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Introduction 

Umbilical hernia (UMB) in pigs represents a major challenge for the swine industry. Classified 

as a health-related structural defect, UMB is phenotypically recorded as a binary outcome 

(affected or unaffected) (Sorensen et al., 2000). Estimated breeding values (EBV) for UMB 

are commonly estimated using threshold models and are frequently reported on a probability 

scale, representing the likelihood that an animal will express the defect. Interpretation of a 

probability-scaled EBV becomes increasingly challenging as population incidence declines. As 

selection pressure increases and defect prevalence decreases, traditional validation metrics may 

lose resolution despite continued genetic progress. Although the etiology of UMB is complex, 

genetic selection against the defect is feasible, and identifying animals with lower genetic 

predisposition remains essential for improving herd robustness and long-term sustainability. 

Nevertheless, defining biologically meaningful thresholds to classify animals into low, 

moderate, or high-risk categories remains challenging, especially when data are collected under 

controlled environments and later extrapolated to different management systems. To improve 

interpretation and validation, probability-based EBV may be interpreted analogously to 

polygenic risk scores (PRS) widely used in human genetics (Wray et al., 2021). The PRS 

framework emphasizes probabilistic risk rather than deterministic prediction, allowing genetic 

merit to be interpreted as a continuous distribution of susceptibility. Therefore, the objective 

of this study was to evaluate the interpretation and validation of EBV expressed on a probability 

scale for UMB in pureline pigs. 

 

Materials & Methods 
Umbilical hernia (UMB) was recorded as a binary trait, with animals classified as affected 

(UMB = 1) or non-affected (UMB = 2). Phenotypes were collected following a standardized 

farm protocol, whereby defects were identified by trained personnel and independently 

validated. Animals received a defect record if UMB was observed at any stage of life from 

birth through off-test. A pedigree of ~637,000 purebred animals were analyzed. The average 

incidence of UMB in the population was ~4%. A total of 2,971 affected animals were 

genotyped out of 25,480 affected animals. Breeding values were estimated using single-step 

genomic BLUP (ssGBLUP; Legarra et al., 2009; Christensen and Lund, 2010) fitting a single-

trait threshold animal model as implemented in the cblup90iod2 software (Misztal et al., 2014). 

The statistical model included litter, contemporary group, and animal as random effects, and 

dam total number born, sex, and site as fixed effects. Probabilities of expressing UMB were 

obtained using the Probcatf90 software, which transforms EBV from the underlying liability 

scale to the probability scale. Lower probability values indicated reduced genetic risk, whereas 

higher values indicated increased susceptibility. The probability of a defect for animal i was 

computed as: 

𝑃𝑖 = Φ(
𝑡−𝜇𝑢−𝑢𝑖

𝜎𝑒
)          (1) 
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where, 𝑃𝑖 is the probability of expressing the defect for animal i, Φ is the standard normal 

cumulative distribution function, 𝑡 is the estimated threshold, 𝜇𝑢is the mean of breeding values, 

𝑢𝑖 is the EBV of animal i, and 𝜎𝑒is the residual standard deviation. 

For interpretation and validation, 1,769 sires from nine production sites with at least 100 

recorded offspring were evaluated. Probability thresholds (≥30%, ≥50%, ≥70%, ≥90%) were 

used to define risk categories and observed progeny incidence was calculated within each 

category. Table 1 summarizes the data sets used and the corresponding incidence rates across 

probability classes. Receiver operating characteristic (ROC) analysis was used to assess the 

ability of probability-scaled EBV to rank sires by genetic risk. The area under the ROC curve 

(AUC) was used as a threshold-independent discrimination metric. Analyses were conducted 

using the pROC package in R (Robin et al., 2011). 

 

Table 1. Number of sires and percentage of progeny affected considering different probability 

thresholds. 

Probability 

Thresholds 

N_sires Mean Probability 

(%) 

Mean of affected progeny 

(%) 

≥ 30% 1362 57.5 2.07 

≥ 50% 821 69.2 2.54 

≥ 70% 376 80.7 2.95 

≥ 90% 56 94.2 4.17 

 

Results & Discussion 
Probability-scale EBV exhibited clear population-level calibration (Fig. 1). As sire’s EBV 

increased, the proportion of affected progeny also increased (correlation = 0.65 – Fig. 1- A and 

B), confirming that probability EBV captured underlying genetic susceptibility. Stratification 

by site (Fig. 1B) revealed consistent ranking trends, although the magnitude of regression 

slopes varied, reflecting environmental modulation of defect expression. 

 
Figure 1. Sire Probability estimated breeding values (EBV) vs % progeny with umbilical 

hernia; all population (A) and by site (B). Colored regressions by site. Blue and black line = 

overall fit. 

 

Defined probability thresholds provided biologically interpretable regions of genetic risk. Low-

risk sires (≤30%) showed minimal observed incidence, whereas elevated thresholds (≥70%) 

were associated with higher average progeny incidence. Across sites (Fig. 2), ranking 

consistency was largely preserved. Environmental differences influenced the magnitude of 

expression, with R2 values ranging from 0 to 0.57. These thresholds support practical 

interpretation by identifying regions where genetic risk begins to manifest within the evaluated 

population. However, substantial overlap in observed progeny incidence was shared across 

probability classes, particularly under extreme thresholds. 
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Figure 2. Sire probability estimated breeding values (EBV) x progeny with umbilical hernia. 

Stratified linear regressions by site and birth year. 
 

In categories above 90% probability, few sires were represented and progeny group sizes 

were limited, reducing validation reliability. This illustrates an inherent challenge in 

validating defect-related genetic values using binary outcomes when incidence is low and 

selection has already reduced phenotypic expression. 

 
 

(A)  

 

(B)  
 

(C)  

Figure 3. Sire probability-based EBV x progeny incidence, and area under the curve (AUC) 

across selection scenarios. (A) scenario 1: baseline population selection (EBV ≤80%); (B) 

scenario 2: selection (EBV ≤50%); (C) scenario 3: selection (EBV ≤30%). 

 

In environments with stricter management or improved maternal conditions, genetic risk may 

be partially mitigated, resulting in lower observed incidence despite of high EBV levels. 

Consequently, probability thresholds provide useful guidance for selection decisions but do not 
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define deterministic outcomes at the individual sire level. As selection reduces the incidence 

of UMB, discrimination metrics such as ROC-derived AUC are expected to decrease (Fig. 3 

and 4). The ROC and AUC analyses further illustrated limitations of traditional validation 

metrics under sustained selection. In the baseline population, selection (EBV ≤80%), 

probability EBV achieved an AUC of 0.64, indicating moderate discrimination between sires 

with and without affected progeny. Under moderate selection (EBV ≤50%), AUC declined to 

0.54, and under strong selection (EBV ≤30%), AUC approached 0.5. This progressive 

reduction does not indicate loss of genetic validity. Rather, it reflects reduced phenotypic 

variance as genetic risk is removed from the population. Similar behavior of discrimination 

metrics has been widely documented for low-prevalence traits, where ROC-based measures 

lose resolution despite preserved ranking (Fawcett T. 2006; Saito and Rehmsmeier, 2015). 

These results reinforce that probability-scaled EBV should not be interpreted as binary 

classifiers. Instead, they represent continuous measures of genetic susceptibility whose utility 

lies in ranking and population-level decision-making. As emphasized in both human and 

animal genetics, declining AUC values under selection are expected and should be interpreted 

as evidence of successful risk reduction rather than predictive failure (Wray et al., 2021). 

 
Figure 4. Receiver Operating Characteristic (ROC) Curves for umbilical hernia (UMB) 

probability-based estimated breeding values (EBV) under different selection scenarios. 

 

Conclusions 
Genetic values expressed on the probability scale provide an intuitive and biologically 

meaningful framework for interpreting genetic risk for umbilical hernia in pigs. However, 

validation metrics such as AUC were strongly influenced by incidence level and selection 

intensity, declining as genetic risk was successfully reduced. These findings emphasize that 

probability-scaled genetic values should be interpreted as indicators of underlying 

susceptibility rather than deterministic predictors of phenotypic expression. When combined 

with continuous validation across environments, probability-based EBV represents a powerful 

tool for guiding balanced selection strategies and improving robustness in commercial breeding 

programs. 
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