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Integrated analysis of GWAS and molQTLs
reveals cell-specific genetic variants in
the porcine immune system
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Pigs are vital to global agriculture, and infectious diseases cause significant economic losses.
Leukocytes provide a critical window into the genetic regulation of pig immune traits. However,
understanding of these mechanisms within specific immune cell types remains insufficient. Here, we
integrate 11 immune traits and systematically map the regulatory landscapes of expression
quantitative trait loci (¢€QTLs), splicing QTLs (sQTLs), and alternative polyadenylation QTLs (apaQTLs)
in porcine peripheral blood mononuclear cells (PBMCs) and neutrophils to uncover cell type-specific
patterns. These molecular QTLs (molQTLs) exhibit strong cell-type specificity and preferentially
regulate genes involved in cross-cell communication that are linked to core immunity, thereby shaping
immune phenotypes through intercellular networks. Furthermore, we identify 588 molQTLs that
colocalize with genome-wide association study signals for phagocytic capacity. Among these, 60.3%
of apaQTLs independently modulate immune traits, including the variant rs330263631. Experiments

confirm that rs330263631 modulates mRNA stability and expression levels of the TXNDC15 by
dynamically selecting polyadenylation sites and altering the length of the 3’ untranslated region.
This work systematically delineates the PBMC- and neutrophil-specific genetic architecture
underlying immune regulation in pigs and provides a molecular foundation for deciphering the genetic

mechanisms of porcine immune traits.

As one of the most important agricultural animals globally, pigs account for
30% of global meat consumption and are considered the ideal biomedical
model due to their physiological and immunological similarities to humans.
However, the swine industry suffers annual economic losses exceeding $17
billion due to bacterial and viral infectious diseases”. Amid increasing
restrictions on antibiotic use and growing demands for sustainable farming,
enhancing the pig immune capacity and disease resistance has become an
urgent priority for the industry.

Genome-wide association studies (GWAS) have emerged as a pow-
erful approach to unravel the genetic regulation of immune traits in pigs’.
Notably, most GWAS signals reside in non-coding regions™”, exerting
phenotypic effects through molecular mechanisms such as gene expression
regulation (eQTLs), alternative splicing (sQTLs), and alternative poly-
adenylation QTLs (apaQTLs)'*". The ongoing Pig Genotype-Tissue
Expression (GTEx) project has identified thousands of molecular quanti-
tative trait loci (molQTLs) from multiple porcine immune tissues (e.g.,
whole blood, spleen, and thymus), significantly advancing our

understanding of complex trait regulatory networks'’. However, existing
studies using bulk tissues (e.g., whole blood) reveal that molQTLs explain
less than 30% of the heritability for immune traits, suggesting critical roles
for cell type-specific regulatory mechanisms and dynamic microenviron-
mental interactions in immune genetic regulation'.

Peripheral blood serves as a critical window for monitoring host
immune dynamics, and the immunological parameters it contains are
important indicators for assessing immune competence and disease
resistance'”. Among these, hematological parameters such as white blood
cell count and the proportions of lymphocytes and neutrophils (Neu) are
commonly used as biomarkers of pathological or subpathological states. In
addition, circulating immune factors, including interleukins (IL), inter-
ferons (IFN), and tumor necrosis factor-alpha (TNFa), play essential roles in
antiviral defense, antitumor activity, and immune regulation”’. These
indicators are directly influenced by the composition and functional state of
peripheral blood immune cells. Based on morphological and density
characteristics, immune cells in peripheral blood can be classified into
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mononuclear cells and polymorphonuclear leukocytes. Peripheral blood
mononuclear cells (PBMCs), encompassing various mononuclear cell
populations, are easily accessible and widely used in swine immunology
research because they systematically reflect immune regulation, inflam-
matory responses, and tissue repair processes''*. In contrast, neutrophils
(Neu), the most abundant polymorphonuclear leukocytes in circulation
(approximately 70%), execute rapid defense mechanisms such as phago-
cytosis and NETosis'**’. However, their short half-life (6-8 h), high RNase
activity, and technical challenges in isolation have hindered functional
studies, as traditional single-cell sequencing methods often fail to adequately
capture their biological characteristics*>. Therefore, this study aims to
systematically identify molQTLs in PBMCs and Neu to decipher the
cell type-specific genetic regulatory mechanisms underlying key swine
immune traits, such as blood parameters, cytokine levels, and phagocytic
capacity.

Here, we performed multi-dimensional genetic profiling of PBMCs
and neutrophils from 134 healthy Yorkshire pigs, systematically mapping
eQTLs, sQTLs, and apaQTLs. Integration of co-expression networks with
immune traits revealed that cell-specific molQTLs target genes associated
with lymphocyte/Neu proportions and intercellular communication.
Enrichment analysis showed that PBMCs and Neu molQTLs are sig-
nificantly enriched in genomic regions associated with porcine immune

A

Gene expression QTL

traits (P=1.2x107). Colocalization analysis further identified 588
molQTLs showing significant colocalization with phagocytosis capacity
GWAS signals (PPH4 > 0.7). Notably, over 60% of apaQTLs, including
rs330263631 targeting the TXNDCI5, demonstrated independent reg-
ulatory functions. 3’ rapid amplification of cDNA ends (3'RACE) experi-
ments confirmed that rs330263631 regulates TXNDC15 expression levels by
dynamically selecting its polyadenylation sites. Importantly, TXNDCI5 has
been established to participate in redox homeostasis and anti-apoptotic
processes during immune regulation. In summary, our study provides
crucial resources for deciphering the genetic basis of porcine immune traits.

Result

Data analysis summary

This study aimed to systematically dissect the cell type-specific genetic
regulation of porcine immune traits using a multi-omics framework, as
outlined in Fig. 1A. Whole genome sequencing data with an average cov-
erage depth of 11.81 + 1.5x from all whole-blood samples were analyzed. A
total of 14,757,757 high-quality polymorphic SNPs were retained for
downstream analyses, with SNP distribution across chromosomes illu-
strated in Fig. 1B. For transcriptomic profiling, RNA-seq data from per-
ipheral blood mononuclear cells (PBMCs) and neutrophils (Neu) yielded an
average of 20,974,970 and 20,510,516 mapped reads per sample,
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Fig. 1 | The technical workflow and phenotypic statistical results of this study.
A The workflow of this study includes the detection of complete blood counts
(n=11) and immune markers (TNFa, IFNa, and IFNYy) for all samples, as well as the
identification strategy for eQTL, sQTL, and apaQTL from 134 Peripheral blood
mononuclear cells (PBMCs) and 125 Neutrophils (Neu) samples. We used a multi-
omics association strategy to identify promising candidate genes and pathogenic

variants. B The distribution of SNPs, gene expression levels, alternative splicing
event (AS event), and alternative polyadenylation (APA) sites across the 18 auto-
somes of pigs. C Principal component analysis (PCA) based on gene expression
levels, alternative splicing ratios, and APA site usage. Sample are colored by immune
cell type (Neu, n =125; PBMC, n = 134).
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respectively, with mapping rates of 86.0% and 77.0% (Supplementary
Fig. 1A). Following rigorous filtering (removal of samples from males,
samples with low-mapping-rates, and samples with genotype concordance
below 90%) (Supplementary Fig. 1B), from paired samples collected from
158 Yorkshire pigs, 134 PBMC samples and 125 Neu samples were retained
after quality control for subsequent analysis (Supplementary Data 1).
Molecular phenotypes were defined using strict criteria, including 10,833
genes, 10,396 alternative splicing clusters, and 10,621 polyadenylation
(polyA) sites, which were subjected to molecular quantitative trait loci
(molQTLs) mapping. Principal component analysis (PCA) revealed pro-
nounced divergence between PBMCs and Neu across three molecular lay-
ers: gene expression profiles, alternative splicing patterns, and
polyadenylation signatures. This separation underscores the distinct reg-
ulatory landscapes characterizing two immune cell types (Fig. 1C).

Transcriptomic profiling of PBMCs and neutrophils unveils reg-
ulatory modules associated with pig immunological traits
To elucidate the transcriptional regulatory mechanisms underlying
immune traits in pigs, we conducted transcriptome association analyses of
23,012 genes across 259 samples (134 PBMCs and 125 Neu) (Fig. 2A, B and
Supplementary Fig. 2A). Our results revealed extensive genetic associations
in PBMCs, with lymphocyte percentage (LYMPH%, 1851 genes, 8.04%) and
white blood cell count (1213 genes, 5.27%) showing significant correlations
(False Discovery Rate, FDR < 0.05; Fig. 2B and Supplementary Data 2).
Notably, 27.3% of genes (6293 genes) in Neu exhibited specific associations
with Neu proportion (Neu%, Fig. 2B, Supplementary Data 3), including the
myeloid differentiation master regulator GFII (FDR = 1.44 x 10~®) and the
effector molecule S100A12 (FDR = 1.73 x 10 °)***,

Weighted gene co-expression network analysis (WGCNA) identified
17 distinct modules associated with immune parameters (ranging from 63
to 6432 genes) (Fig. 2C and Supplementary Fig. 2B-D). Specifically, mod-
ules M8, M12, M13, and M16 (PBMC-associated) showed correlation with
LYMPH% and LYMPH_Number (LYMPH_N), whereas modules M1,
M2, and M11 (Neu-associated) were correlated with Neu percentage (Neu
%) and Neu absolute count (Neu_N) (Fig. 2C and Supplementary Fig. 2E).
These modules demonstrated > 50% overlap with the linear model results
(Fig. 2D). Functional analysis demonstrated that genes linked to LYMPH%
and LYMPH_N were enriched in adaptive immune processes (e.g., Th17
cell differentiation and IL-17 signaling)***, whereas those associated with
Neu% and Neu_N were predominantly engaged in innate immunity and
TNF signaling (Fig. 2D), including key players such as the pro-
inflammatory cytokine IL-18, chemokine CXCR2, and transcription factor
RELA (Fig. 2E). Notably, IL-18 demonstrated a strong positive correlation
with Neu% (P = 1.63 x 10~%) and has been established as a marker gene for
Neu™* (Fig. 2F). Furthermore, we found that several conserved modules
(M4, M5, M6) were enriched in fundamental metabolic processes and
contained classical housekeeping genes, such as RPL13A and RPL4. These
findings suggest that core metabolic functions are evolutionarily conserved
across immune cell types, while functional specialization likely arises from a
limited set of cell type-specific regulatory genes.

Genetic regulatory features of molecular quantitative trait loci
(molQTLs) in pig PBMCs and neutrophils

To investigate the genetic determinants of multilayer transcriptional fea-
tures in PBMCs and Neu, we systematically identified molecular quantita-
tive trait loci (molQTLs), including expression QTLs (eQTLs), splicing
QTLs (sQTLs), and alternative polyadenylation QTLs (apaQTLs). Specifi-
cally, we identified 3183 lead eQTLs, 2217 lead sQTLs, and 774 lead
apaQTLs in PBMCs, and 2676, 1398, and 381 in neutrophils (Fig. 3A).
Conditional analysis indicated that more than 10% of genes are associated
with multiple independent molQTLs (Fig. 3B). Median cis-heritability
estimates for gene expression, alternative splicing, and alternative poly-
adenylation (APA) were 0.18, 0.26, and 0.17, respectively (Fig. 3C), with
sQTLs demonstrating the strongest regulatory effects, and Neu displayed a
higher proportion of large-effect sQTLs (|effect size| 21; Supplementary

Data 4), suggesting potent splicing regulation as a potential mechanism
underlying immune plasticity.

Genomic enrichment analysis revealed that all identified molQTLs
were significantly clustered near transcriptional start/termination sites and
functional regions (including splice donor/acceptor sites and 3'UTRs)
(Fig. 3D, E). Although 60.5% of eQTLs were located more than 100 kb from
the transcription start site (TSS) of their target genes, only 5.8% of these
distal eQTLs exhibited large effect sizes. This indicates that distal regulatory
variants collectively influence gene expression through weak but coordi-
nated mechanisms, whereas strong-effect eQTLs are preferentially enriched
in core functional elements such as promoters and splice sites. Furthermore,
we found that only 0.67%-1.14% of molQTLs were shared between PBMCs
and Neu (Supplementary Fig. 3A), with the vast majority (> 80%) exhibited
cell type-specific patterns. These cell type-specific QTLs were pre-
dominantly located in distal regions relative to the TSS and demonstrated
stronger effect sizes than shared QTLs (Supplementary Fig. 3B). Meanwhile,
we observed that 108 apaQTLs showed inverse regulatory directions com-
pared to eQTLs at the same loci (Fig. 3F), suggesting that SNPs may regulate
gene expression levels by altering the selection of polyadenylation sites and
generating unstable mRNA subtypes (such as 3'UTRs shortening).

Enrichment analysis demonstrated that cell-specific molQTLs pre-
ferentially target binding sites of immune-related transcription factors
(TFs), including IRF4, TCF4, and ZNF692, and modulate molecular phe-
notypes by disrupting or remodeling TF binding motifs (Fig. 3G and Sup-
plementary Fig. 4A). Furthermore, molQTL regions were significantly
enriched for RNA-binding protein (RBP) binding sites (e.g., PUM2, SRSF1;
P <0.01), with 3’'UTRs length showing a positive correlation with RBP
binding site density (Supplementary Fig. 4B, C).

Cell type specific molQTLs reveal genetic regulation of immune
function and cross-cell communication

In this study, we defined the target genes regulated by significant eQTLs,
sQTLs, and apaQTLs as eGenes (expression genes), sGenes (splicing
genes), and apaGenes (alternative polyadenylation genes), respectively
(FDR < 0.05). Specifically, 3189 eGenes, 2222 sGenes, and 959 apaGenes
were found in PBMCs, compared with 2685, 1400, and 472 in Neu
(Fig. 4A). Over 50% of these genes exhibited significant cell-type speci-
ficity. Functional enrichment analysis revealed that PBMC-specific
eGenes were primarily involved in adaptive immune processes (e.g.,
T and B lymphocyte activation and antigen processing/presentation),
while Neu-specific eGenes were significantly enriched in innate immune
pathways (e.g., FcyR-mediated phagocytosis and endocytosis, FDR <
0.05; Fig. 4B).

Further analysis revealed significant overlap (P <0.05) between
these cell-specific molGenes and co-expression module genes corre-
sponding to immune cell proportions, including multiple Neu%-related
genes involved in innate immune response, such as OAS2 (rs337766841),
VNNI (rs322713915), and TRIM21 (rs346057197) (Figs. 4C, D). For
instance, PBMC-specific eGenes overlapped with modules (M8, M12,
M13, and M16) related to LYMPH% and LYMPH_N, whereas Neu-
specific eGenes overlapped with modules (M1, M2, and M11) associated
with Neu% and Neu_N (Upper-left panel). Notably, most overlapping
genes were highly expressed in their respective immune cells (defined as
cyto-cis genes)”, suggesting that genetic variants differentially regulate
immune functions through cell type-specific regulatory networks
(Fig. 4E, Upper-right panel).

Moreover, we identified several atypical immune cell percentage
associated transcriptional modules within the co-expression network.
Specifically, the PBMC-specific module M3 demonstrated a significant
positive correlation with Neu% (Pearson’s r = 0.45, P = 1.73 x 10™°), while
the Neu-specific module M10 showed a notable association with LYMPH%
(Pearson’s r = 0.40, P = 5.66 x 10~°) (Fig. 2C). Notably, over 40% of genes in
these modules were regulated by eQTLs (Fig. 4E, lower left panel). Further
analysis revealed that although 27.2% of module M3 genes (PBMCs group)
and 30.3% of module M 10 genes (Neu group) were associated with Neu% or
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Fig. 2 | Integration of linear regression model and WGCNA to identify genes
associated with immune traits. A Proportion of five immune cell types

across 134 samples. B Genes significantly associated (FDR < 0.05) with partial
immune traits in pigs (white blood cell count (WBC), neutrophil proportion (Neu
%), lymphocyte proportion (LYMPH%), monocyte proportion (Mono%), IFNy, and
IFNa) as calculated by the linear regression model. Results for other immune phe-
notypes are provided in Supplementary Fig. S2 A. C Application of Weighted Gene
Co-expression Network Analysis (WGCNA) to identify modules associated with
immune traits in PBMCs and Neu gene expression profiles, with color indicating the

Neu% (scaled)

strength of correlation between module genes and phenotypes (Neutrophil number:
Neu_N, LYMPH number: LYMPH_N). D Immune trait-associated module genes
and the results of their enrichment analysis (FDR < 0.05). Overlap genes indicates
genes identified by both WGCNA and the linear regression model as associated with
immune traits. E Hub genes associated with LYMPH% and Neu% are shown. F IL18
expression level is significantly correlated with Neu% (n = 124) (left panel);
expression pattern of IL18 across all cell types, with TAU values indicating cell-type
specificity (right panel).

LYMPH%, respectively, their expression levels were relatively low in the
corresponding target cells (classified as cyto-trans genes) (Fig. 4E, lower
right panel). These indicates that potential trans-cellular regulatory inter-
actions among immune cells are primarily embedded within modules dis-
playing atypical cross-cell associations.

Functional enrichment analysis further supported our speculation. We
found that PBMC-derived cyto-trans genes were significantly enriched in
the Toll-like receptor signaling pathway and phagocytosis-related pathways,
suggesting their potential role in Neu regulation. Conversely, Neu-derived
cyto-trans genes showed enrichment in apoptosis and the complement
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Fig. 3 | Characteristics of eQTLs, sQTLs, and apaQTLs in PBMCs and Neu.

A Number and overlap of eQTLs, sQTLs, and apaQTLs identified in PBMCs
(n=134) and Neu (n = 125). B Proportion of independent eQTLs, sQTLs, and
apaQTLs in PBMCs and Neu as determined by conditional analysis. C cis-herit-
ability of eQTLs, sQTLs, and apaQTLs in PBMCs and Neu. D Genomic distribution
of eQTLs, sQTLs, and apaQTLs around transcription start sites (TSS), splice sites,

and selective polyadenylation sites. E Genomic annotation categories and effect sizes
of eQTLs, sQTLs, and apaQTLs identified in PBMCs and Neu. The horizontal axis
represents the effect size of molQTLs. F eQTLs and apaQTLs showing opposite
regulatory effects at the same genetic loci (n = 108) in PBMCs and Neu. G Impact of
molQTLs (rs326112779 and rs322830411) on transcription factor (TF) motif
sequences and their target gene expression.

system (Supplementary Fig. 5), indicating that Neu may regulate lympho-
cyte function through mechanisms such as the secretion of regulatory
mediators. These results demonstrate that molQTLs may mediate their
regulatory effects on distal cell types through modulating genes involved in
specific intercellular communication pathways, despite all cells being
derived from the circulating blood.

Cross-immune tissue comparison highlights the strong asso-
ciation between cell specific molQTLs and immune traits

To systematically elucidate the shared patterns of genetic regulatory effects
in porcine immune tissues, we integrated eQTL and sQTL data from 11
immune tissues in the pig GTEX project. This analysis identified
21,903 significant eQTL-gene pairs and 30,926 sQTL-intron cluster pairs
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(LFSR < 0.05). Our results revealed a high degree of concordance in reg-
ulatory direction across tissues: 51.5% of eQTLs (11,282/21,903) and 70.4%
of sQTLs (21,771/30,926) showed consistent effect directions between any
two immune tissues (Supplementary Data 5). The majority of molQTLs
exhibited significant tissue specificity, with 66.5% of eQTL-eGene pairs and
67.2% of sQTL-sGene pairs detected in 1-2 tissues (Fig. 5A and Supple-
mentary Fig. 6A, B). In contrast, a small fraction of eQTLs (4.8%) and sQTLs
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(3.3%) were shared across multiple tissues, with sQTLs demonstrating
significantly stronger tissue specificity than eQTLs (Fig. 5A). Notably,
functionally or anatomically related tissues preferentially shared molQTLs.
Approximately 52.3% and 35% of eQTLs and sQTLs in PBMCs and Neu,
respectively, were shared with functionally or anatomically related tissues,
while functionally related tissues (e.g., whole blood) exhibited even higher
sharing rates (up to 70%; Supplementary Fig. 6C). These findings suggest
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Fig. 4 | Functional regulatory features of PBMCs- and Neu-specific molQTLs.
A Numbers of overlapping and cell type-specific molGenes (eGenes, sGenes, and
apaGenes) identified in PBMCs and Neu. B Functional enrichment analysis results
of target genes regulated by PBMCs- and Neu-specific molQTLs. C Enrichment
analysis for immune trait-associated eGenes in PBMCs and Neu. Significant eGenes
were identified by overlapping results from the linear regression model and
WGCNA (odds ratios calculated using Fisher’s exact test; * indicates significant
enrichment: P < 0.05). D Cell type-specific regulatory networks linking phenotype-
associated eQTLs, eGenes, and pathways. Representative SNPs (rsIDs) are shown,
prioritized for their regulation of genes significantly associated with porcine

neutrophil percentage (Neu%). Pathways are derived from enrichment analysis of
WGCNA module genes. Arrow direction indicates the regulatory relationship; SNP
colors denote the direction of effect (red: positive, green: negative). Genes are
grouped by pathway (black circles: innate immune response; light brown circles: IFN
signaling pathway). E Identification and characterization of cyto-cis and cyto-trans
genes (defined in main text) in PBMCs and Neu, along with their regulating eQTLs.
The upper panel shows the proportion of cyto-cis eGenes associated with immune
phenotypes in each cell type, and the lower panel shows the corresponding pro-
portion for cyto-trans eGenes. Color intensity represents the proportion of
phenotype-associated eGenes.

that the regulatory sharing patterns of molQTLs are closely linked to tissue
physiological functions. Given the relatively modest overall contribution of
sQTLs to gene expression and their pronounced tissue specificity (only 3.1%
shared across tissues), we subsequently focused on elucidating the dynamic
regulatory mechanisms of eQTLs to uncover the core genetic regulatory
networks of the immune system.

Although a substantial number of eQTLs were detected in whole blood
and other immune tissues (10,227 and 12,557 pairs, respectively), numerous
masked associations (8467 and 8768, respectively) were still identified
through cell type-specific analyses, such as in PBMCs compared with Neu.
Notably, approximately 52.5% of PBMC-specific and 55.3% of Neu-specific
eQTLs were absent in bulk whole blood data (Supplementary Data 6)
(Fig. 5B), highlighting the critical need for cell type-resolved QTL mapping
to capture tissue-specific regulatory signals.

By categorizing eQTLs into cell type-specific (restricted to PBMCs/
Neu) and cross-tissue shared groups, we uncovered distinct functional
profiles. Compared to cross-tissue shared eGenes, cell type-specific
molQTLs demonstrated significantly higher enrichment for immune hub
genes, indicating cell type-specific molQTLs preferentially targeted immune
hub genes associated with Neu% (e.g., NCF2, TLR8, CSF3R) or LYMPH%
(e.g., CD6, PIK3R1, CD5) (Fig. 5C, D). Genes corresponding to these cell
type-specific eQTLs exhibited stronger evolutionary constraints and larger
effect sizes at the sequence level, and were enriched in core immune reg-
ulatory pathways (Supplementary Fig. 6D, E), including FcyR-mediated
phagocytosis (involving MYO10, ARPC3) and apoptosis signaling (invol-
ving TUBA 1B, MAP2K?2) (Fig. 5E and Supplementary Fig. 6F). In contrast,
cross-tissue shared eQTLs predominantly regulated fundamental metabolic
processes such as arginine and proline metabolism (Fig. 5E and Supple-
mentary Fig. 6F). We further identified tissue-specific inverse regulatory
effects at key loci—for instance, the PRKCG variant (rs324196757) exhibited
opposing eQTL directions in Neu compared with whole blood, modulating
FcyR signaling to influence Neu phagocytic capacity (Fig. 5F). Collectively,
these findings underscore the unique value of cell type-specific molQTL
analyses in elucidating immune regulatory networks.

Integration of immune cell molQTLs with GWAS identifies var-
iants and genes associated with phagocytosis

Our investigation revealed that cell type-specific molQTLs were sig-
nificantly enriched in genomic regions associated with immune functions
and hematological parameters (Fisher’s exact test, P=1.20 x 107>, Odds
Ratio = 1.70), with 29 molQTLs overlapping these regions (Fig. 6A and
Supplementary Data 7). These molQTLs likely influence host immune
competence by modulating the abundance or functional states of key
immune cells. For example, the PBMC-specific eQTL rs705486648
(3_46423678_T_C) that was significantly enriched in LYMPH% associated
QTL regions and the Neu-specific eQTL rs81476484 (6_61200357_G_T)
enriched in Neu% related QTL intervals. Notably, eight of these immune-
trait-associated molQTLs exhibited significant overlap with GWAS signals
for Porcine Reproductive and Respiratory Syndrome (PRRS) and African
Swine Fever (ASF) (Supplementary Fig. 7A), including the PBMC-specific
eQTL rs346036024 (12_59163357_T_C) that was enriched in Mono%
related QTL regions, which is consistent with previous findings that
monocytes/macrophages serve as key target cells for PRRSV replication and
immune evasion, collectively suggesting that PBMCs- and Neu-specific

molQTLs may constitute the potential genetic basis for disease susceptibility
in swine populations.

Colocalization analysis revealed that 588 molQTLs (6.93%) in PBMCs
and Neu showed significant colocalization (posterior probability for colo-
calization, PPH4 > 0.7) with GWAS signals associated with phagocytic
capacity (Supplementary Data 8), a proportion that was significantly higher
than the genomic background rate (binomial test, P < 1 x 10~°). This pro-
portion was significantly higher than that observed in whole blood
molQTLs (3.50%, 350 loci), demonstrating that cell type-specific molQTL
data are more effective for identifying potential causal variants related to
porcine immune traits. Among colocalized regions, 30.7% (181/588)
showed significant associations with key immune phenotypes, including
LYMPH% (15 loci), Neu% (10 loci), and IFNa levels (17 loci) (Supple-
mentary Data 9), underscoring the utility of cell type-specific molQTLs in
pinpointing functional SNPs. Notably, 60.3% of apaQTLs (38/63) inde-
pendently influenced phagocytic traits without overlapping with eQTLs/
sQTLs (Supplementary Fig. 7B), revealing the unique role of APA in
immune regulation. For instance, the apaQTL rs330263631
(2_137069919_C_T) modulated APA events in TXNDCI5, a critical reg-
ulator of antiviral defense, and showed strong correlations with diverse
immune phenotypes (Fig. 6B and Supplementary Data 9)***".

To validate the APA-mediated regulatory mechanism, we performed
3'RACE experiments on TXNDC15. The results revealed that the apaQTL
rs330263631 specifically influenced the polyadenylation site selection of
TXNDCI5 (Fig. 6C). Individuals carrying the C allele exhibited decreased
PDUI values, indicating a preference for shorter 3'UTRs transcripts,
whereas those with the T allele predominantly retained longer 3'UTRs
isoforms (Fig. 6D and Supplementary Data 10). This genetic variation led to
a 3.38-fold increase in the short/long 3’'UTRs ratio in C allele carriers
(Fig. 6E), consistent with enhanced usage of the proximal PAS. Across both
genotypes, the expression levels of short 3’'UTRs transcripts were higher
than those of their long counterparts for the two genes examined (Fig. 6E
and Supplementary Data 10), aligning with the expected mechanism
whereby shorter 3'UTRs confer greater mRNA stability. Therefore, we
hypothesize that the C allele at locus rs330263631 may promote preferential
selection of the proximal polyadenylation signal (PAS), as indicated by
reduced PDUI values, thereby increasing the production of short 3'UTR
transcripts to elevate mRNA levels and consequently regulate cellular
phagocytic capacity (Fig. 6F and Supplementary Fig. 7C).

Discussion
This study has constructed a genetic regulatory map for PBMCs and neu-
trophils, systematically revealing the cell type-specific architecture of genetic
regulation and its associations with immune traits. Our results demonstrate
that the cell-type specificity of genetic regulation is closely linked to cellular
functional specialization and cross-cell communication mechanisms, pro-
viding novel insights into the genetic basis of porcine immune traits.
While interpreting our findings, it is also necessary to carefully define
the boundaries and applicability of this study. First, the low proportion of
male individuals in the analysis cohort may have limited our ability to fully
capture sex-dimorphic molecular regulatory features related to porcine
immune and disease traits’>”. Second, although the current sample size is
sufficient to detect most moderate- to strong-effect genetic loci, the power to
detect rare variants and weak-effect signals remains limited; and expanding
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Fig. 5 | Regulatory characteristics of shared and tissue-specific molQTLs across
immune tissues. A Proportion of eQTLs and sQTLs shared across 1-2, 3-8,and 9-13
tissues at LESR < 0.05, based on data from 11 immune tissues in pig GTEx and
PBMCs and Neu from this study. B Shared and tissue-specific eQTL-eGene pairs
among PBMCs, Neu, and 11 other immune tissues. C Enrichment ratio of PBMC-
and Neu specific eQTL target genes in porcine immune trait-associated genes
(identified through overlapping results from linear regression model and WGCNA)
compared with whole blood (error bars indicate 95% confidence intervals).

D Enrichment ratio of PBMC- and Neu-specific eQTL target genes in porcine

Genomic Position

immune trait-associated genes (identified through overlapping results from linear
regression model and WGCNA) compared with all other tissues (error bars indicate
95% confidence intervals). E Functional comparison of specific and shared genes in
PBMCs and Neu compared with whole blood (FDR < 0.05). F Illustration of Neu-
specific eQTLs (brown dots) and eQTLs shared with whole blood but exhibiting
opposite regulatory effect directions (pink dots), with rs324196757 highlighted in
red as an example. Inset shapes indicate the tissue/cell type of QTL discovery: circles
for whole blood and triangles for Neu.

the cohort size would enhance the resolution and statistical power of
molQTLs detection. Third, this study primarily focused on two major
immune populations, PBMCs and neutrophils. Consequently, the cell type-
specific regulatory patterns identified here remain limited compared to the
single-cell-resolution molQTLs analyses conducted in other species™*.
Finally, due to the lack of gene expression data before and after pathogen
stimulation, we were unable to validate the role of the identified genetic loci
in dynamic immune responses. Therefore, the targets discovered in this
study are more applicable to genetic breeding for enhancing herd immunity.

It is worth noting, however, that disease prevention targets may also hold
therapeutic potential, as exemplified by genes such as IL18, GCLC, and
CD200 in the context of Porcine Reproductive and Respiratory
Syndrome™. Consequently, the causal genes and loci identified in this
study require further experimental validation to clarify their specific reg-
ulatory roles in porcine disease traits.

Although several molQTLs in pigs have been reported recently' "),
systematic dissection of cell type-specific genetic architectures underlying
immune traits, particularly in key innate immune cells like neutrophils, has
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Fig. 6 | Integration of PBMCs and molQTLs analysis with GWAS. A The PBMCs-
and Neu- eQTLs, sQTLs, and apaQTLs show significant enrichment in QTL regions
associated with porcine health and immune traits. QTL names are provided in
Supplementary Data 7. B Examples of apaQTLs (rs330263631) colocalized with
GWAS signals related to pig phagocytosis (PPH4 = 0.92). C Agarose gel electro-
phoresis of 3'RACE PCR products under different rs330263631 alleles (n =4
independent biological samples). D The rs330263631 regulates the selection of long
and short transcripts of TXNDC15 (analyzed by transcript-specific qPCR; left panel:
T allele promotes long transcript expression; right panel: C allele promotes short
transcript expression). Bar height represents the mean expression level of transcripts
across four independent biological samples (1 = 4) within each genotype group, with

error bars indicating standard deviation. E The short transcript of TXNDCI5 is
expressed at a higher level than the long transcript in both CC and TT genotypes of
rs330263631 (analyzed by transcript-specific gPCR; n = 4 independent biological
samples). F The C allele at the rs330263631 locus may promote the generation of
short 3’'UTRs transcripts to increase mRNA levels, thereby ultimately regulating
cellular phagocytic capacity, whereas the T genotype exhibits the opposite effect. The
right panel in F shows representative images of phagocytosis assays for different
genotypes: pink arrows indicate phagocytic cells, and blue arrows indicate apoptotic
cells. The CC genotype demonstrates stronger phagocytic capacity, characterized by
a greater number of phagocytic cells (pink) and fewer unengulfed apoptotic

cells (blue).

remained scarce. To address this gap, we performed an integrated analysis of
gene expression, alternative splicing, and polyadenylation in neutrophils
and PBMCs. Our results revealed that immune cell-specific genetic variants
are significantly enriched in distinct biological pathways: for instance,
T and B cell activation and other adaptive immune pathways in PBMCs",

and FcyR-mediated phagocytosis in neutrophils****. Compared to the pig
GTEx data, our study identified over one-third of novel eGenes, with the
most notable findings in neutrophils. This discrepancy primarily stems from
three aspects: first, tissue differences—pig GTEx primarily used whole
blood, whose mixed cellular composition inevitably masks cell type-specific
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regulatory signals™"; second, SNP coverage differences, although pig GTEx
effectively detected eQTLs via RNA-seq, potential functional SNPs in non-
transcribed regions may have been missed, thereby affecting the compre-
hensiveness of eQTL detection; and third, developmental stage differences
—the pig GTEx cohort encompassed all growth stages, with adult indivi-
duals accounting for over 60%, whereas piglets constituted only 4%. Thus,
future eQTL mapping in more refined tissue types and critical develop-
mental stages will be an important direction.

Through genetic architecture analysis of multi-layered molecular
phenotypes, we uncovered both similarities and differences across reg-
ulatory layers. Our study found that sQTLs exhibited the highest heritability
and effect sizes among all molecular phenotypes, a phenomenon also
reported in humans and other species”. This may be because pre-mRNA
splicing is a process precisely catalyzed by the spliceosome and is more
directly under strong cis-regulatory control"*”’. In contrast, gene expression
levels integrate multi-layered regulation from transcription initiation to
mRNA degradation, making them more susceptible to interference from
“environmental noise,” such as transient cellular states, resulting in relatively
lower average heritability™. Notably, neutrophils demonstrated higher
heritability across all molecular phenotypes compared to PBMCs. This can
be explained by the intrinsic biological properties of these two cell types:
Neutrophils are a terminally differentiated population whose core tran-
scriptional programs are highly consolidated under homeostatic conditions
and strictly governed by genetic instructions’. In contrast, PBMCs are a
heterogeneous population comprising lymphocytes and monocytes, whose
inherent cellular diversity introduces significant “environmental noise” into
the analysis. This finding corroborates the diluting effect of cellular het-
erogeneity on heritability estimates observed in human studies’”,
demonstrating that in tissues with mixed cell types (such as whole blood),
eQTL effects are masked by cellular heterogeneity, whereas cell type-specific
analyses enable the detection of more numerous and stronger genetic effects.
Therefore, our results suggest that studies based on mixed cell populations
may systematically underestimate the true strength of genetic regulation
within specific cell types.

Integrated analysis of GWAS and molQTLs colocalization helps elu-
cidate potential causal genes for immune traits. In this study, we identified
694 cis-molQTL colocalized with GW AS signals related to phagocytic traits
in both PBMCs and neutrophils, including LY9, CXCL10, FCMR, and
PDCDI. Among these, LY9 functions as a costimulatory receptor that
promotes intercellular adhesion and transduces activation signals, thereby
positively modulating the immune responses and viability of immune cells™;
CXCLI0 recruits lymphocytes to synergize immune responses”; FCMR
acts as a negative regulator in host immune modulation by suppressing the
activation and migratory capacity of myeloid cells, including dendritic cells,
monocytes/macrophages, and others™; and PDCDI maintains self-
tolerance and prevents excessive inflammation by eliciting inhibitory sig-
nals that terminate immune responses”. Additionally, we identified a novel
candidate gene, TXNDC15, in PBMCs. This gene encodes a thioredoxin-like
protein that may play a role in immune homeostasis by inhibiting RIPK1-
dependent apoptosis and inflammatory responses™.

In summary, the genetic regulatory map we constructed provides
a crucial resource for deciphering the molecular mechanisms of porcine
immune cells and serves as a key resource for elucidating the genetic basis of
complex immune traits. Our findings underscore the importance of dis-
secting genetic regulation within relevant cell types and offer new per-
spectives for deepening the understanding of the evolution and regulatory
mechanisms of the porcine immune system.

Materials and methods

Sample information

The samples were randomly collected from 158 healthy Yorkshire pigs
between 68 and 75 days old (average 70 days old, Supplementary Data 1).
Health status was determined by experienced veterinarians based on the
absence of clinical signs of disease (e.g., lethargy, anorexia, cough, or diar-
rhea) for a minimum of 2 weeks prior to blood collection, normal rectal

temperature (<39.5 °C). All pigs (134 females and 24 males) were housed
under similar environmental conditions, with identical feeding regimens
and vaccination programs. Blood samples were collected via the anterior
vena cava and were divided into EDTA anticoagulant tubes and serum
separator tubes for subsequent analysis. The samples were transported in
insulated boxes with cold packs and were delivered to the laboratory within
3 h of collection. Cell viability was determined by Trypan Blue exclusion
using an automated cell counter and was consistently >95% prior to
downstream processing. We have complied with all relevant ethical reg-
ulations for animal use. All animal experiments were conducted in strict
accordance with the regulations and guidelines established by the Animal
Welfare Committee of China Agricultural University (permit num-
ber: DK996).

Blood parameter and cytokine measurement

Complete blood counts (CBC) and cytokine concentrations were measured
for all samples. Specifically, a total of two mL of anticoagulated blood was
collected for complete blood count (CBC). The CBC analysis provided a
total of 11 immune cell parameters: the total white blood cell count (WBC),
the percentages of the five leukocyte types (neutrophils, NEUT%; lym-
phocytes, LYMPH%; monocytes, MONO%; eosinophils, EO%; basophils,
BASO%), and their respective absolute counts (NEUT_N, LYMPH_N,
MONO_N, EO_N, BASO_N). Additionally, blood collected in plain tubes
was left at room temperature for four hours, then centrifuged at 2000-3000
rpm for approximately 20 min to collect the supernatant. Using competitive
double-antibody sandwich enzyme-linked immunosorbent assay (ELISA),
three immune indicators (IFNa, IFNy, and TNFa) were measured. Samples
were diluted 1:5 and processed according to the manufacturer’s instructions,
including standard curve construction, incubation, washing, color devel-
opment, termination, and measurement steps. The absorbance of the test
samples was compared to that of the standard, and the concentrations of the
target analytes were calculated by fitting a four-parameter curve. Each
sample was measured in triplicate.

Isolation of Peripheral blood mononuclear cells (PBMCs) and
neutrophils (Neu)

Combining the physicochemical differences between PBMCs and Neu,
PBMCs and Neu were simultaneously isolated from paired whole-blood
samples collected from all samples. Specifically, four mL of EDTA-treated
blood was diluted with PBS buffer and carefully layered with a cell separa-
tion solution to ensure a clear interface between the two liquids. The cen-
trifuge was set to 15,000 rpm and spun for 10 min, causing the blood to
separate into four distinct layers due to differences in cell density. The
middle layer (the white cell layer) was collected, and the cells were resus-
pended and washed using phosphate-buffered saline (PBS) containing 10%
fetal bovine serum (PBS with 10% FBS). The cells were resuspended, cen-
trifuged at 450 x gat room temperature for 10 min, and the supernatant was
discarded. This washing step was repeated two times to obtain purified
PBMCs. Meanwhile, the lower cell layer was collected, and red blood cells
were lysed using a red blood cell lysis buffer. The remaining cells were
washed twice with 10% FACS buffer to obtain purified neutrophils.

RNA/DNA extraction and sequencing

Genomic DNA was extracted from blood samples using the TTANamp
Genomic DNA Kit (TIANGEN, China) according to the manufacturer’s
instructions. DNA quality and concentration were assessed using a Qubit
2.0 Fluorometer (ThermoFisher Scientific). A total of 158 samples were
sent to Novogene Bioinformatics Technology Co., Ltd. (Beijing, China)
for library preparation and shotgun genome sequencing. Briefly,
sequencing libraries were constructed from 0.2 ug of genomic DNA per
sample. The DNA was fragmented by sonication to an average size of
350 bp, followed by end-repair, A-tailing, adapter ligation, and PCR
amplification. The qualified libraries were sequenced on the DNBSEQ-
T7 platform to generate 150 bp paired-end reads. For data quality con-
trol, the raw sequencing reads in FASTQ format were processed using
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Fastp (v0.23.1) with the following criteria: (1) removal of reads con-
taining adapter sequences; (2) removal of reads with more than 10%
uncertain bases (N); and (3) removal of reads where over 50% of the
bases had a Phred quality score below 5. A total of 158 samples that
passed both the initial sample QC and this sequencing data QC were
included in the subsequent analysis.

Total RNA was directly extracted from PBMCs and Neu samples using
TRIzol reagent (Invitrogen Life Technologies). Before sequencing, RNA
concentration was measured using a Qubit 2.0 Fluorometer (ThermoFisher
Scientific). RNA integrity and concentration were assessed using the RNA
Nano 6000 Assay Kit on the Bioanalyzer 2100 system (Agilent Technolo-
gies, CA, USA). Total RNA samples (307 samples, PBMCs = 157, Neu =

150) (meeting the quality control thresholds (total RNA > 200 ng and RNA
Integrity Number >7.0) were used for subsequent library construction.
RNA sequencing libraries were prepared using the NEBNext® Ultra™ II
RNA Library Prep Kit for Illumina® (NEB #E7775L) following the manu-
facturer’s instructions. The resulting libraries were sequenced on an Illu-
mina NovaSeq X Plus platform with a 150bp paired-end read
configuration (PE150).

To mitigate potential confounding effects of sex, subsequent weighted
gene co-expression network analysis (WGCNA) and molecular quantitative
trait loci (molQTL) mapping were restricted to female individuals. The
molQTLs analysis included expression QTLs (eQTLs), splicing QTLs
(sQTLs), and alternative polyadenylation QTLs (apaQTLs), as detailed in
the dedicated section below. After RNA quality control and preprocessing,
the final analytical cohort comprised transcriptomes from 134 PBMCs and
125 neutrophil samples, all from females. All statistical analyses in this study
were based on measurements from these independent biological replicates
(n =134 pigs).

DNA alignment and variant calling

First, the raw DNA sequencing data were processed using fastp (v0.19.4)
with default parameters to remove adapter sequences, low-quality bases,
and trim poly-G tails”. Next, sequencing reads were aligned to the pig
reference genome (Sscrofall.l) using the mem algorithm in BWA (v0.7.17).
The alignment results were then sorted by coordinate using samtools (v1.18)
to generate sample-specific sorted BAM files and their corresponding
indices™. Duplicate reads were marked and removed from the BAM files
using the MarkDuplicates command in Picard (v2.25.7)", producing
deduplicated BAM files.

Subsequently, base quality scores were recalibrated using the Base-
Recalibrator command in GATK to improve the accuracy of downstream
variant calling. Coverage analysis was performed on each sample’s BAM file
using GATK’s DepthOfCoverage tool to calculate genome coverage at
various depth thresholds. Variant calling was conducted using Haplotype-
Caller, generating gV CF files for each sample. The resulting gV CF files were
combined using the CombineGVCFs tool and genotyped with Genoty-
peGVCFs. Finally, SNPs with a missing rate below 10% and a minor allele
frequency (MAF) greater than or equal to 5% were retained for further
analysis.

Expression, splicing, and 3'UTRs quantification

We performed quality control on RN A sequencing data using fastp (v0.19.4)
to remove adapter sequences, low-quality bases, poly-A tails, and poly-G
tails”, and Ensemble gene annotation (Sscrofall.1.v105) was conducted
using STAR (v2.5.3a)”. Gene expression quantification was performed
using Subread (v2.0.6) and StringTie (v2.2.1) to obtain raw read counts and
TPM values'®”. Only genes with expression levels > 0.1 TPM and at least 6
reads present in >20% of the samples were retained. The filtered expression
data were inverse normal transformed and quantile-normalized for sub-
sequent eQTL mapping.

To infer alternative splicing events, LeafCutter (v0.2.9) was used for the
identification and quantification of splice variants®. The ‘pre-
pare_genotype_table.py’ script was then used to calculate intron excision
ratios, excluding introns utilized in fewer than 40% of individuals or

showing no variation. The standardized and quantile-normalized intron
excision ratios were used as percent spliced-in (PSI) values for each sample.

For inferring distal polyadenylation site usage ratios, the DaPars
algorithm was employed to calculate polyadenylation site usage index
(PDUI) values from RNA-seq data”. The PDUI value is defined as the
expression level of the distal poly(A) site isoform divided by the total
expression levels of both distal and proximal poly(A) site isoforms. In this
study, we focused exclusively on APA events within the 3'UTRs regions and
excluded events with fewer than 30 reads.

Identity by state (IBS) analysis

To ensure accurate sample-source matching, we initially performed SNP
calling from transcriptomic data followed by IBS analysis to assess
genotype concordance between RNA sequencing and whole-genome
sequencing datasets. Only samples demonstrating high genotype con-
sistency (IBS>90%) were included in subsequent analyses (Supple-
mentary Fig. 1A).

Gaussian mixture model determines the gene expression states
of PBMCs and neutrophils

In this study, we used a Gaussian Mixture Model (GMM) to fit the log-
transformed expression data of the PBMCs and Neu groups, assuming that
gene expression states can be classified into two categories: high expression
and low expression®. By fitting the model, we extracted the mean and
standard deviation of the low-expression component for each cell type and
calculated a conservative low-expression threshold based on the 95th per-
centile of the normal distribution. Finally, we determined the expression
state (expressed or not expressed) of each gene in PBMCs and Neu based on
this threshold.

Correlations between PBMCs/neutrophil gene expression and
immune traits

In accordance with Johnson’s method”, we performed association analysis
between gene expression and all immune traits using edgeR, with all vali-
dated technical covariates fully incorporated into the model (Supplementary
Data 2 and 3). The analysis proceeded as follows: First, the raw count matrix
was loaded into the edgeR object, and low-expression genes were filtered
using the filterByExpr function. Next, the relationship between gene
expression and all immune traits was modeled using the estimateDisp
function, incorporating batch effects, RNA integrity number (RIN), and
other technical covariates in the design matrix to control for potential
confounding effects. The glmQLFit function was then used to fit a quasi-
likelihood negative binomial generalized log-linear model, followed by a
quasi-likelihood F-test (glmQLFTest) to assess the correlation between each
gene and the immune traits. Finally, the Benjamini-Hochberg (BH) method
was applied to correct the P values of all genes for multiple testing. For these
significant associations, the model coefficient (f3) was extracted to quantify
the effect size and direction of the correlation.

WGCNA analysis

Weighted Gene Co-expression Network Analysis (WGCNA) was used to
construct gene co-expression networks for PBMCs and Neu. Genes were
assigned to specific modules based on their expression relationships. To
ensure the networks adhered to a scale-free topology (R*>>0.8), a soft
threshold power of 5=7 was selected. The topological overlap matrix
(TOM) was calculated from the weighted adjacency matrix, and modules
were defined using the hierarchical clustering dendrogram of the topological
overlap, with a minimum module size of 35 and a merging threshold of 0.25.
The module-trait association was analyzed using a comprehensive matrix of
all measured traits. For clarity, this study primarily presents results for major
immune cell percentages and key cytokines, as percentage data more
accurately reflect immune cell composition. Complete analytical results for
all traits are provided in Supplementary Fig. 2. The proportions of four
immune cell types and the concentrations of three cytokines were used as
trait matrices to assess the correlation between different modules. Hub genes
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for each module were then identified based on module member-
ship (MM) > 0.8.

For each immune trait (e.g,, lymphocyte proportion, cytokine levels),
we independently selected genes using two approaches: (1) a linear model
implemented in edgeR (False Discovery Rate, FDR<0.05), and (2)
WGCNA, retaining genes from significant trait-correlated modules with a
module membership (MM) > 0.8. The final, high-confidence gene set for
each trait was defined as the intersection of the genes identified by both
methods. Correlations between module eigengenes and traits are reported as
Pearson’s correlation coefficients (r) with associated exact p values.

Functional analysis of genes

We performed Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway and Gene Ontology (GO) enrichment analyses using the online
tool KOBAS 3.0 (http://bioinfo.org/kobas/). The enrichment results were
considered statistically significant at FDR of < 0.05%7°.

Mapping of molQTLs

We performed mapping for three types of molQTLs: eQTL, sQTL, and
apaQTL. These analyses were performed using all chromosomes in pigs. To
control for population effects, the first five principal components (PCs) of
the genotypes were included in the molQTLs identification. To identify
hidden factors and other biological influences, we performed principal
component analysis (PCA) to uncover potential covariates affecting gene
expression, splicing levels, and polyadenylation site usage”". In the analysis,
different numbers of principal PCs were used as confounders for the gene
expression, splicing levels, and polyadenylation site usage in the PBMCs and
Neu groups. As PCs might not completely capture all technical variations,
we included RIN as a covariate to control for biases introduced by differ-
ences in RNA quality”>” (Supplementary Fig. 1C).

Subsequently, cis-molQTLs analysis was performed using the linear
model in TensorQTL (v1.0.3), assessing the association between gene
expression levels, intron excision rates, and distal”* polyadenylation site
usage index within a + 1 Mb window and SNPs”. The analysis incorporated
the identified potential variables and known covariates, following the same
pipeline as pig GTEX"". The linear model used in this study is as follows:

5 m
Y =0+ BLxSNP+ Y yix P 4 o1 RIN+ S0, 4 e

i=1 j=1

Y: Molecular phenotype (e.g., gene expression level, intron excision rate,
polyadenylation site usage index), SNP: Genotype locus being tested
(encoded as 0/1/2, representing allele dosage). PC(lgeno) —PC(Sge"U): To control
for confounding effects due to population structure and cryptic relatedness
in the molecular phenotype association analysis, we included the top five
principal components derived from genotype data in the linear model,
which effectively capture allele frequency correlations resulting from shared
ancestry. RIN: RNA integrity number. PC(lphE"O) -PC#her); m PCs extracted
from phenotype data (expression/splicing/apa matrices) via PCA, included
to account for hidden confounding factors (Supplementary Fig. 1D).

Additionally, the Ensemble Variant Effect Predictor (VEP) was used to
compare the standardized molQTLs effect sizes with functional annotation
categories, including non-coding regions, introns, alternative splicing, and
3’UTR regions’®.

Significant molecular quantitative trait genes (eGenes, sGenes, apa-
Genes) were identified through a multi-step thresholding procedure. An
initial FDR correction (BH method, FDR <0.05) was applied to beta-
approximated p-values. The significance boundary identified from this step
was used to determine an empirical p-value threshold, which was subse-
quently converted to a gene-specific nominal p-value threshold based on the
fitted Beta distribution parameters. Final significance required associations
to pass both the nominal and empirical p-value thresholds. The statistical
test was a two-sided linear regression.

Heritability estimation

The cis-heritability (h®-cis) for gene expression, splicing, and APA was
estimated using the GREML (Genome-based Restricted Maximum Like-
lihood) method as implemented in the GCTA software””. Briefly, a genetic
relationship matrix (GRM) was constructed from all common SNPs within
the cis-window (+1MB). Variance components were then estimated using
REML, with h*-cis calculated as the proportion of phenotypic variance
explained by the cis-SNPs. The model included covariates to account for
population stratification and technical factors.

Enrichment of molQTL target genes among immune trait-
associated genes

To examine the enrichment of shared molGenes between immune trait-
related genes and PBMCs or Neu, we tested the high-confidence immune
trait-related genes identified by the intersection of significant associations
(linear model, FDR <0.05) and high network connectivity (WGCNA,
MM > 0.8). These traits included lymphocyte proportion, neutrophil pro-
portion, monocyte proportion, white blood cell count, and concentrations
of TNFa, IFN-y, and IFNa. We then performed a two-sided Fisher’s exact
test (function in R) to analyze the enrichment of these immune trait-related
genes among the PBMCs and Neu molGenes.

Comparison of PBMCs/neutrophil and Pig GTEx molQTLs

with mash

We used the multivariate adaptive shrinkage (mash) method from the
MashR package (v0.2.69) to evaluate the tissue-sharing patterns of PBMCs
and Neu molQTLs with pig GTEx eQTLs and sQTLs”. To broadly assess
the sharing of genetic regulatory effects, we compared our molQTLs to
eQTLs and sQTLs from all 11 tissues available in the pig GTEx dataset.
These included canonical immune tissues (e.g., spleen, lymph node, blood,
macrophage) and gastrointestinal tissues (e.g., colon, duodenum, ileum,
jejunum, large and small intestine), the latter being of interest due to the
abundance of gut-associated lymphoid tissue and the importance of the
mucosal immune system.

To further explore the regulatory effects of PBMC- and Neu-specific
molQTLs, we classified the molQTLs into different categories: PBMCs- and
Neu-specific molQTLs and shared molQTLs vs. blood, and PBMCs- and
Neu-specific molQTLs and shared molQTLs vs. other immune tissues
(excluding blood). We then analyzed various regulatory features of the
specific molQTLs. We calculated the overlap between specific molQTLs
target genes and cross-tissue shared molQTLs target genes with immune
trait-associated genes and computed the 95% confidence intervals using a
binomial distribution. To investigate the influence of molQTLs on gene
regulation, we compared the genetic effect sizes between cell type-specific
molQTLs and cross-tissue shared molQTLs. Furthermore, to evaluate the
biological constraints on their target genes, we compared the probability of
being loss-of-function intolerant (pLI) scores between genes targeted by cell
type-specific molQTLs and those targeted by shared molQTLs.

Enrichment of molQTLs in immune trait-associated genomic
regions
To investigate the enrichment of PBMC and neutrophil molQTLs within
genomic regions associated with pig immune traits, we compiled two
independent sets of immune-related loci: (1) 5009 health-related QTLs from
AnimalQTLdb (categorized as blood parameters, disease susceptibility,
immune capacity, and pathogens/parasites), and (2) 240 lead GWAS signals
for 26 immune traits from the pig GTEx database (Supplementary Data 7).
Enrichment of our molQTLs within these immune trait-associated regions
was assessed using a two-sided Fisher’s exact test (using the fisher.test
function in R), with the background set defined as all SNPs tested in our
molQTL analysis (n = 18,217,567). All significantly enriched regions were
subsequently visualized.

In addition, to statistically test whether cell type-specific molQTLs
preferentially target immune hub genes compared to non-cell type-specific
molQTLs, we performed an enrichment analysis. Specifically, we compared
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Table 1 | The sequences of gene-specific forward primers
(GSP) were designed for TXNDC 15

Table 2 | The target long and short 3'UTR sequences of
TXNDC15

TXNDC15-F1 CGAACACTGGAAACGCTGAAG TXNDC15- Long-F GCGTAGAAGAGACACAGCGT
TXNDC15-F2 GGTAACTCAAGCTGACCACATAGG TXNDC15- Long-R CCATGGAATTCGGGATGCCT
T-F3 ACACACAGTATGTTGATGAAGCTGC TXNDC15- Short-F CCAGGAAGTTGCAGAGAGCA
T-F4 AACCTCTCCGAATTCCATCTCTTAT TXNDC15- Short-F CTCCTCCTCACCCAGGTACA
GAPDH-F TGTTGCCATCAATGACCCCTT
GAPDH-R CTCCACGACGTACTCAGCG

the fraction of immune-trait-associated genes within PBMC- or neutrophil-
specific eGenes against the fraction within cross-tissue shared eGenes
(which serve as a background set of non-cell type-specific regulatory events).
Significance was assessed using Fisher’s exact test.

Colocalization of PBMCs and neutrophils molQTLs with GWAS
summary statistics

We performed colocalization analysis between PBMCs and Neu molQTLs
with published GWAS signals for porcine phagocytosis capacity’’. The
analysis was performed using the coloc R package (v.4.0.4) to determine
whether the GWAS SNPs mediate their phenotypic associations by reg-
ulating molQTLs”. All analyses were conducted under the default prior
settings. We interpreted the colocalization results based on the posterior
probabilities for the five canonical hypotheses (H0-H4) tested by coloc.
Specifically, the posterior probability for hypothesis H4 (PPH4) represents
the probability that both traits share a single causal variant™. In this study,
events with PPH4 > 0.7 were defined as successfully colocalized. Regional
visualization was carried out using ggplot2, and the linkage disequilibrium
(LD) between the identified causal SNPs and other SNPs was calculated
using PLINK (v.1.90). To evaluate the statistical significance of molQTL-
GWAS signal colocalization, we performed an enrichment analysis. We first
calculated the baseline proportion of genome-wide background loci
showing significant colocalization (PPH4 > 0.7) with the target GWAS trait.
Using this baseline proportion as the random expectation, we conducted a
binomial test under the null hypothesis that the observed colocalization
proportion does not exceed the random expectation. The results of the
binomial test are reported with the exact P value. For individual colocali-
zation events, the posterior probability for hypothesis 4 (PPH4) is reported.

Experimental validation of APA events by 3'-RACE and qRT-PCR
To experimentally validate the polyadenylation mechanism regulated by
apaQTL rs330263631, as suggested by colocalization analysis, we focused on
TXNDCI5, a gene involved in redox homeostasis and anti-apoptotic pro-
cesses. 3’ rapid amplification of cDNA ends (3’RACE) was performed using
a 3'RACE kit (Sangon Biotech, Shanghai, China) to identify different
poly(A) sites of TXNDCI5. Sanger sequencing was used to validate the
qualified 3'RACE products. To quantify the functional impact of this APA
event on transcript abundance, specific primers were designed for each
transcript variant. Quantitative reverse transcription PCR (qRT-PCR) was
performed, and relative expression levels were calculated using the 2~ 24"
method, with GAPDH as an internal reference gene. The sequences of the
long and short 3’'UTR isoforms of TXNDCI5, along with GAPDH, are
provided in Tables 1 and 2. Statistical comparison between groups was
performed using a two-sided Student’s t-test.

Statistics and reproducibility

All statistical analyses were performed using GraphPad Prism 7.0 software.
Error bars in the figures represent the standard error of the mean (SEM).
The number of biological replicates is indicated by 7 in the figure legends.
Statistical significance was defined as FDR < 0.05 (BH correction). Com-
parisons between two groups were performed using two-tailed f-tests.
Correlation analysis results are reported as Pearson’s correlation coefficients
(r). Enrichment analyses (e.g., gene set overlap) were assessed using two-
sided Fisher’s exact tests. In omics analyses (e.g, eQTL mapping), FDR
control was applied using the Benjamini-Hochberg method, with FDR <
0.05 considered significant. All analyses in this study were based on

Gene names are italicized as per standard nomenclature.

measurements from independent biological replicates (the final analytical
cohort comprised #n = 134 pigs).

Reagents

Oligonucleotide sequences used for 3’RACE and qRT-PCR validation are
listed in Tables 1 and 2. Antibodies and kits used for cytokine measurement
were as follows: Porcine IFNa ELISA Kit (Enzyme-linked Biotechnology
Co., Ltd, #ml0023760, used at 1:5 dilution); Porcine IFNy ELISA Kit
(Enzyme-linked Biotechnology Co., Ltd, #ml002333, used at 1:5 dilution);
Porcine TNFa ELISA Kit (Enzyme-linked Biotechnology Co., Ltd,
#ml002360, used at 1:5 dilution). All cells analyzed were primary PBMCs or
neutrophils isolated directly from study subjects as described in the PBMCs
and neutrophil isolation section.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability

The raw sequence data reported in this paper have been deposited in the
Genome Sequence Archive (RNA-seq: CRA032459, CRA032460, https://
ngdc.cneb.ac.cn/gsa) and Genome Variation Map (WGS: GVMO001201,
GVMO001202, https://ngdc.cncb.ac.cn/gvm/) at the National Genomics
Data Center (NGDC), part of the China National Center for Bioinformation
/ Beijing Institute of Genomics, Chinese Academy of Sciences. Source data
for Fig. 1B, C are available in the publicly accessible raw data. Data for Fig. 2
can be found in the publicly accessible raw data, Supplementary Data 2 and
3. Figure 3A-E source data are provided in Supplementary Data 4 and the
raw data, while data for Fig. 3F-G are in Supplementary Data 5. For Fig. 4,
panels A-C utilize data from Supplementary Data 5 and; panels D and E are
derived from Supplementary Data 4. Figure 5 source data are available in
Supplementary Data 6. Figure 6A data are provided in Supplementary
Data 7; Fig. 6B data in Supplementary Data 8 and 9; and Fig. 6C-E data in
Supplementary Data 10. All data are available from the corresponding
author upon reasonable request.

Code availability

This study did not generate any new code. All the code used relied on
publicly available software packages. Detailed analytical workflows are
available from the corresponding author upon reasonable request.
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