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Introduction

Gestation length (GL) is associated with calving performance in dairy cattle. Shorter
gestations increase calf mortality due to low birth weight and prematurity, while longer
gestations are associated with dystocia and stillbirths due to excessive calf size (Norman et
al., 2009; Nogalski and Piwezynski, 2012; Mwangi et al., 2025). These associations highlight
the potential of selecting for optimal GL to improve reproductive performance.

The genetic architecture of GL remains incompletely understood. While some studies model
GL as a direct genetic effect of the cow, others indicate that GL is mainly influenced by the
direct additive genetic effect of the fetus, with additional maternal and paternal contributions
(Norman et al., 2009; Galluzzo et al., 2023). These findings emphasize the importance of
evaluating alternative genetic models that account for fetal, maternal, and paternal effects.
The single-step genomic best linear unbiased prediction (ssGBLUP) approach has been
shown to increase the accuracy of genomic estimated breeding values (GEBVs) and reduce
bias, particularly for traits expressed late in life such as GL (Misztal et al., 2009; Shi et al.,
2023). In addition, genome-wide association studies (GWAS) are valuable tools for
identifying genomic regions associated with reproductive traits.

Therefore, this study aimed to estimate variance components and genetic parameters using
different models that considered GL either as a cow or fetus phenotype, and to evaluate the
impact of genomic information through ssGBLUP on genomic prediction, as well to identify
genomic regions associated with GL in Holstein cattle.

Materials & Methods

Pedigree data, phenotypes, and genotypes. A total of 339,510 GL records from Holstein
cows in Brazil, collected between 1994 and 2020, were used. Records included primiparous
and multiparous cows and were provided by the Associacdo Brasileira de Criadores de
Bovinos da Raca Holandesa (ABCBRH) and Embrapa Dairy Cattle. The data set was
submitted to quality control. Records with missing birth, calving, or service dates were
removed, and twin pregnancies were excluded. Contemporary groups were defined by herd,
year, and breeding season. The pedigree comprised 638,176 animals. Genotypes from 854
sires were available, obtained from different commercial SNP panels. After quality control,
genotypes were imputed to the Bovine SNP50v.2 panel using Fimpute v3.0.

Statistical modeling. The analyses of GL were conducted using a single-trait animal model.
A total of 16 models were evaluated: eight models (MOD1 to MOD&) considered GL as a
cow phenotype (CPM), while the other eight (MOD9 to MODI16) treated GL as a fetus
phenotype (FPM). In matrix notation, the general structure of the models was described for
the cow (Eq. 1) and fetus (Eq. 2) as:
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where b is the vector of systematic effects of sex, age classes and birth order, hys is the
random effect vector of herd-year-breeding season; a is the vector of the direct additive
genetic random effect of the cow; a * the vector of the direct additive genetic random effect
of the fetus; s is the additive genetic random effect vector of the service; p is the vector of
additive genetic random effect of the paternal; pc is the vector of the random effect of the
cow's permanent environment; ps is the vector of the random effect of the permanent
environment of the service sire; pp is the vector of the paternal permanent environment
random effect; m is the vector of maternal additive genetic random effects; pm is the vector
of the maternal permanent environment random effect; & is the vector of the residual random
effect. X, K,Z, M,],W Yand Uare the incidence matrices for associating records with
systematic effects and random effects. A scaled chi-square distribution was assumed for the
variances.

Models 8 and 16 included all described random effects for CPM and FPM, respectively. The
remaining models incorporated the additive genetic effect and varying combinations of the
random effects. The (co)variance components were estimated by Bayesian inference using
the Gibbs sampler algorithm via Markov Chain Monte Carlo (MCMC) without genomic
information, implemented in the GIBBSF3F90+ program. A total of 500,000 iterations were
run, with a burn-in of 200,000 and a thinning interval of 10. Convergence was assessed using
the Geweke diagnostic.

Model comparison. The models were compared based on goodness-of-fit, estimates of
(co)variance components and genetic parameters, and predictive capacities. The quality of a
model fit was assessed using the Deviance Information Criterion (DIC). Lower DIC values
indicate better model fit. The predictive capacities were assessed using the linear regression
(LR) method, comparing a complete dataset (records up to year 2020) with a reduced dataset
obtained by truncation at year 2016. To assess potential re-ranking of sires across models,
Spearman's rank correlation coefficient was calculated between estimated genetic values
(EBVs) from the complete dataset.

Genomic prediction, validation and GWAS. The contribution of genomic information was
evaluated using the best-fitting model previously defined. Variance components from the
previous analysis, estimated without the inclusion of genomic information were used in the
prediction. GEBVs were obtained using the ssGBLUP approach and were validated using the
LR methodology. GWAS was performed using SNP effects derived from ssGBLUP,
obtained with postGSf90. A Bonferroni correction was applied to identify genomic regions
significantly associated with GL.

Results

Descriptive statistics. The GL ranged from 265 to 295 days, with an overall mean of 277.3 +
4.99 days. Gestation was significantly longer for male fetuses than for female fetuses (278.0
vs. 276.9 days; P < 0.05). GL increased with calving order, with differences of 1.2 and 1.4
days from first to third parity for female and male fetuses, respectively.

Model comparison. Models evaluating GL as a fetus phenotype consistently showed lower
DIC values than those treating GL as a cow phenotype. Among CPM, MOD4 and MOD7
showed the best fit. MOD4 included the direct additive genetic effect of the cow and the
permanent environmental effect of the service sire, while MOD?7 additionally included the
cow permanent environmental effect. Across FPM, MODI16 presented the lowest DIC
overall, indicating superior fit when fetal, maternal, paternal, and permanent environmental
effects were jointly considered. Direct additive genetic variance was stable for CPM but



ranged widely for FPM, reflecting sensitivity to model structure. Direct heritability estimates
were moderate for CPM (mean = 0.21). For FPM heritability ranged from 0.10 (for MOD16)
to 0.69. Maternal heritability estimates ranged from 0.10 to 0.27, while paternal and service
sire heritabilities were consistently low. Residual variance was lower for FPM, supporting
improved model fit when GL was evaluated as a fetal trait.

Rank correlations between sire EBVs were moderate to high within CPM and FPM, but
lower between them, indicating changes in sire ranking across models. MOD16 showed the
greatest overall consistency.

Predictive accuracy and reliability were generally higher for FPM. Accuracies ranged from
0.28 to 0.34 for CPM. MOD#4 resulted in higher accuracy and lower bias compared to
MOD?7, being the best-performing CPM. Accuracies ranged from 0.26 to 0.49 for FPM, with
MODI13 and MOD16 showing the best overall performance. Regression coefficients (b1)
were closer to 1.0 and bias was lower for these FPM models.

Genomic prediction and GWAS. The predictive ability and bias values obtained for
genomic EBV (GEBV) and pedigree EBV predicted using the two best-performing models
(MOD4 and MODI16) are shown in Table 1. Including genomic information increased
accuracy and reduced bias for both CPM and FPM. Accuracy gains of up to 0.09 were
observed, where MOD16 showed the best overall genomic performance, confirming its
superior predictive performance compared to MOD4.

Table 1. Accuracy, coefficient of determination (R?), intercept (bo), dispersion (b1) and bias
obtained from the validation test of genomic predictions and pedigree-based predictions for
the best models: MOD4 (CPM) and MOD16 (FPM).

MOD 4 MOD 16
Genomic Pedigree Genomic Pedigree
Accuracy 0.36 0.27 0.49 0.41
R? 0.22 0.11 0.34 0.20
bo -0.83 -1.03 -0.43 -0.76
b1 0.74 0.63 0.87 0.83
Bias 0.47 0.67 0.24 0.56
Correlation 0.47 0.33 0.56 0.45

When GL was evaluated as a CPM, significant SNPs were detected on BTA 6, 14, and 27,
with candidate genes including MATN2 (BTA 14) and SFRPI (BTA 27). The region on BTA
6 harbors QTLs related to calving ease and reproductive traits, suggesting involvement in
gestation length regulation. When GL was evaluated as an FPM, significant SNPs were
identified on BTA 3, 9, 16, and 24, with HSD11B1 and MIR205 (BTA 16) highlighted as key
candidate genes.

Discussion

GL estimates observed in this study were consistent with previous reports in Holstein cattle.
Longer gestations in male fetuses and in multiparous cows agree with established biological
patterns related to fetal growth and maternal physiology (Nogalski and Piwezynski, 2012).
Comparisons between modeling strategies demonstrated that treating GL as a fetus
phenotype provided better model fit, lower residual variance, and superior predictive ability.
These results support previous findings that fetal genetic effects explain a substantial
proportion of GL variability (Eaglen et al., 2012).

The inclusion of maternal and paternal genetic effects, as well as permanent environmental
components, improved both model fit and prediction accuracy. MOD16, which accounted for



all major genetic and environmental sources of variation, consistently outperformed simpler
models.

Genomic evaluations using ssGBLUP further improved prediction accuracy and reduced
bias, highlighting the advantages of incorporating genomic information for reproductive
traits, particularly for young selection candidates.

As a complementary and final step, genome-wide association analyses provided biological
insight into the genetic architecture of GL. When GL was evaluated by CPM, candidate
genes related to placental development and sperm-related traits, such as MATN2 (BTA14)
and SFRP1 (BTA27), were identified, suggesting that paternal reproductive characteristics
may indirectly influence gestation length. When GL was evaluated by FPM, genes involved
in endocrine regulation of parturition, including HSDI/IBI and MIR205, were detected,
reinforcing the central role of the fetus in determining the timing of calving.

Conclusions

This study highlighted the importance of accounting for service sire effects, particularly the
permanent environmental component, in the genetic evaluation of GL. Both environmental
and genetic factors associated with the service sire contributed substantially to GL variability.
Among the evaluated models, the FPM including maternal, paternal, and their respective
permanent environmental effects (MOD16) showed the best fit and predictive performance
for Holstein cattle. The inclusion of genomic information using the single-step GBLUP
approach improved predictive ability. As the availability of genomic data increases, further
gains in accuracy, especially for young selection candidates are expected. Moreover, the
genomic regions associated with GL contribute to a better understanding of the mechanisms
underlying variation in GL.
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