et al., 2011; 

Pereira et al., 2013). 

Many early studies spent a great deal of time determining the orders of the 

polynomials to adjust the effects of the additive genetic and the permanent 

environment of the animal in the case of milk production. The literature also 

shows that the best fit for the model is one in which heterogeneous residual 

variances are assumed, grouped into periods, for the different stages of lactation 

with no need to use different residual variances for each days in milk (Bignardi et 

al., 2009; Cobuci et al., 2011; Pereira et al., 2013; Flores & Van der Werf, 2015; 

Scalez et al., 2018; Jattawa et al., 2021). 

More parsimonious models that do not alter the quality of fit for the random 

effects considered are needed once it is observed that the use of highly 

parameterized models tends to generate erratic estimates between the beginning 

and the end of lactation, in addition to many oscillations in their magnitudes and 

signs. 

2.3. GENOMIC INFORMATION 

Genomic technologies have become essential for genetic evaluation in 

milk production (Schultz & Weigel, 2018). Genomic Selection (GS) and Genome-

Wide Association Study (GWAS) are the most widely used techniques. With 

these two techniques, it is possible to predict GEBV and identify the molecular 

markers related to the trait of interest. 

GS and GWAS are complementary analyses requiring genomic 

information from SNP (Single Nucleotide Polymorphism) molecular markers. An 

SNP is defined as a substitution for a single nucleotide (Adenine, Cysteine, 
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Thymine, and Guanine) for another at a given location in the DNA, and the least 

frequent allele must be present in at least 1% of the population (Brookes, 1999). 

The effects of SNP are used to predict GEBV, making it possible to identify 

and select the best animals. Genomic analysis can identify genetic markers 

associated with the traits of interest, allowing for selecting animals with greater 

genetic potential associated with productive and reproductive performance 

(Gutierrez-Reinoso et al., 2021). It is also possible to quantify the variance 

components of the trait being analyzed. 

According to Hayes et al. (2013), GWAS studies of dairy cattle have some 

specificities that do not occur in other species. The intensive use of the same 

commercial bulls within the same herd contributes to an elevated level of linkage 

disequilibrium (LD), an increase in inbreeding, and a reduction in the effective 

size of the population, which leads to a robust statistical analysis of the 

association between SNP and phenotype (Hayes et al., 2013). 

With SNP panels, it is possible to understand better traits related to fertility 

and longevity, which are difficult to measure and have low heritability, as well as 

complex traits that are expensive to measure, such as feed intake, methane 

emissions, and fatty acid content. Identifying these regions of interest in the 

bovine genome optimizes constructing specific and customized SNP panels for 

these traits (Iung et al., 2018; Steri et al., 2018). 

However, SNP studies in dairy cattle face challenges because they have 

small reference populations, and most validations are created by randomly 

sampling databases with all genotyped animals. In addition, genomic data from 

sires and cows in the reference populations is often pooled, which can affect the 

accuracy of genomic predictions. In such cases, genomic predictions are less 

accurate than reference populations with more genotypic information about the 

cows (Mrode et al., 2019; Bolormaa et al., 2022). 

The inclusion of genomic information from cows in reference populations 

led to a fivefold increase in the size of the reference population and an increase 

of up to 12% in the accuracy of genomic predictions compared to reference 

populations that only used sire genotypes (Calus et al., 2013; Mrode et al., 2019; 

Bolormaa et al., 2022). Boison et al. (2017) evaluated including younger bulls' 

genotypes in the cows' genomic evaluation. The authors found that the accuracy 

of GEBV was higher when the genotypes of younger animals were included in 
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the genomic analysis. The application of GS in dairy cattle has shown promising 

results, and these techniques are likely to be increasingly used to improve the 

genomic selection of these animals. 

2.4. GENOMIC SELECTION 

Studies on genomic selection began with research by Nejati-Javaremi, 

Smith and Gibson (1997), Lande & Thompson (2000), and Meuwissen et al. 

(2001). GS is a technique that uses markers to predict GEBV, and it was first 

implemented in genomic evaluation in dairy cattle (Schaeffer, 2006). GS methods 

have developed rapidly and make it possible to estimate the GEBV of bulls for 

milk production at the beginning, which can replace progeny testing in 

populations with a large amount of phenotype and genealogy information 

(Schaeffer, 2006; Hayes et al., 2009; Venot et al., 2016; Wiggans et al., 2017). 

The first methods implemented for genomic evaluation involved several 

steps (multi-step) up to the prediction of the GEBV. The EBV for each milk 

production record was initially estimated using RRM and then adjusted to be used 

as pseudo-phenotypes, which were then used to calculate the GEBV through the 

traditional best linear unbiased predictor (BLUP) model. Subsequently, these 

pseudo-phenotypes were integrated into a genomic prediction model to estimate 

the effects of the markers on the reference population (VanRaden, 2008; Hayes 

et al., 2009). 

Some animals may have phenotypic records but not be genotyped, so 

Misztal et al. (2009) and Aguilar et al. (2010) proposed a methodology for 

integrating phenotype, genotype, and pedigree records of animals called single-

step genomic best linear unbiased prediction (ssGBLUP). In ssGBLUP, the 

relationship matrix based on pedigree (A) and the relationship matrix based on 

genomic information (G) are combined into a single H matrix (Legarra et al., 

2009): 

𝐻 = 𝐴 + [𝐴12𝐴22
−1 0

0 𝐼
] [𝐺 − 𝐴22][𝐼 𝐼] [𝐴22𝐴21

−1 0
0 𝐼

]     [14] 
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where 𝐼 is an identity matrix; subscripts 1 (2) are animals without (with) genomic 

information; 𝐴 is the pedigree matrix; 𝐴−1 is its inverse; and 𝐺 is the genomic 

relationship matrix. 

The inverse of 𝐻 (𝐻−1) is described as: 

𝐻−1 = 𝐴−1 + [
0 0
0 𝜏(𝛼𝐺 + 𝛽𝐴22)−1 − 𝜔𝐴22

−1]     [15]

where 𝐴22 and 𝐴22
−1 are parts of the matrix 𝐴 and 𝐴−1, respectively, which contain

the information of the animals with genomic information; 𝛼 and 𝛽 are parameters 

used for the inversion of the matrix 𝐺; 𝜏 and 𝜔 are parameters used for the 

reduction of genetic variance and for the pedigree, respectively, to allow the 

matrices 𝐺−1 and 𝐴22
−1 to be compatible.

The compatibility between the 𝐺−1, 𝐴−1 and 𝐴22
−1 matrices is related to the

completeness of the pedigree (Mizstal et al., 2017). Christensen et al. (2012) 

showed that adjusting the 𝐺−1 matrix about the expected values in the 𝐴22
−1 matrix

reduces scale differences, which improves the accuracy of GEBV estimates and 

reduces the bias of evaluations using the ssGBLUP methodology. 

Aguilar et al. (2010) concluded that, despite the complexity of obtaining 

the H matrix and its inverse 𝐻−1 used in ssGBLUP, the method is viable and can 

provide a unified structure compared to multi-step procedures, with single-step 

simplifying and eliminating several parameters, which allows genetic evaluations 

to be more accurate. In addition, ssGBLUP can explain selection bias when 

selection is based only on genotypes (VanRaden, 2012). 

2.4.1. GENOMIC RANDOM REGRESSION MODELS 

The ssGBLUP methodology is based on the infinitesimal model, which 

assumes equal variance for all SNP effects (Wang et al., 2012). To predict GEBV 

using ssGBLUP based on RRM, a fixed regression (population mean) and 

genomic random regression coefficients are adjusted. The same RRM used for 

genetic evaluation can be used for genomic predictions based on ssGBLUP, 

using [equation 1]. The MME for genomic evaluation using ssGBLUP is similar to 
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the MME in traditional genetic evaluation. The only difference is that matrix A 

(pedigree) is replaced by matrix H (genomic) in [equation 2]. 

Mizstal et al. (2014) demonstrated that one of the main advantages of the 

ssGBLUP methodology is the ability to use the same statistical model when 

genomic information is added. In addition, ssGBLUP simplifies the analysis with 

RRM since it uses a single step in the estimation of GEBV, and it is possible to 

consider the same statistical model used in other genetic evaluations. Also, 

including genotypes as genomic information in evaluating longitudinal traits using 

RRM may be a desirable alternative for obtaining GEBV estimates and more 

accurate selection decisions. 

Mehrban et al. (2019), comparing ssGBLUP methodologies with traditional 

BLUP, obtained more accurate GEBV estimates with ssGBLUP due to including 

genomic information in the analysis. These authors concluded that ssGBLUP can 

be considered a promising methodology for predicting GEBV. Similarly, other 

authors have concluded that using the ssGBLUP method in RRM provides high 

accuracy and less bias when estimating GEBV for longitudinal data when 

compared to other methods (Lourenco et al., 2014; Guarini et al., 2018; Piccoli et 

al., 2018; Koivula et al., 2021; Oliveira et al., 2019). 

Thus, it is possible to estimate EBV more accurately by incorporating 

genomic information into genetic evaluation using ssGBLUP. The ssGBLUP 

methodology simplifies the analysis by using a single step to estimate the GEBV 

and allows the same statistical model to be used as in traditional genetic 

evaluations. 

2.5. FINAL CONSIDERATIONS 

This revision aimed to comprehensively analyze the current knowledge 

and application of RRM in animal breeding. Studies using longitudinal traits have 

shown that RRM is a viable alternative for estimating genetic parameters, 

allowing animals to be selected based on the complete pattern of the production 

curve using genomic information. Thus, including genomic information in 

evaluating longitudinal traits through RRM represents a promising alternative for 

more precise selection decisions. 
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Despite the advances in RRM applications, more research is still needed 

to combine RRM and genomic information successfully. Future research should 

provide a better understanding of the temporal variation of biological processes 

and the physiological implications underlying longitudinal traits, which will allow 

for improved methodologies and a more effective application of RRM in the 

context of animal breeding. 

One of the major challenges in this field is the application of RRM in 

crossbred populations. The genetic heterogeneity and variability of breed 

composition in crossbred animals introduce additional complexity in modeling 

genetic parameters over time. Furthermore, the lack of structured and consistent 

pedigree or genomic data in crossbred populations can limit the effectiveness of 

genomic prediction models. These factors highlight the need for tailored 

approaches and robust statistical methods to ensure that RRM can be effectively 

applied in diverse and crossbred animal populations. 
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CHAPTER 2 – GENETIC PARAMETER ESTIMATES FOR TEST-DAY MILK 

YIELD IN GIROLANDO CATTLE USING RANDOM REGRESSION MODELS 

Abstract - The Girolando breed, which results from the crossbreeding between 

the Gir and Holstein breeds, plays a crucial role in Brazilian dairy farming, being 

responsible for about 80% of the country's milk production. The aim of this study 

was to evaluate the milk production on the control day (TDMY) in Girolando cows. 

A total of 480,364 TDMY records from 76,688 cows in their first lactation, 

originating from 913 herds with calvings occurring between 1991 and 2021, were 

analyzed. The animals belonged to nine genetic groups, composed of different 

combinations of the Holstein (H) and Gir (G) groups: 1/2H + 1/2G, 1/4H + 3/4G, 

1/8H + 7/8G, 3/4H + 1/4G, 3/8H + 5/8G, 5/8H + 3/8G, and 7/8H + 1/8G. The 

analysis was performed using random regression models (RRM), considering 

fixed effects of heterozygosity and age at calving (linear and quadratic) as 

covariates, along with random effects of additive genetic and permanent 

environmental effects of the cow. Nine distinct models were evaluated and 

compared based on the Deviance Information Criterion (DIC), and the estimation 

of variance components and breeding values (EBVs) was performed using the 

Gibbs sampling method, utilizing the GibbsF90+ software. The results showed 

an average production of 22.3 kg/day, with a peak of 23.8 kg/day between days 

91 and 120 of lactation. The most suitable model was the fourth-order Legendre 

orthogonal polynomial, with heterogeneous residual variances in five classes. 

The average heritability was 0.56, reaching 0.66 in TDMY 5, and the repeatability 

was 0.84. The high genetic correlations between adjacent periods (0.64 to 0.99) 

indicate a strong genetic association between these periods, especially those that 

are closer together. It is concluded that the TDMY model provides a more detailed 

genetic evaluation of the Girolando breed, surpassing traditional models based 

on the cumulative 305-day production, highlighting the effectiveness of using 

RRM in the genetic improvement of dairy cattle in this breed. 

Keywords: Genetic parameters, Girolando, model comparison, test-day milk 

yield. 



23 

Resumo - A raça Girolando, resultado do cruzamento entre as raças Gir e 

Holandesa, desempenha um papel crucial na pecuária leiteira brasileira, sendo 

responsável por cerca de 80% da produção de leite do país. O objetivo deste 

estudo foi avaliar a produção de leite no dia do controle (PLDC) em vacas 

Girolando. Foram analisados um total de 480.364 registros de PLDC de 76.688 

vacas em primeira lactação, originárias de 913 rebanhos, com partos ocorridos 

entre 1991 e 2021. Os animais pertenciam a nove grupos genéticos, compostos 

por diferentes combinações das raças Holandesa (H) e Gir (G): 1/2H + 1/2G, 

1/4H + 3/4G, 1/8H + 7/8G, 3/4H + 1/4G, 3/8H + 5/8G, 5/8H + 3/8G e 7/8H + 1/8G. 

A análise foi realizada utilizando modelos de regressão aleatória (MRA), 

considerando os efeitos fixos da heterozigosidade e da idade ao parto (linear e 

quadrático) como covariáveis, além dos efeitos aleatórios genético aditivo e 

ambiental permanente da vaca. Nove modelos distintos foram avaliados e 

comparados com base no Critério de Informação da Deviance (DIC), e a 

estimação dos componentes de variância e dos valores genéticos (VGs) foi 

realizada por meio do método de amostragem de Gibbs, utilizando o software 

GibbsF90+. Os resultados mostraram uma produção média de 22,3 kg/dia, com 

pico de 23,8 kg/dia entre os dias 91 e 120 de lactação. O modelo mais adequado 

foi o polinômio ortogonal de Legendre de quarta ordem, com variâncias residuais 

heterogêneas em cinco classes. A herdabilidade média foi de 0,56, atingindo 

0,66 no PLDC 5, e a repetibilidade foi de 0,84. As altas correlações genéticas 

entre períodos adjacentes (0,64 a 0,99) indicam uma forte associação genética 

entre esses períodos, especialmente aqueles mais próximos. Conclui-se que o 

modelo de PLDC proporciona uma avaliação genética mais detalhada da raça 

Girolando, superando os modelos tradicionais baseados na produção acumulada 

de 305 dias, destacando a eficácia do uso de MRA no melhoramento genético 

de bovinos leiteiros dessa raça. 

Palavras-chave: Comparação de modelos, Girolando, parâmetros genéticos, 

produção de leite no dia do controle 
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1. INTRODUCTION

In tropical regions, using crossbred animals is a viable alternative for milk 

production systems (Marchioretto et al., 2023). Girolando cattle, a cross between 

Gir and Holstein breeds, are widely used on dairy farms due to their high 

adaptability to the climate, milk production, and reproductive efficiency in tropical 

systems (Canaza-Cayo et al., 2014). Currently, most Brazilian dairy herds consist 

of Girolando animals with Holstein proportions ranging between 1/4 to 7/8; while 

the 5/8 group accounts for 80% of the country's milk production (Canaza-Cayo et 

al., 2016). 

Genetic improvement programs for Zebu dairy cattle use cumulative milk 

production up to 305 days of lactation as the selection criterion, estimated from 

test-day milk yield (TDMY) collected throughout lactation. This approach is 

particularly relevant for Girolando cattle, where genetic evaluations are 

conducted using an animal model based on cumulative milk production during 

the first 305 days of lactation (Canaza-Cayo et al., 2016; Daltro et al., 2021; 

Barbero et al., 2022). 

The TDMY, an alternative to cumulative milk yield over 305 days, has been 

used as a selection criterion in European-origin cattle. Predicting milk yield based 

on cumulative production over 305 days assumes that milk yield is a 

representative average of each cow's lactation period, which may not be true 

(Yamazaki et al., 2018). 

Some benefits of adopting TDMY as a selection criterion include a better 

definition of contemporary groups and removing environmental effects, leading 

to more accurate genetic evaluations for cows and bulls (Schaeffer et al., 2000). 

Among the genetic evaluation methodologies that use TDMY, random regression 

models (RRMs) are generally more parsimonious and effectively adjust for the 

cows' permanent environmental effects throughout lactation. Covariances are 

modeled using repeated records, resulting in fewer parameters than multi-trait 

models (Pereira et al., 2019; Cole et al., 2023). 

One benefit of applying RRM to TDMY is that it partitions phenotypic 

variance based on the lactation curve, which can improve the accuracy of 

breeding values for milk yield in dairy cattle (Schaeffer et al., 2000). High and 

positive genetic correlations between TDMY suggest that selecting for increased 
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milk yield at a specific lactation stage can positively impact other lactation 

periods, resulting in greater genetic gains (Pereira et al., 2019). This study aimed 

to estimate variance components and genetic parameters for TDMY using RRM 

and predict breeding values for the trait in Girolando dairy cattle and assist in the 

breed's selection process. 

2. MATERIALS AND METHODS

2.1. DATA 

Embrapa Dairy Cattle and the Brazilian Association of Girolando Breeders 

provided the phenotypic data from dairy TDMY of Girolando cows. To estimate 

variance components, 480,364 TDMY records were used from 76,688 first 

lactations (only to the first calving) of Girolando cows, with calving ages between

22 and 48 months and calving between 1991 and 2021, distributed across 913 

herds. Milk production per TDMY varied between 4 and 40 kg, and the TDMY 

were recorded between the 5th and the 305th day of lactation for cows with more 

than three measured TDMY. The proportions of cows according to the number of 

milk TDMY were: 8.5%, 11.8%, 12.0%, 11.9%, 11.6%, 10.8%, 10.1%, 9.1%, 

7.6%, and 6.6% for 1, 2, 3, 4, 5, 6, 7, 8, 9, and 10 TDMY, respectively. 

Animals formed contemporary groups (CG) from the same herd, year of 

calving, test-day date (day-month-year), and genetic group.  These effects were 

previously tested and retained in the CG definition based on their significance 

and contribution to model fit. CGs with fewer than three animals were eliminated. 

The genetic groups (Table 1) were identified as follows: Holstein (H); Gir (G); 

1/2H + 1/2G; 1/4H + 3/4G; 1/8H + 7/8G; 3/4H + 1/4G; 3/8H + 5/8G; 5/8H + 3/8G; 

and 7/8H + 1/8G. After identifying the pedigree relationships for all animals over 

three generations, the pedigree file comprised 252,389 animals, including 8,312 

bulls and 67,549 cows. 

Table 1 - Number of observations by genetic group 

Genetic Groups Number of Animals 

H 569 

G 158 

1/2H + 1/2 G 33,585 

1/4H + 3/4G 1,055 
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1/8H + 7/8G 131 

3/4H + 1/4G 25,754 

3/8H + 5/8G 1,149 

5/8H + 3/8G 9,462 

7/8H + 1/8G 4,825 

Heterosis (𝐻𝐸𝑇) was calculated as follows: 𝐻𝐸𝑇 = ((𝐻𝑃 ∗ 𝐺𝑀) +

(𝐻𝑀 ∗ 𝐺𝑃)), where 𝐻𝑃 is the Holstein breed composition from paternal 

contribution; 𝐺𝑀 is the Gir breed composition from maternal contribution; 𝐻𝑀 is 

the Holstein breed composition from maternal contribution; 𝐺𝑃 is the Gir breed 

composition from paternal contribution. 𝐻𝐸𝑇 values ranged from 0.005 to 1. 

2.2. ANALYSIS MODELS 

The milk TDMY were analyzed using RRM. Heterozygosity and the linear 

and quadratic effects of the cow's age at calving were considered fixed effects, 

and the average lactation curve within each genetic group was treated as a fixed 

curve. The additive genetic and permanent environmental effects of animal were 

modeled using Legendre orthogonal polynomials. The CG effect was considered 

random. The Legendre orthogonal polynomials were tested in orders two, three, 

or four, and residual variances were modeled as homogeneous or heterogeneous 

with five or ten classes. 

The general random regression model used in the analyses is represented 

by: 

𝑦𝑖𝑗𝑘𝑙𝑚 = 𝐺𝐶𝑖 + ∑ 𝑏𝑛𝑥𝑘
𝑛

2

𝑛=1

+ ∑ 𝛽𝑗𝑜𝜑𝑜(𝑡)

𝑐

𝑜=1

+ ∑ 𝛼𝑘𝑜𝜑𝑜(𝑡)

𝑐

𝑜=1

+ ∑ 𝜌𝑘𝑜𝜑𝑜(𝑡)

𝑐

𝑜=1

+ 𝑒𝑖𝑗𝑘𝑙𝑚

in which 𝑦𝑖𝑗𝑘𝑙𝑚 is the m-th observation on the lactation day 𝑡, of animal 𝑙, 

with heterozygosity 𝑘, belonging to genetic group 𝑗, and CG 𝑖; 𝐻𝐸𝑇𝑘 is the effect 

of the k-th heterozygosity; 𝑏𝑛 is the regression coefficient for the linear (n=1) and 

quadratic (n=2) effects of the age 𝑥𝑘 of the cow at calving on TDMY (in months); 

𝛽𝑗𝑜 is the set of regression coefficients for the mean trajectory of genetic group 𝑗; 

𝜑𝑜(𝑡) is the covariate of the regression function according to the lactation day 𝑡; 

𝛼𝑘𝑜, 𝜌𝑘𝑜 are the sets of random regression coefficients for the mean trajectory of 

the random genetic additive effect and the permanent environmental effect of the 

cow, for each cow 𝑙; and 𝑒𝑖𝑗𝑘𝑙𝑚 is the error associated with the m-th observation 
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on lactation day 𝑡, of animal 𝑙, with heterozygosity 𝑘, belonging to genetic group 

𝑗, and CG 𝑖. The number of regression coefficients 𝑐 varies according to the 

functions used in the genetic-additive and permanent environmental random 

regressions of the cow. 

Nine models were tested to evaluate the orders of the Legendre 

orthogonal polynomials and the classes of residual variances (homogeneous and 

heterogeneous). In the case of heterogeneous residual variances, these were 

organized into classes according to the lactation days. When five classes were 

used, the lactation days were divided as follows: 5-60, 61-120, 121-180, 181-240, 

and 241-305 lactation days, with each class containing two milking TDMY. The 

definition of 10 classes was made so that each one included a milking TDMY: 5-

30; 31-60; 61-90; 91-120; 121-150; 151-180; 181-210; 211-240; 241-270; and 

271-305 lactation days.

When evaluating the different structures of residual variances, models 

were used in which the random regressions, both for the genetic additive random 

effect and for the permanent environmental random effect of the cow, were 

described using Legendre orthogonal polynomials of the same degree as the 

random effects. 

The model assumptions are: 

𝐸[𝑦] = 𝑋𝛽 

𝑣𝑎𝑟 [

𝛿
𝑎
𝑝
𝑒

] = [

𝐼⨂𝐺𝐶0 0 0 0
0 𝐴⨂𝐺0 0 0
0 0 𝐼⨂𝑃0 0
0 0 0 𝑅⨂𝑅0

] 

where 𝐸[𝑦] is the expectation of 𝑦; 𝑦 is the vector of TDMY; 𝑋 is the 

incidence matrix for the fixed effects of the vector 𝛽; 𝛿,  𝑎, 𝑝, and 𝑒 are the vectors 

of the random coefficients for the CG effects, additive genetics, permanent 

environmental effects of the cow, and residuals; 𝐶𝐺0, 𝐺0, and 𝑃0 are the 

covariance matrices for the random regression coefficients for the CG effects, 

genetic additive, and permanent environmental effects of the cow, respectively; 

𝑅0 is the covariance matrix for the residuals; I is an identity matrix with dimensions 

equal to the number of levels of the effects; 𝐴 is the pedigree relationship matrix; 

𝑅 is the diagonal matrix of residual variances; ⊗ is the Kronecker product. 
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In matrix notation, the model is represented by: 

𝑦 = 𝑋𝑏 + 𝑍𝑎 + 𝑊𝑝 + 𝐻𝑐 + 𝑒 

where 𝑦 is the vector of observations; 𝑏 is the vector of solutions for the 

fixed effects; 𝑎 is the vector of random coefficients for the genetic additive effects; 

𝑝 is the vector of random coefficients for the permanent environmental effects of 

the cow; 𝑐 is the vector of random coefficients for the CG; 𝑒 is the vector of 

residuals; and 𝑋, 𝑍, 𝑊, 𝐻 and are the corresponding incidence matrices. 

The assumptions for the prior distributions for the unknown parameters 

were considered according to: 

𝑦|𝑏, 𝑎, 𝑝, 𝜎𝑒1
2 , … , 𝜎𝑒𝑥

2  ~ 𝑁𝑀𝑉 (𝑋𝑏 + 𝑍𝑎 + 𝑊𝑝, 𝑅), 𝑅 = 𝑑𝑖𝑎𝑔{𝜎𝑒𝑥
2 }, with 𝑥 going 

from 1 to 𝑛, where 𝑛 is the number of residual variance classes. 

𝑎|Λ𝑎 ~ 𝑁𝑀𝑉(0, 𝐺), with 𝐺 = Λ𝑎⨂𝐴, where 𝐴 is the pedigree relationship

matrix, and Λ𝑎 is the matrix with the covariances between the genetic-additive 

random regression coefficients; 𝑝|Λ𝑝 ~ 𝑁𝑀𝑉(0, 𝑃), with 𝑃 = Λ𝑝⨂𝐼, where 𝐼 is the

identity matrix and Λ𝑝is the matrix with the covariances between the random 

regression coefficients for the permanent environmental effects of the cow; 

Λ𝑎|𝑣𝑎, 𝑆𝑎
2 ~ 𝑊−1(𝑣𝑎, 𝑣𝑎𝑆𝑎

2), Λ𝑝|𝑣𝑝, 𝑆𝑝
2 ~ 𝑊−1(𝑣𝑝, 𝑣𝑝𝑆𝑝

2) and

𝑅|𝑣𝑒 , 𝑆𝑒
2 ~ 𝑊−1(𝑣𝑒 , 𝑣𝑒𝑆𝑒

2), in which 𝑣𝑎, 𝑆𝑎
2;  𝑣𝑝, 𝑆𝑝

2;  𝑣𝑒 , 𝑆𝑒
2 represent the degrees of

confidence and the prior values for the covariances of the cow’s genetic-additive 

and permanent environmental random regression coefficients and residual 

variances, respectively; 𝑏 ∝ is a constant. 𝑁𝑀𝑉 and 𝑊−1 refer to the multivariate 

normal and inverse Wishart distributions. 

2.3. MODEL COMPARISON 

To compare the tested models, the DIC was used: 

𝐷𝐼𝐶 = 𝐷̅(𝜃) + 𝑝𝐷 = 2𝐷̅(𝜃) − 𝐷(𝜃̅)

where 𝐷̅(𝜃) = 𝐸𝜃|𝑦[𝐷(𝜃)],  i.e., the posterior expectation of the Bayesian

deviance, and 𝐷(𝜃) = −2𝑙𝑜𝑔𝑝(𝑦|𝜃), which represents the model fit quality. The 

effective number of parameters represents the penalty for increasing model 

complexity: 𝑝𝐷 = 𝐷̅(𝜃) − 𝐷(𝜃̅), where 𝜃 is the parameter vector of the model and

𝐷(𝜃̅) is the Bayesian deviance evaluated at the posterior means of the
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parameters. Models with lower DIC values were preferred (Spiegelhalter et al., 

2002). 

2.4. ESTIMATION OF VARIANCE COMPONENTS AND BREEDING VALUES 

The computational analyses were performed using a Bayesian method via 

Gibbs sampling, employing the GibbsF90+ program (Misztal et al., 2014). 

Inferences about the parameters were made based on their corresponding 

posterior marginal distributions. For each evaluated model, a chain of 1,000,000 

samples was generated; conservatively, the first 200,000 samples were 

discarded and considered burn-in. Convergence was monitored by graphical 

inspection of the samples versus iterations, as well as by the criteria proposed by 

Heidelberger & Welch (1983) and Geweke (1992), calculated using the BOA 

package in R (Smith, 2007). A sample discard interval of 50 iterations was 

considered, leaving 16,000 samples from which the inferences were made. 

Genetic parameters for lactation days were estimated in 30-day intervals for each 

sample. 

Posterior means were used as point estimates of the (co)variance 

components. The cow’s additive genetic, permanent environmental, phenotypic, 

and residual (co)variance matrices for all lactation days (from 5 to 305 days) were 

obtained following the approach applied by Druet et al. (2003). Heritabilities were 

defined as the ratio between additive genetic and phenotypic variance for each 

lactation day. Repeatabilities were defined as the ratio between the sum of 

additive genetic variance and permanent environmental variance of the cow and 

phenotypic variance for each lactation day. Correlations between lactation days 

𝑖 and 𝑗 were calculated as the covariance 𝑐𝑜𝑣(𝑖, 𝑗) ratio to the square root of the 

product of the variances of lactation days 𝑖 and 𝑗. 

The solutions for the genetic effects on each lactation day were used to 

calculate the estimated breeding values (EBVs): 

𝐸𝐵𝑉𝑖
𝑗

= 𝜑𝑗𝑎𝑖̂

where 𝑎𝑖̂ is the vector of solutions estimated by the orthogonal regression 

coefficients of animal I, and 𝜑𝑗 is the vector of orthogonal coefficients of the k-th 

TDMY. The EBVs were used to rank the animals, and the top 30 males and top 

30 females were selected for Spearman's rank correlation analysis. The analysis 
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was performed separately for males and females and across four distinct genetic 

groups, chosen based on data availability. 

3. RESULTS AND DISCUSSION

The overall mean and standard deviation for the milk production TDMY 

were 22.3 kg and 7.33 kg, respectively. The lowest mean milk yields were 

observed for TDMY 1 (20.3 ± 6.39 kg), TDMY 9 (21.6 ± 6.95 kg), and TDMY 10 

(20.6 ± 6.87 kg). The peak milk production was achieved during TDMY 4, 

between 91 and 120 days in lactation, with a mean of 23.8 ± 7.62 kg. After TDMY 

5 (23.6 ± 7.64 kg), milk production decreased in subsequent TDMY (Table 2). All 

analyses showed convergence, indicating model stability and reliability of the 

estimated parameters. 

Table 2 - Number of observations, observed means, standard deviations, and 

coefficients of variation for milk production in TDMY (1 to 10). 

TDMY 
Days Number of Mean ± Standard 

CV (%) 
in Milk Observations Deviation (kg) 

1 5 to 30 40,763 20.3 ± 6.39 31.5 

2 31 to 60 56,667 22.4 ± 7.01 31.2 

3 61 to 90 57,639 23.4 ± 7.43 31.7 

4 91 to 120 57,203 23.8 ± 7.62 32.1 

5 121 to 150 55,654 23.6 ± 7.64 32.4 

6 151 to 180 51,793 23.2 ± 7.52 32.4 

7 181 to 210 48,479 22.7 ± 7.35 32.4 

8 211 to 240 43,690 22.2 ± 7.16 32.3 

9 241 to 270 36,608 21.6 ± 6.95 32.1 

10 271 to 305 31,868 20.6 ± 6.87 33.4 

A fixed regression for each of these genetic groups was considered in the 

analysis model (Figure 1) due to the discrepancies in milk production levels 

among the various genetic groups. Cows in the genetic group 1/2H + 1/2G had 

the highest mean milk production (23.2 ± 7.36 kg), while cows in the G genetic 

group had the lowest mean milk production (16.7 ± 4.47 kg). 
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Figure 1. Observed means of milk production for different genetic groups of Holstein (H) 

and Gir (G) during lactation (5 to 305 days). 

Animals with a higher proportion of Holstein (H, 1/2H + 1/2G, 3/4H + 1/4G, 

5/8H + 3/8G, and 7/8H + 1/8G) produced more milk than animals with a higher 

proportion of Gir (G, 1/4H + 3/4G, 1/8H + 7/8G, and 3/8H + 5/8G). As a result, 

genetic groups with a higher proportion of Holstein produced, on average, 17.2 

kg more than groups with a higher proportion of Gir. 

Based on the Deviance Information Criterion (DIC) for the various models 

tested (Table 3), models with fourth-order Legendre orthogonal polynomials 

provided the best fit for the data in this study. As shown in the literature (Pereira 

et al., 2013; Canaza-Cayo et al., 2015; Li et al., 2020; González-Herrera et al., 

2021), models with the highest tested order of Legendre orthogonal polynomials 

exhibited the lowest DIC values. Among the fourth-order Legendre orthogonal 

polynomial models, heterogeneous residual variances with five classes had the 

lowest DIC value. Thus, five classes were sufficient to adjust this effect for this 

dataset. This demonstrated that residual variances were not uniform throughout 

lactation. Similar results were reported by Pereira et al. (2013) and Júnior et al. 

(2023). 
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Table 3. Comparison between models and Deviance Information Criterion (DIC) values 

for the analysis of TDMY 

Order of Legendre 

Orthogonal Polynomial 

Number of Residual 

Variance Classes 
DIC 

2 1 1,991,768.23 

2 5 1,992,128.33 

2 10 1,993,018.44 

3 1 1,968,568.30 

3 5 1,969,347.96 

3 10 1,966,177.33 

4 1 1,957,926.08 

4 5 1,957,884.95 

4 10 1,958,061.36 

Residual variances with one class are homogeneous, while those with more than one 

class are heterogeneous. 

Li et al. (2020) state that selecting the best analysis model requires 

balancing the best fit with model complexity. Models with higher orders of 

Legendre orthogonal polynomials have more parameters to estimate, which can 

result in greater computational demand. Estimates of phenotypic and additive 

genetic variances slightly increased at the beginning of lactation. Estimates of the 

cow’s permanent environmental variances peaked at the end of lactation, and the 

magnitude of the residual variance varies between 7.7 and 8.3 throughout the 

lactation period (Figure 2). 
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Figure 2. Mean estimates of additive genetic (a), permanent environmental of the 

animal (b), phenotypic (c), and residual variances (d) over lactation. 

In the present study, the permanent environmental effect of the cow 

variances were higher than the additive genetic variances during the early days 

of lactation. After this period, the additive genetic variances became more 

pronounced. Previous research with dairy cattle (Costa et al., 2008; El Faro et 

al., 2008; Canaza-Cayo et al., 2015; and Barbero et al., 2022) showed that 

estimates of genetic and phenotypic variances were higher at the beginning of 

lactation, compared to the permanent environmental variances of the cow, which 

were higher at the end of lactation. This may indicate that genetic and 

environmental factors affect the milk production curve differently (Marumo et al., 

2022). RRMs have effectively estimated variances and identified those that best 

fit the milk production curve, as reported by Costa et al. (2008), El Faro et al. 

(2008), and Canaza-Cayo et al. (2015). 

Lower heritability estimates at the beginning of lactation were caused by a 

smaller proportion of phenotypic variance attributable to additive genetic 

variance, possibly due to the smaller number of milk production observations 

during this period (Meyer, 1998). The average heritability estimate throughout the 

entire lactation period was 0.56 ± 0.11, reaching its maximum value of 0.66 at 

TDMY 5 (121 to 150 days of lactation) and its minimum value (0.30) at TDMY 1 

(Figure 3). Repeatability estimates varied similarly to heritability throughout 

lactation. The average repeatability estimate for the entire lactation period was 

0.84 ± 0.03, reaching its maximum value of 0.86 at TDMY 6, 7, 8, 9, and 10 (151 

to 305 days of lactation) and its minimum value (0.79) at TDMY 1. 
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Figure 3. Mean estimates of heritability and repeatability during the lactation period. 

In the literature, considerably variable estimates of heritability and 

repeatability for cumulative milk production up to 305 days have been obtained 

for Girolando animals. Canaza-Cayo et al. (2015) and Santos et al. (2021) 

reported estimates of 0.23 and 0.26, respectively, for milk production. On the 

other hand, Daltro et al. (2020) used an analysis model for P305 and obtained a 

lower estimate (0.14 ± 0.01). It is important to note that heritability estimates for 

milk production in Girolando cattle showed wide variation, with estimates ranging 

from 0.18 to 0.29 (Canaza-Cayo et al., 2015; Canaza-Cayo et al., 2016). Júnior 

et al. (2023) evaluated Girolando, Gir, and Holstein breeds and estimated 

heritabilities of 0.09, 0.17, and 0.12 and repeatabilities of 0.31, 0.35, and 0.28, 

respectively, for P305. Barbero et al. (2022) reported heritability and repeatability 

estimates of 0.29 and 0.94, respectively, for P305. 

Costa et al. (2019) reported average repeatability estimates of 0.60 for 

TDMY in Holstein cattle. Buitenhuis and Poulsen (2023), evaluating TDMY of 

Danish Holstein, Jersey, and Red breeds, reported repeatability values of 0.48, 

0.42, and 0.49, respectively, and heritability estimates of 0.16, 0.14, and 0.22, 

respectively. This study's heritability and repeatability estimates differed from 

those previously described in the literature for Girolando cattle. This may be 

explained by the larger number of observations used in the analyses and by the 

fact that the test-day model used can obtain more accurate estimates for the 
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entire lactation curve period compared to models that consider cumulative milk 

production up to 305 days (Ptak and Schaeffer, 1993; Lidauer et al., 2003; 

Canaza-Cayo et al., 2016). 

The high heritability estimates suggest that the variation in milk production 

is largely determined by additive genetic factors, indicating that the selection 

process in the Girolando breed has been effective in improving milk production. 

This implies that most of the observed differences in milk production between 

individuals are attributed to additive genetic variation, highlighting the potential of 

genetic selection to drive improvements in milk yield across generations. 

Another fact to consider is that heritability and repeatability estimates can 

be affected using genetic groups in the CG or as a fixed effect in the model 

(Canaza-Cayo et al., 2016). Scarso et al. (2017) and Visentin et al. (2017) 

concluded that about 40% of the variability in heritability and repeatability can be 

attributed to environmental effects. Repeatability is an important phenotypic 

parameter for longitudinal data because it predicts the animal's potential 

production based on previous productions (Cilek and Sahin, 2009). 

The estimates of phenotypic correlations between milk production at 

different TDMY ranged from 0.30 to 0.85, with the highest magnitudes occurring 

between adjacent TDMY (Figure 4). Similar trends were observed for genetic 

correlations (0.64 to 0.99) and for cow’s permanent environmental correlations 

(0.10 to 0.95). These last results indicate that persistent environmental effects 

have a lasting impact on milk production over time (Leclerc et al., 2008). 
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Figure 4. Mean estimates of additive genetic (a), permanent environmental of the animal 

(b), and phenotypic correlations (c) for milk production across TDMY. 

Uribe and Lembeye (2020) estimated genetic correlations between milk 

production TDMY ranging from 0.37 to 1.00, with the highest estimates between 

adjacent TDMY. Bignardi et al. (2011) also estimated high genetic correlations 

between adjacent TDMY, which decreased as the distance between periods 

increased. Other authors have reported similar genetic correlations between the 

same periods (Cobuci et al., 2011; Gonzalez-Herrera et al., 2015; Singh et al., 

2016; Santos et al., 2021). 

Bignardi et al. (2011) and Uribe and Lembeye (2020) estimated negative 

genetic correlations between early and late TDMY, attributing these results to the 

difficulty in modeling milk yields on the initial TDMY caused by postpartum stress 

and negative energy balance during this period. A negative energy balance 

occurs when the energy required to maintain milk production exceeds the energy 
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from the cow's diet. Consequently, the cow resorts to its body fat reserves as an 

energy source (Goff and Horst, 1996; Coffey et al., 2002). 

The Spearman correlations (Table 4) between different lactation periods 

ranged from 0.33 to 1.00 for females and from 0.82 to 1.00 for males in the 

genetic groups 1/2H + 1/2G, 3/4H + 1/4G, 5/8H + 3/8G, and 7/8H + 1/8G. The 

high coefficients for males indicate stability in the EBVs rankings for milk 

production across lactation phases. This suggests that performance in partial 

periods (start, middle, and end) is a good predictor of total production. For males, 

correlations were consistently high, with values close to 1.00 across all groups, 

reflecting almost absolute stability in production rankings throughout the analyzed 

periods. 
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Table 4. Spearman correlation coefficients between estimated breeding values for 

lactation periods in males (above the diagonal) and females (below the diagonal). 

1/2H + 1/2G 

5 – 105 DIM 106 – 205 DIM 206 – 305 DIM 5 – 305 DIM 

5 – 105 DIM 0.91∗ 0.82∗ 0.94∗ 

106 – 205 DIM 0.33𝑁𝑆 0.94∗ 0.99∗ 

206 – 305 DIM 0.41𝑁𝑆 0.88∗ 0.94∗ 

5 – 305 DIM 0.63∗ 0.89∗ 0.93∗ 

3/4H + 1/4G 

5 – 105 DIM 106 – 205 DIM 206 – 305 DIM 5 – 305 DIM 

5 – 105 DIM 0.91∗ 0.86∗ 0.93∗ 

106 – 205 DIM 0.63∗ 0.98∗ 0.99∗ 

206 – 305 DIM 0.36𝑁𝑆 0.81∗ 0.98∗ 

5 – 305 DIM 0.56∗ 0.96∗ 0.90∗ 

5/8H + 3/8G 

5 – 105 DIM 106 – 205 DIM 206 – 305 DIM 5 – 305 DIM 

5 – 105 DIM 0.94∗ 0.93∗ 0.95∗ 

106 – 205 DIM 0.74∗ 0.99∗ 1.00∗ 

206 – 305 DIM 0.58∗ 0.79∗ 0.99∗ 

5 – 305 DIM 0.82∗ 0.94∗ 0.82∗ 

7/8H + 1/8G 

5 – 105 DIM 106 – 205 DIM 206 – 305 DIM 5 – 305 DIM 

5 – 105 DIM 0.98∗ 0.98∗ 0.98∗ 

106 – 205 DIM 0.35𝑁𝑆 1.00∗ 1.00∗ 

206 – 305 DIM 0.44𝑁𝑆 0.70∗ 1.00∗ 

5 – 305 DIM 0.87∗ 0.60∗ 0.79∗ 
*: p-value <0.05; NS: not significant; DIM: days in milk. 

On the other hand, females showed greater variability in correlations, 

especially in early lactation phases (Table 4). The correlations between total 

production and partial periods indicated that although early performance may be 

less consistent, correlations tend to strengthen in later periods. This suggests a 

strong correlation between the middle and end phases and total production, 

indicating that selecting animals based on performance during these phases may 

be more effective in identifying those with higher production potential (Cole et al., 

2023; Boerner et al., 2023). 

Using a test-day model in the genetic evaluation of Girolando cattle has 

resulted in more accurate estimates throughout the lactation curve than 

traditional cumulative models up to 305 days (Canaza-Cayo et al., 2015; Pereira 

et al., 2019). This finding is supported by the fact that the test-day model can 

estimate parameters and breeding values with higher accuracy, indicating greater 
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potential for evaluating milk production (Daltro et al., 2019). Furthermore, it was 

observed that using a test-day model results in higher accuracy in predicting 

breeding value estimates, leading to more efficient genetic evaluations (Pereira 

et al., 2019). 

4. CONCLUSIONS

The results of this study indicate that RRM with fourth-order Legendre 

polynomials were effective in estimating variance components, parameters, and 

breeding values for milk production in Girolando cattle. The application of this 

model allowed greater precision in estimates throughout the lactation curve, 

highlighting it as a more suitable approach for genetic evaluation of milk 

production, especially when considering variation in the specific periods of early, 

middle, and late lactation. 

The analyses revealed differences between breeding values for females 

and males across different genetic groups, reinforcing the importance of 

considering the distinct phases of the lactation curve in animal selection. These 

results highlight the need for appropriate genetic evaluation models, suggesting 

that RRM with a TDMY approach offers a more precise understanding of milk 

production. This is especially important as each genetic group shows a distinct 

lactation curve pattern, which must be considered to improve selection accuracy 

in the Girolando breed. 
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CHAPTER 3 – POPULATION STRUCTURE AND GENOMIC PARAMETER 

ESTIMATES FOR TEST-DAY MILK YIELD IN GIROLANDO CATTLE USING 

RANDOM REGRESSION MODELS 

Abstract - Most Brazilian dairy herds are composed of Girolando animals, which 

are the result of crossbreeding between the Gir and Holstein breeds, with 

proportions of Holstein varying between 1/4 and 7/8. The 5/8 Holstein group 

represents 80% of the country’s milk production. The aim of this study was to 

estimate variance components and analyze the genetic structure of the Girolando 

population based on genotypic and phenotypic data. A total of 480,364 test-day 

milk yield (TDMY) records from 76,688 cows in their first lactation, with calvings 

occurring between 1991 and 2021, were analyzed. The phenotypic data included 

nine genetic groups, formed by different combinations of the Holstein (H) and Gir 

(G) breeds: 1/2H + 1/2G, 1/4H + 3/4G, 1/8H + 7/8G, 3/4H + 1/4G, 3/8H + 5/8G,

5/8H + 3/8G, and 7/8H + 1/8G. The genotypic data involved 25,936 genotyped 

animals, which were later imputed, resulting in a final set of 37,911 SNPs from 

5,339 animals. The population structure was analyzed using Principal 

Component Analysis (PCA) and the genetic differentiation index (Fst) in the Plink 

1.9 software. The TDMY was modeled using an animal random regression model, 

considering fixed effects of heterozygosity and age at calving (linear and 

quadratic) as covariates, along with random additive genetic effects and 

permanent environmental effects of the cow, using fourth-order Legendre 

orthogonal polynomials. The ssGBLUP methodology was applied for the 

analysis. The genetic results indicated high variability in the population, with 

genotype frequencies of 0.07 (AA), 0.31 (AB), and 0.62 (BB), suggesting greater 

heterozygosity in the crossbred groups. The average observed and expected 

heterozygosity levels were 0.37 and 0.36, respectively, being higher in the 1/2H 

+ 1/2G group, highlighting the benefits of hybrid vigor. The Fst index ranged from

0.003 to 0.21, indicating greater genetic differentiation between the Holstein and 

Gir breeds, while the crossbred groups showed closer genetic proximity. Milk 

production varied according to genetic composition, being highest in the 1/2H + 

1/2G group (23.2 kg/day) and lowest in the Gir group (16.7 kg/day). The average 

heritability was 0.48, reaching 0.59 between days 91 and 120 of lactation, and 

repeatability was 0.84, reflecting high stability in production. High genetic 

correlations between adjacent records indicated a strong linear genetic 

association between TDMY. The estimates of heritability and repeatability, along 

with the increased production in 1/2H + 1/2G cows, suggest that, despite the 

influence of environmental factors, selection remains an efficient strategy for 

improving milk production. 

Keywords: Genetic structure and diversity, genetic-genomic parameters, 

genomic selection, Gir x Holstein. 
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Resumo - A maioria dos rebanhos leiteiros brasileiros é composta por animais 

da raça Girolando, originada do cruzamento entre as raças Gir e Holandesa, com 

proporções de Holandês variando entre 1/4 e 7/8. O grupo 5/8 representa 80% 

da produção de leite do país. O objetivo deste estudo foi estimar os componentes 

de variância e analisar a estrutura genética da população Girolando a partir de 

dados genotípicos e fenotípicos. Foram analisados 480.364 registros de PLDC 

de 76.688 vacas em primeira lactação, com partos ocorridos entre 1991 e 2021. 

Os dados fenotípicos incluíram nove grupos genéticos, formados por diferentes 

combinações entre as raças Holandês (H) e Gir (G): 1/2H + 1/2G, 1/4H + 3/4G, 

1/8H + 7/8G, 3/4H + 1/4G, 3/8H + 5/8G, 5/8H + 3/8G, 7/8H + 1/8G. Os dados 

genotípicos envolviam 25.936 animais genotipados, que foram posteriormente 

imputados, resultando em um conjunto final de 37.911 SNPs de 5.339 animais. 

A estrutura populacional foi analisada por Análise de Componentes Principais 

(PCA) e índice de diferenciação genética (Fst) no software Plink 1.9. A PLDC foi 

modelada por um modelo animal de regressão aleatória, considerando efeitos 

fixos de heterozigosidade e idade ao parto (linear e quadrático) como 

covariáveis, além de efeitos aleatórios genéticos aditivos e de ambiente 

permanente da vaca, com o uso de polinômios ortogonais de Legendre de quarta 

ordem. A metodologia ssGBLUP foi aplicada para a análise. Os resultados 

genéticos indicaram alta variabilidade na população, com frequências 

genotípicas de 0,07 (AA), 0,31 (AB) e 0,62 (BB), sugerindo maior 

heterozigosidade nos grupos mestiços. Os níveis médios de heterozigosidade 

observada e esperada foram 0,37 e 0,36, respectivamente, sendo mais elevados 

no grupo 1/2H + 1/2G, destacando os benefícios da heterose. O índice Fst variou 

de 0,003 a 0,21, indicando maior diferenciação genética entre as raças Holandês 

e Gir, enquanto os grupos mestiços apresentaram maior proximidade genética. 

A produção de leite variou conforme a composição genética, sendo maior no 

grupo 1/2H + 1/2G (23,2 kg/dia) e menor no grupo Gir (16,7 kg/dia). A 

herdabilidade média foi de 0,48, atingindo 0,59 entre 91 e 120 dias de lactação, 

e a repetibilidade foi de 0,84, refletindo alta estabilidade na produção. As 

correlações genéticas e fenotípicas elevadas entre controles adjacentes indicam 

a consistência da expressão genética na produção de leite. As estimativas de 

herdabilidade e repetibilidade, associadas ao aumento da produção nas vacas 

1/2H + 1/2G, sugerem que, apesar da influência de fatores ambientais, a seleção 

genética continua sendo uma estratégia eficiente para melhorar a produção de 

leite. 

Palavras-chave: Estrutura e diversidade genética, Gir x Holandês, parâmetros 

genéticos-genômicos, seleção genômica. 
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1. INTRODUCTION

The Girolando breed, resulting from the crossbreeding of the Gir and 

Holstein breeds and developed in the 1980s, stands out as a viable alternative 

for milk production systems in tropical regions (Panetto et al., 2022; Marchioretto 

et al., 2023). This breed combines the rusticity, heat resistance, and adaptability 

to adverse climatic conditions of the Gir breed with the high milk productivity of 

the Holstein breed (Canaza-Cayo et al., 2014a). This combination of 

characteristics makes Girolando one of the main dairy breeds in Brazil, 

responsible for over 80% of the milk produced in the country (Silva et al., 2018). 

Genetic diversity, which encompasses the variation of traits within a 

population, is crucial for the potential response to future selections (Notter, 1999; 

Booy et al., 2008). However, the wide genetic variability in the Girolando breed, 

due to its various genetic groups, requires attention to ensure uniformity and 

predictability in milk production. 

This represents a major challenge for genetic evaluation, as the use of 

composite breeds is still under extensive study in this context. These aspects are 

key for the efficient management and sustainability of dairy production systems 

(Daltro et al., 2019). 

The incorporation of genomic information into phenotypic and pedigree 

records in the selection of dairy cattle has promoted advances in genetic 

improvement of the species, allowing faster and more accurate estimates of the 

genetic potential of animals (VanRaden, 2008) and consequently accelerating 

genetic improvement (Weigel, 2017). In this context, the use of molecular 

markers, such as single nucleotide polymorphisms (SNPs), has proven to be a 

valuable tool for analyzing the genetic structure of populations and estimating 

genetic parameters, as well as breeding values for traits of interest (Dekkers, 

2012; Weigel, 2017; Gutierrez-Reinoso et al., 2021). 

Dairy cattle breeding programs in tropical regions face specific challenges 

related to environmental constraints and limited available resources (Zumbach & 

Peters, 2002). Genotype-environment interactions are crucial in this context, as 

high-productivity breeds adapted to temperate climates tend to perform poorly in 

tropical conditions (Burrow, 2012). To overcome these limitations, combining 

advanced genomic selection techniques with conventional breeding methods 
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emerges as a promising strategy and can allow early identification of an animal's 

genetic potential before the manifestation of its phenotypic traits (Das et al., 

2021). 

Understanding genetic parameters plays a key role in comprehending 

economically important traits' genetic basis and defining more effective and 

sustainable selection strategies (Roka et al., 2024). Among the modern 

methodologies applied to genetic improvement, genomic random regression 

models (RRM) stand out, enabling more accurate estimates of the genetic values 

of animals for longitudinal data. 

The Single-step Genomic Best Linear Unbiased Prediction (ssGBLUP) 

method has become widely used as a tool by efficiently integrating genomic, 

phenotypic, and pedigree information into a single analysis (Misztal et al., 2013a; 

Bermann et al., 2022). This methodology incorporates genomic data directly into 

the pedigree matrix and enhances the accuracy of genetic predictions, optimizing 

selection for traits of interest (Misztal et al., 2013a). 

The objective of this study is to analyze the structure and genetic diversity 

of the Girolando breed and estimate variance components, parameters, and 

genomic breeding values for test-day milk yield so that it can aid in the selection 

procedures for improving the Girolando breed. 

2. MATERIAL AND METHODS

The genotype and phenotype data for the milk production of Girolando 

cows were provided by Embrapa Gado de Leite and the Brazilian Association of 

Girolando Breeders. 

2.1. Phenotypic data 

For the estimation of variance components, 480,364 test-day milk yield 

(TDMY) were used, derived from 76,688 first lactations of Girolando cows, with 

ages at calving ranging from 22 to 48 months, calving between 1991 and 2021, 

and distributed across 913 herds. The milk production per control ranged from 4 

to 40 kg, and the controls were recorded between the fifth and the 305th day of 
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lactation, for cows with at least three recorded controls. The proportions of cows 

according to the number of milk controls were: 8.5%, 11.8%, 12.0%, 11.9%, 

11.6%, 10.8%, 10.1%, 9.1%, 7.6%, and 6.6% for 1, 2, 3, 4, 5, 6, 7, 8, 9, and 10 

controls, respectively. 

The contemporary group (CG) was formed by animals from the same herd, 

calving year, day-month-year of milk control, and genetic group. CG with fewer 

than three animals were excluded. The genetic groups (Table 1) were identified 

as follows: Holstein (H); Gir (G); 1/2H + 1/2G; 1/4H + 3/4G; 1/8H + 7/8G; 3/4H + 

1/4G; 3/8H + 5/8G; 5/8H + 3/8G; 7/8H + 1/8G. After identifying the pedigree for 

all animals across three generations, the pedigree file consisted of 252,389 

animals, including 8,312 bulls and 67,549 cows. 

Heterozygosity (HET) was calculated as follows: 𝐻𝐸𝑇 = ((𝐻𝑃 ∗ 𝐺𝑀) +

(𝐻𝑀 ∗ 𝐺𝑃)), where HP is the Holstein breed composition from the paternal 

contribution; GM is the Gir breed composition from the maternal contribution; HM 

is the Holstein breed composition from the maternal contribution; and GP is the 

Gir breed composition from the paternal contribution. The HET values ranged 

from 0.005 to 1. The HET effect was included to account for and correct the 

effects of the different genetic groups within the population (Appendix 1). 

2.2. Genotipic data 

The animals were genotyped with SNP panels of varying densities, 

including the Illumina BovineSNP50 BeadChip v2 (50 K), Illumina BovineHD 

BeadChip (HD), Zoetis Custom SNP chip ZL2 (20 K), Zoetis Custom SNP chip 

ZL5 (30 K), Zoetis Custom SNP chip ZBU (54 K), Zoetis Custom SNP chip ZM2 

(70 K), and Zoetis Custom SNP chip ZBN (55 K). 

After defining the Illumina BovineHD BeadChip (HD) panel as the 

standard, SNPs from other panels were extracted and/or imputed to the 

BovineHD chip using the Illumina 50 K panel as the marker panel. The FImpute 

2.2 software (Sargolzaei et al., 2014) achieving an accuracy of 97%. The 

genotype file contained 45,843 SNPs from 25,936 animals, of which 5,342 had 

both phenotype and genotype information (Table 1). 
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Tabela 1 – Number of phenotype and phenotypes and genotypes observations by 

genetic group. 

Genetic Groups Animals with phenotypes 
Animals with phenotypes 

and genotypes 

H 569 10 

G 158 13 

1/2H + 1/2 G 33,585 2,409 

1/4H + 3/4G 1,055 188 

1/8H + 7/8G 131 3 

3/4H + 1/4G 25,754 1,546 

3/8H + 5/8G 1,149 82 

5/8H + 3/8G 9,462 885 

7/8H + 1/8G 4,825 206 

Mendelian conflicts and the pedigree were checked, and any discrepant 

markers were defined as unknown and absent. After the quality control process, 

the data file contained 37,911 SNPs and 5,339 animals. 

2.3. Population structure and genetic diversity analysis 

Principal component analysis (PCA) was performed using the genotype 

matrix to characterize the population structure of the Girolando genetic groups. 

For the PCA, SNPs (single nucleotide polymorphisms) with minor allele frequency 

(MAF) lower than 5% and call rate for SNPs and samples lower than 90% (—

geno) were removed. The genetic differentiation index (Fst) was calculated 

between all pairs of genetic groups. Additionally, inbreeding coefficients, as well 

as observed and expected heterozygosity levels, were estimated to assess the 

genetic diversity within and among the groups.  Population structure and genetic 

diversity analyses were conducted using the Plink 1.9 software (Purcell et al., 

2007). 

2.4. Analysis model 
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The analysis of milk production on the control day was performed using a 

random regression animal model. The heterozygosity class and the linear and 

quadratic effects of the cow's age at calving were considered as fixed effects. 

The average lactation curves within each genetic group were modeled using 

Legendre orthogonal polynomials to account for differences in milk production 

levels between the various genetic groups. 

The random effects of additive genetic and permanent environment of the 

cow effects were modeled using fourth-order Legendre orthogonal polynomials. 

Residual variances were considered heterogeneous, divided into five classes 

based on days in lactation: 5-60; 61-120; 121-180; 181-240; and 241-305 days 

in lactation. The effect of CG (contemporary group) was considered random. 

The general random regression model used in the analyses was 

represented by: 

𝑦𝑖𝑗𝑘𝑙𝑚 = 𝐶𝐺𝑖 + ∑ 𝑏𝑛𝑥𝑘
𝑛

2

𝑛=1

+ ∑ 𝛽𝑗𝑜𝜑𝑜(𝑡)

4

𝑜=1

+ ∑ 𝛼𝑘𝑜𝜑𝑜(𝑡)

4

𝑜=1

+ ∑ 𝜌𝑘𝑜𝜑𝑜(𝑡)

4

𝑜=1

+ 𝑒𝑖𝑗𝑘𝑙𝑚

where 𝑦𝑖𝑗𝑘𝑙𝑚 is the m-th observation on the lactation day 𝑡 of animal 𝑙, with 

heterozygosity 𝑘, belonging to the genetic group 𝑗 and the contemporary group 

𝐶𝐺𝑖; 𝐶𝐺𝑖 is the effect of the i-th contemporary group; 𝑏𝑛 is the regression 

coefficient for the linear (n=1) and quadratic (n=2) effects of the cow's age at 

calving 𝑥𝑘 on TDMY (in months); 𝛽𝑗𝑜 is the set of fixed regression coefficients for 

the average trajectory of genetic group 𝑗; 𝜑𝑜(𝑡) is the covariate of the regression 

function according to the day of lactation (𝑡); 𝛼𝑘𝑜, 𝜌𝑘𝑜 are the sets of random 

regression coefficients for the trajectory of the additive genetic and permanent 

environmental effects of the cow for each animal 𝑙; and 𝑒𝑖𝑗𝑘𝑙𝑚 is the error 

associated with the m-th observation on lactation day 𝑡 of animal 𝑙, with 

heterozygosity 𝑘, belonging to the genetic group 𝑗, and the contemporary group 

𝐶𝐺𝑖. 

The assumptions of the model were: 

𝐸[𝑦] = 𝑋𝛽 

and 

𝑣𝑎𝑟 [

𝛿
𝑎
𝑝
𝑒

] = [

𝐼⨂𝐺𝐶0 0 0 0
0 𝐴⨂𝐺0 0 0
0 0 𝐼⨂𝑃0 0
0 0 0 𝑅⨂𝑅0

] 
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where 𝐸[𝑦] is the expectation of 𝑦; 𝑦 is the vector of TDMY; 𝑋 is the 

incidence matrix for the fixed effects of the vector 𝛽; 𝛿,  𝑎, 𝑝, and 𝑒 are the vectors 

of the random coefficients for the CG effects, additive genetics, permanent 

environmental effects of the cow, and residuals; 𝐶𝐺0, 𝐺0, and 𝑃0 are the 

covariance matrices for the random regression coefficients for the CG effects, 

genetic additive, and permanent environmental effects of the cow, respectively; 

𝑅0 is the covariance matrix for the residuals; I is an identity matrix with dimensions 

equal to the number of levels of the effects; 𝐴 is the pedigree relationship matrix; 

𝑅 is the diagonal matrix of residual variances; ⊗ is the Kronecker product. 

In the ssGBLUP (single-step Genomic BLUP) methodology, the pedigree 

matrix 𝐴 is replaced by matrix 𝐻, which combines pedigree information (𝐴) and 

genomic data (𝐺) into a single matrix (𝐻) (Legarra et al., 2009): 

𝐻 = 𝐴 + [𝐴12𝐴22
−1 0

0 1
] [𝐺 − 𝐴22][𝐼 𝐼] [𝐴22𝐴21

−1 0
0 1

] 

where subscript 1 represents the non-genotyped animals and subscript 2 

represents the genotyped animals. The matrix 𝐺 is a genomic relationship matrix 

constructed using the method of VanRaden (2008). The inverse of matrix 𝐻 is: 

𝐻−1 = 𝐴−1 + [
0 0
0 𝐺−1 − 𝐴22

−1]

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

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

of the genomic relationship matrix described by VanRaden (2008). 

The computational analyses were performed using a Bayesian method, 

utilizing the GibbsF90+ program (Misztal et al., 2014). In matrix notation, the 

model is represented by: 

𝑦 = 𝑋𝑏 + 𝑍𝑎 + 𝑊𝑝 + 𝐻𝑐 + 𝑒 

where 𝑦 is the vector of observations; 𝑏 is the vector of solutions for the 

fixed effects; 𝑎 is the vector of random coefficients for the genetic additive effects; 

𝑝 is the vector of random coefficients for the permanent environmental effects of 

the cow; 𝑐 is the vector of random coefficients for the CG; 𝑒 is the vector of 

residuals; and 𝑋, 𝑍, 𝑊, 𝐻 and are the corresponding incidence matrices. 

The assumptions for the prior distributions for the unknown parameters 

were considered according to: 
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• 𝑦|𝑏, 𝑎, 𝑝, 𝜎𝑒1
2 , … , 𝜎𝑒𝑥

2  ~ 𝑁𝑀𝑉 (𝑋𝑏 + 𝑍𝑎 + 𝑊𝑝, 𝑅), 𝑅 = 𝑑𝑖𝑎𝑔{𝜎𝑒𝑥
2 }, with 𝑥 going 

from 1 to 𝑛, where 𝑛 is the number of residual variance classes. 

• 𝑎|Λ𝑎 ~ 𝑁𝑀𝑉(0, 𝐺), com 𝐺 = Λ𝑎⨂𝐴, where 𝐴 is the pedigree relationship

matrix, and Λ𝑎 is the matrix with the covariances between the genetic-additive

random regression coefficients;

• 𝑝|Λ𝑝 ~ 𝑁𝑀𝑉(0, 𝑃), com 𝑃 = Λ𝑝⨂𝐼, where 𝐼 is the identity matrix and Λ𝑝is the

matrix with the covariances between the random regression coefficients for

the permanent environmental effects of the cow;

• Λ𝑎|𝑣𝑎, 𝑆𝑎
2 ~ 𝑊−1(𝑣𝑎, 𝑣𝑎𝑆𝑎

2), Λ𝑝|𝑣𝑝, 𝑆𝑝
2 ~ 𝑊−1(𝑣𝑝, 𝑣𝑝𝑆𝑝

2) and

• 𝑅|𝑣𝑒 , 𝑆𝑒
2 ~ 𝑊−1(𝑣𝑒 , 𝑣𝑒𝑆𝑒

2), em que 𝑣𝑎 , 𝑆𝑎
2;  𝑣𝑝 , 𝑆𝑝

2;  𝑣𝑒 , 𝑆𝑒
2 represent the degrees

of confidence and the prior values for the covariances of the cow’s genetic-

additive and permanent environmental random regression coefficients and 

residual variances, respectively; 

• 𝑏 ∝ is a constant.

• 𝑁𝑀𝑉 and 𝑊−1 refer to the multivariate normal and inverse Wishart

distributions.

Inferences about the parameters were made from their corresponding 

posterior marginal distributions. For each model evaluated, a chain of 200,000 

samples was generated, and conservatively, the first 40,000 samples were 

discarded and considered as burn-in. Convergence was monitored by graphical 

inspection of the samples versus iterations and also by the criteria proposed by 

Heidelberger & Welch (1983) and Geweke (1992), calculated using the BOA 

package in R (Smith, 2007). A sample discard interval of 50 iterations was 

considered, leaving 16,000 samples on which the inferences were based. The 

genetic parameters for milk production on the control day of lactation were 

estimated at 30-day intervals for each sample. 

2.5. Estimation of (co)variance components 

The posterior means were used as a point estimate for the (co)variance 

components. The additive genetic, permanent environmental, phenotypic, and 

residual (co)variance matrices between milk production on all lactation days (from 

day 5 to day 305) were obtained following the approach applied by Druet et al. 
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(2003). Heritabilities were defined as the ratio of additive genetic variance to 

phenotypic variance for each lactation day. Repeatabilities were defined as the 

ratio of the sum of genetic and permanent environmental variances to the 

phenotypic variance for each lactation day. The correlations between milk 

production on lactation days 𝑖 and 𝑗 were calculated as the ratio of the covariance 

𝑐𝑜𝑣(𝑖, 𝑗) to the square root of the product of the variances for lactation days 𝑖 and 

𝑗. 

3. RESULTS AND DISCUSSION

The average inbreeding coefficient among the different genetic groups 

was -0.04 (Figure 1). This value can indicate high genetic diversity in the analyzed 

population, suggesting that individuals have a low degree of relatedness, 

resulting in greater genetic distance between animals from different groups. 

Given the magnitude of the estimate, the average inbreeding coefficient can be 

considered null. 

Figure 1. Average inbreeding of the different genetic groups: a: H; b: G; c: 1/2H + 1/2G; 

d: 1/4H + 3/4G; e: 3/4H + 1/4G; f: 3/8H + 5/8G; g: 5/8H + 3/8G; and h: 7/8H + 1/8G. 

The estimates of inbreeding ranged from -0.05 to 0.32 for the 1/2H + 1/2G 

and G groups, respectively. These values fall outside the range reported in the 
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literature for the Girolando breed, in which pedigree-based inbreeding 

coefficients vary from 0.11 to 0.74 (Canaza-Cayo et al., 2014b; Rosa et al., 2023). 

For the Gir breed, the average inbreeding coefficient based on pedigree is 0.04 

(Pereira et al., 2016), while for the Holstein breed, this value is 0.17 (Silva et al., 

2019). The negative inbreeding estimate in the genetic groups with a higher 

degree of crossbreeding suggests a greater occurrence of heterozygosity 

resulting from the crossbreeding of genetically distinct breeds (Nishio et al., 

2023). On the other hand, the higher inbreeding value indicates elevated 

homozygosity. These results are important for monitoring the effects of 

crossbreeding between breeds and avoiding potential negative impacts of 

inbreeding, such as inbreeding depression (Vanraden, 1992; Snelder & 

Larenstein, 2019). 

The average observed and expected heterozygosity levels were 0.37 and 

0.36, respectively. The observed heterozygosity ranged from 0.24 in the G group 

to 0.38 in the 1/2H + 1/2G group, while the expected average heterozygosity 

remained constant at 0.36 across all genetic groups (Figure 2). 

Figure 2. Average heterozygosity of the different genetic groups: a: H; b: G; c: 1/2H + 

1/2G; d: 1/4H + 3/4G; e: 3/4H + 1/4G; f: 3/8H + 5/8G; g: 5/8H + 3/8G; h: 7/8H + 1/8G. 
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Observed heterozygosity directly reflects the proportion of heterozygous 

individuals in the population, serving as an important indicator of genetic 

variability (Harper & Hawksworth, 1994). The highest observed heterozygosity in 

the 1/2H + 1/2G group highlights the benefits of crossbreeding distinct breeds, 

which can result in heterosis. This effect is crucial in genetic improvement, 

particularly in production systems aiming for greater efficiency and adaptability of 

animals. Conversely, the lower heterozygosity in the G genetic group reinforces 

the importance of strategies to increase genetic variability within purebred 

populations (Kelleher et al., 2017). 

The Fst indices (Table 2) indicated the degree of genetic differentiation 

among the genetic groups analyzed (Weir & Hill, 2002). Low values suggest more 

homogeneous populations, whereas high values indicate genetic isolation or 

significant differences between populations. The Fst values ranged from 0.003 

(between the 3/4H + 1/4G and 5/8H + 3/8G groups) to 0.17 (between the H and 

G groups). These results demonstrate a high genetic differentiation between the 

Holstein and Gir breeds, while the lower values observed among groups with a 

higher frequency of crossbreeding between individuals of different breeds 

indicate greater genetic diversity and, consequently, greater genetic proximity. 

Table 2. Average Fst index of the different genetic groups of Holstein (H) and Gir (G). 

G 
1/2H+1

/2G 
1/4H+3/4G 3/4H+1/4G 3/8H+5/8G 5/8H+3/8G 7/8H+1/8G 

H 0,17 0,06 0,11 0,02 0,07 0,03 0,01 

G 0,05 0,02 0,09 0,04 0,07 0,11 

1/2H+1/2

G 

0,02 0,01 0,01 0,01 0,03 

1/4H+3/4

G 

0,05 0,01 0,03 0,07 

3/4H+1/4

G 

0,03 0,003 0,004 

3/8H+5/8

G 

0,02 0,04 

5/8H+3/8

G 

0,01 
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The PCA allowed for a clear identification of the eight evaluated genetic 

groups (Figure 3). The principal axes of the PCA, 1 and 2, explained 19.02% and 

10.57% of the genetic variation, respectively, and were used to identify clustering 

or dispersion patterns among individuals. 

Figure 3. PCA of the different genetic groups of Holstein (H) and Gir (G). 

From Figure 3, it was possible to visualize the clustering of individuals 

according to their genetic groups. Individuals with a higher proportion of Gir 

genetics occupied the lower-left region of the graph, while those with a higher 

proportion of Holstein genetics were located in the upper-right region. 

Intermediate groups, such as 3/4H + 1/4G or 5/8H + 3/8G, occupied central 

positions, indicating that they share genetic characteristics from both G and H 

breeds. The PCA highlighted the genetic differentiation between the groups, 

reflecting differences in genotypes and the impact of crossbreeding between the 

breeds. Furthermore, a progressive genotype difference among the genetic 

groups was revealed, with genetically closer groups exhibiting greater similarity 

(McVean, 2009). 

The observed overall mean and standard deviation for TDMY were 22.3 

kg and 7.33 kg, respectively. The lowest average milk yields were observed for 

TDMY 1 (20.3 ± 6.39 kg), 9 (21.6 ± 6.95 kg), and 10 (20.6 ± 6.87 kg). The peak 
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milk production was reached during TDMY 4, corresponding to 91 to 120 days in 

milk, with an average of 23.8 ± 7.62 kg. Shortly after, in TDMY 5 (23.6 ± 7.64 kg), 

milk production started to decline in the subsequent TDMY (Table 3). 

Table 3 - Number of observations, observed means, standard deviations, and 

coefficients of variation for milk production on TDMY (1 to 10). 

TDMY 
Days Number of Mean ± Standard 

CV (%) 
in Milk Observations Deviation (kg) 

1 5 to 30 40,763 20.3 ± 6.39 31.5 

2 31 to 60 56,667 22.4 ± 7.01 31.2 

3 61 to 90 57,639 23.4 ± 7.43 31.7 

4 91 to 120 57,203 23.8 ± 7.62 32.1 

5 121 to 150 55,654 23.6 ± 7.64 32.4 

6 151 to 180 51,793 23.2 ± 7.52 32.4 

7 181 to 210 48,479 22.7 ± 7.35 32.4 

8 211 to 240 43,690 22.2 ± 7.16 32.3 

9 241 to 270 36,608 21.6 ± 6.95 32.1 

10 271 to 305 31,868 20.6 ± 6.87 33.4 

 

 Cows from the 1/2H + 1/2G genetic group had the highest average 

milk  production (23.2 ± 7.36 kg), while cows from the G genetic group had the 

lowest  average milk production (16.7 ± 4.47 kg) (Figure 4).
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Figure 4. Observed means of milk production on the TDMY for different genetic groups 

of Holstein (H) and Gir (G) during lactation (5 to 305 days). 

Regarding the variability in milk production among different Girolando 

genetic groups, the impact of genetic composition on milk productivity stands out. 

As adopted in this study, the use of fixed regression for each genetic group in the 

analysis model is recommended to adjust the phenotypic variation due to 

differences between genetic groups, which can contribute to a more accurate 

analysis of milk production traits. Koenig et al. (2005) emphasized that using fixed 

regression is an effective approach to isolate the additive genetic effect from 

environmental variations and can provide more precise estimates of additive 

genetic effects on milk production. In this context, several authors suggest that 

considering differences between genetic groups in statistical models, such as 

using specific fixed regression for each group, can lead to more reliable genetic 

evaluations and more effective selection strategies in genetic improvement 

programs (Costa et al., 2004; Facó et al., 2007; Canaza-Cayo et al., 2015; 

Barbero et al., 2022). 

In the present study, cows from the 1/2H + 1/2G group had the highest 

average milk production (Figure 4), while those from the G genetic group showed 

the lowest, confirming the influence of heterosis and genetic composition on milk 

production. These results align with the observations of Misztal et al. (2013), who 
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highlighted the potential of crossbreeding to maximize heterosis and improve 

production efficiency. 

For the 1/2H + 1/2G group, the balance between the superior dairy traits 

of the Holstein breed and the adaptability of the Gir breed seems to have provided 

this advantage. Meanwhile, the G genetic group showed lower milk production 

due to the predominance of Gir breed characteristics, which are more oriented 

toward resilience and adaptability in challenging environments, corroborating the 

findings of Madalena (2008). Compared to the results of Jacopini et al. (2016), 

who observed the highest production in the second lactation in the 7/8H + 1/8G 

group, followed by the 3/4H + 1/4G and 1/2H + 1/2G groups, the present study 

showed differences in milk productivity patterns among the genetic groups 

analyzed. 

The average curves of the 1/2H + 1/2G, 3/4H + 1/4G, and 7/8H + 1/8G 

groups are similar, indicating comparable milk production performance in these 

genetic groups. This suggests that across different levels of Holstein genetic 

contribution, the gains in production are greater than in groups with a higher 

influence of the Gir breed. On the other hand, pure Holstein cattle do not perform 

well in the Brazilian tropical environment, reinforcing that the breed's adaptation 

to hotter and more challenging climates is limited. 

Understanding the genetic interactions between the two breeds that 

influence milk production is essential for defining selection strategies in genetic 

improvement programs aimed at optimizing the productive efficiency of Girolando 

cattle. This knowledge can also guide mating decisions that maximize heterosis 

benefits, reduce the negative impacts of inbreeding, and contribute decisively to 

the long-term sustainability of dairy production, particularly in tropical 

environments (Brito et al., 2021). 

The variances indicate that the contributions of additive genetic effects, 

permanent cow environment, and residual effects to the total variation in milk 

production fluctuated throughout lactation, reflecting the variations observed in 

the respective estimates (Figure 5). 



61 

Figure 5. Mean estimates of additive genetic (a), permanent environmental of the animal 

(b), phenotypic (c), and residual variances (d) over lactation. 

The uniformity of residual variances throughout lactation, observed in this 

study, indicated that these factors remained stable over the entire period. 

However, additive genetic and permanent cow environment variances showed 

fluctuations, suggesting that the genetic and environmental factors influencing 

milk production did not remain constant throughout lactation. The variation within 

a restricted range in additive genetic variance reflects genetic differences among 

individuals, supporting the findings of Lynch and Walsh (1998), who argued that 

additive genetic variability is a key component for selection and improvement in 

breeding programs. 

The small variability in residual variance suggests that the random 

regression model (RRM) employed, including the fixed effects in the model, was 

effective in capturing most of the variations in milk production, with only a small 

portion unexplained by additive genetic or environmental factors. This indicates 

that the model fits the data well (Hill, 2010). Such a result is important to justify 

the use of RRM in evaluating milk production during lactation in Girolando herds, 

which can contribute to a more robust and productive dairy industry, as Berry and 

Cromie (2007) highlighted when discussing the importance of selection 

strategies. 
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According to Costa et al. (2004), heterogeneity in genetic variances was 

identified between Holstein and crossbred cows, with the Gir breed showing 

higher heritability estimates for milk production. Studies have explored the 

genetic aspects of milk production and lactation uniformity in dairy cattle. Herrera 

et al. (2013) used random regression models to estimate genetic parameters for 

milk production in Holstein cattle, observing that heritability varied throughout 

lactation. 

According to El-Awady (2013), moderate heritability estimates were 

obtained for milk production traits and high genetic correlations between milk 

production and other related traits. Braga et al. (2020) and Barbero et al. (2022) 

suggested that selection for milk production can lead to efficient genetic progress 

in Girolando herds. However, environmental factors still account for a significant 

portion of phenotypic variation, indicating that management practices remain 

crucial for improving productivity. 

In this study, the average heritability estimate throughout the entire 

lactation period was 0.48 ± 0.11, with a maximum value of 0.59 at TDMY 4 (91 to 

120 days in lactation) and a minimum value of 0.26 at TDMY 1 (Figure 6). 

Repeatability estimates remained nearly constant throughout lactation. The 

average repeatability estimate was 0.84 ± 0.02, with a maximum value of 0.86 at 

TDMY 4 and a minimum value of 0.76 at TDMY 1. 
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Figure 6. Average heritability and repeatability estimates during the lactation period. 

Heritability and repeatability estimates are essential for understanding how 

additive genetic variability may change throughout lactation, especially in studies related 

to milk production in cattle. The average heritability of 0.48 estimated in this study 

indicated that approximately 48% of the phenotypic variance in milk production can be 

attributed to additive genetic effects. These estimates are higher than those reported in 

the literature (Ismael et al., 2021; Barbero et al., 2022), which may be due to differences 

in analysis methodology, the data structure from various crossbreeding combinations 

between Gir and Holstein breeds, and the number of observations used. 

The variation in heritability estimates observed throughout lactation, with a peak 

at TDMY 4 and a lower value at the beginning of lactation, suggests that additive genetic 

expression may be more influential at specific stages of lactation. This could be due to 

the cows' physical condition variations, influenced by a negative energy balance at the 

start of lactation, or how environmental factors interact with genetic expression during 

different lactation periods. Heritability estimates for milk production have ranged from 

0.18 to 0.31 (Canaza-Cayo et al., 2015; Barbero et al., 2022), indicating potential for 

genetic improvement in milk production. 

Repeatability estimates of up to 0.84 reflect the correlation between repeated milk 

production measurements in the same animal over time (Misztal et al., 2013b). The 

observed variation in repeatability estimates throughout different lactation phases 

emphasizes the need to consider each phase separately in evaluating TDMY, as this 

metric indicates the consistency of phenotypic traits over the analyzed period. 

The variation in repeatability throughout lactation highlights the importance of 

considering different lactation phases when assessing TDMY. Lactation can be divided 

into three phases: early, mid, and late. The early phase corresponds to the first months 

after calving when milk production peaks. The mid-phase follows the peak, characterized 

by more stable production. The late phase is marked by a gradual decline in production 

until the end of lactation (Oftedal & Iverson, 1995). Studies have shown that heritability 

and repeatability estimates for milk production vary across these phases. Heritability 

estimates tend to be higher at the beginning and middle of lactation while decreasing 

toward the end (Searle, 1961; Costa et al., 2005; Dionello et al., 2006). On the other 

hand, repeatability estimates tend to increase as more observations are incorporated, 

improving the precision of estimates (Searle, 1961; Van Vleck & Henderson, 1961). 

Phenotypic correlation estimates between milk production at different TDMY 

ranged from 0.30 to 0.84, with the highest magnitudes between adjacent TDMY (Figure 

7). Genetic correlations showed a similar variation to phenotypic correlations, with values 
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ranging from 0.53 to 0.99. Permanent cow environment correlations ranged from 0.18 to 

0.97, with the highest magnitudes estimated between adjacent TDMY. 

Figure 7. Average estimates of genetic (a), permanent cow environment (b), and 

phenotypic (c) correlations, respectively, between milk production on TDMY (1 to 10). 
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The high phenotypic correlations observed between TDMY, especially between 

consecutive periods, indicate a strong linear and proportional association between 

measurements over time. Genetic correlations between milk yields at different TDMY 

can be very high, ranging from 0.90 to 1.00, as reported by Haile-Mariam et al. (2015). 

Understanding these genetic and phenotypic associations contributes to developing 

long-term selection strategies in animal breeding programs (Barbosa et al., 2023) since 

genetic gain and correlated responses will be influenced by heritability (h²) estimates and 

genetic correlations. 

Genetic correlations and permanent cow environment correlations reinforce the 

influence of genetic factors and stable environmental conditions on Girolando milk 

production. The variation in genetic and permanent environmental correlations suggests 

that while a genetic component influences production, the environmental conditions 

under which the animals are maintained also play a significant role. 

The highest magnitudes of these correlations between adjacent TDMY indicate 

that additive genetic effects and permanent cow environmental effects directly impact 

successive lactation phases. In studies that did not include genomic information, 

correlations showed greater variation, particularly during the early and late lactation 

periods. This difference can largely be attributed to the fewer records available in these 

periods, leading to less precise estimates (El Faro & Albuquerque, 2003; Melo et al., 

2005; González Herrera et al., 2008). Including genomic data, these estimates exhibit 

less variation, suggesting greater stability in measuring additive genetic and permanent 

cow environmental effects throughout lactation (Veerkamp et al., 2011). This result 

highlights the importance of genomics in improving the accuracy of estimates, which can 

directly influence biological interpretation and management decision-making. 

4. CONCLUSIONS

The analyses of the genetic structure and diversity of the Girolando population 

highlight high genetic variability among the different genetic groups. The continued use 

of Holstein and Gir bulls has ensured the preservation of genetic variability in the 

Girolando breed, with different contributions in the pedigree. 

Milk production varied between the analyzed genetic groups, particularly the 

increase in production in the 1/2H + 1/2G cows, which resulted from the crossbreeding 

between the breeds. The estimates of heritability and repeatability indicated that, despite 

the influence of environmental factors, selection remains an efficient strategy for 

improving milk production. 
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 Appendix

 Appendix 1. Distribution of heterozygosity and number of animals by 

genetic  group

Genetic groups Heterozygosity Number of animals 

H 0,005 427 

G 0,005 81 

1/2H + 1/2G 0,005 16 

1/2H + 1/2G 0,500 46 

1/2H + 1/2G 1,000 25508 

1/4H + 3/4G 0,500 556 

1/8H + 7/8G 0,875 99 

3/4H + 1/4G 0,005 3 

3/4H + 1/4G 0,250 1726 

3/4H + 1/4G 0,500 17247 

3/8H + 5/8G 0,750 572 

5/8H + 3/8G 0,005 12 

5/8H + 3/8G 0,375 2083 

5/8H + 3/8G 0,500 594 

5/8H + 3/8G 0,750 4045 

7/8H + 1/8G 0,005 8 

7/8H + 1/8G 0,250 3320 

7/8H + 1/8G 0,500 3 
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CHAPTER 4 – FINAL CONSIDERATIONS 

The productive and genetic evaluation of Girolando cattle conducted in this study 

shows important contrasts between milk yield performance and the genetic structure of 

the different genetic compositions analyzed. While the milk production results revealed 

significant variation across lactation stages and among genetic groups, the indicators of 

genetic diversity — such as inbreeding coefficient, heterozygosity, and population 

structure — provided a broader understanding of genetic potential and the associated 

risks of inbreeding. 

From a productive perspective, animals with a higher proportion of Holstein 

genetics, particularly the 1/2H + 1/2G group, showed superior milk yield averages, 

reaching 23.2 kg/day. In contrast, animals from the G group presented the lowest mean 

yield (16.7 kg/day), reflecting the breed’s adaptive profile rather than high dairy 

productivity. The lactation curve exhibited a production peak between 91 and 120 days 

in milk (TDMY 4), followed by a gradual decline in subsequent periods. The use of fixed 

regressions by genetic group proved to be an appropriate modeling strategy, allowing 

for more accurate estimation of additive genetic effects. 

The use of Random Regression Models (RRMs) was fundamental to the 

analytical approach adopted in this study. RRMs are particularly suited for the 

longitudinal nature of test-day milk yield data, as they allow the modeling of genetic and 

environmental effects as continuous functions over time. This methodology enabled the 

estimation of time-specific genetic parameters and better captured the dynamic 

trajectory of milk production throughout lactation, surpassing the limitations of traditional 

cumulative models. 

The joint interpretation of both data sets suggests that groups with greater genetic 

diversity — characterized by lower inbreeding levels and higher heterozygosity — also 

tended to perform better in milk production, reinforcing the benefits of heterosis in dairy 

systems. This outcome is consistent with the literature, which emphasizes the strategic 

use of crossbreeding to enhance productive performance and adaptability, especially 

under tropical environments. 

Additionally, variance components throughout lactation indicated that additive 

genetic and permanent environmental effects varied according to the lactation stage, 

whereas residual variance remained relatively stable. The heritability (0.48 ± 0.11) and 

repeatability (0.84 ± 0.02) estimates were higher than those commonly reported for the 

breed, likely due to the application of the test-day model, the large volume of data, and 

the incorporation of genomic information. 
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In this context, the findings underscore the importance of integrating productive 

and genetic data in the design of breeding strategies. The combination of high milk yield 

and increased genetic diversity observed in crossbred groups, particularly the 1/2H + 

1/2G, stands out as a promising alternative for sustainable selection programs. The 

incorporation of RRMs, especially when combined with genomic information, proved to 

be a robust approach that enhances the accuracy of genetic evaluations and supports 

more efficient and precise decision-making in dairy cattle breeding under tropical 

production conditions. 




