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Introduction 

The swine industry faces continuous economic losses due to exposure to multiple pathogens 

under commercial farms. Recently, increasing attention has been given to disease resilience, 

defined as the ability of an individual to maintain productivity despite disease challenges. 

Blood transcriptome profiles of young healthy pigs have been proposed as useful biomarkers 

for predicting resilience-related traits, such as growth performance and mortality (Lim et al., 

2021), and have shown moderate heritability and genetic correlations with resilience 

phenotypes (Lim et al., 2023). 

Disease resilience could be closely linked to immune system development, which changes by 

growth stages in pigs. Young piglets exhibit immature adaptive immunity and increase 

susceptibility to pathogens, whereas immune function becomes progressively more mature 

with growth (Butler et al., 2014; Shibata et al., 2000). Understanding how immune cell 

composition changes across developmental stages is therefore important for characterizing 

immune development in pigs. 

Bulk RNA-sequencing (RNA-seq)–based blood transcriptome analysis reflects averaged gene 

expression across heterogenous cell populations, limiting the ability to resolve cell type–

specific immune contributions. To address this limitation, transcriptome-based cell-type 

deconvolution methods have been developed as cost-effective alternatives to single-cell RNA 

sequencing and cell-sorting approaches (Abbas et al., 2009), enabling the estimation of 

relative abundances of major immune cell populations from bulk RNA-seq data. 

In this study, we applied transcriptome-based cell-type deconvolution to blood RNA-seq data 

from pigs at three developmental stages: weaning (d30), growing (d60), and finishing (d120). 

We aimed to characterize stage-specific changes in blood immune cell heterogeneity and to 

assess how the immune landscape transitions by growth stages in pigs. 

 

Materials & Methods 
Ethical statement. The Institutional Animal Care and Use Committee (approval # 202012A- 

CNU-204) of Chungnam National University, Daejeon, Korea, approved all animal 

procedures. 
 

Animals and blood sample collection. A total of nine healthy pigs were used in this study to 

investigate immune development by different growth stages. Blood samples were collected at 

three distinct time points: weaning (d30, n=3; W), growing (d60, n=3; G), and finishing 

(d120, n=3; F). The whole blood was collected using Tempus Blood RNA Tubes (Thermo 

Fisher Scientific, Waltham, MA, USA). 

 

RNA Extraction and Sequencing. Total RNA was isolated from the whole blood sa

mples collected in Tempus tubes using TRIzol reagent (Invitrogen, Life Technologies,

Carlsbad, CA, USA), following the manufacturer’s instructions. For library constructio
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n, 1 µg of total RNA was processed using the Illumina TruSeq™ RNA Sample Prep

aration Kit. Sequencing was performed on an Illumina HiSeq 2000 platform (Illumina,

Inc., San Diego, CA, USA) to generate 2 × 100 bp paired-end reads. 

 

Data Preprocessing. The quality of the raw RNA-seq reads was initially assessed using 

FastQC (v0.12.1) (Andrews, 2010) to identify potential sequencing artifacts. To ensure high-

quality data for downstream analysis, adapter sequences and low-quality bases were filtered 

and removed using Trimmomatic (v0.39) (Bolger et al., 2014). The high-quality trimmed 

reads were subsequently aligned to the Sus scrofa reference genome (Sscrofa11.1; 

GCA_000003025.6) using the STAR (v2.7.11b) (Dobin et al., 2013). To quantify gene-level 

expression, raw read counts were generated using the FeatureCounts tool from the Subread 

package (v2.0.8) (Liao et al., 2013), utilizing the corresponding Ensembl GTF annotation file 

(Sscrofa11.1.115) as a reference. The raw count matrix was normalized to Transcripts Per 

Million (TPM) for further analysis. 

 

Cell-Type deconvolution and statistical analysis. To estimate the abundance of blood 

immune cell types, cell-type deconvolution was conducted using the xCell method (Aran et 

al., 2017). The analysis was performed following human-based gene annotation across all 

samples to ensure compatibility with the xCell reference signatures. To evaluate the overall 

immune landscape, Principal Component Analysis (PCA) was performed using the prcomp 

function in the R package based on the estimated enrichment profiles. Statistical differences 

in cell-type abundance between weaning (d30) and the later stages (growing, d60; finishing, 

d120) were determined using the Wilcoxon rank-sum test with a significance level of p < 

0.05. 

 

Results & Discussion 

Blood immune cell enrichment profiles exhibited distinct clustering patterns according to 

developmental stage in pigs. PCA result showed that weaning pigs (W) formed a separate 

cluster from growing (G) and finishing pigs (F), while the G and F groups clustered closely 

together, indicating relatively similar immune cell compositions after the weaning period 

(Fig. 1a). This clustering pattern was also consistently observed in the hierarchical clustering 

of the heatmap (Fig. 1b), indicating differences in blood immune cell composition between 

weaning pigs and subsequent developmental stages. Previous studies have reported that blood 

immune cell composition (Spios, 2019) and immune-related transcriptomic features (Zhao et 

al., 2025) differ across developmental stages between weaning pigs and later growth phases. 

 

 
Figure 1. Stage-specific blood immune cell enrichment patterns in pigs. Principal component 

analysis (a) and heatmap with hierarchical clustering (b) of immune cell enrichment profiles 

estimated from blood transcriptome data. Weaning (W), growing (G), and finishing (F).  
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Analysis of major immune cell types revealed that pigs undergo a maturation process from an 

innate immune system to an adaptive immune by the growth period (Fig. 2). 

 

 
Figure 2. Bar plot of blood major immune cell enrichment by developmental stages. 

Weaning (W), growing (G), and finishing (F). 

 

Weaning pigs showed significantly higher enrichment of monocytes (p = 0.016) and 

macrophages (p = 0.028) compared with later developmental stages (Table 1). The increased 

abundance of these innate immune cell populations during the weaning stage appears to be 

associated with responses to weaning stress (Salak-Johnson and Webb, 2018). While growing 

and finishing pigs showed significant increases in adaptive immune cell populations, 

including CD4⁺ T cells (p = 0.028), CD8⁺ T cells (p = 0.026) and B cells (p = 0.026) (Table 

1). This pattern reflects an increasing relative contribution of adaptive immune–related cell 

types as growth (Hervé et al., 2022). 

 

Table 1. Results of the statistical analysis of immune cell enrichment by developmental 

stages 

Cell type 
Stage 

Fold change p-value 
W G∙F 

White blood cells 

CD4+ T-cells 0.01 (0.01)1 0.03 (0.01) 0.22 0.028 

CD8+ T-cells - 0.07 (0.03) - 0.026 

B-cells - 0.09 (0.01) - 0.026 

NK cells 0.02 (0.03) 0.03 (0.04) 0.54 0.694 

Eosinophils 0.07 (0.06) 0.08 (0.09) 0.85 0.897 

Neutrophils 0.03 (0.03) 0.01 (0.02) -1.96 0.418 

Basophils 0.11 (0.05) 0.02 (0.03) -5.16 0.080 

Monocytes 0.07 (0.02) - - 0.016 

Macrophages 0.10 (0.01) 0.03 (0.02) -3.09 0.028 

Etc 

HSC 0.10 (0.13) 0.02 (0.03) 5.11 0.237 

Platelets 0.01 (0.02) 0.02 (0.02) 0.52 0.511 
1 Standard error of least square means. 

W, Weaning; G∙F, Growing∙Finishing; NK cells, Natural killer cells; HSC, Hematopoietic Stem cells 
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Conclusions 

This study investigated stage-specific differences in blood immune cell enrichment profiles 

by growth stages in pigs using blood transcriptome data. Distinct immune cell composition 

patterns were observed between the weaning stage and later growth stages, whereas growing 

and finishing pigs exhibited relatively similar profiles. In addition, innate immune cell 

populations were more abundant during the weaning stage, while adaptive immune cell 

populations were enriched during the growing and finishing stages. These findings indicate 

that blood immune cell heterogeneity varies according to growth stage in pigs. Therefore, our 

results support the utility of blood-based cell-type deconvolution analysis as an approach for 

capturing developmental changes in immune cell composition and monitoring physiological 

development in pigs. 
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