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Introduction 

Climate change increasingly affects animals’ production, leading to economic losses and 

reduced animal welfare due to heat stress (Prates, 2025). Pigs are particularly sensitive to 

high temperatures due to limited thermoregulatory capacity (Huynh et al., 2007), which has 

increased interest in improving heat-stress resilience through selection (Tiezzi et al., 2020). 

Cortisol is a commonly used stress indicator (Aguiar et al., 2023). In metabolomics-based 

studies, it may be represented as a relative metabolomic signal reflecting physiological 

responses to different stressors (Fabrile et al., 2023), including heat stress (Eom et al., 2022). 

Differences in metabolomic profiles between breeds and associations with gene expression 

suggest that metabolomic traits may be heritable (Bovo et al., 2016; Carrillo et al., 2016; 

Eom et al., 2022), and could be used in breeding. Iberian pig is a native breed of the Iberian 

Peninsula (Spain and Portugal) in southwestern Europe, valued for the high quality of its 

products and traditionally kept outdoors in extensive production systems, which results in 

exposure to high ambient temperatures. In the present study, simulations of two Iberian pig 

breeding programs were performed to evaluate the potential inclusion of a cortisol-related 

metabolomic stress signal as an predictor trait in selection for heat-stress resilience. 

 

Materials & Methods 

Breeding program simulations were conducted in the R environment (R Core Team, 2020) 

using the MoBPS package (Modular Breeding Program Simulator - Pook et al., 2020). 

Stochastic simulations comprising 20 breeding cycles were performed with 10 replicates. 

Two breeding programs reflecting distinct production systems were compared: 1) a nucleus-

type program based on genetic parameters used in the breeding systems of the Pig 

Improvement Company (PIC), 2) and an extensive program corresponding to official 

breeding schemes (Figure 1A, 1B). The founder population consisted of 1000 individuals that 

were randomly mated for 10 generations. Thereafter, two breeding population sizes were 

evaluated in both programs: 125 boars and 500 sows, or 500 boars and 2000 sows. These 

values refer to the total number of breeding animals maintained under overlapping 

generations. In both programs, overlapping generations were simulated, with different lengths 

of breeding use depending on the program (nucleus/extensive: boars 2/6 cycles, sows 9/7 

cycles). Litter size was sampled ranging from 5 to 11 piglets, (mean = 8.02). All offspring of 

both sexes were considered candidates for preselection; selected animals replaced individuals 

removed due to age-dependent culling, while the remaining offspring were treated as 

production surplus and excluded from subsequent breeding cycles.  All traits were modeled 

as polygenic additive traits determined by 1000 quantitative trait loci evenly distributed 

across the 18 autosomes. In the nucleus-type program, heritabilities and genetic correlation 

matrices were adopted from parameters used in PIC, while phenotypic standard deviations 

were derived from the literature (Table 1A). In the extensive program, heritabilities, 
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phenotypic standard deviations, and genetic correlations were based on literature data 

referring to pigs actually kept under extensive production systems (Table 1B).  
 

Table 1. Traits, heritabilities (h²), phenotypic standard deviations, and literature sources used 

in the nucleus (A) and extensive (B) breeding programs 

 

 

Figure 1. Schematic overview of two simulated pig breeding programs: a nucleus-type 

program (A) and an extensive program (B). 

When genetic correlation matrices were not positive semidefinite, they were adjusted by 

eigenvalue correction (negative eigenvalues set to zero) and reconstructed to obtain a valid 

correlation matrix with unit diagonal. A cortisol-related metabolomic signal was modelled as 

an additional indicator trait in both breeding programs, based on unpublished plasma 

metabolomics data from the Re-Livestock project and expressed as a normalised relative 

signal intensity reflecting a short-term physiological response. Zero genetic correlations were 

assumed. Phenotypes were available for 15% of randomly selected active boars, active sows, 

and selection candidates. In the extensive program, meat quality-related traits were recorded 

exclusively in station testing. The station test always included eight offspring per boar 

represented in a given breeding cycle, while the number of boars tested varied among 

scenarions. In addition, in the extensive program, TOP individuals were the highest-ranked 

animals according to the applied selection criterion and were always retained in the breeding 

population. Selection was performed in two stages. Preselection of offspring was based on 

phenotypic observations, whereas final selection of replacement animals relied on breeding 

values or selection indices, depending on the scenario. Breeding values were estimated once 

per breeding cycle after all available phenotypic information had been collected, using a 

multi-trait BLUP model implemented in the MiXBLUP software (ten Napel et al., 2021), 

with either a pedigree-based relationship matrix or, in genomic scenarios, a combined 

relationship matrix. Table 2 summarizes the selection index definitions for both breeding 

programs as well as the selection methods and intensities applied across simulation scenarios. 

Breeding cycles 5–19 for the nucleus program and 7–19 for the extensive program after 

population stabilization were used in analyses. Genetic trends of the cortisol-related signal 

were estimated using linear regression analysis of centered breeding values on generation, 

and the significance of the slope (β) was assessed using a t-test with Benjamini–Hochberg 

correction. 
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Table 2. Selection index definitions and simulation scenario settings used in the nucleus and 

extensive breeding programs 

 Programe Scenario settings 

Index 
definiction 

Extensive 

CORT- 

𝐼SOW,EKS =  0.50 𝑁𝐵𝐴+0.50 𝐿𝑊𝑊 
𝐼BOAR,EKS = 0.045 𝐴𝐷𝐺 + 0.434 𝐻𝐴𝑀 + 0.237 𝐿𝑂I + 0.228 𝑆𝐻𝑂 + 0.056 𝐼M𝐹 
𝐼OFF,EKS = 1.00 𝐼𝑃𝑊 

Extensive 
CORT+ 

𝐼SOW,EKS+CORT = 0.45𝑁𝐵𝐴 + 0.45 𝐿𝑊𝑊 − 0.10 𝐶𝑂𝑅𝑇 

IBOAR,EKS+CORT = 0.025 ADG + 0.414 HAM + 0.217 LOI + 0.208 SHO + 0.036 IMF − 0.10 CORT 
 

Nucleus 

CORT- 

𝐼SOW,PIC = 0.046 𝐵𝐹 + 0.324 𝑇𝐵 − 0.102 𝑆𝐵 − 0.056 𝑊𝐸𝐼 + 0.251 𝐵𝑊𝑇 − 0.111 𝑃𝑊𝑀 + 0.110 𝑇𝐸𝐴𝑇 
𝐼BOAR,PIC = 0.125 𝐴𝐷𝐺 + 0.093 𝐿𝐷 + 0.057 𝐵𝐹 + 0.208 𝑇𝐵 − 0.067 𝑆𝐵 − 0.042 𝑊𝐸𝐼 + 0.208 𝐵𝑊𝑇  − 0.100 

𝑃𝑊𝑀 + 0.100 𝑇𝐸𝐴𝑇 

 

Nucleus 
CORT+ 

𝐼SOW,PIC+CORT = 𝐼SOW,PIC − 0.10 𝐶𝑂𝑅𝑇 
𝐼BOAR,PIC+CORT = 𝐼BOAR,PIC − 0.10𝐶𝑂𝑅𝑇 
 

Selection 

methods 
Nucleus/ 

Extensive 
Random, PBLUP, GBLUP10, GBLUP25, GBLUP50, GBLUP100 

Proportion 

of selected 
animals 

Nucleus/ 

Extensive 
Males (pM): 30%, 20%, 10%, 5% 
Females (pF): 30%, 20%, 10% 

 

Results & Discussion 

Including the cortisol-related signal in the selection index (CORT+) with a weight of -0.10 in 

the nucleus breeding program resulted in significant negative genetic trends when pBLUP 

and gBLUP methods were applied, with β values ranging from -0.0028 to -0.0057 per cycle 

(p_adj < 0.05) in both sexes. Random selection did not produce significant changes. In 

scenarios CORT-, no significant genetic trends were observed for the analysed trait, 

regardless of the selection method. The corresponding linear genetic trends across selection 

methods, sexes, and breeding programs are illustrated in Fig. 2. 
 

 
Figure 2. Linear genetic trends of the cortisol-related metabolomic signal across generations 

in the nucleus (A) and extensive (B) breeding programs 
 

In the extensive breeding program, significant trends in CORT+ scenarios were weaker and 

less consistent (β ≈ -0.0024 to -0.0048 per cycle; p_adj < 0.05) and occurred mainly under 

pedigree-based BLUP (PBLUP) and selected genomic BLUP (GBLUP) variants, whereas in 

most CORT- scenarios no significant responses were detected. The negative direction of 

change resulted from the negative weight assigned to the cortisol-related signal in the 

selection index, whereas the magnitude of the response depended on selection accuracy, 

consistent with previous studies comparing PBLUP and GBLUP (Hidalgo et al., 2015). 

Based on these results, two representative scenarios (nucleus - GBLUP25 and extensive - 

GBLUP100) were selected for further analysis of the effect of selection intensity (defined by 

pM/pF) on the cortisol-related signal. In the nucleus program, the analysis showed that for 

pM = 0.05-0.10 and pF = 0.10-0.20, the largest absolute β values were observed (|β| ≈ 0.007-

0.009 per cycle), together with the highest coefficients of determination (r² ≈ 0.55-0.65). 

Under lower selection intensity (pM = 0.30, pF = 0.30), β values decreased to approximately 
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-0.003 per cycle and r² declined to ≈ 0.33-0.38, indicating weaker and less stable genetic 

trends. In the extensive program, β values were smaller and more variable, typically ranging 

from -0.002 to -0.006 per cycle, with r² values of ≈ 0.30-0.55, and no clear pattern of change 

across pM and pF levels was observed. This indicates that, within the extensive breeding 

structure, increasing selection intensity did not result in as pronounced and stable an 

enhancement of the genetic response of the cortisol-related signal as in the nucleus program. 

Higher selection intensity resulted in a stronger short-term genetic response, an effect 

enhanced by higher selection accuracy and most pronounced in nucleus breeding programs 

(Misztal, 2021). Interpretation of the observed trends for the cortisol-related signal requires 

caution, as in metabolomics-based studies cortisol reflects a relative, directional physiological 

response and may be influenced by factors not directly related to stress, such as circadian 

rhythm and sampling time (Aguiar et al., 2023; Fabrile et al., 2023; Carrillo et al., 2016). 

Consequently, the observed changes should be interpreted as functional responses rather than 

absolute hormone levels (Eom et al., 2022). These limitations highlight the need for 

standardized phenotyping procedures when considering the cortisol-related signal in breeding 

analyses. 

 

Conclusions 

Our results indicate that including a cortisol-related signal in the selection index may affect 

the genetic response of this trait, depending on the selection method and intensity. These 

findings suggest that the cortisol-related metabolomic signal may serve as an indicator trait in 

breeding for reduced stress response, including heat stress, and highlight the need for further 

research. 
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