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Introduction

In commercial pig production, several economically important traits are recorded as binary
phenotypes. Threshold models account for the binary nature of these traits by assuming an
underlying normally distributed liability that determines the observed outcome through a fixed
threshold (Gianola and Foulley, 1983). However, threshold models require substantially greater
computational resources and are more prone to convergence issues in large datasets (Hidalgo et
al., 2024). Linear models are computationally simpler and have shown comparable predictive
ability for genomic estimated breeding values (GEBV) of binary traits in pigs (Cesarani et al.,
2025). Nonetheless, linear models do not allow a direct transformation of GEBV into liability and,
consequently, do not provide a straightforward conversion to probabilities, which are the gold
standard for selecting animals regarding binary traits. Thus, robust methods are required to
approximate GEBV from the observed to the liability scale prior to probability conversion. A
recently proposed method by Hidalgo ef al. (2024) demonstrated that an efficient transformation
is possible; however, it showed limited success for low-prevalence traits (<5%). An alternative
approximation proposed by De Oliveira Padilha et al. (2025), based on the height of the standard
normal density at the threshold, showed clear advantages for low-prevalence traits in dairy cattle.
Thus, in this study, we evaluated the new approximation proposed by De Oliveira Padilha et al.
(2025) and compared it with the previous approach using pig binary traits with prevalences ranging
from low (<5%) to high (>86%).

Materials & Methods

The dataset used in this study was provided by Topigs Norsvin (’s-Hertogenbosch, the
Netherlands) and comprised of five binary fitness traits (FT), where the number of records and
prevalences were as follows: FT1 (233,003; 2.2%), FT2 (176,974; 4.7%), FT3 (80,441; 87.7%),
FT4 (107,747; 86.0%), and FT5 (91,712; 89.6%). The pedigree included 309,362 animals for FT1
and FT2 (204,429 genotyped), 33,881 for FT3 (24,315 genotyped), and 165,111 for FT4 and FT5
(74,867 genotyped). Animals were genotyped for ~23k SNP. Variance components were estimated
using pedigree-based single-trait threshold animal models with a probit link function in ASReml-
R (Butler et al., 2023). A classical animal model was applied to FT1 and FT2, a repeatability
animal model to FT3, and a maternal animal model to FT4 and FT5. The general mixed model
was:

y = Xb + Ziug + Zou,, + Zs3l + Zspe + Zssb + Zspem + e (1)
where y is the vector of phenotypic observations; b is the vector of fixed effects; us and u,, are the
vectors of random direct additive and maternal genetic effects; 1 is the vector of common litter
random effects; pe is the vector of random animal permanent environmental effects; sb is the


https://doi.org/10.31274/wcgalp.XXXXX
https://creativecommons.org/licenses/by/4.0/
mailto:denyus@uga.edu

vector of random service-boar effects; pem is the vector of random maternal permanent
environmental effects; and e is the vector of random residuals. 1 was included for FT1 and FT2, pe
and sb for FT3, and u,, and pem for FT4 and FT5. X and Z; are the incidence matrices relating
effects in b, ug, un, 1, pe, sb, and pem to y, respectively. The (co)variance components were
transformed to the observed scale by multiplying each component by the square of the height of
the ordinate of a standard normal distribution evaluated at the threshold. GEBV were predicted
using single-step genomic best linear unbiased prediction under linear and threshold models in
MiXBLUP 3.0 (Vandenplas et al., 2022). The threshold was fixed to zero for all traits (threshold
model). Given the large number of genotyped animals, the algorithm for proven and young animals
(Misztal et al., 2014) was used to approximate the inverse of the genomic relationship matrix, with
core sizes of 9,933 (FT1 and FT2), 4,720 (FT3), and 4,859 (FT4 and FT5), defined as the number
of eigenvalues explaining at least 98% of the variance from the genomic relationship matrix.
Two approaches were evaluated to approximate linear-model GEBV from the observed to the
liability scale: Approximation 1 (AP1; Hidalgo et al., 2023), scaling GEBV by the square root of
the product of the residual variance on the observed scale and the proportion of additive genetic
variance not captured by the linear model, and Approximation 2 (AP2; De Oliveira Padilha et al.,
2025), scaling GEBV by the height of the ordinate of the standard normal distribution evaluated
at the threshold. Subsequently, GEBV from both linear and threshold models were transformed to
probability by applying Gianola and Foulley (1983). The agreement between threshold-model
GEBV (benchmark) and approximated linear-model GEBV was assessed using Spearman
correlations, regression parameters, mean squared error (MSE), and distributional overlap (OVL;
Pastore, 2016). Regression analyses were performed by fitting a simple linear model with
probability-scale GEBV from the threshold model as the response and the corresponding
approximated probability-scale GEBV from the linear model as the predictor. MSE was calculated
using threshold-model GEBV as the reference and approximated linear-model GEBV as proxy
estimates.

Results & Discussion

Fig. 1 shows the distributions of direct and maternal GEBV for each trait under linear and threshold
models, including original-scale estimates (observed or liability), approximated liability-scale
GEBV (AP1 and AP2), and their corresponding probability-scale transformations. Good
agreement is indicated by greater overlap between adjusted liability and probability-scale
distributions and by OVL values closer to 1. For low-prevalence traits, AP2 performed better, with
higher OVL values (0.94 for FT1 and FT2) than AP1 (0.65 for FT1 and 0.77 for FT2). For the
remaining traits, particularly those with maternal effects, both approximations yielded similar
OVL values. Higher OVL values indicate greater similarity in distribution shape and location,
reflecting comparable means and variances; therefore, indicating consistency with the threshold-
model scale. Table 1 displays Spearman correlations, MSE, and regression parameters for direct
and maternal probability-scale GEBV from the threshold model, and the corresponding
probability-scale GEBV from the linear model across traits. Overall, correlations between GEBV
from the threshold and linear models were consistent across scales and approximations, ranging
from 0.94 for low-prevalence traits to 0.99 for high-prevalence traits, indicating minimal reranking
of animals between models. Similar trends were reported by Cesarini et al. (2025) for pig binary
traits with prevalences ranging from 9-13% to over 98%. Correlations remained constant across
scales because the approximation method is a linear transformation; that is, GEBV on the liability
scale are linearly related to GEBV on the observed scale by a constant factor, preserving the
probability structure (De Oliveira Padilha et al., 2025).
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Figure 1. Distributions of direct and maternal genomic estimated breeding values on the observed
and liability scales, after approximation (1 or 2) to the liability scale, and on the probability scale
for fitness traits (FT) in pigs. Prev. = Prevalence. OVL = overlapping coefficient.

Although correlations were identical across approximations, MSE and regression parameters
improved with AP2 (Table 1). The slightly higher MSE observed for low-prevalence traits (FT1
and FT2) compared with other traits is consistent with theoretical expectations. Parameter
estimation and genomic prediction for binary traits becomes more challenging as prevalences
approach 0 or 1 because the phenotypic variance on the observed scale decreases, reducing the
amount of information available for inference (Dempster and Lerner, 1950).

Table 1. Spearman correlation, mean squared error (MSE) with standard deviation (SD), and
regression parameters comparing approximations 1 (AP1) and 2 (AP2) for fitness traits in pigs

. . Correlation MSE (SD) Intercept Slope
Trait - GEBV® = b1 ap2 AP1 AP2 APl AP2  API  AP2
FT1 094  040(0.64) 0.13(0.22) -230 026 200 087
FT2 . 096  0.85(1.64) 030(0.63) -3.00 027 160  0.93
FT3 0.99  0.00(0.01) 0.00(0.00) -19.00 150 120 098
FT4 0.99  0.00(0.00) 0.00(0.00) 12.00 -9.70 086  1.10
FT5 098  0.00(0.00) 0.00(0.00) -18.00 -21.00 120 120
FT4 (0o 099 0.00(0.00) 000(0.00) 302 160 097  1.00
FT5 099  0.01(0.01) 0.01(0.01) -18.05 1800 121 1.0

' GEBV = genomic estimated breeding value.



Overall, estimated regression coefficients were close to ideal values (bp = 0.00 and b; = 1.00)
across traits for both direct and maternal GEBV. It is well documented that maternal effects are an
important component of pig fitness traits and may equal or even exceed direct genetic contributions
(Leite et al., 2021). Therefore, these results suggest that the approximation is robust not only for
classical animal models but also for more complex models, such as those that combine animal and
maternal genetic effects.

Conclusions

The new approximation provides greater consistency and precision for large-scale evaluations
using linear models for binary traits with prevalences greater than 2%, resulting in minimal
practical differences in selection decisions when compared with the benchmark threshold model.
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