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Abstract: Body weight and egg production are crucial economic traits in broiler breeding; yet, their 

negative genetic correlation poses challenges for simultaneous genetic improvement. In this study, we 

estimated the genetic parameters of these traits in yellow-feathered broiler breeders using a multi-trait 

model and evaluated the predictive performance of single-step genomic BLUP (ssGBLUP) and 

pedigree-based BLUP (PBLUP) in both single- and multi-trait analyses. Phenotypic data included 

cumulative egg production up to 43 weeks and body weight at 8 weeks from 4,712 hens, with pedigrees 

tracing three generations. Genomic data derived from low-coverage sequencing yielded 315K SNPs. 

Genetic evaluations were conducted using PBLUP and ssGBLUP models, with prediction accuracy 

assessed via five-fold cross-validation based on estimated breeding value (EBV) accuracy, rank 

correlation, and unbiasedness. Heritability estimates were 0.285 for body weight and 0.396 for egg 

production, while genetic correlation analysis revealed a stable, moderate negative correlation between 

the traits (approximately -0.30, P < 0.01) across pedigree and genomic data. Compared to PBLUP, 

ssGBLUP significantly enhanced prediction accuracy for egg production by 19.88% (single-trait) and 

21.18% (multi-trait), and for body weight by 17.18% and 18.90%, respectively (P < 0.01). These 

results demonstrated that ssGBLUP, particularly when integrated with a multi-trait model, more 
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effectively leverages genomic information and trait correlations, offering a superior strategy for 

balanced genetic improvement of antagonistic traits in broilers. 
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1. Introduction 

Poultry breeding plays an important role in global food security by providing essential sources of 

animal protein through meat and egg production. Among the key economic traits in broiler industry, 

body weight shows a significant positive correlation with slaughter yield, while egg production dictates 

the supply of hatching eggs; together, these traits shape the efficiency and profitability of broiler 

operations [1, 2]. However, a persistent scientific challenge is the moderate to strong negative genetic 

correlation between body weight and egg production. This trade-off, observed across livestock species, 

is a classic example of antagonistic pleiotropy, where the genetic loci promoting rapid somatic growth 

exert an inhibitory influence on reproductive physiology [1,3,4]. This antagonism complicates the 

simultaneous genetic improvement of both traits. 

Traditional selection methods, such as pedigree-based BLUP (PBLUP), have been widely used to 

estimate breeding values, but they often lack the precision needed for complex or antagonistically 

correlated traits, thereby limiting genetic progress [2,5]. Advances in genomics, including high-density 

SNP genotyping and whole-genome sequencing, have enabled more accurate genetic evaluations [6–8]. 

The single-step genomic BLUP (ssGBLUP) model, which integrates pedigree and genomic data [9,10], 

has demonstrated superior prediction accuracy for growth and egg production traits, especially when 

trait correlations are considered [2,11]. Multi-trait models further enhance selection efficiency by 

leveraging genetic correlations, as shown in livestock studies, but their application in broilers remains 

limited [2,4]. Therefore, there is a need for systematic research comparing ssGBLUP and PBLUP for 

antagonistic traits in this economically important breed. 

We address this gap by evaluating the combined use of genomic information and multi-trait 

modeling to improve body weight and egg production in broilers. We aim to estimate genetic 

parameters, compare the predictive performance of ssGBLUP and PBLUP in single- and multi-trait 

analyses, and quantify the gains in accuracy from genomic integration. Ultimately, our goal is to 

provide practical strategies, such as optimized selection indices, to achieve balanced genetic 

improvement of growth and reproductive traits in broiler breeding programs. 

2. Materials and methods 

2.1. Ethics statement 

We utilized historical commercial breeding records with no animal handling, intervention, or 

experimental procedures; thus, formal ethical review was not required per established standards. 
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2.2. Population and data 

We utilized data on egg production and body weight traits from the 26th generation of caged 

yellow-feathered broilers, provided by Guangdong Wiz Agricultural Science & Technology Co. Ltd. 

The population consisted of 5,168 hens from four hatches reared in the same house, with phenotypic 

records including body weight at 8 weeks of age and cumulative egg production up to 43 weeks of age. 

During data quality control, individuals with cumulative egg production records deviating by more 

than three standard deviations from the population mean were removed as outliers [12]. After removing 

161, 134, 73, and 88 outlier individuals from hatches 261, 262, 263, and 264, respectively, the final 

dataset for all subsequent analyses comprised 4,712 hens. All retained individuals had complete 

records for hatch and cage, as well as pedigrees traceable for three generations. Data processing was 

performed using R software (v4.4.2) [13]. The descriptive statistics for body weight at 8 weeks of age 

(BW8) and cumulative egg production up to 43 weeks of age (EN43) are presented in Table 1. The 

dataset comprised records from four distinct batches, with the number of individuals per batch ranging 

from 806 to 1,617. The mean values for BW8 were highly consistent across all batches, varying 

narrowly from 1821.74 g to 1880.00 g. Similarly, the mean for EN43 showed high stability, with values 

ranging from 93.49 to 95.44 eggs. While the overall average performance was uniform across the 

batches, the standard deviations, along with the wide ranges between the minimum and maximum 

values, indicated that considerable individual phenotypic variation existed for both traits within each 

batch. 

Table 1. Summary of statistics for body weight at 8 weeks of age (BW8) and cumulative 

egg production up to 43 weeks of age (EN43). 

  BW8 EN43 

Batch Count Max Min Mean SD Max Min Mean SD 

261 1617 2240 1641 1879.49 84.98 128 57 93.61 12.22 

262 1398 2265 1746 1880.00 84.24 131 54 93.61 13.67 

263 806 2259 1703 1821.74 87.85 130 51 95.44 14.91 

264 891 2248 1750 1878.53 89.18 131 52 93.49 14.66 

2.3. Genomic data 

All individuals from the 26th generation were genotyped using low-coverage whole-genome 

resequencing, and genotype imputation was performed with Beagle [14], yielding 465K SNPs after 

imputation. To enhance computational efficiency and reduce redundancy due to linkage disequilibrium 

among densely imputed markers, we uniformly sampled 315K SNPs from the imputed dataset for 

downstream analyses. The quality control criteria were as follows: SNP markers were removed if they 

had genotype-missing rates > 0.10, minor allele frequencies (MAF) < 0.05, or a Hardy-Weinberg 

equilibrium (HWE) p-value ≤ 10-5 (based on a Chi-squared test). Samples with a call rate lower than 

90% were also removed. After quality control, a final set of 4,712 genotyped individuals and 314,649 

high-quality SNPs were retained for subsequent analyses. Quality control of the genomic data was 
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performed using PLINK (v1.07) [15]. 

2.4. Genetic Evaluation 

We utilized the complete dataset for all evaluations. Estimated breeding values (EBV) were 

obtained using both single-trait and multi-trait models, in combination with the pedigree-based BLUP 

(PBLUP) [16] and single-step genomic BLUP (ssGBLUP) [9,10] methods. To assess the prediction 

accuracy of these EBV, a five-fold cross-validation was employed. The phenotype individuals were 

randomly divided into five subsets of approximately equal size. In each fold, one subset was designated 

the validation set (with its phenotypes masked), while the remaining four subsets constituted the 

training set for model fitting. This process was repeated five times, ensuring that each subset served as 

the validation set once [17]. 

Two genetic evaluation models, PBLUP and ssGBLUP, were implemented. For body weight, the 

model included only the batch effect as a fixed effect. For egg production, both single- and multi-trait 

models incorporated hatch and cage as fixed effects, as these factors were identified as significant. All 

models were fitted using the DMU software package (v5.2) [18] to estimate genetic parameters and 

solve the model equations via the average information restricted maximum likelihood (AI-REML) 

algorithm [19]. Both single-trait and multi-trait models were implemented using PBLUP and ssGBLUP 

approaches. 

Single-trait model: 

The model for each individual trait was defined as: 

𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝐞 (1) 

where 𝐲 is the vector of phenotypic observations for body weight or egg production; 𝐛 is the vector 

of fixed effects including batch or cage; 𝐮 is the vector of random additive genetic effects; 𝐞 is the 

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

respectively. 

Multi-trait model: 

The multi-trait model, which simultaneously analyzes all T traits, was specified as: 
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where 𝐲𝑇  is vector of phenotypic observations for the T-th trait [20]. In this study, T=2, which 

comprising two traits: Body weight and egg production. The fixed effects are consistent with those in 

the single-trait model. 

In the PBLUP and ssGBLUP models, the distributional assumptions for the additive genetic 

effects (𝐮) are shown in Equations (2) and (3) 
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where A is the pedigree relationship matrix and 𝐈  is an identity matrix. The H matrix seamlessly 

integrates the pedigree relationship matrix (A) with the genomic relationship matrix (G). The elements 

of A are constructed from pedigree as follows: 

The diagonal elements are computed as 𝐴𝑖𝑖 = 1 + 𝐹𝑖, where 𝐹𝑖 is the inbreeding coefficient of 

individual 𝑖 , calculated as 𝐹𝑖 =
1

2
𝐴𝑠𝑑 . The off-diagonal elements are computed as 𝐴𝑖𝑗 =

1

2
(𝐴𝑖,𝑠𝑗

+

𝐴𝑖,𝑑𝑗
), where 𝑠𝑗 and 𝑑𝑗 are the parents of individual 𝑗. 

In the mixed model equations, its inverse (𝐇−1) is used, which is constructed as follows: 

𝐇−1 = 𝐀−1 + (
0 0
0 𝐆𝑤

−1 − 𝐀22
−1) (4) 

where 𝐀−1 is the inverse of the pedigree relationship matrix for all animals (both genotyped and non-

genotyped), and 𝐆𝑤
−1  is the inverse of the tuned or weighted genomic relationship matrix for 

genotyped animals. The genomic relationship matrix (𝐆) is typically tuned using a weighted approach, 

such as 𝐆𝑤 = (1 − 𝛼)𝐆 + 𝛼𝐀22with 𝛼 = 0.05 [21] to ensure compatibility with the pedigree-based 

relationship matrix (𝐀) and to account for potential scale differences or missing pedigree information. 

This tuning strategy is grounded in a dual rationale: It assigns predominant weight (95%) to genomic 

information, leveraging its ability to capture true genetic variation more accurately, while incorporating 

a minor proportion (5%) of pedigree-derived information (𝐀22) as a regularization term. The latter 

serves to mitigate random errors in 𝐆 , arising from genotype imputation inaccuracies or allele 

frequency estimation biases, thereby enhancing numerical stability and ensuring reliable inversion of 

the combined relationship matrix (𝐇). 𝐀22
−1 is the inverse of the pedigree relationship matrix for the 

genotyped animals only. The block matrix adds the genomic information component only to the subset 

of genotyped individuals. 

2.5. Model Evaluation 

To evaluate the impact of different models and genetic evaluation methods on the accuracy and 

unbiasedness of breeding value prediction, we conducted the analysis in two steps. First, prediction 

accuracy was assessed by calculating Pearson and Spearman correlation coefficients between the 

predicted EBV obtained from the cross-validation and the corrected phenotypes from the full dataset 

(defined as the sum of EBV and their corresponding residuals). Second, a linear regression of the EBV 

from the full dataset onto the predicted EBV from the cross-validation was performed. The regression 

coefficient was used as an indicator of unbiasedness to measure systematic bias in the predictions [22]. 
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3. Results 

3.1.Effects of different models and evaluation methods on the prediction accuracy  

In this study, the prediction accuracy of different models was evaluated by calculating the 

correlation coefficients between the predicted EBV, obtained from single-trait and multi-trait models 

using either PBLUP or ssGBLUP, and the corrected phenotypes from the full dataset. 

The results (Table 2) showed that for the prediction of both body weight and egg production, there 

was no significant difference in accuracy between the single-trait and multi-trait models when using 

the pedigree-based PBLUP method (P > 0.05). This indicates that PBLUP failed to effectively leverage 

the genetic information in the multi-trait model to improve predictive performance. However, after 

incorporating genomic information, the ssGBLUP method enhanced the predictive ability of the multi-

trait model relative to its single-trait counterpart. For body weight, the improvements in prediction 

accuracy and rank correlation were 1.47% and 1.56%, respectively. For egg production, the multi-trait 

ssGBLUP model improved prediction accuracy by 0.78% and rank correlation by 1.01%. 

Table 2. Comparison of prediction accuracies for different models and evaluation methods. 

Types 

BW81 EN432 

Single-trait model Multi-trait model Single-trait model Multi-trait model 

PBLUP ssGBLUP PBLUP ssGBLUP PBLUP ssGBLUP PBLUP ssGBLUP 

Pearson 0.291±0.006ab 0.341±0.007c 0.291±0.006a 0.346±0.008b 0.322±0.019ab 0.386±0.015c 0.321±0.019a 0.389±0.015b 

Spearman 0.269±0.005b 0.321±0.004c 0.269±0.005a 0.326±0.006b 0.334±0.019b 0.396±0.016c 0.335±0.019a 0.400±0.017b 

Values in the table are expressed as mean ± SE. 1BW8 = body weight at 8 weeks of age; 2EN43 = 

cumulative egg production up to 43 weeks of age. Values for the same trait (BW8 or EN43) and 

correlation type (Pearson or Spearman) with different superscript letters at P < 0.05. 

 

Furthermore, compared to using only pedigree information, the introduction of genomic data 

significantly improved predictive performance. For the body weight trait, the prediction accuracy and 

rank correlation of the single-trait model increased by 17.18% and 19.33%, respectively. The 

improvement in the multi-trait model was even more significant (P < 0.01), with gains reaching 18.90% 

and 21.19%, respectively. For the egg production trait, the prediction accuracy and rank correlation of 

the single-trait model improved by 19.88% and 18.56%, respectively, while the multi-trait model 

achieved improvements of 21.18% and 19.40%, respectively. 

3.2.Effects of Different Models and Evaluation Methods on the Unbiasedness of EBV 

In this study, unbiasedness was evaluated by the regression coefficient from the regression of 

EBVs from the full dataset onto the predicted EBVs from cross-validation. A regression coefficient 

closer to 1 indicates that the model's predictions are less biased [23]. The results (Figure 1) show that 

all models and evaluation methods had a minimal impact on unbiasedness, with no significant 

overestimation or underestimation observed. There were no significant differences in unbiasedness 
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among the models or methods, indicating that all tested approaches can provide unbiased predictions. 

 

Figure 1. Comparison of unbiasedness for different models and evaluation methods. 

3.3.Effects of different models and evaluation methods on genetic parameter estimates 

In terms of genetic parameter estimation, we compared the performance of the PBLUP and 

ssGBLUP methods in both single-trait and multi-trait models using the full dataset (Table 3). For the 

body weight trait, ssGBLUP yielded higher heritability estimates (single-trait: 0.324; multi-trait: 0.325) 

and higher additive genetic variance estimates (single-trait: 2,460.084; multi-trait: 2,472.512), which 

were considerably higher than those from PBLUP. For the egg production trait, the heritability estimate 

from the single-trait PBLUP model was 0.399, compared to 0.370 from the ssGBLUP model. A similar 

trend was observed in the multi-trait models (PBLUP: 0.396; ssGBLUP: 0.372). In terms of variance 

components, ssGBLUP consistently yielded lower additive genetic variance and higher residual 

variance estimates in both models. 

Table 3. Effects of different models and evaluation methods on genetic parameter estimates. 

Types 

BW81 EN432 

Single-trait model Multi-trait model Single-trait model Multi-trait model 

PBLUP ssGBLUP PBLUP ssGBLUP PBLUP ssGBLUP PBLUP ssGBLUP 

𝑉𝐴 2132.601 2460.084 2118.877 2472.512 76.381 70.926 75.711 71.289 

𝑉𝐸 5309.136 5143.215 5319.154 5138.121 115.205 120.584 115.647 120.437 

𝑉𝑃 7441.737 7603.299 7438.031 7610.633 191.587 191.510 191.358 191.725 

ℎ2 0.287 0.324 0.285 0.325 0.399 0.370 0.396 0.372 

1BW8 = body weight at 8 weeks of age; 2EN43 = cumulative egg production up to 43 weeks of age; 
𝑽𝑨 = Additive variance. 𝑽𝑬 = Residual variance. 𝑽𝑷 = Phenotypic variance. 𝒉𝟐 = Heritability. All 

the above parameters were estimated based on the full dataset. 
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Furthermore, analysis of the genetic correlations in the population showed that estimates from the 

full dataset indicated a significant negative phenotypic correlation (𝑟 = −0.145 , P < 0.01) and a 

moderate negative genetic correlation (pedigree-based: 𝑟𝑝 = −0.313 ; genomic + pedigree: 𝑟𝑔 =

−0.374; P < 0.01) between body weight and egg production. This confirms, on a genetic basis, the 

antagonistic relationship between the two traits and provides a theoretical rationale for the application 

of multi-trait models. 

4. Discussion 

A key finding of this study is that the predictive superiority of the multi-trait model is contingent 

upon the integration of genomic information. While the multi-trait model showed no advantage over 

the single-trait model under traditional PBLUP, indicating that pedigree-based genetic correlations are 

insufficient for effectively leveraging trait covariance, its benefit became substantial with ssGBLUP. 

This difference stems from the resolution of the relationship matrices. The pedigree-based matrix in 

PBLUP only provides the expected proportion of shared genomes, obscuring the complex genetic 

architecture [16]. In contrast, the genomic relationship matrix in ssGBLUP captures the realized genetic 

similarity due to Mendelian sampling and linkage disequilibrium [9,10]. This high-resolution data 

enables ssGBLUP to dissect the genetic architecture, distinguishing loci with specific effects on body 

weight, egg production, or antagonistic pleiotropic effects on both. Consequently, the multi-trait 

ssGBLUP model successfully utilizes genetic covariance between traits, leading to a significant leap 

in prediction accuracy. 

Multi-trait models achieve balanced genetic progress in poultry breeding through utilizing inter-

trait genetic correlations. For example, studies in Thai native chickens have shown that combining 

multi-trait animal models with selection indices significantly improves the accuracy of genetic 

evaluation for traits such as body weight and egg production, and enables simultaneous genetic gains 

in both traits. It is recommended to use body weight, breast circumference, and egg production as joint 

selection criteria to maximize breeding benefits [1]. In Chinese indigenous breeds like Qingyuan 

partridge chickens, multi-trait models enable more accurate estimation of genetic correlations among 

traits, especially when antagonistic relationships exist, helping to develop breeding strategies that 

consider multiple traits and avoid negative genetic responses from single-trait selection [24]. 

Furthermore, multi-trait genomic selection models can borrow information from correlated traits to 

improve the prediction accuracy of low-heritability traits, especially when some traits are difficult to 

measure directly, thus optimizing overall selection efficiency [25]. Both simulation and real poultry 

data show that multi-trait models provide the greatest improvement for high-heritability traits and large 

reference populations, but even under low-heritability or small population conditions, they still offer a 

scientific basis for improving complex traits [1,24,25]. 

Antagonism between growth and reproductive traits in poultry is indeed multifaceted, involving 

genetic, physiological, and metabolic mechanisms [26–28]. In this study, we focus on the genetic 

aspect, as evidenced by our findings of a negative phenotypic correlation (𝑟 = −0.145) and moderate 

negative genetic correlations (pedigree-based: 𝑟𝑝 = −0.313 ; genomic + pedigree: 𝑟𝑔 = −0.374 ) 

between body weight and egg production in yellow-feathered broiler breeders. The ssGBLUP model, 

by integrating genomic and pedigree information, captures realized genetic relationships and enables 
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the dissection of genetic architecture, including loci with antagonistic pleiotropic effects [8,27–30]. 

This approach significantly improves prediction accuracy for complex traits and supports the 

development of more effective multi-trait breeding strategies [8,27,30–32]. While we emphasize 

genetic effects, we acknowledge the importance of physiological and metabolic influences, which will 

be addressed in future research. Based on these results, we recommend that practical poultry breeding 

programs combine multi-trait ssGBLUP models with economic weights to develop customized 

selection indices, thereby achieving coordinated improvement of economic traits such as body weight 

and egg production. 

The accurate estimation of genetic parameters is fundamental to poultry breeding, as it dictates 

selection response and program sustainability. Estimates of heritability for key economic traits such as 

body weight and egg production vary considerably across populations, including breeds, such as 

Taiwan country chickens, Muscovy ducks, turkeys, and yellow-feathered broilers, with body weight 

heritability ranging from 0.04 to 0.67 and egg production heritability ranging from 0.07 to 0.44 [3,5,27,33], 

underscoring their genetic potential but also the context-dependency of these parameters [34–39]. Our 

findings, integrating pedigree and genomic data via multi-trait models, confirm moderate heritability 

for both traits. Crucially, in this study, ssGBLUP provided a more nuanced variance decomposition 

than PBLUP. While total phenotypic variance (𝐕𝑃) remained stable, ssGBLUP increased the additive 

genetic variance (𝐕𝐴) for body weight, capturing previously missed genetic variation. Conversely, for 

egg production, it reduced 𝐕𝐴, likely by accounting for non-genetic confounding effects, yielding a 

less biased estimate. This refined dissection of 𝐕𝐴  and residual variance (𝐕𝐸 ) established a more 

reliable genetic basis, which is essential for the subsequent success of the multi-trait model. By 

integrating genomic and pedigree information, ssGBLUP can significantly improve the accuracy of 

genetic evaluation for traits such as egg production and body weight. Systematic comparisons between 

ssGBLUP (single-step genomic BLUP) and PBLUP (pedigree BLUP) models across various poultry 

species and traits have consistently demonstrated this advantage. For example, in Taiwan country 

chickens, ssGBLUP increased the prediction accuracy for egg production traits by an average of 3.41% 

compared to PBLUP, making it especially suitable for small populations and breeds with diverse 

breeding objectives [27]. In other poultry, such as Muscovy ducks and turkeys, the improvement in 

prediction accuracy for egg production traits using ssGBLUP was more pronounced, with increases 

ranging from 12.3% to 43.9% under random cross-validation [3,40]. 

A negative genetic correlation generally exists between body weight and egg production traits in 

poultry. In this study, analysis of the complete dataset revealed a significant negative phenotypic 

correlation and a moderate negative genetic correlation between the two traits. This finding aligns with 

other studies. For instance, Ullengala et al. [41] reported a genetic correlation of -0.31 between body 

weight at 40 weeks and egg production in dual-purpose chickens. Similarly, Chomchuen et al. [1] found 

negative genetic correlations ranging from -0.30 to -0.49 in commercial broilers. Other studies for 

native chicken populations have reported comparable ranges [42–44]. This collective evidence 

underscores that multi-trait selection must be carefully balanced in practical breeding programs. 

Additionally, the methods used to estimate genetic parameters, such as multi-trait models, and the type 

of data (genomic versus pedigree information) can influence the estimated values of heritability and 

genetic correlations; incorporating genomic information helps improve the accuracy of these estimates 

and better reflects the true genetic architecture [37]. Therefore, regularly updating genetic parameters 
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and integrating multi-trait analysis with genomic information provide a scientific foundation for the 

coordinated genetic improvement of body weight and egg production traits in poultry. 

Conclusion 

By comparing the performance of different models and evaluation methods for predicting egg 

production and body weight traits in yellow-feathered broilers, we aimed to identify an optimal 

breeding value prediction strategy that can efficiently integrate genomic information with genetic 

correlations among multiple traits. The results demonstrate that the multi-trait model based on single-

step genomic best linear unbiased prediction (ssGBLUP) significantly outperforms traditional methods. 

It not only substantially improves the prediction accuracy for body weight and egg production traits 

but also effectively utilizes the genetic covariance between traits. This provides a theoretical basis and 

a practical pathway for achieving more precise and efficient genomic breeding in poultry. 
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