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Introduction

In swine breeding, the traits related to semen quality such as volume, motility and morphology
are important as they directly influence fertility. The expression of these semen traits can be
influenced by environmental conditions; therefore, it is of interest to model individual
responses accounting for genotype-by-environment interactions (GXE). In livestock, GXE
studies are typically conducted using multiple-trait models or reaction norm models based on
contemporary groups, under the assumption that environmental conditions within each group
remains relatively uniform over time (Pham et al., 2025).

However, weather conditions affect individuals through complex interactions among weather
parameters, such as temperature, humidity, solar radiation, air pressure, etc. (Olczak et al.,
2015). In this sense, accounting for the interaction between weather parameters is important
for the genetic evaluation of semen traits collected from different stud farms.

Jarquin et al. (2014) proposed the use of a high-throughput environmental covariance structure
matrix (Q) to address GXE based on environmental covariates (ECs) and the genomic
relationships matrix, G . By constructing €, the environmental correlation among
environmental groups can be considered in the statistical model. Then, the Hadamard product
of Q and G is used to model the GXE. In this study, we aimed to investigate the effects of
including grid-cell-based ECs in a repeatability model for Duroc boar semen traits.

Materials & Methods

We used repeated records of total sperm count (TSC), sperm motility (MOT), and sperm
morphology (MOR) from Duroc boars born between 2018 and 2024 and raised in three farms
located at North Carolina, Oklahoma, and Virginia. Five multi-trait linear-threshold
repeatability models, with or without considering GXE effects based on ECs, were compared
using different definitions of environmental groups in each model. Data were provided by
Smithfield Premium Genetics (Rose Hill, North Carolina, USA).. The TSC was analyzed as a
continuous trait, whereas MOT and MOR were treated as binary traits, classified as either
“Fail” or “Pass.” The genotypic data were merged and pre-processed across three SNP chips
using PLINK (Purcell et al., 2007). After all pre-processing, we used 188,665 records and
31,758 SNPs from 3,684 boars.

For each environmental group, we retrieved ECs for each entry date from the NASA POWER
database (Sparks, 2018). We defined the environmental groups in three ways: farm (n=3),
farm-season (n=12), and farm-year-season (n=74). Of all available ECs, we retained those
significantly associated with TSC: temperature at 2 m above ground, relative humidity at 2 m,
wind speed at 2 m, surface pressure, and wind direction at 2 m.

We first centered and scaled the monthly means of the daily records to obtain W, and

constructed the € matrix as T’, where ¢ is the number of means. Then, the GE interaction
matrix was constructed as GE = Z,GZ©OZ.QZ, where Z, and Z. are the incidence

matrices for genotypes and environmental groups, respectively, and ® denotes Hadamard
(elementwise) product. Four models with different GXE structures and a main effects model
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were evaluated: M1 represented the baseline based on main effect of SNPs only; in M2 the
G XE included farm as environmental group; in M3 the G XE included farm-season as
environmental group; in M4 the GXE included farm-year-season as environmental group; and
M5 extended M3 by adding an additional random effect of the farm-season.

Model Implementation. A multi-trait linear-threshold repeatability model was used. A linear
model was used for TSC, while MOT and MOR, being binary traits, were analysed using a
threshold model assuming an underlying non-observable variable (liability). We applied a
Bayesian approach using the Gibbs sampling algorithm implemented in the THRGIBBS1F90
program (Misztal et al., 2014). Variance components were estimated with 200,000 iterations,
a thinning interval of 10. The burn-in period was determined based on visual inspection of the
trace plots for each model’s parameters.

The genomic estimated breeding values (GEBV) were predicted using estimated variance
components from each model, with 20,000 iterations, a thinning interval of 10 cycles with
5,000 burn-in period. The multi-trait linear-threshold repeatability model without GE can be
expressed in matrix notation as follows:

Vi X, 0 b, Z, 0 07u Zpey O pe;
12 = 0 XZ bz + 0 Zuz 0 l [uz] + 0 Zpez 0 [pez] [ ] (1)
LI lo o xXJlb,) Lo o z.llwl | o o pe;

where y; is the vector of observations for TSC, 1, and 13 are vectors of unobserved liabilities
for MOT and MOR, respectively; b is the vector of systematic effects; u is the vector of
direct additive genetic effects; pe is the vector of permanent environmental effects; € is the
vector of random residual effects; and X, Z,, and Z,, are the corresponding incidence
matrices for b, u, and pe, respectively. The subscripts 1, 2, and 3 denote TSC, MOT, and
MOR, respectively The M2, M3, and M4 models can be expressed by

del ge,
adding | 0 geZ lgez to Equation (1), where ge and Zg, represent the vectors
0 ge3 8€s
and incidence matrices for GE effects, respectively. Model M5 extends this formulation by
Z., O 07re;
further adding [ 0 Z, O ] ezl, where e represents the vectors for farm-season effects.
0 0 Zglles
We validated the models using the linear regression (LR) method, and a total of 497 boars born
after 2024 were considered as the validation set. The validation metrics were evaluated using
bias, slope (bl), correlation, and accuracy.

Results & Discussion

The heritability estimates were low for all traits, and across all models ranged from 0.03 to
0.04 for TSC, 0.05 to 0.08 for MOT, and 0.04 to 0.08 for MOR. Previous studies generally
reported higher heritability for these traits, showing heritability estimates for TSC ranging from
0.16 to 0.23; for MOT from 0.07 to 0.12; and for MOR from 0.17 to 0.28, depending on genetic
lines (Chen et al., 2025; Gruhot et al., 2019; Ogawa ef al., 2022). While the estimates for TSC
and MOR were notably lower than those from previous studies, the estimates obtained in M1,
M2, and M4 for MOT (0.08 in the three models) were similar to previous reports. These
differences may be explained by discrepancies in statistical models, data structure,
management, and genetic background (Chang et al., 2017).

Corresponding repeatability estimates across the models ranged from 0.15 to 0.23 (TSC), and
from 0.28 to 0.49 (MOT and MOR). Models M3 and M5 showed the lowest repeatability
estimates. In previous studies, repeatability of TSC ranged from 0.24 to 0.46, and MOT
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repeatability was estimated at 0.36 (Gruhot ef al., 2019; Ogawa et al., 2022). The inclusion of
GXE effects in this study, using farm-season as the environmental group, resulted in lower
repeatability estimates compared to estimates from previous studies. In M3 and M5, the GXE
variance captured a larger proportion of phenotypic variance (up to 44% in M3 and 42% in
M5); therefore, repeatability was lower. The genetic correlation estimates among traits across
the models ranged from 0.27 to 0.31 for TSC-MOT, 0.24 to 0.31 for TSC-MOR, and 0.98 to
0.99 for MOT-MOR. The genetic correlation between TSC and MOT estimated in this study
was higher than that reported by Gruhot et al. (2019), which was 0.13. Overall, the inclusion
of GXE variance in the model did not substantially affect genetic correlations.

The proportion of phenotypic variance attributed to GXE across the models ranged from 0.00
to 0.32 (TSC), 0.00 to 0.44 (MOT), and 0.00 to 0.44 (MOR). The M3 and M5, which captured
a larger proportion of GXE variance, tended to yield lower estimates of heritability and
repeatability for all traits. The proportion of phenotypic variance attributed to GXE varied
substantially depending on the GXE matrix structure. The GXE proportion estimates from M2
and M4 were nearly zero, suggesting limited evidence of GXE at these environmental group
definitions. Consistent with either negligible GXE or insufficient information to disentangle
GXE from other environmental sources of variation, the fine stratification in M4 (farm-year-
season) likely reduced within-group data and connectedness, making the G X E variance
component poorly identifiable and prone to near boundary estimates.

In addition, two main factors may explain this pattern: 1) climate-wise confounding in
environmental groups: In M2, the environmental groups (i.e., farms) were defined by
environmental categories spanning years and seasons. This approach might have obscured the
actual climatic conditions present at the time of each daily record, thereby reducing the
precision of GXE variance estimation, and 2) Unbalanced number of variables across the
environmental groups: this likely occurred in M4 because the dataset did not contain enough
repeated records per environmental group definition, and the small number of environmental
groups represented each row in the matrix. Overall, models that captured larger GXE variance
exhibited proportionally smaller contributions of additive genetic and permanent
environmental components to the total phenotypic variance when ECs were included. The bias
across the models ranged from -0.02 to -0.01 for TSC, -0.05 to 0.01 for MOT, and -0.05 to
0.02 for MOR (Table 1).

Table 1. Linear regression statistics (standard errors) for the five models. Reported metrics
include standardized bias, slope (bl), correlation (), and accuracy.

Bias' b1? Twp® Accuracy*
Model TSC MOT MOR TSC MOT MOR TSC MOT MOR TSC MOT MOR
Ml -0.01 -0.05 -0.05 0.97 0.97 0.98 0.84 0.79 0.80 0.53 0.45 0.45

0.02) (0.02) (0.01) (0.03) (0.03) (0.03) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02)
M2 002 -0.02 -0.02 095 098 099 084 081 082 053 046 044
0.02) (0.01) (0.01) (0.03) (0.03) (0.03) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02)
M3 .0.01 001 002 092 099 099 08 079 079 051 041 041
0.02) (0.01) (0.01) (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.01) (0.01)
M4 002 -0.04 -0.03 090 089 088 081 075 076 051 046 044
0.02) (0.02) (0.02) (0.03) (0.04) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
M5 -0.02 -0.02 -0.01 090 096 096 081 081 081 050 046 046
0.02)  (0.01) (0.01) (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
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Although M3 exhibited the smallest numerical bias, all models showed estimates within an
acceptable range. Correspondingly, the b1 estimates across all models ranged from 0.90 to 0.97
(TSC), 0.89 to 0.99 (MOT), and 0.88 to 0.99 (MOR). All models exhibited minimal over-



estimation, except for M4, which exhibited slight inflation, yet remained within an acceptable
range, +0.15 from 1. The correlation between GEBV from whole and partial datasets ranged
from 0.81 to 0.84 (TSC), 0.75 to 0.81 (MOT), and 0.76 to 0.82 (MOR). The correlations for
TSC observed in M1 and M2 were slightly higher than that in the other models. For MOT and
MOR, M2 and M5 exhibited numerically higher correlations than the other models. However,
those did not statistically outperform the standard model.

Accuracy was estimated to range from 0.50 to 0.53 for TSC. For MOT and MOR, the accuracy
ranged from 0.41 to 0.46, and 0.41 to 0.46, respectively. The M3 showed slightly lower
accuracy for MOT and MOR compared to other models. Overall, LR statistics did not improve
with GE matrices constructed with ECs. In fact, when farm-year-season combinations were
used as environmental groups (M4), we observed slight GEBV inflation. In addition, M3
showed a decrease in accuracy for MOT and MOR compared to the standard model. Based on
the results of this study, there was no clear advantage of including complex grid-cell-based
ECs in the model.

Conclusions

This study showed that incorporating grid-cell-based daily environmental covariates to
construct the genotype-by-environment (co)variance matrix did not improve model
performance for semen traits in Duroc boars. Although these results do not highlight the
benefits of incorporating environmental covariates into the genomic evaluation of reproductive
traits of Duroc boars, some potential improvements remain. Further studies could be worth
assessing the collection of daily on-farm weather data to better characterize genotype by
environment interactions.
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