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Abstract
Background  Heat stress (HS) poses significant threats to the sustainability of livestock production. Genetically 
improving heat tolerance could enhance animal welfare and minimize production losses during HS events. Measuring 
phenotypic indicators of HS response and understanding their genetic background are crucial steps to optimize 
breeding schemes for improved climatic resilience. The identification of genomic regions and candidate genes 
influencing the traits of interest, including variants with pleiotropic effects, enables the refinement of genotyping 
panels used to perform genomic prediction of breeding values and contributes to unraveling the biological 
mechanisms influencing heat stress response. Therefore, the main objectives of this study were to identify genomic 
regions, candidate genes, and potential pleiotropic variants significantly associated with indicators of HS response in 
lactating sows using imputed whole-genome sequence (WGS) data. Phenotypic records for 18 traits and genomic 
information from 1,645 lactating sows were available for the study. The genotypes from the PorcineSNP50K panel 
containing 50,703 single nucleotide polymorphisms (SNPs) were imputed to WGS and after quality control, 1,622 
animals and 7,065,922 SNPs were included in the analyses.

Results  A total of 1,388 unique SNPs located on sixteen chromosomes were found to be associated with 11 traits. 
Twenty gene ontology terms and 11 biological pathways were shown to be associated with variability in ear skin 
temperature, shoulder skin temperature, rump skin temperature, tail skin temperature, respiration rate, panting score, 
vaginal temperature automatically measured every 10 min, vaginal temperature measured at 0800 h, hair density 
score, body condition score, and ear area. Seven, five, six, two, seven, 15, and 14 genes with potential pleiotropic 
effects were identified for indicators of skin temperature, vaginal temperature, animal temperature, respiration rate, 
thermoregulatory traits, anatomical traits, and all traits, respectively.

Conclusions  Physiological and anatomical indicators of HS response in lactating sows are heritable but highly 
polygenic. The candidate genes found are associated with important gene ontology terms and biological pathways 
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Background
Global warming has become a major concern for the 
long-term sustainability of livestock production. The ten 
warmest years on record since 1880 have all occurred 
after 2010, and the nine years from 2014 to 2022 are the 
nine warmest years on record [1]. These higher tempera-
tures have a direct impact on animal production systems 
due to increased incidence of heat stress (HS) [2]. The 
absence of functional sweat glands in pigs limits their 
ability to use evaporative heat loss through sweating, 
reducing their thermoregulation ability in hot environ-
ments [2, 3]. Furthermore, intensive genetic selection for 
greater productive and reproductive performance has 
been associated with an increased metabolic heat pro-
duction, making the animals more sensitive to high envi-
ronmental temperatures [4]. In this context, breeding for 
greater heat tolerance could improve the animals’ ability 
to cope with HS conditions.

Breeding pigs for improved resilience to HS is pos-
sible as there is genetic variability in their response to HS 
[5–8]. One alternative for genetically identifying animals 
that perform better under HS conditions is through the 
use of reaction norm approach that model the genetic 
merit of an individual over an environmental gradient 
[9]. In general, reaction norm models are based on vari-
ability in performance traits across a continuous envi-
ronmental gradient. Estimated breeding values for heat 
tolerance (slope of the reaction norms) based on this 
approach tend to be unfavorably correlated with the level 
of production (e.g [7]). Therefore, identifying physiologi-
cal, behavioral, and anatomical indicators of HS response 
that could be incorporated in selection indexes to breed 
for improved climatic resilience is promising in modern 
pig breeding programs [10]. Breeding for indicators of HS 
response could capture additional biological mechanisms 
involved in HS response and enable improvements in cli-
matic resilience without compromising productivity [11]. 
Johnson et al. [10] described several traits as HS response 
indicators, such as skin and automatically-recorded vagi-
nal temperatures, and respiration rate, and Freitas et al. 
[11] showed that these traits are heritable, i.e., they can 
be improved through genetic selection. Understand-
ing the genetic background of these novel traits is a key 
step before including them in a breeding scheme. This 
includes the detection of quantitative trait loci (QTL) and 
the identification of candidate genes and biological path-
ways controlling the phenotypic expression of these HS 
indicator traits.

Genome-wide association studies (GWAS) enable the 
identification of genomic markers statistically associated 
with the traits of interest. GWAS is based on the prin-
ciple of identifying genomic markers in linkage disequi-
librium (LD) with the QTL affecting the trait of interest 
[12]. Various studies have reported genomic regions 
associated with heat tolerance based on reaction norm 
models for reproductive traits [6] and productive traits 
such as hot carcass weight [8, 13]. Kim et al. [14] did not 
identify significant markers associated with respiration 
rate, rectal temperature, and skin temperature in cross-
bred gilts, however, they did report some genes known 
to be involved in physiological adaptation to general 
stressors. However, there is still a lack of studies aiming 
to identify candidate genes associated with physiological 
indicators of HS, such as vaginal temperature, skin tem-
perature, and respiration rate in pigs using many pheno-
typic records and genomic markers.

Heat stress indicator traits may share metabolic path-
ways. A single locus can be involved in the expression of 
more than one trait, which is a phenomenon known as 
pleiotropy [15]. Pleiotropy occurs when a single causal 
variant or multiple variants within the same gene (or 
region) are associated with different phenotypes. Further-
more, pleiotropy also occurs when one phenotype causes 
a second phenotype, and a genetic variant is directly 
associated with the initial phenotype [16]. Pleiotropy is 
one of the causes of genetic correlation between traits. 
In this context, Freitas et al. [11] reported positive and 
moderate to high genetic correlations among physiologi-
cal indicators of HS response such as skin temperature, 
vaginal temperature, panting score, and respiration rate. 
Identifying genes with pleiotropic effects and the genetic 
correlation between traits allows breeders to understand 
the biological results of the correlated response in multi-
ple-trait selection. In this context, the primary objectives 
of this study were to identify genomic regions associ-
ated with physiological and anatomical indicators of HS 
response in lactating sows using imputed whole-genome 
sequence (WGS) data and identify pleiotropic variants. 
In addition, candidate genes, gene ontology (GO) terms, 
and metabolic pathways were identified in the significant 
genomic regions associated with the HS responses of lac-
tating sows.

related to heat shock protein activities, immune response, and cellular oxidative stress. Many of the candidate genes 
with pleiotropic effects are involved in catalytic activities to reduce cell damage from oxidative stress and cellular 
mechanisms related to immune response.

Keywords  Climatic resilience, Pleiotropy, Landrace, Large White, Maternal-line pigs, GWAS
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Results
Overview
We performed GWAS for 18 indicators of HS response 
and anatomical traits in crossbred lactating sows (Large 
White x Landrace) and found candidate genes and pleio-
tropic variants affecting these traits. The thermoregula-
tory indicator traits evaluated were ear skin temperature 
(TES), shoulder skin temperature (TSS), rump skin tem-
perature (TRS), tail skin temperature (TTS), respiration 
rate (RR), panting score (PS), vaginal temperature auto-
matically measured every 10  min (TVall), the average of 
the six records per hour corresponding to 0800, 1200, 
1600, and 2000  h during four days (TV4days), and single 
records corresponding to 0800, 1200, 1600, and 2000  h 
measured at the first day of collection (TV8h, TV12h, TV16h, 
TV20h, respectively). The anatomical traits evaluated were 
hair density (HD), body size (BS), body condition score 
(BCS) using a sow caliper (BCScal), visual BCS (BCSvis), 
ear length (EL), and ear area (EA). The variance compo-
nents and genetic parameters for the traits evaluated in 
this study have been previously reported by Freitas et al. 
[11]. A description of all the studied traits and their cor-
responding heritability estimates, as previously reported 
by Freitas et al. [11], is presented in Table  1. The sig-
nificant SNPs were identified based on their respective 
p-values, with adjustment for multiple testing using the 
Bonferroni correction at a significance level of α = 0.05 
for genome-wide significance. To take into account the 
dependence among tests due to linkage disequilibrium, α 
was divided by the number of independent chromosome 
segments (Me ).

Genome-wide association and post-GWAS indicators of 
heat stress response in lactating sows
The medium-density genotypes were imputed to WGS 
using the Swine Imputation (SWIM) Server [17] and the 
imputed genotypes were used to perform GWAS for all 
traits included in the study. A total of 1,388 SNPs across 
16 chromosomes were associated with TES, TSS, TRS, 
TTS, RR, PS, TVall, TV8h, HD, BCScal, and EA (Table S1). 
TSS and TRS are influenced by many significant genomic 
regions located on many chromosomes (Fig. 1.b-c), indi-
cating that these traits are highly polygenic. For TES, 
significant peaks located on chromosomes 5, 7, 12, and 
16 were identified (Fig.  1.a), while for TTS, we observed 
significant peaks located on chromosomes 4, 6, and 15 
(Fig.  1.d). Two significant genomic regions located on 
chromosomes 7 and 8 were identified for RR (Fig.  1.e) 
and one significant region on chromosome 9 was found 
to be associated with PS (Fig. 1.f ).

The Manhattan plots for vaginal temperature traits are 
shown in Fig.  2. One significant marker was observed 
on chromosome 1 (Fig. 2.a) for TVall, and one significant 
peak (228 SNPs) on chromosome 2 for TV8h (Fig. 2.c). No 

significant SNPs were observed for TV4days, TV12h, TV16h, 
and TV20h after Bonferroni correction for multiple tests 
(Fig. 2). Figure 3 shows the results of GWAS for anatomi-
cal traits. Two significant SNPs located on chromosomes 
2 and 7 and a significant peak (13 SNPs) on chromosome 
15 were identified for HD (Fig. 3.a). Four significant SNPs 
located on chromosome 13 were found to be associ-
ated with BCScal (Fig.  3.c), while three significant SNPs 
on chromosome 7 were identified to be associated with 
EA (Fig. 3.e). No significant SNPs were observed for BS, 
BCSvis, and EL after multiple testing correction (Fig.  3). 
The Q-Q plots for the GWAS analyses for all evaluated 
traits are presented in Figures S1-S3 (Additional File 1). 
The lambda values (genomic inflation factor) ranged 
from 1.00 to 1.32.

Genomic windows of 100 kb on each side of significant 
genomic markers were used to identify candidate genes 
associated with each trait, as shown in Table S2. A total 
of 26, 151, 102, 35, 63, eight, two, 93, four, four, and 11 
genes were identified to be associated with TES, TSS, TRS, 
TTS, RR, PS, TVall, TV8h, HD, BCScal, and EA, respectively. 
The functional enrichment analyses enabled the identifi-
cation of 20 GO terms (five biological processes, four cel-
lular components, and 11 molecular functions), and 11 
metabolic pathways (Table 2). The complete list of all GO 
and metabolic pathways identified, including those con-
sidered to be statistically significant and suggestive, are 
shown in Table S3.

Pleiotropic effects
As traits are correlated and pleiotropic effects are 
expected, a multiple-trait analysis, as proposed by Bolor-
maa et al. [18] was also performed. First, the traits were 
decorrelated using Cholesky transformation [19, 20] and 
grouped into seven categories: skin surface tempera-
ture traits (TES, TSS, TRS, and TTS), vaginal temperatures 
(TVall, TV4days, TV8h, TV12h, TV16h, and TV20h), indicators 
of animal temperature (i.e., all skin surface and vaginal 
temperature traits), respiration rate traits (RR and PS), 
thermoregulatory indicators (i.e., all skin surface temper-
atures, vaginal temperatures, and respiration traits), ana-
tomical traits (BCScal, BCSvis, HD, BS, EA, and EL), and a 
combination of all traits.

We identified one significant SNP with potential pleo-
tropic effect for the skin temperature group of traits, six 
significant variants for the vaginal temperatures group 
of traits, six significant markers for the group of traits 
related to animal temperature, one significant marker 
for respiration rate traits, four significant markers for the 
thermoregulatory traits, and 21 significant markers for 
anatomical traits (Fig. 4). The significant marker observed 
for the skin temperatures group was also observed for the 
group containing all traits. The same significant region 
on chromosome 7 was observed for vaginal temperature 
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and animal temperature groups, which was also observed 
for the thermoregulatory traits group.

Seven, five, six, two, seven, 15, and 14 genes were iden-
tified for the trait groups of vaginal temperature, animal 
temperatures, respiration traits, thermoregulatory traits, 
anatomical traits, and all traits, respectively (Table  3). 
Five common genes (ENPP5, ENPP4, RCAN2, U6, and 
CLIC5) were annotated for the vaginal temperatures, 
animal body temperatures, and thermoregulatory traits 
groups. Only one significant (p = 0.0269) GO term of 
biological process (GO:0007605 - Sensory perception of 

sound) for the animal temperatures group, involving the 
annotated genes ADGRV1 and CLIC5 was identified.

Discussion
Genome-wide association for heat stress indicators
The traits evaluated in this study include physiological 
and anatomical indicators of heat stress response in lac-
tating sows. The physiological indicators are response to 
mechanisms used by the animal to dissipate heat, such as 
increasing body temperature and respiration rate [21, 22]. 
The anatomical indicators are anatomical characteristics 

Table 1  Description of the evaluated traits and heritability estimates reported by Freitas et al. [11]
Trait Name Trait 

abbreviation

aDescription bh2

Ear skin 
temperature

TES Ear skin surface temperature collected at 0800, 1200, 1600, and 2000 h daily during a period of four 
consecutive days.

0.04 ± 0.01

Shoulder skin 
temperature

TSS Shoulder skin surface temperature collected at 0800, 1200, 1600, and 2000 h daily during a period 
of four consecutive days.

0.06 ± 0.01

Rump skin 
temperature

TRS Rump skin surface temperature collected at 0800, 1200, 1600, and 2000 h daily during a period of 
four consecutive days.

0.06 ± 0.01

Tail skin 
temperature

TTS Tail skin surface temperature collected at 0800, 1200, 1600, and 2000 h daily during a period of four 
consecutive days.

0.05 ± 0.01

Respiration Rate RR Respiration rate was measured by counting flank movements for 15 s and multiplying by 4 to calcu-
late breaths per minute (bpm) at 0800, 1200, 1600, and 2000 h daily during four consecutive days.

0.06 ± 0.01

Panting score PS A subjective panting score assessed at 15:30 h during four consecutive days and scored from 0 to 3 
(0: if it was with closed mouth and normal breathing; 1: closed mouth and rapid breathing; 2: open 
mouth and rapid breathing; 3: open mouth and rapid breathing with obvious salivation).

0.05 ± 0.01

Vaginal tem-
perature - All 
records

TVall Vaginal temperature automatically recorded in 10 min intervals over four days using calibrated 
thermochron temperature recorders.

0.15 ± 0.02

Vaginal tem-
perature − 4 
days

TV4days The average vaginal temperature of the six records per hour corresponding to 0800, 1200, 1600, 
and 2000 h during four consecutive days.

0.22 ± 0.03

Vaginal 
temperature at 
8:00 h

TV8h The average vaginal temperature of the six records per hour corresponding to 0800 h on the first 
day of collection.

0.25 ± 0.05

Vaginal 
temperature at 
12:00 h

TV12h The average vaginal temperature of the six records per hour corresponding to 1200 h on the first 
day of collection.

0.29 ± 0.05

Vaginal 
temperature at 
16:00 h

TV16h The average vaginal temperature of the six records per hour corresponding to 1600 h on the first 
day of collection.

0.22 ± 0.03

Vaginal 
temperature at 
20:00 h

TV20h The average vaginal temperature of the six records per hour corresponding to 2000 h on the first 
day of collection.

0.22 ± 0.03

Hair density HD A subjective visual score ranging from 0 to 2, being the score 0 = hairless or limited hair cover, 
1 = normal or moderate hair cover, and 2 = sow with greater than normal hair cover.

0.57 ± 0.09

Body size BS A visual score of the animal’s body size into three categories: small, medium, or large. 0.53 ± 0.06
Body condition 
score - caliper

BCScal Body condition score measured using a sow caliper tool. 0.60 ± 0.07

Body condition 
score - visual

BCSvis A visual body condition score based on five categories: 1 = emaciated, 2 = thin, 3 = ideal, 4 = fat, and 
5 = overly fat.

0.53 ± 0.07

Ear area EA The ear area was calculated using a photo taken with a digital camera, where a 10.2 × 15.2 cm grid 
card containing 1 cm × 1 cm squares was placed next to the sows’ ear.

0.57 ± 0.12

Ear length EL The ear length was calculated using a photo taken with a digital camera, where a 10.2 × 15.2 cm 
grid card containing 1 cm × 1 cm squares was placed next to the sows’ ear.

0.53 ± 0.12

aData collection protocols have been described by Johnson et al. [10] and Freitas et al. [11]
bThese heritability estimates were previously reported by Freitas et al. [11]
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that affect the ability of the animal to dissipate heat, such 
as the animal’s surface area, hair density, and body mass 
[23]. The heritability estimates for the traits evaluated in 
this study were previously reported by Freitas et al. [11]. 
Skin temperatures (i.e., TES, TSS, TRS, and TTS), RR, and 
PS exhibited low heritability estimates, ranging from 
0.04 to 0.06; vaginal temperatures (i.e., TVall, TV4days, TV8h 
TV12h, TV16h, and TV20h) were moderately heritable, with 
estimates ranging from 0.15 to 0.29 [11]; and, anatomical 
traits (i.e., BCScal, BCSvis, HD, BS, EA, and EL) showed 
moderate to high heritability estimates, ranging from 
0.25 to 0.40 [11].

The statistical power of GWAS is impacted by vari-
ous factors, including trait heritability [24, 25]. A higher 
heritability increases statistical power, as heritability is 
a key determinant of effect size [24]. Consequently, as 
heritability increases, the effect size of each causal vari-
ant can also increase, thereby increasing the probability 
of identifying causal variants [24, 25]. Additionally, the 
performance of GWAS can be improved by using higher 

density genotyping. Several studies have shown that per-
forming GWAS using whole-genome sequence (WGS) 
data can improve QTL detection [26–28] because it 
contains most causal mutations in the genome and can 
enable the identification of variants that are highly linked 
and closer to the causal mutations as compared to geno-
typing platforms with less SNPs. However, sequencing a 
large number of animals is still expensive. A more cost-
effective approach is the use of genotype imputation 
from low-density to WGS data [28, 29].

In this study, the genomic inflation factor across the 
18 evaluated traits ranged from 1.00 to 1.32, which sug-
gested that the results might be slightly inflated for some 
traits. Although the inflation factor may indicate small 
population structure effects, Yang et al. [30] showed that 
significant inflation of test statistics is expected under 
polygenic inheritance even when there is no population 
stratification. Additionally, the genomic inflation factor 
reflects the trait heritability and the number of causal 
variants [30]. The range of observed values are within 

Fig. 1  Manhattan plots for skin temperatures, respiration rate, and panting score using whole-genome sequence data. -log10(p-values) for ear skin tem-
perature (TES; a), shoulder skin temperature (TSS; b), rump skin temperature (TRS; c), tail skin temperature (TTS; d), respiration rate (RR; e), and panting score 
(PS; f). Genome-wide significance level is shown in a red line
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those observed in the literature for other complex traits. 
Multiple markers located on sixteen chromosomes, each 
with relatively small effect sizes (Table S1), were associ-
ated with the physiological and anatomical indicators of 
HS response in lactating sows, suggesting that these traits 
are highly polygenic. For some of the evaluated traits, no 
significant markers were identified, which could be due 
to the study sample size or the polygenic nature of the 
study traits. Polygenic traits are influenced by numerous 
loci with small effects on trait expression, reducing the 
likelihood of identifying significant markers in associa-
tion studies [31]. Furthermore, identifying markers asso-
ciated with such traits requires larger sample sizes and 
more phenotypic records to enhance the power of the 
association analyses [31]. The amount of data used in this 
study might not be sufficient to identify associated mark-
ers with some of these traits (e.g., TV4days, TV12h).

Some genomic regions were commonly found to be sig-
nificant for the skin surface temperature traits, which was 
already expected since these traits are highly genetically 

correlated (from 0.78 to 0.91) [11]. Additionally, Johnson 
et al. [10] reported moderate to high phenotypic correla-
tions for these same traits (from 0.56 to 0.76). As these 
traits are highly genetically correlated, genetically select-
ing for skin temperature measured at any of the locations 
evaluated in this study should result in similar genetic 
progress on all of them due to indirect genetic responses.

A significant genomic region located on chromosome 
2 was associated with vaginal temperature measured at 
800 h. The genes harboring this region included RASA1 
(Ras GTPase-Activating Protein 1), a regulator of blood 
vessel and lymphatic vessel growth in adult mice and 
humans. RASA1 induced-deficiency results in a lym-
phatic vessel disorder characterized by hyperplasia and 
leakage [32], which can affect the ability to vasodilate 
and dissipate excess body heat through the skin. Another 
gene found in the significant genomic region for TV8h was 
LYSMD3 (LysM Domain Containing 3). This gene plays a 
crucial role in the innate immune response by recogniz-
ing chitin and fungal spores, mediating the production of 

Fig. 2  Manhattan plots of GWAS for vaginal temperatures using whole-genome sequence data. -log10(p-values) for all measures (every 10 min) of vagi-
nal temperatures for four days (TVall; a), four-time measures of vaginal temperatures for four days (TV4days; b), vaginal temperature measured on the first 
day at 8:00 (TV8h; c), at 12:00 (TV12h; d), at 16:00 (TV16h; e), and at 20:00 (TV20h; f). Genome-wide significance level is shown in a red line
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cytokines, and promoting early inflammatory responses 
in human lung epithelial cells [33]. For TVall, the candi-
date gene AKAP7 (A-kinase Anchoring Protein 7), which 
encodes a protein kinase A-binding scaffolding molecule, 
was identified. This gene is crucial in cellular regulatory 
pathways during viral infections and influences neuro-
protection by enhancing mitochondrial networks and 
inhibiting apoptosis under glutamate-induced oxidative 
stress, being reported as a cytoprotective factor, poten-
tially preventing tissue damage during viral infections 
[34–36]. Due to AKAP7’s cytoprotective functions, it 
might also contribute to preventing tissue damage in HS 
conditions. Investigating the same population as in this 
study, Wen et al. [37] used random regression models 
to analyze all automatically-recorded vaginal tempera-
ture records as longitudinal traits. Wen et al. [37] iden-
tified two important genomic regions on chromosomes 
10 and 16, containing genes associated with immunity, 
protein transport, and energy metabolism. However, in 
this study, we did not find these same genomic regions 

and genes, which might be due to different modeling 
approaches and the small effect size of the identified 
genomic regions.

It is well-known that heat shock proteins (HSP) play an 
important role in cell survival under stress conditions, 
especially HS [38–40]. HSP protects cells from damage 
by binding to unfolded or denatured proteins, preventing 
their aggregation and promoting their refolding [41, 42]. 
In addition, HSP helps to restore protein structure and 
function, ensuring that essential processes can continue 
despite the stress [41, 42]. HSP also acts in the degrada-
tion of proteins that cannot be refolded properly and can 
interact with other proteins and modulate their activity 
or stability, influencing various cellular processes such 
as cell cycle progression and apoptosis [41]. HSP activi-
ties have been reported to minimize HS-induced cellu-
lar death and improve thermotolerance in livestock [43] 
and to regulate the immune response, including stimu-
latory and regulatory functions [44]. In this study, we 
found genomic regions associated with TSS, TRS, and TTS 

Fig. 3  Manhattan plots of GWAS for anatomical traits using whole-genome sequence data. -log10(p-values) for hair density (HD; a), body size (BS; b), 
body condition score using a sow caliper (BCScal; c) and visual (BCSvis; d), ear area (EA; e), and ear length (EL; f). Genome-wide significance level shown in 
a red line
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overlapping with HSBP1L1 (Heat Shock Factor Binding 
Protein 1 Like 1) and regions associated with EA overlap-
ping with the HSP90AB1 (Heat Shock Protein 90 Alpha 
Family Class B Member 1) gene. HSBP1L1 is presumed 
to suppress the heat shock factor transcription under 
stress, suggesting that HSBP1L1 may regulate cellular 
responses to stress and cellular heat acclimation [45]. 
HSP90AB1 encodes a member of the heat shock protein 
90 family, a crucial protein for signal transduction, pro-
tein folding, and degradation, playing a significant role in 
maintaining protein stability and promoting cell survival, 
particularly under cellular stress [46]. Genetic variations 
in HSP90AB1 have been linked to stress-induced mortal-
ity, heat tolerance, and productivity in animals [46].

One of the main responses to HS and mechanisms 
used for pigs to maintain their body temperature is 
increased RR, allowing them to dissipate heat through 
evaporation [4, 47, 48]. In the genomic windows around 
the two significant regions associated with RR we iden-
tified 63 genes, including HSPA1L (Heat Shock Pro-
tein Family A -Hsp70 - Member 1 Like), which encodes 
a 70  kDa heat shock protein crucial for cellular and 
molecular responses to HS in livestock. HSPA1L ensures 
proper protein folding, unfolding, and refolding, having 
protective functions alongside other HSPs during HS 
events [49]. In the functional analyses, which includes 

all identified candidate genes for RR, a biological pro-
cess related to protein refolding and cellular response to 
unfolded protein was revealed based on the GO analyses. 
Molecular functions of misfolded protein binding and 
amino acid binding were also identified, and these func-
tions are linked to HSP activity.

It is already known that HS affects the immune 
response in pigs [50–52]. The genes found to overlap with 
the significant regions observed for TES include BTBD17 
(BTB domain containing 17), PTPRE (Protein Tyrosine 
Phosphatase Receptor Type E), and ARNT2 (Aryl Hydro-
carbon Receptor Nuclear Translocator 2). BTBD17 has 
been reported to be involved in the negative regulation 
of viral genome replication and viral response [53, 54]. 
PTPRE has been shown to repress M2 macrophage acti-
vation and may have a critical role in regulating inflam-
matory responses and local homeostasis, particularly 
in the context of macrophage activation and function 
[55]. ARNT2 regulates immune-related genes, phago-
cytic cell differentiation, and lymphocyte activity [56]. 
A polymorphism in ARNT2 has been linked to reduced 
macrophage phagocytic activity, impacting immunity, 
platelet activation, and phagocytosis in pigs [56]. Addi-
tionally, we also found that the NR1D1 (Nuclear Receptor 
Subfamily 1 Group D Member 1) gene harbors genomic 
markers associated with TSS and TRS. NR1D1 acts as a 

Table 2  Significant gene ontology terms and pathways for heat stress related traits
Trait Category Term p-value Genes
EA Pathway ssc04659 Th17 cell differentiation 0.0477 HSP90AB1, NFKBIE
RR Biological process GO:0042026 protein refolding 0.0322 ENSSSCG00000029160, HSPA1L
RR Biological process GO:0034620 cellular response to unfolded protein 0.0390 ENSSSCG00000029160, HSPA1L
RR Biological process GO:0007130 synaptonemal complex assembly 0.0412 BAG6, EHMT2
RR Biological process GO:0006402 mRNA catabolic process 0.0412 LSM2, DXO
RR Molecular function GO:0051787 misfolded protein binding 0.0010 BAG6, ENSSSCG00000029160, HSPA1L
RR Molecular function GO:0016597 amino acid binding 0.0171 AARS2, DDAH2
RR Molecular function GO:0002161 aminoacyl-tRNA editing activity 0.0214 AARS2, VARS1
RR Molecular function GO:0005496 steroid binding 0.0298 CYP21A2, NR3C2
RR Pathway ssc04610 Complement and coagulation cascades 0.0130 CFB, C4A, C2
RR Pathway ssc05150 Staphylococcus aureus infection 0.0169 CFB, C4A, C2
RR Pathway ssc03040 Spliceosome 0.0295 LSM2, HSPA1L, CDC5L
TES Molecular function GO:0005229 intracellular calcium activated chloride 

channel activity
0.0182 ANO4, TTYH2

TES Molecular function GO:0003777 microtubule motor activity 0.0444 KIF19, DNAI2
TES Molecular function GO:0005254 chloride channel activity 0.0454 ANO4, TTYH2
TRS, TSS Cellular component GO:0098797 plasma membrane protein complex 0.0308 EVC2, EVC
TRS, TSS Cellular component GO:0005634 nucleus 0.0387 NR1D1, THRA, ADNP2, NIF3L1, PIP4K2A, MRPS18C, 

ORC2, EBF1, NUDT12, CLK1, CDC6, SAMD13, PARD6G, 
EVC2, RNASEH2B, HSBP1L1, ABRAXAS1, HELQ, FUBP1

TRS, TSS Molecular function GO:0070181 small ribosomal subunit rRNA binding 0.0271 MRPS18C, ABRAXAS1
TRS, TSS Molecular function GO:0003688 DNA replication origin binding 0.0437 ORC2, CDC6
TRS Pathway ssc01100 Metabolic pathways 0.0486 STT3B, COQ2, UOX, ALG9, NUDT12, ENSSS-

CG00000016093, GPAT3, ENSSSCG00000003754, 
ENSSSCG00000024765, PIP4K2A, HPSE

TTS Biological process GO:0007098 centrosome cycle 0.0275 SSX2IP, PARD6G
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transcriptional repressor and is required for establishing 
and maintaining body temperature rhythm in a manner 
adaptable to environmental demands, allowing mammals 
to adapt to environmental temperature changes [57].

Previous studies have reported that some anatomi-
cal characteristics, such as the animal’s surface area, 
hair density, and body mass, can affect the ability of the 
animal to dissipate heat [23]. In this study we identified 
that regions associated with EA overlapping with the 

Fig. 4  Manhattan plots for multiple-trait analysis for different categories of traits. (a) The category skin temperatures included the traits ear skin tem-
perature (TES), shoulder skin temperature (TSS), rump skin temperature (TRS), tail skin temperature (TTS). (b) The category vaginal temperatures included 
all measures (every 10 min) of vaginal temperatures for four days (TVall), four-time measures of vaginal temperatures for four days (TV4days), vaginal tem-
perature measured on the first day at 8:00 (TV8h), at 12:00 (TV12h), at 16:00 (TV16h), and at 20:00 (TV20h). (c) The category animal temperature included the 
traits TES, TSS, TRS, TTS, TVall, TV4days, TV8h, TV12h, TV16h, and T20h. (d) The category respiration traits included respiration rate (RR) and panting score (PS). (e) The 
category thermoregulatory traits included the traits TES, TSS, TRS, TTS, TVall, TV4days, TV8h, TV12h, TV16h, T20h, RR, and PS. (f) The category anatomical traits included 
the traits hair density (HD), body size (BS), body condition score using a sow caliper (BCScal) and visual (BCSvis), ear area (EA), and ear length (EL). (g) The 
category all traits included the traits (TES, TSS, TRS, TTS, TVall, TV4days, TV8h, TV12h, TV16h, T20h, RR, PS, HD, BS, BCScal, BCSvis, EA, and EL). Genome-wide significance 
level shown in a red line
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Category1 Chr2 Position (bp)3 Genes Biotype
Skin temperatures 2 95,549,933 TMEM161B protein coding

2 95,549,933 ENSSSCG00000054377 lncRNA
2 95,549,933 ENSSSCG00000044415 lncRNA
2 95,549,933 ENSSSCG00000061590 lncRNA
2 95,549,933 ENSSSCG00000053188 lncRNA
2 95,549,933 ENSSSCG00000051977 lncRNA
2 95,549,933 U6 snRNA

Vaginal temperatures 7 40,890,048 ENPP4 protein coding
7 40,890,048 ENPP5 protein coding
7 40,890,048 RCAN2 protein coding
7 40,722,404–40,890,048 CLIC5 protein coding
7 40,722,404–40,890,048 U6 snRNA

Animal temperatures 2 98,311,250 ADGRV1 protein coding
2 98,311,250 ENSSSCG00000058343 lncRNA
2 98,311,250 ENSSSCG00000060683 lncRNA
2 98,311,250 ENSSSCG00000057324 lncRNA
2 98,311,250 ENSSSCG00000060037 lncRNA
2 98,311,250 U6 snRNA
2 101,726,071–101,807,832 MCTP1 protein coding
2 101,807,832 ENSSSCG00000045627 protein coding
2 102,512,272 ENSSSCG00000039731 protein coding
2 102,512,272 ELL2 protein coding
2 102,512,272 ENSSSCG00000048636 lncRNA
7 40,890,048 ENPP4 protein coding
7 40,890,048 ENPP5 protein coding
7 40,890,048 RCAN2 protein coding
7 40,722,404 − 40,890,048 CLIC5 protein coding
7 40,722,404 − 40,890,048 U6 snRNA

Respiration traits 1 32,189,900 AKAP7 protein coding
1 32,189,900 ENSSSCG00000062940 lncRNA

Thermoregulatory traits 7 40,890,048 ENPP4 protein coding
7 40,890,048 ENPP5 protein coding
7 40,890,048 RCAN2 protein coding
7 40,890,048 CLIC5 protein coding
7 40,890,048 U6 snRNA
12 54,342,040–54,347,768 NTN1 protein coding
12 54,342,040–54,347,769 STX8 protein coding

Anatomical traits 10 68,752,585 ENSSSCG00000011162 protein coding
10 68,752,585–69,231,514 DIP2C protein coding
10 69,069,560–69,352,432 ZMYND11 protein coding
10 68,752,585 ENSSSCG00000052560 processed pseudogene
10 68,752,585 ENSSSCG00000042778 lncRNA
10 68,752,585 ENSSSCG00000056287 lncRNA
16 22,842,569 GDNF protein coding
16 22,823,916–22,842,569 WDR70 protein coding
16 6,726,539 ENSSSCG00000016796 protein coding
16 8,253,548 CDH18 protein coding
16 8,687,034 ENSSSCG00000050005 protein coding
16 6,726,539 ENSSSCG00000051524 lncRNA
16 8,687,034 ENSSSCG00000060866 lncRNA
16 8,687,034 ENSSSCG00000061416 lncRNA
16 8,687,034 ENSSSCG00000057598 lncRNA

Table 3  Candidate genes with pleiotropic effects for physiological and anatomical indicators of heat stress response
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HSP90AB1 (Heat Shock Protein 90 Alpha Family Class 
B Member 1) gene that encodes a member of the heat 
shock protein 90 family, as previously discussed. Addi-
tionally, we found that regions associated with HD over-
lap with the gene DOCK10 (dedicator of cytokinesis 10). 
DOCK10 is part of the dedicator of cytokinesis (DOCK) 
family proteins, which are expressed at varying lev-
els in lymphocytes and have diverse effects on immune 
functions [58]. DOCK10 influences the B cells develop-
ment, which play a crucial role in the adaptive immune 
response by producing antibodies [58].

In the functional genomic analyses, the molecular func-
tions of intracellular calcium activated chloride channel 
activity and chloride channel activity were found to be 
associated with TES. The chloride anion plays a key role in 
regulating cellular homeostasis, affecting diverse cellular 
functions, including reactive oxygen species levels [59]. 
Oxidative stress stimulates calcium activated chloride 
channels [60–62], and promotes cellular and mitochon-
drial oxidative damage [63]. In addition, the molecular 
function of DNA replication origin binding was associ-
ate with TSS and TRS and the biological process of centro-
some cycle was associated with TTS. These two GO terms 
are related to cell division and are affected by HS. HS 
can induce partial DNA re-replication and centrosome 
amplification in early S-phase cells [64]. Although HS 
causes centrosome degradation, HSP70 protects centro-
some proteins from denaturation [65]. In the functional 
genomic analysis for RR, we identified two pathways: 
the pathway of Staphylococcus aureus infection and the 

pathway of complement and coagulation cascades. The 
latter is a proteolytic cascade in blood plasma and serves 
as a mediator of innate immunity, a nonspecific defense 
mechanism against pathogens [66–68].

Candidate genes with pleiotropic effects for heat stress-
related traits in lactating sows
Pleiotropy is a well-known effect that occurs when a locus 
influences more than one trait [16, 69]. In cases of plei-
otropy, if a gene has effects on more than one trait, the 
genetic variation associated with one trait may be corre-
lated with the genetic variation of another trait, resulting 
in a genetic correlation between the two traits. Freitas 
et al. [11] reported high genetic correlations among skin 
temperature traits (> 0.78) and among vaginal tempera-
ture traits (> 0.75). Similarly, high genetic correlations 
were observed for RR with PS (0.87), with BCS measures 
(0.92), and with ear length and ear area (0.95). Addition-
ally, low to moderately positive genetic correlations were 
observed between skin temperatures and vaginal temper-
atures (ranging from 0.25 to 0.76). Low genetic correla-
tions were estimated between vaginal temperatures and 
BCS (from − 0.01 to 0.06), while all other trait combina-
tions were lowly genetically correlated [11].

Identifying candidate genes with pleiotropic effects 
is important to understand how a single gene can affect 
multiple traits and the common biological pathways 
involved in the expression of these traits. In GWAS 
studies, it is possible to identify the same regions 
or genes affecting different traits, which is termed 

Category1 Chr2 Position (bp)3 Genes Biotype
All traits 2 95,953,423 ENSSSCG00000060814 lncRNA

2 95,953,423 ENSSSCG00000063280 lncRNA
2 95,953,423 ENSSSCG00000055379 lncRNA
2 95,953,423 ENSSSCG00000060171 lncRNA
2 95,953,423 ENSSSCG00000059644 lncRNA
2 95,953,423 ENSSSCG00000056869 lncRNA
2 95,953,423 ENSSSCG00000056397 lncRNA
2 95,953,423 ENSSSCG00000053066 lncRNA
4 121,737,114 ENSSSCG00000059304 lncRNA
4 121,737,114 ENSSSCG00000057332 lncRNA
4 121,737,114 ENSSSCG00000061167 lncRNA
7 85,032,675 MCTP2 protein coding
7 85,032,675 ENSSSCG00000035989 protein coding
7 85,032,675 ENSSSCG00000054967 lncRNA

1The category skin temperatures included the traits ear skin temperature (TES), shoulder skin temperature (TSS), rump skin temperature (TRS), tail skin temperature (TTS). 
The category vaginal temperatures included all measures (every 10 min) of vaginal temperatures for four days (TVall), four-time measures of vaginal temperatures for 
four days (TV4days), vaginal temperature measured on the first day at 8:00 (TV8h), at 12:00 (TV12h), at 16:00 (TV16h), and at 20:00 (TV20h). The category animal temperature 
included the traits TES, TSS, TRS, TTS, TVall, TV4days, TV8h, TV12h, TV16h, and T20h. The category respiration traits included respiration rate (RR) and panting score (PS). The 
category thermoregulatory traits included the traits TES, TSS, TRS, TTS, TVall, TV4days, TV8h, TV12h, TV16h, T20h, RR, and PS. The category anatomical traits included the traits 
hair density (HD), body size (BS), body condition score using a sow caliper (BCScal) and visual (BCSvis), ear area (EA), and ear length (EL). The category all traits included 
the traits (TES, TSS, TRS, TTS, TVall, TV4days, TV8h, TV12h, TV16h, T20h, RR, PS, HD, BS, BCScal, BCSvis, EA, and EL)
2Chr: Chromosome
3bp: base pair

Table 3  (continued) 
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cross-phenotype associations, however these associa-
tions might not be pleiotropy [16]. Solovieff et al. [16] 
defined three categories of pleiotropy: biological pleiot-
ropy, mediated pleiotropy, and spurious pleiotropy. Bio-
logical pleiotropy refers to a genetic variant that directly 
influences more than one trait [16, 70]. Mediated pleiot-
ropy is when a variant directly affects a first phenotype 
that affects the second phenotype [16, 70]. Spurious plei-
otropy can occur due to some sources of bias, identifying 
genes that are not truly pleiotropic [16, 70].

In this study, to identify the pleiotropy among the traits, 
we grouped them as skin surface temperature traits (TES, 
TSS, TRS, and TTS), vaginal temperatures (TVall, TV4days, 
TV8h, TV12h, TV16h, and TV20h), animal body temperatures 
(i.e., all skin surface and vaginal temperature traits), res-
piration traits (RR and PS), thermoregulatory indicators 
(i.e., all skin surface temperatures, vaginal temperatures, 
and respiration traits), anatomical traits (BCScal, BCSvis, 
HD, BS, EA, and EL), and a combination of all traits.

A common genomic region located on chromosome 
7 was associated with vaginal temperature, animal body 
temperatures, and thermoregulatory traits groups. This 
region comprised the genes RCAN2 (Regulator of Cal-
cineurin 2), ENPP5 (Ectonucleotide Pyrophosphatase/
Phosphodiesterase Family Member 5), ENPP4 (Ectonu-
cleotide Pyrophosphatase/Phosphodiesterase 4), CLIC5 
(Chloride Intracellular Channel 5), and U6 (U6 small 
nuclear RNA). ENPP5 and ENPP4 belong to the ecto-
nucleotide pyrophosphatase/phosphodiesterase (ENPP) 
family of genes encoding a group of proteins that have 
enzymatic activity involved in the hydrolysis of nucleo-
tides [71]. Based on their sequence homology, ENPP4 
and ENPP5 have been described as putative ENPP ecto-
enzymes [72]. The ectoenzymes are found on leukocytes 
and endothelial cells and play a crucial role in regulating 
leukocyte trafficking [73]. RCAN2 is a gene that encodes 
a protein involved in the regulation of the calcineurin sig-
naling pathway. This protein is involved in many physi-
ological processes by binding to the catalytic domain 
of calcineurin A and inhibiting calcineurin-mediated 
nuclear translocation of the transcription factor NFATC1 
(nuclear factor of activated T cells 1) [74, 75]. Inactiva-
tion of the RCAN2 gene in mice reduced age- and diet-
induced obesity by causing a reduction in feed intake 
[76]. CLIC5 encodes a member of the chloride intracel-
lular channel (CLIC) family of chloride ion channels that 
regulates chloride transport and interacts with the cor-
tical actin cytoskeleton in polarized epithelial cells [77]. 
U6 is a small nuclear RNA (snRNA) involved in catalytic 
steps of pre-mRNA splicing [78]. This common genomic 
region identified for vaginal temperatures, animal body 
temperatures, and thermoregulatory traits groups might 
be relevant for thermoregulatory indicators since the 
genes annotated in this region are involved in immune 

response and in catalytic activities to reduce cell damage 
caused by oxidative stress.

The candidate genes MCTP1 (Multiple C2 And Trans-
membrane Domain Containing 1), and ELL2 (Elongation 
Factor for RNA Polymerase II 2), both located on chro-
mosome 2, were candidate genes for animal temperature 
traits that also presented pleiotropic effects. MCTP1 
regulates endocytic recycling in central nervous sys-
tem neurons and synapses, and possibly cellular vesicle 
retrieval and oxidative stress [79], which might influence 
HS response since it also causes cellular oxidative stress. 
ELL2 has been reported to contribute to prostate homeo-
stasis and potentially acts as a tumor suppressor in the 
development and progression of prostate cancer cells [80, 
81]. Additionally, it regulates plasma cell gene expres-
sion, including immunoglobulin production in plasma 
cells [82]. Therefore, it is possible that the ELL2 gene may 
influence immune response when the sows are under HS 
conditions.

We also annotated the protein-coding genes NTN1 
(Netrin-1) and STX8 (Syntaxin 8) located on chromo-
some 12 for the thermoregulatory traits group. NTN1 
belongs to a family of laminin-related secreted proteins 
and contributes to the regulation of inflammation by 
influencing cell migration [83, 84]. NTN1 is involved 
in immune response modulation, regulation of inflam-
mation, and leukocyte infiltration [83]. STX8 has been 
identified as a key player in the efficient sorting and traf-
ficking of cytotoxic molecules to functional lytic gran-
ules in cytotoxic T lymphocytes in humans [85]. Both 
NTN1 and STX8 contribute significantly to the immune 
response, particularly in combating pathogens through 
the actions of macrophages and cytotoxic T cells.

For the RR group of traits, the gene AKAP7 located on 
chromosome 1 was annotated. AKAP7 is a gene encod-
ing a protein kinase A-binding scaffolding molecule asso-
ciated with a cellular regulatory pathway during viral 
infections [34, 35]. In addition, this gene promotes neu-
roprotection by enhancing mitochondrial networks and 
blocking apoptosis in glutamate-induced oxidative stress 
[36]. According to Gusho et al. [34], AKAP7 may serve 
as a cytoprotective factor and potentially prevent tissue 
damage during viral infections. Several candidate genes 
with pleiotropic effects for physiological indicators of HS 
response in lactating sows were associated with immune 
response, supporting the already reported effects of HS 
on immune responses [50–52].

The gene TMEM161B (Transmembrane Protein 161B), 
located on chromosome 2, was found to be a candidate 
gene with pleiotropic effects for skin temperature traits. 
In zebrafish and mice, TMEM161B is linked with car-
diac rhythm, preventing arrhythmic calcium oscilla-
tions, and ensuring proper blood flow for the developing 
embryo [86]. Moreover, studies indicate that increasing 
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vasodilatation elevates skin blood flow, increasing skin 
temperature [87], which facilitates heat dissipation. In 
humans, TMEM161B has been reported to regulate cere-
bral cortical gyration, Sonic Hedgehog signaling, and 
ciliary structure in the developing central nervous sys-
tem [88]. This gene might be important under HS condi-
tions, where the sympathetic nervous system coordinates 
adjustments in cardiac rhythm and skin blood flow as 
response to thermal challenges [89, 90]. The rate of skin 
blood flow is primarily determined by body tempera-
tures, and above an internal body temperature threshold 
for vasodilation, the increase in skin blood flow is pro-
portional to the increase in internal temperature man-
aging the impact of increased skin blood flow and heat 
transfer requirements on the circulatory system [90, 91].

For the anatomical traits group, the candidate genes 
with pleiotropic effects found included ZMYND11 (Zinc 
finger MYND-type containing 11) and DIP2C (Disco 
Interacting Protein 2 homolog C) located on chromo-
some 10, and GDNF (Glial Cell Derived Neurotrophic 
Factor) and CDH18 (Cadherin 18) on chromosome 16. 
ZMYND11, a multidomain protein, modulates RNA 
polymerase activity and regulates splicing. This gene was 
differentially regulated in response to thermal stress in 
sockeye and pink salmon [92] and in chicken pituitary 
under heat stress [93]. ZMYND11 has been associated 
with neurodevelopmental disorders, global developmen-
tal delay, seizures, and hypotonia, and it is a potential 
causative gene in complex neurodevelopmental pheno-
types [94–96]. While the biological functions of DIP2C 
are not entirely clear, it may regulate neuronal differen-
tiation and early embryonic nervous development [97], 
as well as overall brain development and function [98]. 
GDNF is essential for maintaining neuronal morphologi-
cal and neurochemical phenotypes, and protecting dopa-
minergic neurons from toxic damage [99]. It has several 
positive effects on the nervous system, including viabil-
ity, proliferative activity, and migratory ability of cells 
[100]. CDH18 has been associated with neuropsychiatric 
disorders in humans [101] and tumor suppressors [102, 
103]. The candidate genes with pleiotropic effect for ana-
tomical traits influence nervous system functions. The 
response to heat stress involves complex interactions 
between the brain and various neurotransmitter systems 
[104]. Furthermore, prolonged exposure to HS condi-
tions can negatively affect central nervous system, lead-
ing to cognitive and neurological sequelae [105].

Implications and limitations
Understanding the genetic background of physiological 
and anatomical traits related to HS response is valuable 
for breeding programs aimed to improve HS resilience 
in pigs. In this study we identified many genomic regions 
associated with indicators of HS response in lactating 

sows, but the QTL presented small effect sizes indicating 
that the traits are highly polygenic. The candidate genes 
for indicators of HS response evaluated are associated 
with catalytic activities to reduce cell damage from oxi-
dative stress and cellular mechanisms related to immune 
response. Furthermore, gene ontology terms and path-
ways involved in heat shock protein activities, immune 
response, and oxidative cellular stress were found, which 
inform biological mechanisms related to heat toler-
ance and resilience in pigs. Additionally, in this study we 
identified variants with potential pleiotropic effects and 
influence in multiple indicators of HS response in lactat-
ing sows. This information allows breeders to design pro-
grams that could maximize genetic gain across multiple 
traits for more comprehensive improvements in animal 
populations. The utilization of imputed whole-genome 
sequencing (WGS) enabled the identification of signifi-
cant variants that were absent on the medium-density 
SNP array. Additionally, pleiotropic variants can be fil-
tered and included in the SNP array [106], which would 
benefit breeding programs focusing on selecting animals 
with greater climatic resilience. However, further inves-
tigations are required to assess pleiotropy between HS 
response indicators and traits related to production and 
reproduction. This evaluation is crucial to determine the 
importance of these variants for other relevant traits.

The use of crossbred animals represents a limitation of 
this study, as different genomic regions may be associated 
with the same indicators of HS response in purebred pop-
ulations. This discrepancy arises because allelic frequen-
cies vary across populations and breeds. Additionally, 
the dataset is not large, and the animals are from a single 
farm. Therefore, caution should be taken when extrapo-
lating findings from crossbred animals to purebred popu-
lations, as the genetic background of the populations can 
significantly influence the observed associations between 
genomic regions and HS response indicators.

In future studies, the incorporation of economically 
important traits associated with reproductive and pro-
ductive performance would allow the understanding of 
pleiotropy between these traits and those related to HS 
response. This expanded knowledge would provide valu-
able insights for creating selection indexes, enabling the 
identification of animals that are not only more resilient 
to HS but also capable of maintaining high productivity.

Conclusions
In this study we identified numerous genomic regions 
significantly associated with indicators of HS response in 
lactating sows. The significant variants have small effects, 
indicating the highly polygenic nature of the traits evalu-
ated. The candidate genes for physiological and anatomi-
cal indicators of HS response are associated with gene 
ontology terms and pathways involved in heat shock 
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proteins activities, immune response, and oxidative cellu-
lar stress. The indicators of HS response exhibited pleio-
tropic effects, suggesting that multiple genomic regions 
influence various physiological and anatomical indica-
tors of HS response. Many candidate genes with potential 
pleiotropic effects are associated with catalytic activities 
to reduce cell damage from oxidative stress and cellular 
mechanisms related to immune response were identified, 
providing valuable insights for breeding programs aimed 
at improving HS resilience in pigs. The findings have sig-
nificant implications for advancing breeding programs 
aimed at improving heat tolerance in pigs.

Materials and methods
Animals and genotypes
The data used in this study was previously described by 
Johnson et al. [10] and Freitas et al. [11]. In summary, 
the phenotypes were collected from 1,645 multiparous 
lactating sows (Large White x Landrace cross) at a com-
mercial sow farm located in Maple Hill, North Caro-
lina, USA. A total of 1,639 sows were genotyped using 
the PorcineSNP50K (50,703 SNPs) Bead Chip (Illumina, 
San Diego, CA, USA). The quality control applied to the 
genotypes consisted of removing animals with a call rate 
lower than 0.80 and SNPs with a call rate lower than 0.90, 
and SNPs located on non-autosomal chromosomes. After 
quality control, 36,258 SNPs for 1,622 animals remained 
for further analyses. The genotypes were imputed to 
WGS containing 34,615,361 SNPs using the Swine Impu-
tation (SWIM) Server [17]. The reference population 
consisted of 2,259 animals from various breeds, including 
615 Landrace and 543 Large White, and 25 Landrace x 
Large White crossbred animals [17].

After genotype imputation, additional quality con-
trol was performed, removing variants with impute 
scores lower than 0.85, animals and SNPs with missing 
rates greater than 0.10, minor allele frequency (MAF) 
lower than 0.05, and extreme p-values for Hardy-Wein-
berg equilibrium tests lower than 1 × 10− 15. Data from 
7,065,922 SNPs for 1,622 animals remained for subse-
quent analyses. LD-based pruning was performed con-
sidering a pairwise correlation coefficient threshold of 
0.90 between markers, and a window size of 10 mark-
ers, with a step size of five markers, retaining 1,710,312 
SNPs. Some advantages of performing LD pruning are 
to reduce redundancy and confounding factors that may 
interfere with statistical analyses and reduce the number 
of tests performed improving the power of the analy-
ses [107]. Genotyping data was pre-processed using the 
Plink software [108].

Phenotypic records
The description of the phenotypes evaluated in this 
study are presented in Table  1. In summary, the 

thermoregulatory indicators of HS response phenotypes 
collected were respiration rate (RR), ear skin tempera-
ture (TES), shoulder skin temperature (TSS), rump skin 
temperature (TRS) tail skin temperature (TTS), vaginal 
temperatures, and panting score (PS). RR and skin sur-
face temperatures were collected at 0800, 1200, 1600, 
and 2000  h daily during a period of four consecutive 
days. Vaginal temperature was automatically recorded 
in 10 min intervals over four days using calibrated ther-
mochron temperature recorders. This data was used to 
compute six traits in this study: whole data measured at 
every 10  min (TVall), the average of the six records per 
hour corresponding to 0800, 1200, 1600, and 2000 h dur-
ing four days (TV4days), and single record corresponding 
to 0800, 1200, 1600, and 2000 h measured at the first day 
of collection (TV8h, TV12h, TV16h, and TV20h, respectively). 
Panting score was collected during four consecutive days 
at 15:30 h and scored from 0 to 3 (0: if it was with closed 
mouth and normal breathing; 1: closed mouth and rapid 
breathing; 2: open mouth and rapid breathing; 3: open 
mouth and rapid breathing with obvious salivation).

We also collected phenotypes for sow anatomical traits 
that might influence on the ability of the animal to dis-
sipate metabolic heat. The traits measured include hair 
density (HD), body condition score (BCS), body size (BS), 
ear length (EL), and ear area (EA). HD was measured as 
a subjective visual score ranging from 0 to 2, being the 
score 0 = hairless or limited hair cover, 1 = normal or mod-
erate hair cover, and 2 = sow with greater than normal 
hair cover. BCS was evaluated using a sow caliper (BCS-
cal) [109] and it was also evaluated as a visual BCS (BCS-
vis) considering five categories: 1 = emaciated, 2 = thin, and 
3 = ideal, 4 = fat, and 5 = overly fat. The animals were also 
score into three categories according to their BS as small, 
medium, or large. The descriptive statistics for the traits 
used in this study are presented in Table 4. More details 
about the data collection procedures are presented in 
Johnson et al. [10].

The phenotypes were pre-corrected for fixed effects to 
be used as input for the GWAS analyses. The fixed effects 
for each trait were described by Freitas et al. [11]. In sum-
mary, the fixed effects fitted for skin surface tempera-
ture (TES, TSS, TRS, and TTS) and RR were trait recorder; 
concatenation of week, day, and time of measurement; 
parity; days in lactation; concatenation of barn type and 
room; and in-barn environmental temperature as a lin-
ear covariate. For PS, the fixed effects were trait recorder; 
concatenation of week and day of measurement; parity; 
days in lactation; concatenation of barn type and room; 
and in-barn environmental temperature as a linear 
covariate. For TVall, the fixed effects were the concatena-
tion of week and day of measurement; parity; concatena-
tion of barn type and room; and in-barn environmental 
temperature as a linear covariate. For TV4days, the fixed 
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effects were concatenation of week, day, and time of mea-
surement; parity; days in lactation; concatenation of barn 
type and room; and in-barn environmental temperature 
as a linear covariate. For TV8h, TV12h, TV16h, and TV20h, the 
fixed effects were the concatenation of week and day of 
measurement; parity; days in lactation; concatenation of 
barn type and room; and in-barn environmental temper-
ature as a linear covariate. For HD, the fixed effects fitted 
were trait recorder and parity. For BS, the fixed effects fit-
ted were trait recorder, week of measurement, and par-
ity. For BCScal and BCSvis, the fixed effect fitted were trait 
recorder, week of measurement, parity, days in lactation, 
and concatenation of barn type and room. For EA and 
EL, the fixed effects fitted were trait recorder and picture 
quality. For traits that presented repeated measurements 
(i.e., the thermoregulatory traits: skin surface tempera-
tures, vaginal temperatures, RR, and PS), we computed 
the average adjusted phenotype to be used as response 
variables for GWAS [110].

Genome-wide association studies
The GWAS was performed considering the WGS dataset 
using the leave-one-chromosome-out approach on mixed 
linear model association analysis (MLMA-LOCO) imple-
mented in the GCTA software [111]. The model can be 
described as:

	 y = 1µ +Xb + Zu + ε,

,Where y is the vector of pre-corrected phenotypes for 
each analyzed trait; 1 is a vector of ones; µ  is the over-
all mean; b  is the fixed effect of each tested SNP; X is a 
vector containing the genotype for SNP; u is the random 
vector of polygenic effect with u ∼ N(0,Gσ2

u), where G 
is the genomic-based relationship matrix (GRM) as pre-
viously described [111], σ2

u  is the additive genetic vari-
ance; Z  is the incidence matrix for u; and ε  is a random 
vector of residual effects with ε ∼ N(0, Iσ2

ε ) , where I is 
an identity matrix and σ2

ε  is the residual variance.
The MLMA-LOCO approach is based on fitting a dif-

ferent genomic relationship matrix (GRM) to account 
for population stratification for the association tests of 
each chromosome by excluding the markers located on 
the chromosome where the tested SNP are located when 
creating the GRM for that chromosome [112]. The inclu-
sion of the marker being tested in the GRM can reduce 
the statistical test power due to the double fitting of the 
marker in the model: both as a fixed effect for association 
and as a random effect as part of the GRM [112–114]. 
This phenomenon was termed “proximal contamina-
tion” by Listgarten et al. [113], who demonstrated that a 
mixed linear model excluding the marker from GRM is 
the mathematically correct approach and provided an 
efficient algorithm for mixed linear model analysis.

Adjustment for multiple testing
To check if there was potential population stratification 
due to the population structure, the genomic inflation 

Table 4  Descriptive statistics for continuous heat stress indicators in Landrace x Large White crossbred pig population
Trait1 Number of animals Number of observations Mean Minimum Maximum Coefficient of variation (%)
TES 1,381 21,411 36.70 32.50 40.70 2.92
TSS 1,381 21,414 36.50 32.30 39.80 2.96
TRS 1,381 21,414 37.20 33.60 39.90 2.47
TTS 1,381 21,413 36.90 33.20 40.00 2.57
RR 1,381 21,360 73.00 12.00 172.00 38.74
PS 1,380 5,450 1.02 0 3 58.82
TVall 1,381 932,708 39.74 37.08 42.35 1.91
TV4days 1,381 21,415 39.70 37.10 42.70 1.94
TV8h 1,357 1,357 39.25 37.43 41.43 1.53
TV12h 1,370 1,370 39.69 37.08 41.61 1.61
TV16h 1,354 1,354 40.15 37.35 42.72 1.72
TV20h 1,362 1,362 40.25 37.85 41.84 1.71
HD 1,151 1,151 2.04 1 3 31.37
BS 1,379 1,379 2.26 1 3 27,43
BCScal 1,361 1,361 6.93 1 10 29.15
BCSvis 1,348 1,348 2.10 1 3 30.48
EA 705 705 309.01 183.23 487.86 17.37
EL 713 713 24.98 14.83 34.34 11,25
1TES: ear skin temperature (°C); TSS: shoulder skin temperature (°C); TRS: rump skin temperature (°C); TTS: tail skin temperature (°C); RR: respiration rate (breaths per 
minute); PS: panting score; TVall: all measures (every 10 min) of vaginal temperatures (°C); TV4days: average of the six records per hour corresponding to 08:00, 12:00, 
16:00, and 20:00 h during four days (°C); TV8h: vaginal temperature measured on the first day at 8:00 (°C); TV12h: vaginal temperature measured on the first day at 12:00 
(°C); TV16h: vaginal temperature measured on the first day at 16:00 (°C); TV16h: vaginal temperature measured on the first day at 20:00 (°C); HD: hair density score; BS: 
body size; BCScal: body condition score using a sow caliper; BCSvis: visual body condition score; EA: ear area (cm2); EL: and ear length (cm). Data collection protocols 
have been described by Johnson et al. [10] and Freitas et al. [11]
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factor (λ) [115] was evaluated, along with its 95% confi-
dence interval. Due to the multiple testing nature of the 
GWAS method employed in this study, there is a cumu-
lative probability of false-positive associated SNPs [116, 
117]. In this sense, a Bonferroni correction at α = 0.05 for 
the genome-wise significance level [118] was applied, by 
dividing α by the number of independent chromosome 
segments (Me ) to account for the dependence among 
tests due to LD. The Me  was calculated as proposed by 
Goddard et al. [119]:

	
Me =

2NeLk

log (NeL)
,

where Ne  is the effective population size, which was 
computed as 85 according to populational LD [120]; L  
is the average length of chromosome expressed in Mor-
gan; and k  is the number of chromosomes. A SNP was 
considered as statistically significant if its p-value was 
smaller than 0.05/Me , which was equal to 1.21 × 10− 6.

Pleiotropic effects
The multiple-trait analysis proposed by Bolormaa et al. 
[18] allows to evaluate the pleiotropy in groups of more 
than two traits. This approach is based on combining 
the results from the single-trait association analyses to 
calculate a multi-trait statistic and it has been demon-
strated that the multi-trait approach proposed by them 
has a lower FDR than a single trait analysis (at the same 
significance test p-value) [18, 121]. First, the phenotypes 
were Cholesky-decorrelated because the Bolormaa et al. 
[18] approach was originally proposed to perform meta-
analysis, i.e., independent studies [19, 20]. Then, the traits 
were grouped in seven different categories: skin surface 
temperature traits (i.e., TES, TSS, TRS, and TTS), vaginal 
temperatures (i.e., TVall, TV4days, TV8h, TV12h, TV16h, and 
TV20h), animal temperatures (all skin surface and vaginal 
temperature traits), respiration traits (i.e., RR and PS), 
thermoregulatory indicators (i.e., all skin surface and 
vaginal temperature traits, RR and PS), anatomical traits 
(i.e., BCScal, BCSvis, HD, BS, EA, and EL), and all traits to 
evaluate the presence of pleiotropic effects in each trait 
group. The null hypothesis tested states that the SNP 
does not affect any of the n  traits in the group based on 
the χ2 with n  degrees of freedom. The multi-trait statis-
tics for each SNP was calculated as presented by [18]:

	 Multi− traitχ2 = t′iV
−1ti,

where ti  is a n  x 1 vector of signed t-values for the ith  
SNP across the n  trait, t′i  is the transpose of ti , and 
V −1 is the inverse of the n  x n  correlation matrix over 
all estimated SNP effects. As this method presents a 
distribution associated to the χ2 statistics, each marker 

presents a statistic and a p-value to infer if the marker is 
significant or not for pleiotropic effects for the group of 
traits evaluated. A Bonferroni correction was also applied 
in the same way described for the GWAS, then a variant 
was considered with significant pleiotropic effect if its 
p-value was smaller than 1.21 × 10− 6.

Gene annotation and functional analyses
Gene annotation was performed within a region of 
± 100  kb around the significant SNPs using the GALLO 
package [122]. The annotated data for Sus scrofa from the 
Ensembl database (www.ensembl.org/Sus_scrofa/Info/
Index) were used in the analyses. The web-based tool 
Database for Annotation, Visualization, and Integrated 
Discovery (DAVID) [123, 124] was used for conduct-
ing Gene Ontology (GO) and KEGG pathway enrich-
ment (P < 0.05) analyses to identify biological processes, 
molecular functions, cellular components, and biological 
pathways associated with the positional candidate genes 
identified. DAVID is a web-based tool for gene-enrich-
ment analysis that utilizes a knowledge base aggregating 
information from various heterogeneous and widely dis-
tributed public databases [124].
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