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Abstract 14 

Background 15 

Growth performance and body conformation traits are important selection objectives in beef cattle breeding. 16 

However, genetic parameters describing developmental patterns remain limited in newly established breeds 17 

such as Huaxi cattle. 18 

Results 19 

The estimated genetic variation differed among body conformation traits. Skeletal traits showed relatively 20 

high heritability, including body height (0.58), hip height (0.50), and cannon circumference (0.47), whereas 21 

body weight and body length showed lower estimates (0.18 and 0.17, respectively). The lower heritability of 22 

body weight was mainly associated with larger residual variation. In the longitudinal analysis, body weight 23 

heritability changed with age and reached the highest value at 12 months (0.46). Genetic correlations among 24 

body weights from 3 to 24 months were consistently high (>0.98), whereas birth weight showed weak genetic 25 

relationships with later growth stages. Maternal effects were additionally evaluated for birth and three-month 26 

weights, and maternal permanent environmental effects were identified as an important source of variation for 27 

three-month body weight. 28 

Conclusions 29 
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This study characterizes genetic variation in body conformation and longitudinal growth patterns in Huaxi 30 

cattle. Post-weaning body weights showed strong genetic relationships across ages, whereas birth weight 31 

represented a relatively distinct genetic stage. These results characterize the genetic variation underlying body 32 

conformation and longitudinal growth in Xinjiang Huaxi cattle and provide reference information for genetic 33 

evaluation of this population. 34 

Keywords: Huaxi cattle; genetic parameters; body conformation; body weight; random regression; 35 

heritability 36 

Background 37 

Genetic improvement through selective breeding relies on accurate estimates of genetic parameters to 38 

support effective selection decisions(1). However, for recently established breeds, systematic evaluations of 39 

genetic variation underlying economically important traits are often limited. Huaxi cattle, a newly recognized 40 

specialized beef breed in China, represent such a population. Although previous genomic studies have 41 

characterized its genetic background (2), comprehensive estimates of genetic parameters for body conformation 42 

and longitudinal growth remain insufficient. Existing studies have focused on body weight at discrete ages, 43 

leaving two questions unanswered: how body dimensions covary genetically, and how the genetic control of 44 

growth unfolds continuously from birth to maturity. These parameters are essential for establishing 45 

quantitative strategies for genetic evaluation and selection. 46 

Restricted maximum likelihood (REML) and Bayesian approaches are widely used for estimating genetic 47 

parameters in livestock. REML provides reliable estimates of variance components in animal models, whereas 48 

Bayesian methods are particularly useful for complex longitudinal analyses involving multiple random effects 49 

and covariance structures (3). Random regression models are useful for analysing repeated measurements and 50 

longitudinal phenotypes in animal breeding. Body conformation traits in beef cattle generally carry moderate 51 

to high heritability. A factor analysis of 20 body measurements in Simmental cattle identified a common 52 

skeletal genetic factor with moderate heritability, suggesting that height and girth measures share substantial 53 

additive genetic control (4). In Polish Simmental populations, chest girth heritability ranged from 0.27 to 0.69, 54 
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confirming that even within a breed, parameter estimates can vary widely depending on population structure 55 

and measurement protocol (5). Work on Nellore cattle found that visual scores for conformation and 56 

muscularity have heritabilities of 0.15–0.28 and growth trait heritabilities of 0.13–0.44, with frame size 57 

genetically correlated with yearling weight at 0.82 (6, 7). These studies demonstrate that body type carries ample 58 

additive genetic variation for selection, though the exact figures depend on breed, age, and environment. 59 

For repeated body weight records collected throughout development, random regression models (RRM) 60 

provide a flexible framework for describing age-dependent changes in genetic variation. Unlike conventional 61 

multi-trait models that analyze each age as an independent trait, RRM model genetic effects as continuous 62 

functions of age using orthogonal polynomials, with Legendre polynomials being widely applied in livestock 63 

growth studies. Previous studies have demonstrated the applicability of random regression approaches for 64 

modeling growth-related traits in beef cattle. These studies showed that genetic parameters may vary with age 65 

and that appropriate modeling of longitudinal records can improve the characterization of growth trajectories 66 

(8). In Pirenaica beef cattle, random regression models have also been used to characterize maternal genetic 67 

effects across dam ages, highlighting the importance of accounting for age-dependent genetic variation (9). A 68 

review of maternal effect estimation in beef cattle cautioned that the apparent antagonism between direct and 69 

maternal genetic effects can partly reflect data structure rather than biology, and recommended that at least 70 

35% of dams carry their own phenotypic records for reliable estimation (10). On the polynomial-order question, 71 

eigenvalues of the coefficient covariance matrix provide a simple diagnostic: a near-zero eigenvalue signals 72 

that the corresponding term captures negligible genetic signal and can be dropped with minimal loss of genetic 73 

information.  74 

Several recent studies have focused on genetic improvement and genomic evaluation in Huaxi cattle and 75 

related beef cattle populations. Ahmad et al. developed a selection index integrating production traits in Huaxi 76 

cattle, providing initial information for breeding strategy optimization (11). Random regression approaches 77 

have been used in beef cattle to characterize longitudinal growth patterns and to model body weight as a 78 

continuous trajectory rather than as independent age-specific traits (12). In addition, genomic mating strategies 79 
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and genomic prediction methods have been explored in Huaxi cattle and multi-breed cattle populations, 80 

providing opportunities for improving selection efficiency (13). Ma et al. compared BayesR and GBLUP 81 

models in a multi-breed population including Huaxi cattle and reported improved prediction accuracy for 82 

growth and carcass traits using Bayesian approaches (14). However, systematic evaluations of genetic 83 

parameters for body conformation traits and longitudinal growth patterns remain limited in Huaxi cattle. In 84 

particular, how genetic control of body weight changes throughout development and how different growth 85 

stages are genetically related have not been fully characterized in this breed. Therefore, this study aimed to 86 

characterize genetic variation in body conformation traits and longitudinal growth patterns in a Huaxi cattle 87 

nucleus herd. Late-growth body conformation traits were evaluated using animal models, whereas longitudinal 88 

body weight records from birth to 24 months were analyzed using a random regression model to estimate age-89 

dependent changes in genetic variation and relationships among growth stages. 90 

Materials and Methods 91 

Animal Data and Quality Control  92 

Data were collected from the Huaxi cattle nucleus herd at a large-scale breeding farm in Xinjiang, China, 93 

from 2016 to 2024. The farm is a nationally accredited Huaxi cattle core breeding facility with over 2000 94 

breeding cows under year-round calving. Animals were housed in confinement with seasonal grazing, and 95 

feed rations were adjusted by growth stage with water and mineral blocks available ad libitum. Two 96 

overlapping datasets were extracted from this herd. Part 1 consisted of late-growth body conformation records, 97 

including 885 quality-controlled records from 613 animals measured between 18 and 30 months of age. Part 98 

2 consisted of longitudinal body weight records, including 4,641 quality-controlled records from 865 animals 99 

collected at scheduled ages of birth, 3, 6, 12, 18, and 24 months. The Part 2 records spanned 0.03 to 29.95 100 

months, because 23 measurements fell more than half a month after the scheduled 24-month age and were 101 

retained. Seven conformation traits were measured: Body weight, Body height, Body length, Hip height, 102 

Cannon circumference, Chest girth, and Abdominal girth, abbreviated as BW, BH, BL, HH, CC, CG, and AG 103 
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respectively. BW was recorded with a calibrated electronic platform scale to 0.5 kg precision; linear traits 104 

were measured with a measuring stick and flexible tape to 0.1 cm precision. All measurements were taken by 105 

uniformly trained technicians with instruments calibrated before each session, and actual measurement age 106 

spanned 18 to 30 months (mean 22.1, SD 2.8 months) owing to herd management logistics. Descriptive 107 

statistics are presented in Table 1. Coefficients of variation ranged from 5.3% for CC to 12.4% for BW, and 108 

AG showed higher variability than CG. Quality control removed records outside biological limits for late-109 

growth cattle within the 18–30-month measurement window (Table 1). After additionally removing statistical 110 

outliers (|z| > 4.0), the final Part 1 dataset contained 885 records from 613 animals. For animals with more 111 

than one measurement within the 18–30-month window, all available QC-passed records were retained to 112 

maximize the use of available information. The animal additive genetic effect was modeled using the 113 

numerator relationship matrix. A separate permanent environmental effect was not fitted for Part 1 because 114 

the average number of records per animal was limited (1.44 records per animal), preventing reliable estimation 115 

of a repeatability model. Therefore, a parsimonious animal model was applied to estimate genetic parameters 116 

for late-growth conformation traits. Potential non-genetic covariance among repeated records should be 117 

considered when interpreting the variance component estimates. 118 

Table 1 Descriptive statistics of body conformation traits. 119 

Trait Abbr Unit N Mean SD Min Max CV (%) 

Body height BH cm 885 137.9 7.6 117.0 167.0 5.5 

Hip height HH cm 885 144.2 7.8 122.0 170.0 5.4 

Cannon circumference CC cm 884 20.9 1.1 17.0 25.0 5.3 

Chest girth CG cm 885 197.1 12.8 153.0 240.0 6.5 

Abdominal girth AG cm 879 228.7 15.8 175.0 260.0 6.9 

Body weight BW kg 885 540.7 66.9 378.0 788.0 12.4 

Body length BL cm 885 168.8 10.8 125.0 215.0 6.4 

Note: CV = SD / Mean × 100%. Descriptive statistics are record-level summaries based on available QC-passed records for each 120 

trait. For animals with more than one measurement within the 18–30-month window, all available records were retained in the main 121 
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analysis. Additive genetic relationships among animals were modeled through the numerator relationship matrix. Because a separate 122 

permanent environmental effect was not fitted for Part 1, the estimates should be interpreted as record-level genetic parameter 123 

estimates for late-growth conformation traits. 124 

The raw Part 2 dataset contained 4773 records from 871 animals. Over 90% of records fell within ±0.5 125 

months of the scheduled ages. Age in months was computed as days of age divided by 30.44. Table 2 126 

summarizes BW by scheduled age. Mean weight increased from 41.2 kg at birth to 568.5 kg at 24 months; the 127 

coefficient of variation declined from 18.7% at birth to 7.3% at 24 months. 128 

Table 2 Descriptive statistics of BW by scheduled measurement age. 129 

Age (month) N Mean (kg) SD (kg) Min (kg) Max (kg) CV (%) 

0 839 41.2 7.7 22 58 18.7 

3 850 118.6 21.5 62 178 18.1 

6 898 227.3 35.8 118 318 15.7 

12 814 368.4 42.1 210 498 11.4 

18 658 476.2 52.6 265 628 11.0 

24 574 568.5 41.3 435 698 7.3 

Note: Age in months = days of age / 30.44. Birth group includes records within 0–1 month of age. N represents records within ±1.5 130 

months of the scheduled age; owing to boundary placement, the sum across ages may differ slightly from the total post-QC count 131 

(4,641). 132 

The pedigree was exported from the farm’s breeding information system and verified for completeness 133 

prior to all analyses. It comprised 2676 individuals spanning four generations, including 870 founders with 134 

unknown parents, 79 sires, and 1500 dams. A one-to-one mapping linked original ear-tag identifiers to integer 135 

codes. For Part 2, a pruned pedigree of 1649 individuals was constructed by tracing all known ancestors of 136 

the 865 phenotyped animals. Quality control was carried out in three steps, as summarized in Table 3. The 137 

first step checked for missing entries in key fields, specifically animal ID, age, and BW; no such records were 138 

found. The second step applied age-stratified biological outlier screening. The predefined acceptable ranges 139 

for each age group were 15-70 kg at birth, 60-180 kg at 3 months, 100-300 kg at 6 months, 150-500 kg at 12 140 

months, 200-650 kg at 18 months, and 250-920 kg at 24 months. In total, 120 records falling outside these 141 

bounds were removed. The third step excluded animals with fewer than three records, because reliable 142 
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estimation of individual growth trajectories requires at least three time points. This step removed 6 animals 143 

and 12 records. After quality control, the final dataset contained 4641 records from 865 animals. 144 

Table 3 Data quality control pipeline. 145 

QC step Rec. removed Remaining rec Remaining animals 

Raw data — 4773 871 

Remove missing key fields 0 4773 871 

Remove biological outliers 120 4653 871 

Remove animals with < 3 records 12 4641 865 

Final analytical dataset — 4641 865 

 Statistical Models 146 

Fixed effects were selected based on preliminary Wald and likelihood-ratio tests together with their 147 

biological relevance to growth and body conformation traits. The final models included birth year, birth season, 148 

production type, pen, and parity or reproductive status as fixed effects. Parity information was available in 149 

both datasets. In Part 1, parity was included as a binary factor (nulliparous vs. parous females), with deviation 150 

from mean measurement age fitted as a linear covariate. In Part 2, parity was also coded as a binary variable; 151 

however, variation occurred only at 24 months because records from birth to 18 months were from nulliparous 152 

animals. Therefore, parity in Part 2 should be interpreted as a reproductive-status adjustment at the late growth 153 

stage rather than a general parity effect across the trajectory. Sex was not included because the analyzed 154 

records with parity information were obtained from female breeding animals, and no castrated males or steers 155 

were available for evaluation. Fixed-effect collinearity was examined during model fitting. Pen and production 156 

type showed near collinearity because most pens contained animals from a single production type. Rank-157 

deficient columns were automatically removed during model fitting and did not affect the estimation of 158 

variance components. Each conformation trait was first analyzed under a univariate animal model. For BW, 159 

model sensitivity was assessed by excluding the pen effect. 160 

y=Xb+Za+e 161 
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where y is the vector of phenotypic observations; b contains the fixed effects described above; a ~ N(0, 162 

Aσ2
a) is the vector of additive genetic effects, with A the numerator relationship matrix; e ~ N(0, Iσ2

e) is the 163 

residual vector; and X and Z are the corresponding incidence matrices. Standard errors of variance components 164 

were obtained from the inverse average information matrix generated during the AI-REML procedure. 165 

Standard errors of heritability estimates and genetic correlations were calculated using the delta method based 166 

on the full variance–covariance matrix of the estimated components. Genetic correlation confidence intervals 167 

were obtained using Fisher z transformation and back-transformation to maintain the range of (-1, 1). Maternal 168 

effects on birth weight and 3-month weight were evaluated by extending the single-trait model with maternal 169 

genetic and/or maternal permanent environmental effects. The maternal genetic effect was fitted as an 170 

additional random effect using the numerator relationship matrix of the dam. Genetic correlations among body 171 

conformation traits were estimated using bivariate animal models for all 21 trait combinations. The additive 172 

covariance structure was specified as G0⊗A, where G0 represents the genetic variance-covariance matrix and 173 

A represents the pedigree relationship matrix. Genetic correlations were derived from the estimated additive 174 

covariance and variance components, with standard errors calculated using the delta method based on the full 175 

variance-covariance matrix of the estimated components. The longitudinal BW trajectory was analyzed using 176 

a Bayesian random regression model with Legendre orthogonal polynomials. The fixed regression included 177 

five Legendre coefficients to describe the population mean growth curve, whereas the random regression 178 

included three coefficients (φ0(t), φ1(t), and φ2(t)) to model individual deviations from the population mean 179 

trajectory. The observation for animal ݅ at measurement ݆ was modeled as: 180 

yij=xij
' β+ ∑ ϕk

4

k=0
(tij)γk+ ∑ ϕk

2

k=0
(tij)αik+eij 181 

where x′ijβ represents fixed effects (birth year, birth season, production type, pen, and parity); φk(tij) is 182 

the k-th Legendre polynomial; γk are fixed regression coefficients; αik are random regression coefficients for 183 

animal i. The vector of animal-specific random regression coefficients was assumed to follow α ~ N(0, Ka ⊗ 184 

A), where Ka represents the additive genetic covariance matrix of random regression coefficients and A 185 



 

9 

 

represents the numerator relationship matrix. Genetic parameters were derived from Ka. Residual variance 186 

was modeled as heterogeneous across six age classes, with breakpoints at 1, 2, 4.5, 7.5, 15, 21, and 31 months. 187 

These non-integer breakpoints ensured that the six key evaluation ages (0, 3, 6, 12, 18, and 24 months) were 188 

located within residual variance classes rather than at class boundaries. The six classes contained 189 

approximately 839, 833, 850, 825, 695, and 599 records, respectively. A permanent environmental effect was 190 

not included in the final random regression model because the available data structure did not support reliable 191 

simultaneous estimation of additive genetic, permanent environmental, maternal genetic, and maternal 192 

permanent environmental random regression effects. Therefore, a parsimonious additive genetic random 193 

regression model was adopted. Maternal genetic and maternal permanent environmental effects were not 194 

included in the trajectory model. The potential influence of these omitted effects on age-specific genetic 195 

parameter estimates, particularly at early ages, is considered in the Discussion. 196 

Variance Component Estimation and Genetic Parameters 197 

Convergence was declared when the relative change in variance components was below 10⁻⁷ and the 198 

norm of the AI-REML gradient was below 10⁻⁶ within 10 iterations. Sensitivity of the BW heritability estimate 199 

was assessed by refitting the model without the pen effect. For Part 2, the random regression model was fitted 200 

using the MCMCglmm package (Hadfield, 2010) in R. Weakly informative inverse-Wishart priors were 201 

assigned for the additive genetic covariance matrix (Ka) and residual covariance matrix (R): Ka ~ IW(V = 202 

diag(3)×100, ν = 3) and R ~ IW(V = diag(6)×100, ν = 6). The MCMC chain was run for 500,000 iterations, 203 

with the first 100,000 iterations discarded as burn-in and a thinning interval of 400, resulting in 1,000 posterior 204 

samples. Convergence was assessed using trace plots and effective sample size (ESS), with ESS values >300 205 

considered adequate for all parameters. Model comparison was performed using the Deviance Information 206 

Criterion (DIC; Spiegelhalter et al., 2002). Eigen-decomposition of Ka from the K = 3 model revealed a near-207 

zero third eigenvalue, representing only 0.0023% of total variance, indicating that the quadratic term carried 208 

limited independent genetic signal. To formally assess whether this term improved model fit, a reduced K = 2 209 
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model was also fitted, with the prior adjusted to Ka ~ IW(V = diag(2)×1000, ν = 2) and identical MCMC 210 

settings.For each MCMC posterior sample, age-specific heritability was calculated as: 211 

h2(s)(t)=
ϕ'(t)Ka

(s)ϕ(t)
ϕ'(t)Ka

(s)ϕ(t)+σe,r
2(s) 212 

where Ka
(s)is the additive genetic covariance matrix of the random regression coefficients in posterior 213 

sample s, and (σe,r
2 )(s) is the residual variance for the age class r containing age t in the same posterior sample. 214 

For each MCMC posterior sample, the additive genetic variance at age t was calculated as Va(t) = ϕ′(t)Kaϕ(t), 215 

where ϕ(t) = [ϕ0(t), ϕ1(t), ϕ2(t)]′ is the vector of Legendre basis function values at age t and Ka is the additive 216 

genetic covariance matrix of the random regression coefficients. The corresponding phenotypic variance was 217 

calculated as Vp(t) = Va(t) + Ve(t), where Ve(t) denotes the residual variance for the age class containing age 218 

t. Age-specific heritability was calculated as h2(t) = Va(t)/Vp(t) for each posterior sample and summarized as 219 

the posterior mean and 95% HPD credible interval. Genetic correlations between ages ti and tj were calculated 220 

for each posterior sample as rg(ti, tj) = Cova(ti, tj) / [Va(ti)×Va(tj)]^1/2, where Cova(ti, tj) = ϕ′(ti)Kaϕ(tj). 221 

Posterior means, posterior standard deviations, and 95% equal-tail credible intervals for age-specific genetic 222 

correlations were calculated from 1,000 posterior samples. Data processing and visualization were performed 223 

in R 4.5.2 (R Core Team, 2025). For Part 1, pedigree processing and variance component estimation were 224 

conducted using the sommer package v4.3 (Covarrubias-Pazaran, 2016), with the pedigree relationship matrix 225 

constructed using AGHmatrix (Amadeu et al., 2023). AI-REML models were fitted using the Newton-226 

Raphson implementation in sommer. For Part 2, Bayesian random regression analyses were performed using 227 

MCMCglmm v2.36 (Hadfield, 2010). Figures were generated using ggplot2 v3.5 (Wickham, 2016) and 228 

corrplot v0.94 (Wei & Simko, 2021). 229 

Results 230 

Genetic Parameters for Body Conformation Traits 231 

Univariate AI-REML analyses of 885 late-growth conformation records from 613 animals estimated 232 

additive genetic and residual variance components for seven traits. Because some animals contributed multiple 233 

records within the measurement window, the estimates represent record-level genetic parameters under the 234 
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fitted animal model. Heritability estimates differed among the seven traits (Table 4 and Figure 1). Skeletal 235 

traits showed relatively higher estimates, with BH, HH, and CC showing heritabilities of 0.58, 0.50, and 0.47, 236 

respectively. CG showed an intermediate estimate (0.42), whereas AG, BW, and BL had lower estimates 237 

ranging from 0.17 to 0.27. Standard errors ranged from 0.040 to 0.046, and all 95% confidence intervals 238 

excluded zero. Variance component estimates showed differences in the contribution of additive genetic and 239 

residual variance among traits. BW showed the largest additive genetic variance among the seven traits (Va = 240 

140.7 kg²), but also had a relatively large residual variance (Ve = 649.4 kg²). AG showed a similar pattern, 241 

with residual variance exceeding additive genetic variance. In contrast, BH and CC showed relatively balanced 242 

additive genetic and residual variance components. 243 

Table 4. Genetic parameters of body conformation traits. 244 

Trait Va Ve Vp h2 ± SE 95% CI 

BH 11.21 ± 1.00 8.21 ± 0.92 19.42 0.58 ± 0.040 [0.50, 0.66] 

HH 9.87 ± 0.97 10.04 ± 1.11 19.91 0.50 ± 0.044 [0.41, 0.58] 

CC 0.20 ± 0.02 0.22 ± 0.03 0.42 0.47 ± 0.044 [0.38, 0.56] 

CG 27.59 ± 3.07 38.87 ± 4.27 66.46 0.42 ± 0.046 [0.33, 0.50] 

AG 23.60 ± 3.65 63.07 ± 6.81 86.67 0.27 ± 0.046 [0.18, 0.36] 

BW 140.70± 30.49 649.41± 67.58 790.11 0.18 ± 0.043 [0.09, 0.26] 

BL 11.46 ± 2.61 56.91 ± 5.90 68.37 0.17 ± 0.043 [0.08, 0.25] 

Note: Va : additive genetic variance; Ve : residual variance; Vp : phenotypic variance = Va + Ve. Estimates from 613 animals with 245 

885 records. Fixed effects: birth year, birth season, pen, production type, parity, and age deviation (linear covariate). AI-REML 246 

convergence achieved within 10 iterations for all seven traits 247 

 248 
Figure 1. Heritability estimates (h2 ± SE) for seven body conformation traits in Huaxi cattle. 249 
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To quantify genetic relationships among body dimensions, all 21 bivariate animal models were fitted. 250 

The genetic correlation matrix is shown in Figure 2A, and standard errors and 95% confidence intervals for 251 

all pairs are provided in Table 5. Estimates ranged from rg = 0.12 between BH and BW to rg = 0.75 between 252 

CG and AG, with a mean absolute value of 0.29. The strongest association was observed between CG and AG 253 

(rg = 0.75), followed by correlations among skeletal traits, including BH with HH (rg = 0.62) and CG with BH 254 

(rg = 0.54). In contrast, BW showed relatively weak correlations with most conformation traits, except for BL 255 

(rg = 0.64). Genetic and phenotypic correlation matrices are shown in Figure 2A and Figure 2B, respectively. 256 

Phenotypic correlations were generally lower than the corresponding genetic correlations. The mean 257 

phenotypic correlation across all 21 pairs was 0.20, compared with 0.29 for genetic correlations. HH with BH 258 

showed the strongest phenotypic association (rp = 0.59), followed by CG with AG (rp = 0.49), while no other 259 

phenotypic correlation exceeded 0.40. Multi-trait genetic evaluation, which exploits the full additive 260 

covariance structure, can capture favourable genetic associations that are invisible in the raw phenotypic 261 

correlation matrix. Whether the relationship between BW and skeletal conformation observed at late growth 262 

is maintained throughout development is further evaluated using the longitudinal BW analysis. 263 

Figure 2. Genetic and phenotypic correlation matrices among body conformation traits in Xinjiang Huaxi 264 

cattle. (A) Genetic correlations estimated from bivariate animal models. Numbers indicate genetic correlation 265 
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coefficients (rg); standard errors and 95% confidence intervals for all 21 pairs are given in Table 5 and 266 

Supplementary Table S1. (B) Phenotypic correlations derived from the same bivariate models; standard errors 267 

and 95% confidence intervals for all 21 pairs are given in Table 5 (upper triangle) and Supplementary Table 268 

S2.  269 

Table 5. Genetic and phenotypic correlations among body conformation traits 270 

Trait BH HH CC CG AG BW BL 

BH 1.00 0.59 (0.027) 0.19 (0.040) 0.40 (0.035) 0.35 (0.037) -0.09 (0.041) 0.08 (0.041) 
HH 0.62 (0.041) 1.00 0.04 (0.041) † 0.36 (0.036) 0.29 (0.039) -0.07 (0.042) † 0.13 (0.042) 
CC 0.34 (0.062) 0.10 (0.071) † 1.00 0.10 (0.042) 0.06 (0.043) † 0.05 (0.043) † -0.18 (0.042) 
CG 0.54 (0.054) 0.46 (0.061) 0.25 (0.073) 1.00 0.49 (0.035) 0.08 (0.044) † 0.09 (0.044) 
AG 0.44 (0.070) 0.34 (0.078) 0.33 (0.085) 0.75 (0.058) 1.00 0.15 (0.045) 0.20 (0.044) 
BW -0.12 (0.094) † -0.05 (0.101) † 0.00 (0.102) † 0.12 (0.108) † -0.04 (0.131) † 1.00 0.26 (0.045) 
BL -0.07 (0.097) † 0.32 (0.101) -0.05 (0.105) † 0.46 (0.114) -0.01 (0.129) † 0.64 (0.131) 1.00 

Note: The lower triangle gives genetic correlations (rg) and the upper triangle gives phenotypic correlations (rp) derived from the 271 

same bivariate models, with standard errors in parentheses. Trait order follows Figure 2A. BH, body height; HH, hip height; CC, 272 

cannon circumference; CG, chest girth; AG, abdominal girth; BW, body weight; BL, body length. † 95% confidence interval includes 273 

zero. Standard errors were obtained by the delta method from the inverse average information matrix, and confidence intervals by 274 

Fisher z transformation. 275 

Longitudinal Genetic Analysis of BW 276 

Whereas Part 1 evaluated body weight as a single-time-point trait, Part 2 examined age-dependent genetic 277 

variation in body weight from birth to 24 months. The Bayesian random regression model with Legendre 278 

polynomials (K = 3) was fitted to 4,641 longitudinal BW records from 865 animals. The population mean 279 

body weight trajectory showed a sigmoidal growth pattern, as illustrated in Figure 3. The mean body weight 280 

increased from 41.2 kg at birth to 368.4 kg at 12 months and 568.5 kg at 24 months, with the maximum growth  281 

rate occurring between 3 and 6 months. Individual trajectories showed increasing dispersion with age, 282 

indicating increased variability in observed body weight during growth. 283 
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Figure 3. Observed body weight trajectories and population growth curve in Huaxi cattle. Grey lines represent 284 

individual observed body weight trajectories, the blue line represents the population mean trajectory, and the 285 

shaded region represents phenotypic variation defined as ±1 SD around the mean body weight at each age. 286 

Age-dependent heritability of BW followed a rise-and-fall trajectory from birth to 24 months (Table 6; 287 

Figure 4). Heritability was 0.28 at birth, increased slightly to 0.31 at 3 months, remained stable at 0.28 at 6 288 

months, and reached a local maximum of 0.46 at 12 months, coinciding with the peak of additive genetic 289 

variance in absolute terms. The highest heritability value in the continuous trajectory was 0.72 at 2 months, 290 

which was associated with low residual variance at that age rather than increased additive genetic variance. 291 

The abrupt changes at 2, 4.5, 15, and 21 months coincided with residual variance class boundaries, whereas 292 

the additive genetic component showed a smoother pattern across age. Heritability declined after 12 months, 293 

reaching 0.33 at 18 months and 0.08 at 24 months. The estimate at 24 months showed greater uncertainty due 294 

to reduced data density near the upper age boundary. 295 

Table 6. Age-specific genetic parameters of body weight 296 

Age (mo) Va (kg2) Ve (kg2) Vp (kg2) h2 95% HPD CI 

0 9.6 24.4 34.0 0.28 [0.21, 0.37] 

3 120.7 265.7 386.4 0.31 [0.26, 0.36] 

6 357.9 909.5 1267.4 0.28 [0.24, 0.33] 

12 749.6 892.6 1643.0 0.46 [0.40, 0.51] 

18 661.4 1338.5 2000.0 0.33 [0.28, 0.39] 

24 198.3 2150.3 2349.0 0.08 [0.05, 0.15] 
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Note: Posterior means from 1000 MCMC samples (500000 iterations; 100000 burn-in; thinning = 400). HPD CI: highest posterior 297 

density credible interval. Heterogeneous residual variance modeled across six age classes (breakpoints at 1, 2, 4.5, 7.5, 15, 21, and 298 

31 months). 299 

Figure 4. Age-specific heritability trajectory of body weight in Huaxi cattle. The shaded band represents the 300 

95% HPD credible interval; grey regions indicate boundary regions where estimates may be affected by 301 

polynomial extrapolation behaviour. 302 

The six-class heterogeneous residual variance structure revealed age-dependent changes in 303 

environmental variance. Residual class posterior means increased from 24.4 kg² at birth to 2,150.3 kg² at 24 304 

months (Table 6), while the residual coefficient of variation remained stable at 9–14%, indicating that the 305 

increase in absolute residual variance largely reflected the increase in body weight scale rather than greater 306 

environmental heterogeneity at older ages. Genetic correlations indicated two distinct phases in the growth 307 

trajectory (Figure 5). Birth weight showed weak genetic correlations with subsequent body weights (0.07–308 

0.24). From 3 months onward, genetic correlations among body weights were consistently high (0.985–1.000), 309 

suggesting similar genetic contributions across post-weaning growth stages. 310 

 311 
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 Figure 5. Age-specific genetic correlation matrix of body weight traits in Xinjiang Huaxi cattle. 312 

Posterior mean genetic correlations (rg) among body weight traits measured at 0, 3, 6, 12, 18, and 24 months 313 

were calculated from 1,000 MCMC posterior samples of the Bayesian random regression model. The color 314 

scale ranges from 0 to 1 because all posterior mean genetic correlations were positive. Posterior standard 315 

deviations and 95% equal-tail credible intervals are provided in Supplementary Table S3. 316 

Maternal effects were evaluated separately for birth weight (782 calves from 725 dams) and 3-month 317 

weight (790 calves from 733 dams), and the two traits showed different patterns (Supplementary Table S4). 318 

For birth weight, inclusion of a maternal genetic effect changed direct heritability from 0.580 to 0.555, while 319 

the maternal genetic variance was estimated as zero (m2 = 0.000, SE = 0.053). For 3-month weight, maternal 320 

genetic variance also approached zero (m2 = 0.000, SE = 0.041), whereas maternal permanent environmental 321 

effects accounted for 33.0% of phenotypic variance (c2 = 0.330, SE = 0.161) and increased direct heritability 322 

from 0.196 to 0.250. Both results trace back to the structure of this herd: each dam contributed on average 323 

1.08 offspring, so a dam appears essentially once in the data and her contribution cannot be separated from 324 
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the residual. Where the maternal genetic term could be fitted, adding it moved the direct heritability by no 325 

more than 0.025, so the direct estimates are not sensitive to omission of the maternal genetic term, although 326 

for 3-month weight the maternal permanent environmental effect was clearly not negligible. These single-trait 327 

estimates come from age-specific subsets of the records rather than from the Legendre function evaluated at 328 

a given age, so they are not directly comparable with the trajectory values in Table 6. 329 

Model Validation and Sensitivity Analyses 330 

The sensitivity of BW heritability to pen-effect specification was evaluated by refitting the model without 331 

pen as a fixed effect (Table 7). The estimated heritability changed from 0.18 in the main model to 0.15 after 332 

excluding pen, while residual variance increased from 649.4 to 684.1 kg², indicating limited impact of pen-333 

effect specification on the BW heritability estimate. 334 

Table 7. Sensitivity of BW heritability to alternative model specifications. 335 

Model Fixed effects h2 Ve (kg2) 

Main model Pen fitted as fixed effect 0.18 649.4 

Sensitivity model Pen effect excluded 0.15 684.1 

Note: The main model corresponds to the univariate BW model reported in Table 4. In the sensitivity model, the pen effect was 336 

excluded while other fixed effects were retained. Ve, residual variance. All models were fitted by average-information REML in 337 

sommer v4.3 (Covarrubias-Pazaran, 2016). 338 

Eigen-decomposition of the K = 3 posterior mean Ka matrix revealed eigenvalues of 414894, 3,319, and 339 

9.6, corresponding to variance proportions of 99.2%, 0.8%, and 0.0023%. The near-zero third eigenvalue 340 

indicated that the quadratic random regression coefficient carried negligible independent genetic variance 341 

(0.0023% of trace). The first eigenvalue, associated with the intercept term, accounted for over 99% of the 342 

total genetic variance in the random coefficients, indicating that individual variation in overall growth level 343 

dominates the genetic covariance structure, with the linear term contributing a secondary 0.8%. The K = 3 344 

model produced a DIC of 42238 compared with 42506 for K = 2, yielding ΔDIC = 268 in favour of K = 3 345 
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(Table 8). The lower DIC indicated improved model fit for the quadratic specification compared with the linear 346 

specification. The first two eigenvalues of the Ka matrix accounted for over 99.99% of total genetic variance, 347 

indicating that the quadratic term contributed limited independent genetic variation. The improvement in DIC 348 

may therefore reflect enhanced covariance structure modeling rather than substantial additional genetic signal 349 

from the quadratic term. Both models produced similar heritability trajectories between 3 and 18 months. The 350 

K = 3 model showed slightly wider credible intervals at birth and 24 months, consistent with the known 351 

boundary behaviour of Legendre polynomials. 352 

Table 8. Comparison of Bayesian random regression models. 353 

Criterion K = 3 K = 2 

Random regression order Quadratic (k = 0, 1, 2) Linear (k = 0, 1) 

Number of covariance parameters 6 3 

DIC 42238 42506 

ΔDIC (vs. K = 3) — 268 

Eigenvalue 1 (% of trace) 414894 (99.2%) 883600 (99.998%) 

Eigenvalue 2 (% of trace) 3319 (0.8%) 19 (0.002%) 

Eigenvalue 3 (% of trace) 9.6 (0.0023%) N/A 

Note: DIC: Deviance Information Criterion; lower values indicate better fit. DeltaDIC > 7 is considered meaningful. Eigenvalues 354 

are derived from the posterior mean Ka matrix; percentages refer to trace Ka. Absolute eigenvalue magnitudes differ between K = 3 355 

and K = 2 owing to different prior specifications (IW(V = diag(3) × 100, ν = 3) vs. IW(V = diag(2) × 1000, ν = 2)); variance 356 

proportions are comparable across models. 357 

Convergence diagnostics supported the stability of all reported estimates. All Part 1 AI-REML analyses 358 

converged successfully, with gradient norms below 10⁻⁶ and relative parameter changes below 10⁻⁷. Pen and 359 

production type showed near collinearity, resulting in rank-deficient columns being removed during model 360 

fitting without affecting variance component estimation. For Part 2, post-burn-in MCMC samples showed 361 

Monte Carlo standard errors below 2% of posterior standard deviations, and Geweke diagnostics supported 362 
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chain stationarity. Adding a quadratic age term did not improve model fit (ΔAIC < 2 for all traits), supporting 363 

the use of a linear age covariate. 364 

Discussion 365 

This study characterized genetic variation in body conformation traits and longitudinal body weight in 366 

Huaxi cattle. Skeletal traits showed higher heritability than body weight, and growth trajectories revealed 367 

distinct genetic relationships between birth and post-weaning stages. Heritability estimates differed among 368 

conformation traits, with skeletal measurements showing relatively higher additive genetic variation than body 369 

weight and body length. These estimates were generally within the range reported for other beef cattle 370 

populations, with differences among studies potentially related to breed composition, measurement protocols, 371 

and environmental conditions (15), CG heritability of 0.42 lies within the range of 0.27 to 0.69 documented 372 

across Simmental populations, and yearling weight heritability in Brazilian Simmental has been reported 373 

between 0.28 and 0.42 (16). Our BW estimate of 0.18 was lower than some previous reports, which may be 374 

associated with differences in population structure, measurement stage, environmental conditions, and sample 375 

size among studies. Factor analysis of Simmental conformation traits identified a common skeletal genetic 376 

factor, consistent with the strong genetic correlations observed among height and girth measures.  377 

Although BW showed substantial additive genetic variance, its heritability was relatively low because 378 

residual variance accounted for a larger proportion of phenotypic variance (Ve/Va = 4.6). AG showed a similar 379 

pattern, whereas BH and CC showed relatively balanced contributions from additive genetic and residual 380 

variance. These results indicate that environmental variation contributed substantially to the phenotypic 381 

variation of BW and AG. Longitudinal recording further enabled evaluation of age-dependent changes in 382 

genetic variation across the growth trajectory (17). The genetic correlation analysis revealed distinct patterns 383 

among body conformation traits. Strong genetic associations were observed between trunk girth traits (CG 384 

and AG; rg = 0.75) and between stature-related traits (BH and HH; rg = 0.62). In contrast, BW showed a 385 

moderate genetic correlation with BL (rg = 0.64) but weak correlations with most skeletal traits (|rg| < 0.13). 386 

Similar variation in genetic relationships between body frame and BW has been reported among cattle 387 
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populations, suggesting that these associations may depend on breed background, measurement age, and 388 

environmental conditions. In Huaxi cattle, the weak genetic relationships between BW and most skeletal traits 389 

suggest that BW and skeletal conformation capture partly different aspects of growth-related variation. 390 

Age-dependent heritability of BW showed a rise-and-fall pattern across the growth trajectory and reached 391 

the highest scheduled-age estimate at 12 months (h² = 0.46), consistent with previous RRM analyses in Nellore 392 

cattle (18). Unlike the decline in early postnatal heritability reported in a Bos taurus × Bos indicus crossbred 393 

population(19) , BW heritability in the present study remained relatively stable from birth to 6 months (0.28–394 

0.31). Additional models incorporating maternal genetic and maternal permanent environmental effects were 395 

fitted to evaluate whether maternal contributions influenced these early-age estimates. A maternal genetic 396 

component could not be reliably estimated for either BW0 or BW3, and its inclusion changed direct heritability 397 

estimates by less than 0.025. Therefore, the early-age heritability pattern was unlikely to be primarily driven 398 

by exclusion of maternal genetic effects. However, maternal permanent environmental effects contributed 399 

substantially to BW3, accounting for 33.0% of phenotypic variance, indicating that early postnatal records 400 

may still contain maternal environmental influences. Birth weight showed weak genetic correlations with 401 

subsequent BW records (rg < 0.24), whereas BW measurements from 3 to 24 months exhibited consistently 402 

high genetic correlations (0.985–1.000), consistent with previous observations in Nellore cattle (20) These high 403 

correlations indicate that post-weaning BW measurements from 3 to 24 months were largely controlled by 404 

similar additive genetic factors in this population. Therefore, different post-weaning ages captured 405 

substantially overlapping genetic variation for growth. Further validation using larger populations and direct 406 

comparisons of breeding values will be required to confirm their applicability in genetic evaluation. One 407 

caveat is that the steep heritability decline after 12 months is almost certainly a boundary effect: Legendre 408 

polynomials produce unreliable variance estimates at the extremes of the fitted age range, compounded by 409 

declining record numbers after 18 months. For breeding programme use, the reliable estimation window is 3 410 

to 18 months, where data density was highest and the K = 3 and K = 2 trajectories were near-identical. The 411 

high heritability of skeletal traits observed in this study is consistent with known molecular architecture: 412 
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PLAG1 and the NCAPG-LCORL locus have been confirmed as major determinants of stature in cattle (21, 22), 413 

with PLAG1 copy number variation linked to body size in Chinese cattle(23). Quantitative trait loci for live 414 

weight and body conformation have also been identified in commercial crossbred populations (24). These 415 

molecular findings align with the high heritability of skeletal traits observed here. All AI-REML analyses 416 

satisfied standard convergence criteria (25). For Part 2, MCMC effective sample sizes exceeded 793, Geweke 417 

Z-scores were within ±1.3, and Monte Carlo standard errors remained below 2% of posterior standard 418 

deviations. Sensitivity analysis showed that excluding pen from the model only slightly changed the BW 419 

heritability estimate from 0.18 to 0.15, suggesting that the low-to-moderate heritability of late-growth BW 420 

was robust to this model specification. Taken together, these findings indicate that post-weaning BW records 421 

from 3 to 24 months share a highly similar genetic basis in this Huaxi cattle population. These results suggest 422 

that longitudinal BW measurements provide consistent information on genetic variation in post-weaning 423 

growth, although validation in larger populations is still required. 424 

Our Part 1 estimate of 0.18 for age-adjusted late-growth BW was lower than some previous reports in 425 

Chinese beef cattle populations, which may reflect differences in population structure, measurement stage, 426 

management conditions, and genetic background among studies. The rise in heritability between 6 and 12 427 

months in our Part 2 trajectory is broadly consistent with published estimates for growth traits in beef cattle 428 

(26, 27), supporting the conclusion that growth traits carry moderate heritability in Huaxi cattle. The 429 

heterogeneous residual variance structure resulted in a stable residual CV across age classes, suggesting that 430 

changes in residual variance were mainly associated with BW scale rather than increased environmental 431 

heterogeneity. Heterogeneous residual variance structures have been shown to produce substantial re-ranking 432 

in dairy test-day models. Genetic heterogeneity of residual variance has also been demonstrated in American 433 

Angus cattle (28), and heteroscedastic reaction norm models provided a better fit for growth traits in Nellore 434 

cattle than homogeneous alternatives (29). Our finding of a stable residual CV provides empirical support for 435 

grouping residual variances by age class. These estimates provide preliminary information for genetic 436 

evaluation. The relatively high heritability of skeletal traits suggests potential genetic improvement through 437 
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selection. For BW, the high genetic correlation between 6- and 12-month measurements (rg = 0.999) suggests 438 

that earlier records may provide information on genetic variation in growth potential in this population, 439 

although additional validation based on breeding values and larger datasets is required before practical 440 

implementation. The weak genetic association between birth and post-natal weights (rg < 0.24) suggests 441 

limited correlated response in birth weight from selection on post-natal growth, although direct calving-ease 442 

records are required before making any inference about dystocia risk, and the architecture of a single growth 443 

trajectory replacing age-specific traits is the principal motivation for adopting random regression models in 444 

routine evaluation. 445 

The near-zero genetic correlations between BW and most skeletal traits suggest that frame size and 446 

growth may be selected jointly with limited unfavorable correlated responses. In Nellore cattle, by contrast, 447 

frame score was genetically correlated with yearling weight at 0.82, creating a frame–muscling trade-off that 448 

was not evident in the present Huaxi nucleus herd. The genetic correlation between BW and BL (0.64) is the 449 

single exception requiring monitoring. Monitoring mature size in this Huaxi nucleus herd will be important, 450 

given that mature cow weight heritability ranges from 0.40 to 0.55 in Nellore cattle (30). Morphometric 451 

measurements before one year of age predict growth potential in beef calves (31), supporting the early selection 452 

strategy proposed here. Feed efficiency traits carry moderate heritability and can be incorporated into multi-453 

trait indices without sacrificing growth gains (32, 33). Several limitations should be considered. The Part 1 454 

sample (613 animals) may limit the precision of genetic correlation estimates (SE 0.041–0.131). Data from a 455 

single nucleus herd may not directly represent commercial production environments, as genotype-by-456 

environment interaction for growth traits is well documented (34) and sire-by-herd effects explain significant 457 

variation in weaning weight (35). Both analyses used pedigree-based rather than genomic relationship matrices; 458 

genomic approaches such as single-step GBLUP have been widely applied in routine genomic evaluation (36, 459 

37), and genomic prediction methods can improve accuracy compared with pedigree-based approaches (38, 39). 460 

BayesR has also shown improved prediction accuracy in populations including Huaxi cattle  [14]. The Huaxi 461 
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genomic reference population has been expanding, and genomic approaches may further improve long-term 462 

selection in this breed. 463 

The random regression model did not include a permanent environmental effect or separate maternal 464 

from direct genetic effects. Therefore, non-genetic covariance among repeated records may have been partially 465 

attributed to the additive genetic component, potentially affecting heritability estimates and genetic 466 

correlations between adjacent ages. Maternal genetic effects could not be resolved for either trait because of 467 

the limited dam-offspring structure in the dataset. With 1.08 offspring per dam, the available records were 468 

insufficient to separate maternal genetic contributions from residual variation. A maternal permanent 469 

environmental effect was identified for 3-month weight but not for birth weight. Incorporating maternal and 470 

permanent environmental effects into future random regression models would be valuable when larger datasets 471 

become available [11]. Part 1 involved a related data structure. Among the 885 records, 272 animals contributed 472 

two to four measurements each, with a median interval of 5.95 months between measurements. Including a 473 

permanent environmental effect resulted in boundary estimates for the additive component (Va = 0) in four of 474 

the seven traits, while the remaining traits showed inflated phenotypic variance estimates of up to 66%, which 475 

were considered biologically implausible. Restricting the analysis to one record per animal also resulted in 476 

boundary estimates for four traits, reflecting information loss rather than a true absence of additive variance. 477 

Given the average of 1.44 records per animal, these data were insufficient to reliably separate additive and 478 

permanent environmental components. Therefore, estimates in Table 4 were obtained from the more 479 

parsimonious animal model and should be interpreted as record-level parameters rather than exact partitions 480 

of additive variance. The preference for K = 3 based on DIC (ΔDIC = 268) should be interpreted cautiously 481 

because DIC has known limitations for hierarchical models. Although the magnitude of ΔDIC exceeded the 482 

commonly used threshold of 7, additional validation such as cross-validation would provide stronger support 483 

for model selection in future studies. Future genetic evaluations of Huaxi cattle could be strengthened by 484 

integrating routine body conformation recording, incorporating genomic information, and extending 485 
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longitudinal analyses with larger datasets, longer observation periods, and explicit maternal effect modeling 486 

(40). 487 

5. Conclusion 488 

This study estimated genetic parameters for body conformation traits and longitudinal body weight in Xinjiang 489 

Huaxi cattle. Skeletal traits showed moderate to high heritability, whereas body weight showed lower 490 

heritability and a greater contribution of residual variation. The random regression analysis revealed age-491 

dependent changes in genetic variation for body weight, with strong genetic correlations among post-weaning 492 

weights. Maternal effects contributed to early growth variation, particularly for 3-month body weight through 493 

maternal permanent environmental effects. Overall, these results improve the understanding of genetic 494 

variation in growth and conformation traits in Huaxi cattle and provide reference information for genetic 495 

evaluation of this population. 496 
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