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Abstract
Background  Pig is an important model for biomedical studies, yet the immune cell heterogeneity, the subtle 
relationship between immune cells and the inter-breed immune variation in pigs remains poorly characterized. Here, 
we generate single-cell transcriptomes for the Peripheral Blood Mononuclear Cells (PBMCs) of two pig breeds with 
distinct immune traits including Duroc and Meishan pigs – with the latter have better immune capacity.

Results  Dozens of cell types are annotated, with γδ T lymphocytes making up one-fifth of all PBMCs. A list of 
putative novel markers is identified in each cell type, such as GATA3, SYTL3 and C9H1orf186 which are enriched in 
γδ T lymphocytes. The cellular composition and immune gene expression abundance are compared across breeds, 
showing that Meishan pigs have higher proportion of monocytes and their monocytes have enhanced expression 
of immune-related genes. Re-clustering analysis further identified the sub-populations of T, B and monocytes, with 
their inter-breed differences further characterized. We also generate single-cell chromatin maps for PBMCs of Duroc 
pigs and identify a list of transcription factors associated with each immune lineage. Comparison with human data 
demonstrates that while most cell populations and the corresponding markers match between pig and human, 
CD4+CD8+ DPTCs and γδ T cells are absent in human and one monocyte subset are absent in pigs.

Conclusions  Overall, the present study examined the transcription levels and constructed the single-cell maps of 
blood immune cells between Duroc and Meishan pigs, which revealed the heterogeneity of immune cells in pigs 
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Introduction
The domestic pig (Sus scrofa domesticus) is one of the 
most valuable economic animals for meat produc-
tion [1]. Owing to its similarity to humans in terms of 
anatomy, genetics, and physiology, it also serves as an 
advantageous animal model for immunology research 
and biomedical studies and a favorable resource for 
organ xenotransplantation [2–4]. Importantly, pigs also 
have an immune system that closely resembles that of 
humans, as demonstrated by previous observations that 
the immune systems of human and pig share many prop-
erties that are absent in mouse [5, 6] and larger number 
of immune genes are conserved between human and pig 
relative to mouse [7]. Therefore, in-depth investigation 
of the porcine immune system is not only important for 
understanding porcine immunity but could also facilitate 
biomedical studies for human immunity and diseases [2, 
8].

Despite of the extraordinary similarity to human, the 
immune system of pigs also owns some unique proper-
ties that are not fully clarified. One striking example 
is related to γδ T cells, which are a peculiar lineage of 
T lymphocytes that are important for innate and adap-
tive immunity [9, 10] and nutrient sensing [11]. This is in 
contrast to the alternative αβ T lineage that contributes 
mainly to adaptive immunity. Interestingly, γδ T cells 
are prominent in pigs to make up 15%−35% of lympho-
cytes in peripheral blood, yet only represent about 1% of 
Peripheral Blood Mononuclear Cells (PBMCs) in humans 
[12–14]. Another example is related to interleukin 4 (IL-
4) which stimulates B cells and is essential for antibody 
product in humans, but plays a opposite role in pigs to 
suppress antigen-stimulated B cell proliferation and 
block antibody production [15]. Taken together, pig owns 
a human-like immune system that also has some unique 
features the deserve further studies, yet the immune 
system in pig is still far from as well-characterized as in 
humans and mice.

During the domestication and breeding of domestic 
pigs, dozens of breeds have been created that are highly 
diversified for various phenotypes, including those 
related to growth rate, reproductive capacity and meat 
quality [16]. Notably, the immune traits are highly vari-
able among breeds [17–21]. For example, several studies 
have indicated that the Meishan breed from China has 
better resistance relative to other breeds such as Duroc 
and Large White against pathogens including bacteria 
[22], viruses [18, 23] and protozoa [24]. Several stud-
ies have further suggested that the immune traits of pigs 

are associated with the proportions of neutrophils and 
monocytes [17] and T cell subsets [25]. One study also 
identified many of SNPs adjacent to T cell related genes 
that may influence specific immune traits [25]. Despite of 
these studies, the molecular mechanisms underlying the 
extraordinary inter-breed variations of immune traits in 
pigs remain largely unresolved.

Recent advances in single-cell RNA sequencing 
(scRNA-seq) enables comprehensive characterization of 
the heterogeneity of the immune system [26, 27]. Further 
integration of single-cell Assay for Transposase Acces-
sible Chromatin-sequencing (scATAC-seq) can iden-
tify the regulatory elements and upstream regulators 
for distinct cell subsets [28, 29]. Previous applications of 
scRNA-seq on human PBMCs demonstrate its power in 
uncovering novel immune cell subsets [30] and identify-
ing key factors in response to infection by pathogens such 
as COVID-19 [31, 32] and down syndrome-related lung 
diseases [33]. Nevertheless, single-cell resolution studies 
on porcine immune systems are still rare, with only one 
recent study applying scRNA-seq to PBMCs from cross-
bred pigs [34], which precluded the possibility to reveal 
the immune trait variations across breeds. Therefore, it 
is expected that integration of scRNA-seq and scATAC-
seq to different pure porcine breeds could provide finer-
resolution annotation of the immune cell populations at 
both transcriptomic and regulatory levels, and reveal the 
molecular mechanisms underlying the inter-breed varia-
tions of immune traits.

In this study, we applied scRNA-seq to profile the 
PBMCs from Meishan and Duroc pigs, which are two 
strains with distinctive immune traits, and applied 
scATAC-seq to Duroc PBMCs. We expect this study will 
improve the understanding about the immune hetero-
geneity and inter-breed immune variations in pigs, and 
identify novel immune cell sub-populations, signaling 
pathways and regulators that would facilitate future bio-
medical studies.

Materials and methods
Porcine PBMC isolation
The PBMCs samples from two Duroc pigs and two Meis-
han pigs, respectively, and isolated from venous blood 
of healthy pigs using a Ficoll-Hypaque density solution 
according to standard density gradient centrifugation 
methods (LSM Lymphocyte Separation Medium, mpbio, 
Solon, USA). For each sample, cell viability was assessed 
by Trypan Blue Exclusion Test (cell viability > 95%). To 
minimize batch effect, all blood samples were collected at 

and their differential characteristics among Duroc and Meishan pigs. This observation would be valuable for better 
understanding of the immune heterogeneity and immune traits in pigs.
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the same time with the following procedures for PBMC 
isolation, scRNA-Seq and scATAC-Seq library prepara-
tion and high-throughput sequencing performed in par-
allel for all collected samples. The Meishan and Duroc 
pigs used in this study were obtained from the Kunshan 
Conservation Farm in Jiangsu Province, China. Blood 
samples were collected with the assistance of the farm 
staff.

scRNA-seq library preparation
The single-cell suspensions not cryopreserved of scRNA-
seq samples were converted to barcoded scRNA-seq 
libraries using the Chromium Single Cell Library Kit v3, 
Gel Bead and Multiplex Kit, and Chip B Kit (10x Genom-
ics). The poly-adenylated transcripts were reverse-tran-
scribed later. Libraries were prepared by the Chromium 
Single Cell 5′ Reagent kit according to the manufacturer’s 
protocol (10x Genomics, CA, USA). And then all librar-
ies were sequenced on an Illmina Novaseq 6000 with a 
read length of 150 bp paired-end reads.

scATAC-seq library preparation
Part of the prepared PBMCs from two Duroc pigs is 
separated for ATAC sequencing. All protocols to gener-
ate scATAC-seq data on the 10x Chromium platform, 
including sample preparation, library preparation and 
instrument and sequencing settings, are described below 
and are also available here: ​h​t​t​p​​s​:​/​​/​s​u​p​​p​o​​r​t​.​​1​0​x​​g​e​n​o​​m​i​​c​s​.​​
c​o​m​​/​s​i​n​​g​l​​e​-​c​e​l​l​-​a​t​a​c.

Nuclei isolation
The prepared PBMCs (1,000,000 cells) were added to a 
1.5 mL microcentrifuge tube and centrifuged (2000 rpm 
for 5  min at 4  °C). The supernatant was discarded, and 
then add 100 µl chilled Lysis Buffer (10 mM Tris-HCl (pH 
7.4), 10  Mm NaCl, 3 mM MgCl2, 0.1% Tween-20, 0.1% 
Nonidet P40 Substitute, 0.01% digitonin and 1% BSA) 
and pipette-mixed 10 times gently. The optimal lysis time 
of PBMCs was determined by different incubation times 
on ice, and found that incubation on ice 5 min could got 
better lysis. Following lysis, 500 µl Wash Buffer (10 mM 
Tris-HCl (pH 7.4), 10 mM NaCl, 3 mM MgCl2, 0.1% 
Tween-20 and 1% BSA) was added and pipette-mixed 
10 times gently. Then Nuclei were centrifuged (500  g 
for 5 min at 4 °C) and the supernatant removed without 
disrupting the nuclei pellet. Nuclei were resuspended in 
chilled Diluted Nuclei Buffer (10x Genomics; 2000153) 
at approximately 5,000–7,000 nuclei per µl based on the 
starting number of cells, and then immediately used to 
generate scATAC-seq libraries.

Library construction
scATAC-seq libraries were prepared according to the 
Chromium Single Cell ATAC Library Kit (10x Genomics; 

PN-1000083). Briefly, approximate 20,000 resuspended 
nuclei per sample were combined with ATAC Buf-
fer (10x Genomics; 2000122) and Tn5 transposase (10x 
Genomics; 2000123/2000138) to form a transposition 
mix, which was then incubated for 60  min at 37  °C. 
A master mix composed of Barcoding Reagent (10x 
Genomics; 2000124), Reducing Agent B (10x Genom-
ics; 2000087) and Barcoding Enzyme (10x Genomics; 
2000125/2000139) was then added to the same tube as 
transposed nuclei. The resulting solution was loaded onto 
a Chromium Chip E (10x Genomics; 2000121) in a Chip 
Holder (10x Genomics; 330019). Vortexed Chromium 
Single Cell ATAC Gel Beads (10x Genomics; 2000132) 
and Partitioning Oil (10x Genomics; 220088) were also 
loaded onto the same Chromium Chip E and placing 
into a Chromium Single Cell Controller instrument (10x 
Genomics). Resulting single-cell GEMs were collected at 
the completion of the run (~ 7  min) and linear amplifi-
cation was performed in a C1000 Touch Thermal cycler 
with 96-Deep Well Reaction Module (Bio-Rad; 1851197). 
Emulsions were coalesced using the Recovery Agent (10x 
Genomics; 220016), then subjected to Dynabeads (10x 
Genomics; PN-2000048) and SPRIselect reagent (Beck-
man Coulter; B23318) bead clean-ups. Indexed sequenc-
ing libraries were constructed by combining the barcoded 
linear amplification product with a Sample Index PCR 
Mix comprising SI-PCR Primer B (10x Genomics; 
2000128), Amp Mix (10x Genomics; 2000047/2000103). 
Amplification was performed in a C1000 Touch Ther-
mal cycler with 96-Deep Well Reaction Module. The 
sequencing libraries were subjected to a final bead clean-
up SPRIselect reagent and quantified by quantitative PCR 
(ABI StepOnePlus Real-Time PCR System, Life Tech-
nologies), and then libraries were sequenced on Illumina 
Novaseq 6000 as 50 bp paired-end reads.

scRNA-seq data analysis
Pre-processing of raw data
Cell Ranger v3.1.0 was used to align reads to domestic pig 
reference genome (release Sscrofa11.1). Cell Ranger then 
uses the transcript annotation GTF to bucket the reads 
into exonic, intronic, and intergenic, and by whether the 
reads align (confidently) to the genome. A read is exonic 
if at least 50% of it intersects an exon, intronic if it is non-
exonic and intersects an intron, and intergenic otherwise.

Doublet detection and data filtering
We first identified doublets using Scrublet v0.2.3 [35] 
with settings: expected_doublet_rate = 0.08. After dis-
carding the predicted doublets, the data were further fil-
tered using Seurat v4.3.0 [36] to remove low-quality cells 
and genes by requiring: (1) nCount_RNA between 1000 
and 20,000; (2) nFeature_RNA between 500 and 4000; 
(3) log10GenesPerUMI > = 0.8; (4) mitoRatio < = 0.1; (5) 

https://support.10xgenomics.com/single-cell-atac
https://support.10xgenomics.com/single-cell-atac
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genes express in no less than 0.1% of cells. The filtered 
data were used for further analyses.

Dimensionality reduction and clustering
We used Seurat v4.3.0 [36] to cluster single cells into 
distinct cell subsets following previous study [37] with 
modifications. Cells from all samples were integrated 
for analysis. We selected the top 2,000 variable genes for 
dimensionality reduction by PCA. The first 25 PCs were 
selected according to JackStraw and Elbow plots. Non-
linear dimensional reduction and visualization were per-
formed by UMAP method, with resolution set as 0.5 for 
initial clustering analyses. Cell clusters were annotated 
based on known marker genes.

To better characterize the cell subtypes for T cells, B 
cells and monocytes, we performed re-clustering analy-
ses for each major cell type with UMAP method as afore-
mentioned. According to JackStraw and Elbow plots, the 
first 22, 21 and 18 PCs were selected for T cell, B cell and 
monocyte, respectively. Resolution was set as 1 for re-
clustering analyses.

Cell marker identification and differential expression analysis
Marker genes for each cluster are annotated with the 
FindAllMarkers function from Seurat v4.3.0 [36] with 
default settings. Each cluster was annotated based on 
known markers for porcine immune cells as collected 
from previous publications. Differential gene expression 
analysis between different cell clusters or between dif-
ferent porcine breeds are performed with the FindMark-
ers function from Seurat v4.0.1 [36]. For subpopulations 
within subclusters that could not yet be precisely named, 
we labeled and distinguished them using numerical 
sequences (such as gdT1, gdT2, etc.).

Cell cluster proportion comparison
We used the propeller function from the R package 
Speckle v1.8.0 [38] to compare the cell cluster propor-
tions between the PBMC scRNA-seq data from Duroc 
and Meishan pigs, with settings: trend = TRUE, robust = 
TRUE, transform = “logit”.

Cross-species scRNA-Seq integration
We utilized v4.3.0 [36] for cross-species scRNA-Seq data 
integration. First, human and pig scRNA-Seq data are 
processed to only keep genes annotated as 1-to-1 ortho-
logues accordingly to ENSEMBL orthologue annotation. 
Then, the FindIntegrationAnchors function is used to 
determine the cross-species anchors, and the Integrat-
eData function is used to integrate involved datasets. 
Finally, the integrated data are scaled followed by dimen-
sionality reduction, clustering and visualization following 
the same procedure as same-species data integration. The 
first 25 PCs were selected for use according to JackStraw 

and Elbow plots. Resolution was set as 0.5 for clustering 
analyses. Cell cluster annotation was performed based on 
known markers for human and pig.

scATAC-seq data analysis
The scATAC-seq data analysis was conducted based on 
workflows established in our previous research [39], with 
modifications as detailed below.

Preprocessing and quality control
Raw scATAC-seq reads were aligned to the domestic 
pig genome (Sus scrofa, release Sscrofa11.1) using Cell 
Ranger ATAC (v1.2.0). Downstream processing and 
analysis were performed using Seurat v4.3.0 and Signac 
v1.12.0 [40]. Strict quality control was applied to fil-
ter out low-quality cells based on the following criteria: 
(1) number of fragments in peak regions between 3,000 
and 30,000; (2) percentage of reads in peaks > 15%; (3) 
nucleosome signal < 4; and (4) transcription start site 
(TSS) enrichment score > 3.

Clustering and dimensionality reduction
Following filtration, the remaining cells were subjected 
to Latent Semantic Indexing (LSI) [41]. Clustering and 
dimensionality reduction were performed on the com-
puted LSI components (excluding the first component if 
highly correlated with sequencing depth). Using a resolu-
tion of 0.5 and dimensions 2:30, we identified 20 distinct 
cell clusters.

Gene activity and peak calling
Gene activity was quantified by assessing local chroma-
tin accessibility within the gene body and a 2 kb region 
upstream of the TSS. Accessible chromatin peaks for 
each cell type were called using MACS2 v2.2.6 [42]. Dif-
ferential chromatin accessibility analysis was conducted 
using the FindAllMarkers function with a Bonferroni-
adjusted p-value < 0.05 and a log₂ fold change > 0.25 as 
significance thresholds. Genomic regions harboring 
accessible chromatin peaks were annotated using ChIP-
Seeker v1.36.0 [43].

Motif enrichment analysis
Transcription factor binding motifs were retrieved from 
the JASPAR 2020 database. Specifically, the ‘CORE’ col-
lection for vertebrates was selected using the getMatrix-
Set function from the TFBSTools package. The position 
frequency matrices (PFMs) were converted to position 
weight matrices (PWMs), and motif scanning was per-
formed using motifmatchr within the Signac workflow. 
Motif enrichment analysis was subsequently conducted 
using the FindMotifs function, which utilizes a hypergeo-
metric test, with GC-content matched background peaks 
as controls.
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Integration of scRNA-seq and scATAC-seq data
We integrated scRNA-seq and scATAC-Seq data using 
Seurat v4.3.0 [36]. In brief, we first calculated the activity 
of each gene based on scATAC-seq data by considering 
regions with +/- 2 kb of the gene body using the Gene-
Activity function. Then, we applied the FindTransferAn-
chors function to identify the shared feature correlation 
structure between scRNA-Seq and scATAC-seq data. 
Finally, we used the TransferData function to assign cell 
type annotation to each cell profiled with scATAC-seq 
using scRNA-seq-based annotation as reference. Differ-
ential accessibility peaks among the inferred cell clusters 
are predicted with the FindAllMarkers function with cut-
off of p_val_adj < 0.001 and avg_log2FC > 0.25.

Gene Ontology analysis and motif analysis
Gene Ontology enrichment analyses are performed with 
DAVID bioinformatics resources [44]. Motif enrichment 
analysis of scATAC-seq peaks is performed with FindMo-
tifs function from Signac v1.1.1 [36] with human motifs 
from JASPAR2020 database [45] as reference.

Statistical analysis
All statistics analyses were performed with R Statistical 
Programming Language.

Results
Single-cell transcriptomic analysis of PBMCs for Meishan 
and Duroc pigs
To resolve the immune cell heterogeneity in pigs at 
single-cell resolution, we performed scRNA-seq and 
scATAC-seq with the Chromium platform (10x Genom-
ics) for PBMCs from Duroc pigs. We also performed 
matched scRNA-seq assay for Meishan pigs which pos-
sess relatively high immune capacity – aiming at elucidat-
ing how distinct immune cell populations are associated 
with the inter-breed immune trait variations (Fig.  1A). 
To minimize the batch effects, all the samples were col-
lected, processed and sequenced in parallel. In total, we 
obtained 2.1  billion pairs of reads for 63,710 single-cell 
transcriptomes and 21,855 single-cell chromatin accessi-
bility maps (Table S1). These data enable single-cell reso-
lution annotation of the porcine immune cell populations 
from both transcriptomic and regulatory levels with con-
sideration of the inter-breed immune trait variations.

To obtain a global picture of the immune cell popula-
tions in porcine PBMCs, we first pooled the scRNA-seq 
data from both breeds for unsupervised clustering. Uni-
form Manifold Approximation and Projection (UMAP) 
visualization revealed 20 cell clusters which are recur-
rently represented in all samples and usually with com-
parable proportions (Fig. 1B; Table S2), suggesting the 
global similarity of the immune cellular composition 
across different breeds. We next annotated each cell 

cluster based on known porcine immune cell mark-
ers [46–49]. All the major immune cell populations are 
identified, including nine T clusters expressing CD3E, 
CD247 and TRBC, four B clusters expressing CD79B and 
CD19, one plasma cluster expressing JCHAIN, one Natu-
ral Killer (NK) cluster expressing GNLY and KLRK1, two 
myeloid clusters expressing CD14 and LYZ, two Den-
dritic Cell (DC) clusters expressing FLT3 and IL3RA, 
and one platelet-like cluster expressing PPBP (Fig. 1C-E). 
Notably, we also uncover distinctive subsets of T lym-
phocytes, including γδ T which is of particularly high 
proportion (16.3% − 46.7%) in pig [13, 14] and CD4+ 
CD8+ Double-Positive T Cells (DPTCs) known as effec-
tor memory T lymphocytes [50, 51]. Distinct subsets of 
myeloids and B lymphocytes classified by specific mark-
ers are also identified.

To uncover putative novel markers for each immune 
cell type, we identified the genes enriched in each anno-
tated cell cluster. The numbers of enriched genes are 
highly variable among different cell clusters, with 1,722 
genes for cluster CD8+ T 3 yet only 4 for cluster B 3 (Fig. 
S1; Table S3). Gene ontology (GO) enrichment analy-
ses indicate that in general, the enriched GO terms well 
reflect the function of each cell cluster. For example, 
genes enriched in monocyte clusters are associated with 
functions like myeloid leukocyte activation, inflamma-
tory response and response to virus, and those for αβ T 
are associated with lymphocyte activation and adaptive 
immune system (Table S4). Importantly, we also obtained 
a list of putative novel markers in addition to known 
ones, such as GATA3, SYTL3 and C9H1orf186, which are 
enriched in the majority of γδ T lymphocytes with high 
specificity, which may facilitate the experimental inves-
tigation of distinct immune cell subpopulations (Fig. S2; 
Table S3).

Cellular composition and transcriptional profile of PBMCs 
underlie the inter-breed immune variations
The immune traits can vary remarkably among differ-
ent porcine breeds, with Meishan pigs showing better 
immune capacity relative to other breeds such as Duroc 
and Large White [18, 22, 23]. To determine how immune 
cell populations are related to inter-breed immune trait 
variations, we compared the proportions of each anno-
tated cell cluster between Duroc and Meishan pigs (Fig. 
2A). Despite the consistent cellular populations, we 
observed remarkable divergence in the proportion of spe-
cific cell types across breeds. Particularly, the two mono-
cyte clusters are both overrepresented in Meishan pigs 
relative to Duroc (FDR = 0.0211 for Monocyte 1, FDR = 
0.0588 for Monocyte 2). This is in consistency with previ-
ous observation that Meishan pigs have higher monocyte 
counts in blood [17]. In contrast, NK cells are overrep-
resented in Duroc pigs with marginal significance (FDR 
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= 0.0588). Despite the remarkable inter-breed differ-
ence for monocytes and NK cells, the adaptive immune 
cell clusters (i.e., αβ T and B) are presented with similar 
proportions in these two breeds (Fig. 2A). These results 
indicate that the inter-breed variations of immune cell 
composition are largely restricted to innate immune cells.

Intrigued by previous reports that even the same type 
of immune cells could have remarkable inter-breed 
immune variations [17, 20], we further identified the dif-
ferentially expressed genes (DEGs) between Duroc and 
Meishan pigs for each cell cluster (Fig. 2B-E; Table S5). 
The numbers of identified DEGs range from 64 to 655 
for different clusters (Table S5). GO enrichment analy-
ses suggest that genes overexpressed in the monocytes of 
Meishan pigs are highly associated with immune-related 
functions such as granulocyte chemotaxis, response to 

interferon-gamma and mononuclear cell migration (Fig. 
2C). In contrast, genes overexpressed in the monocytes of 
Duroc pigs are less significantly associated with immune-
related functions, and with the adverse function “nega-
tive regulation of immune system process” presented 
(Fig. 2D). Analysis on γδ T cells similarly suggests that 
genes related to immune activation are overexpressed in 
Meishan pigs (Fig. S3). In addition, the functions of dif-
ferentially expressed genes in other cell subpopulations 
also indicate immune trait variations across pig breeds 
between the two breeds (Fig. S4,5).

Further inspection confirmed that lots of genes 
show increased expression in monocytes, T and B lym-
phocytes, with many of them known to be important 
for immune response, such as TMSB15A, ISG12(A), 
FCER1A, CD59, S100A11 and LY6E (Fig.  2B, E-G). 

Fig. 1  Single-cell transcriptional and chromatin accessibility analysis of porcine PBMCs. A Scheme showing the preparation of scRNA-Seq and scATAC-
Seq data for Duroc and Meishan PBMCs. B UMAP visualization based on scRNA-Seq data for porcine PBMCs. Profiled PBMCs for Duroc and Meishan pigs 
were pooled for clustering, and then visualized separately. C UMAP plots for the expression pattern of 20 representative genes across annotated cell 
clusters. D Dot plot for the expression pattern of representative genes across cell clusters. E UMAP visualization of profiled PBMCs, with the annotation 
of each cluster indicated
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Fig. 2  Inter-breed variations of cellular compositions and gene expression patterns of PBMCs exist between Duroc and Meishan pigs. A Differences of the 
immune cell composition between Duroc and Meishan pigs. Left panel shows the proportion of each cluster in different samples, right panel indicates 
the -log10(FDR) and log2fold (MS/DR) as calculated by using propeller. B Dot plot for the expression differences of representative genes in each cell cluster 
between Duroc and Meishan pigs. The expression values in Duroc pigs are indicated by blue color, and in Meishan pigs by red color. C-D GO enrichment 
results for the genes overexpressed in the monocytes of Meishan (C) and Duroc (D) pigs, respectively. E-G UMAP plots for the expression distributions 
of 6 representative genes with higher expression in Meishan relative to Duroc pigs. PRDX5 and TMSB15A have enriched expression in the monocytes of 
Meishan pigs (E), FCER1A and CD59 for the γδ T and CD8+ T/NK of Meishan pigs (F), and S100A11 and LY6E for B lymphocytes of Meishan pigs (G). DR, 
Duroc pigs; MS, Meishan pigs
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Together, these results indicate that not only the immune 
cell compositions but also gene expression patterns of 
counterpart immune cell types may underlie the immune 
trait variations across pig breeds.

Heterogeneity and inter-breed differences of myeloid sub-
populations
Myeloid cells, which are crucial for innate immunity, 
make up 21.8% of the profiled porcine PBMCs. Our initial 
clustering revealed two monocyte subsets, distinguished 
by CD14 expression (Fig. 1C and D). The CD14hi sub-
set matches classical monocytes (also known as inflam-
matory monocytes), while the CD14lo subset represents 
less mature monocytes [52, 53]. Given that the propor-
tions of monocytes show remarkable difference between 
Duroc and Meishan PBMCs, we performed re-clustering 
to uncover their sub-clusters and then inspected how the 
monocyte sub-clusters differ across pig breeds.

Our re-clustering analysis revealed sixteen sub-clus-
ters for monocytes, which were denoted as M1 - M16, 
respectively (Fig. 3A). The numbers of genes enriched 
in each cluster range from 22 to 251 (Table S6). Among 
these clusters, M16 is annotated as neutrophils based 
on the expression of HP, LCN2, PGLYRP1 and MMP9 
[54], and M13 and M14 as myeloid cells mixed with T 
or B cells respectively based on the expression of corre-
sponding markers (i.e., CD14 for monocyte, CD3E for T 
and CD79B for B lymphocyte). We focus on the remain-
ing thirteen sub-clusters which are annotated as myeloid 
cells.

We confirmed the two major monocyte subsets distin-
guished by the abundance of CD14, denoted as CD14hi 
(M0, M5, M8, M9, M11) and CD14lo (M1, M2, M3, M4, 
M6, M7, M12, M15), respectively (Fig. 3B). Unlike in 
humans which show distinctive CD16 expression in these 
two monocyte subsets [52], the expression of CD16 is 

Fig. 3  Heterogeneity of myeloid in porcine PBMCs revealed by re-clustering analyses. A UMAP visualization of myeloid subsets based on re-clustering 
analysis. B UMAP plots for the expression distribution of 6 representative genes among myeloid subsets. C Dot plot for the expression pattern of repre-
sentative genes among different myeloid subsets. D Heatmap for the expression pattern of the top 10 genes with enriched expression in each annotated 
myeloid subset. Color indicates the normalized expression value
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comparable in the CD14hi and CD14lo monocytes in 
pigs (Fig. 3B). We identified many other genes with dis-
tinctive expression patterns between these two subsets. 
For CD14hi subset, we observed enriched expression 
of CXCR2, IL18 and multiple S100A family members 
including S100A6, S100A9 and S100A12 (Fig. 3B-D). 
However, CXCR2 is primarily expressed in neutrophils 
in human [55] which is different from pigs. Furthermore, 
S100A family members are known as pro-inflammatory 
factors [56, 57]. For CD14lo monocytes, we observed 
enriched expression of CD163, C2, AHNAK, SLA-DRA 
and CSF1R (Fig. 3B-D). Apart from these two major 
clusters, we also revealed other distinct sub-clusters, 
including those marked with MYL9 and CLU (cluster 
M9 and M10), MX1, ISG15 and ISG20 (cluster M7), or 
DUT (cluster M2 and M15) (Fig. 3B and D). Together, we 
uncover distinct subsets of monocytes and demonstrate 
the prevalence of species-specific markers of myeloid 
subsets between human and pig.

We then performed inter-breed comparison to reveal 
the differences for monocyte sub-clusters between 
Duroc and Meishan pigs. Clustering analysis uncov-
ers the two major groups of monocytes (i.e., CD14hi and 
CD14lo), and demonstrates that all the sub-clusters are 
shared by Duroc and Meishan pigs (Fig. 4A). We further 

compared the proportion of each monocyte sub-clus-
ter across breeds. Overall, the monocyte sub-clusters 
have highly similar proportions for Duroc and Meishan 
pigs, with only two sub-clusters (M8 and M12, belong 
to CD14hi and CD14lo groups, respectively) show sig-
nificantly higher proportions in Meishan pigs (Fig.  4B). 
These data suggest that the cellular abundance differ-
ence mainly occurs for the entire monocyte populations 
instead of specific monocyte sub-cluster. We further 
examined the expression pattern for the genes showing 
enriched expression in each monocyte sub-cluster, and 
found that all monocyte sub-cluster have highly similar 
expression profiles in Meishan and Duroc pigs (Fig. 4C). 
Meanwhile, we also identified 285 genes showing altered 
expression between Meishan and Duroc pigs, with the 
numbers of DEGs usually of a few dozen for each sub-
cluster (Fig.  4D; Table S7). While most of these genes 
(e.g., ABRACL and P2RX5) show similar trends in dif-
ferent monocyte sub-clusters regarding their inter-breed 
expression alterations, we also noticed a few genes (e.g., 
RETN and S100A9) showing breed-specific expression in 
only distinct sub-clusters (Fig. 4E, F, S4).

Fig. 4  Inter-breed differences of cellular proportion and gene expression for myeloid sub-clusters. A Hierarchical clustering of monocyte sub-clusters 
based on their gene expression profiles. B Comparison of the cellular proportions of monocyte sub-clusters between Duroc and Meishan pigs. C Expres-
sion profiles for the marker genes of each monocyte sub-cluster in Duroc and Meishan pigs. D The numbers of genes identified between Duroc and Meis-
han pigs for each monocyte sub-cluster. E The profiles of inter-breed gene expression alterations for the genes showing significantly different changes 
between Duroc and Meishan pigs in any monocyte sub-clusters
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Heterogeneity and inter-breed differences of αβ and γδ T 
lymphocyte sub-populations
T lymphocytes can be classified as two major lineages 
based on their T-cell receptors, including αβ T contribut-
ing to adaptive immunity and γδ T mediating both innate 
and adaptive immunity [46, 58]. Initial clustering identi-
fied eight T lymphocyte clusters making up over half of 
all analyzed PBMCs, which uncover major T clusters 
such as CD4+ αβ T, CD8+ αβ T and γδ T (Fig. 1; Table 
S2). To further characterize their heterogeneity, we per-
formed re-clustering analysis on T lymphocytes with 
finer resolution and identified 21 sub-clusters denoted 
as T0 - T20, respectively (Fig. 5A). Inspection of known 
markers indicates that re-clustering analysis identifies 
additional T cell subsets, such as CD2+ γδ T cells which 
are embedded within CD8+ T and NK cells in the initial 
clustering (Fig. 1C, D) and now form distinct clusters 
(T14, T19) marked with TRDC and CD2 (Fig. 5B and 
C). The genes that are enriched in each cluster were also 

identified, with the numbers ranging from 30 to 210 for 
different clusters (Table S8).

We first examined the αβ T populations which are clas-
sified as five CD4+ T (T3, T4, T7, T9, T17) and seven 
CD8+ T sub-clusters (T2, T5, T8, T10, T11, T13, T15). 
We examined FOXP3 which marks regulatory T cells 
(Treg) in human [59], and found it is restrained to the 
CD4+ T3 cluster (Fig. S6). Interestingly, a small pro-
portion (T18) of CD4−CD8− double-negative T cells 
(DNTCs) were also identified, which are known to be 
important for inflammation and autoimmunity in human 
[60]. However, the CD4+CD8+ DPTCs which form a sin-
gle cluster in initial analysis are now embedded within 
cluster T2 which is annotated as CD4+ single-positive 
predominated (Fig. S7), tend to agree with previous 
assumption that DPTCs are differentiated from CD4+ 
single-positive T cells in pigs [61].

Previous studies suggest that porcine γδ T cells can 
be categorized into two distinct subsets based on the 

Fig. 5  Heterogeneity of αβ and γδ T lymphocytes in porcine PBMCs by re-clustering analyses. A UMAP visualization of T lymphocyte subsets based on 
re-clustering analysis. B UMAP plots for the expression distribution of 6 representative genes among T subsets. C Dot plot for the expression pattern of 
representative genes among different T lymphocyte subsets. D Heatmap for the expression pattern of the top 10 genes with enriched expression in each 
annotated T lymphocyte subsets. Color indicates the normalized expression value
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expression of CD2 [62–64]. Even though initial cluster-
ing only identified the CD2− γδ T subset, re-clustering 
analysis further uncovered the CD2+ γδ T subtype as 
clusters T14 and T19 (Fig. 5B-D). Nevertheless, the 
expression of CD2 in CD2+ γδ T, CD4+ T and CD8+ T 
cells are sparse, which is in agree with a recent study [34]. 
As expected, many genes are differentially expressed 
between CD2+ and CD2− γδ T subsets. For example, 
GATA3 and SOX13, which are important for γδ T cell 
differentiation [65–67], are restricted to CD2− γδ T sub-
clusters (Fig. 5B). We further identified many genes that 
are enriched in γδ T lymphocytes, such as SYTL3 and 
CD163L1 (Table S8). Surprisingly, a substantial propor-
tion of cells in cluster T15 express both CD8A and TRDC 
but not CD4 or CD8B (Fig. 5B and C). Cluster T15 also 
highly expresses KLRK1 (also known as NKG2D) which is 
an activation receptor for T and NK cells [68]. We specu-
late it may represent a novel subset of T lymphocytes that 
deserve further studies.

We performed clustering analysis of the 21 T lympho-
cyte sub-clusters based on their gene expression levels, 
and demonstrated that all of them are shared by Duroc 
and Meishan pigs (Fig.  6A). Moreover, most of these 

sub-clusters are of comparable proportions in Duroc and 
Meishan pigs, except that the T15 sub-cluster (belongs to 
CD8+ T) shows significantly higher proportion in Duroc 
pigs (Fig.  6B). As aforementioned, T15 is a unique sub-
cluster expresses high levels of both CD8A and TRDC, 
and is marked with GNLY, KLRK1 and PRF1 which are 
associated with cytotoxicity (Fig. 5C). For the DEGs iden-
tified across T sub-clusters, they usually show highly 
consistent expression pattern in Duroc and Meishan pigs 
(Fig. 6C). Subsequently, we identified a total of 421 genes 
showing altered expression between Duroc and Meishan 
pigs for these T sub-clusters, with the highest number 
observed for T5 (n = 139) which belongs to CD8+ T cells 
(Fig. 6D; Table S9). Most sub-clusters show similar trend 
regarding their inter-breed gene expression pattern, yet 
the T20 (belongs to CD2- gdT cells) shows notably differ-
ent patterns (Fig. 6E).

Heterogeneity and inter-breed differences of B lymphocyte 
sub-populations
B lymphocytes play key roles for humoral immunity, 
yet their heterogeneity in pigs remain poorly character-
ized. Original clustering of all the sequenced PBMCs 

Fig. 6  Inter-breed differences of cellular proportion and gene expression for T sub-clusters. A Hierarchical clustering of T sub-clusters based on their gene 
expression profiles. B Comparison of the cellular proportions of T sub-clusters between Duroc and Meishan pigs. C Expression profiles for the marker 
genes of each T sub-cluster in Duroc and Meishan pigs. D The numbers of genes identified between Duroc and Meishan pigs for each T sub-cluster
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recovered four clusters of B cells plus one cluster of 
plasma, which make up 22.2% of all the profiled cells 
(Fig. 1). Here we further performed re-clustering on 
these B lymphocytes, which revealed 15 sub-clusters 
denoted as B0 – B14 (Fig. 7A). Genes overexpressed in 
each cluster were also identified, which numbers rang-
ing from 28 to 178 (Table S10). Cluster B11 is annotated 
as plasma according to the expression of JCHAIN which 
is a known marker for plasma cells [69], HSP90B1 which 
is involved in the assembly of immunoglobulin [70], and 
MZB1 which regulates plasma differentiation [71]. Clus-
ter B13 expresses markers for both B (i.e., CD79B) and T 
cells (e.g., CD3E, CD8A and CD247) – therefore it repre-
sents a mixture of B and T lymphocytes (Fig. 7B-D). The 
belongings of cluster B10 are ambiguous since it lacks 

CD79B and expresses HMGB2, STMN1, DUT and TUBB. 
Therefore, these three clusters are not further analyzed.

The remaining twelve sub-clusters are characterized 
as B lymphocytes marked with CD79B expression. They 
form distinct groups based on known markers and other 
enriched genes (Table S10). For example, clusters B2, 
B3, B4, B5 and B9 highly express FCGR3A, while B4, B7 
and B14 have abundant expression of MYL9, TMSB15A, 
TPM4, CKB and CLU (Fig. 7B-D). We demonstrate that 
TOX, SOX4 and ID3 are specifically expressed in cluster 
B9. We also examined CR2 (also known as CD21) which 
is known to be expressed in mature B cells [72], yet sur-
prisingly its expression in B lymphocytes is sparse (Fig. 
S8). Interestingly, cluster B12 have abundant expression 
of several interferon stimulated genes, including MX1, 

Fig. 7  Heterogeneity of B lymphocytes in porcine PBMCs revealed by re-clustering analyses. A UMAP visualization of B lymphocyte subsets based on 
re-clustering analysis. B UMAP plots for the expression distribution of 6 representative genes among T subsets. C Dot plot for the expression pattern of 
representative genes among different B lymphocyte subsets. D Heatmap for the expression pattern of the top 10 genes with enriched expression in each 
annotated B lymphocyte subsets. Color indicates the normalized expression value
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ISG15, IFITM1 and IRF7 which are important for antivi-
ral response [73] – indicating that this cluster is probably 
under immune activation (Fig. 7B-D). Notably, re-clus-
tering analysis of T cells also reveals a similar immune-
activated cluster (T17) marked with the expression of 
MX1, ISG15 and IRF7 (Fig. 5B and D). Together, our data 
can uncover subpopulations of lymphocytes of distinct 
lineages or under different immune activation status.

Clustering analysis based on gene expression profiles 
shows that the thirteen B sub-clusters are conserved in 
Duroc and Meishan pigs (Fig.  8A). Further comparison 
shows that while most sub-clusters have similar abun-
dance in Duroc and Meishan pigs, the B2 sub-cluster 
is of significantly higher proportions in Meishan pigs 
(Fig. 8B). Of note, the B2 sub-cluster is marked with high 
expression of CD1.1, FCGR3A, LYZ and CD9 (Fig.  7B). 
We then examined the expression profiles for the marker 
genes of each sub-cluster, and found highly similar pat-
terns for Duroc and Meishan pigs (Fig.  7C). Further 
comparison revealed numerous DEGs between Duroc 
and Meishan pigs for each sub-cluster, with the numbers 
ranging from 4 (B14) to 94 (B2) for different sub-clusters 
(Fig.  8D; Table S11). Interestingly, the B2 cluster is also 

the only one showing significantly different proportions 
between Duroc and Meishan pigs (Fig.  8B). At last, we 
examined the expression alterations for the inter-breed 
DEGs between Duroc and Meishan pigs (Fig.  8E), and 
found most sub-clusters show highly similar patterns. 
Interestingly, the inter-breed gene expression alteration 
is more evident in B lymphocytes relative to the derived 
plasma (B11), suggesting the high conservation of the 
plasma transcriptome across pig breeds.

Integrative scRNA-seq and scATAC-seq analysis of porcine 
PBMCs
After uncovering a variety of porcine immune cell 
sub-populations by scRNA-seq, we further integrated 
scATAC-seq on matched PBMC samples of Duroc pigs 
to characterize the chromatin accessibility landscape 
of each immune cell types. We revealed nineteen dis-
tinct cell clusters (Fig. S8), whose structures were simi-
lar to those from scRNA-seq data (Fig. 1B) – indicating 
that single-cell transcriptomic and chromatin accessi-
bility data are largely in consistency. We then assigned 
the cell types for the cells profiled by scATAC-seq using 
scRNA-seq-based cell labelling as reference (Fig.  9A). 

Fig. 8  Inter-breed differences of cellular proportion and gene expression for B sub-clusters. A Hierarchical clustering of B sub-clusters based on their 
gene expression profiles. B Comparison of the cellular proportions of B sub-clusters between Duroc and Meishan pigs. C Expression profiles for the marker 
genes of each B sub-cluster in Duroc and Meishan pigs. D The numbers of genes identified between Duroc and Meishan pigs for each B sub-cluster
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The majority (16 out of 20) of annotated cell types can 
be detected by scATAC-seq, with four small clusters (γδ 
T 2, CD8+ T3, plasma and platelet) missed likely due 
to their low proportions in PBMCs. We further com-
pared the percentages of each cell types as inferred by 
scRNA-seq and scATAC-seq and confirmed that they are 
highly correlated (Fig.  9B. Pearson’s r = 0.98, p = 3.0e-14) 
–supporting the overall consistency of the scRNA-seq 
and scATAC-seq data. Examination of several canoni-
cal markers (i.e., CD3E, CD79B and CD14) confirmed 
that the chromatin accessibility of these marker genes 
matches their expression patterns among cell clusters. 
For example, the promoter region of CD3E is only acces-
sible in T lymphocyte clusters (Fig. 6C), CD79B only in 

B lymphocytes (Fig.  9D), and CD14 only in monocytes 
(Fig. 9E).

To uncover the core transcription factors for each 
immune cell types, we further performed motif enrich-
ment analysis for the peaks specific for each cluster. The 
numbers of significantly enriched motifs range from 83 
to 633 for different cell clusters (Table S12, Fig. S10), with 
a remarkable number of motifs are most highly enriched 
in the γδ T 1 cluster (Fig. 6F). Notably, motifs for sev-
eral transcription factors known to be important for the 
development of specific immune lineages, such as EBF1 
for B lymphocyte [74, 75], SPI1 (also known as PU.1) for 
monocyte [76], are overrepresented in the correspond-
ing cell clusters (Fig. 9F, S10). Among the motifs enriched 
in γδ T 1 cluster, several are for transcription factors 

Fig. 9  Integration of scRNA-Seq and scATAC-Seq data for porcine PBMCs. A UMAP visualization of porcine PBMCs based on scATAC-Seq data with scRNA-
Seq clustering results as reference for matching. B Scatter plot shows that the proportions of cell clusters by scRNA-Seq and scATAC-Seq data are highly 
correlated. C-E Demo tracks for the chromatin accessibility status of CD3E (C), CD79B (D) and CD14 (E) among different cell clusters. The arrows indicate 
the direction for transcription. F Representative motifs enriched in different clusters
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important for γδ T development, particularly KLFs which 
can regulate the trafficking and homeostasis of γδ T lym-
phocytes [77, 78]. Together, our scATAC-seq data are 
useful in dissecting the heterogeneity of porcine immune 
cells in PBMCs and predicting the transcription factors 
associated with each immune cell subsets.

Integrative analysis of porcine and human scRNA-seq 
datasets
To analyze the potential difference of the immune cell 
heterogeneity between pig and human, we compared 
our scRNA-seq data against matched dataset for human 
PBMCs. UMAP visualization on the pooled datasets 
revealed 22 cell clusters (Fig. 10A). Except for five clus-
ters (0, 11, 13, 19, 18) absent in human and one cluster 
(12) absent in pigs, all other clusters are presented in both 
species with comparable proportion (Fig. 10B; Table S10). 

Fig. 10  Cross-species integration of single-cell transcriptomic data for human and porcine PBMC samples. A UMAP visualization of the single-cell tran-
scriptomic data for human and porcine PBMCs. B Proportions of each cell cluster in different porcine and human PBMC samples. C The annotation of each 
cluster indicated in A and B. D Expression pattern of eight representative genes across annotated cell clusters for human and porcine PBMC samples. E 
Expression abundance of representative genes in each cell cluster between Human and pigs. The expression values in pigs are indicated by green color, 
and in human by red color
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Based on known cell markers, all the major cell popula-
tions are annotated including T, B, NK, myeloid, DC and 
platelet-like clusters (Fig. 7C-E), yet two clusters (15, 21) 
were not annotated likely due to their low proportions. 
The major T sub-clusters such as CD4+ αβ T, CD8+ αβ 
T, CD4+CD8+ DPTCs and γδ T were further annotated 
(Fig. 10C). Interestingly, the CD4+CD8+ DPTCs and γδ 
T cells are absent in human samples, notably γδ T cells 
are of particularly high proportion (31.6%) in pig PBMCs 
(Fig. 10B; Table S13). On contrast, myeloid show remark-
ably higher proportion in human PBMCs (32.9% vs. 
10.5%) (Fig. 7B; Table S10). Surprisingly, human possess 
one additional monocyte cluster (cluster 12) relative to 
pig, which makes up 3.8% of human PBMCs (Table S13). 
This cluster expresses not only common myeloid mark-
ers (e.g., CD14 and LYZ), but also some genes (e.g. CD2, 
CD6, GNLY, KLRK1, PRF1) that are low in other myeloid 
sub-clusters (Fig. 10E, S11)–inspection of these markers 
suggest that this cluster matches the “Mono4” sub-cluster 
reported by previous studies in human blood [30]. Fur-
ther, we found that some genes show different expression 
abundance in matched clusters between human and pig 
(Fig. 7E). Together, our results demonstrate that while 
major immune cell lineages and the corresponding marks 
match between human and pig, several unshared cell 
populations (“Mono4” in human, CD4+CD8+ DPTCs and 
γδ T in pig) may deserve further studies.

Discussion
The domestic pig serves as an advantageous model for 
immunology and biomedical studies [4]. Single-cell tran-
scriptomic and chromatin accessibility profiling enables 
comprehensive characterization of the immune cell het-
erogeneity in humans [26, 29, 79]. Unfortunately, single-
cell resolution studies on porcine immune systems are 
still rare. While one recent study applied scRNA-seq to 
characterize porcine immunity [34] - the analyzed PBMC 
samples are from crossbred pigs which precluded further 
investigation of the inter-breed immune trait variations. 
Aiming at finer resolution annotation of the immune cell 
populations at both transcriptomic and regulatory levels 
and revealing the molecular mechanisms underlying the 
inter-breed immune variations, we present the first com-
prehensive single-cell transcriptomic maps of the PBMCs 
of Meishan and Duroc pigs together with single-cell 
chromatin maps of matched Duroc samples.

In this study, we profiled a total of 63,710 single-cell 
transcriptomes for porcine PBMCs, which enable com-
prehensive annotation of the porcine immune cell het-
erogeneity at unprecedented resolution. After pooling 
all the scRNA-seq data together, we uncovered twenty 
distinct cell clusters, with all clusters uncovered in 
both Duroc and Meishan samples - suggesting that the 
immune cell subsets match well across breeds. All major 

immune cell types, including αβ T, γδ T, B, myeloid, NK 
and DC, can be annotated by our data. Notably, the γδ T 
lymphocytes make up almost one-fifth of all the analyzed 
PBMCs, which is much higher than in humans and mice 
[13, 80]. Interestingly, the γδ T proportion ranges dra-
matically between 10.7% and 46.7% among our samples 
and is estimated as 9.2% based on recently published data 
for cross-breed porcine PBMCs [34] - suggesting extraor-
dinary variations of the γδ T proportions among breeds 
and individuals. The molecular mechanism underlying 
highly abundant γδ T in pigs and variable proportions 
across breeds and individuals is still unclear. However, 
given that the analyzed samples in our study are of the 
same breed and matched age – therefore the between-
individual variations of γδ T proportions are more likely 
due to specific environmental or physiology factors.

Apart from uncovering major immune cell popula-
tions, re-clustering analyses with finer resolution succeed 
in identifying almost fifty sub-populations for the three 
major immune lineages, including T, B and myeloid cells. 
The re-clustering analyses provide more details about 
the heterogeneity of porcine immunity, which are over-
looked in the initial clustering analysis. For example, re-
clustering analyses uncover the CD2+ γδ T subsets, yet 
the corresponding cells are embedded within CD8+ αβ 
clusters based on initial clustering. Re-clustering also 
confirms several other minority sub-populations, such as 
the CD4− CD8− DNTCs which are known to be impor-
tant for inflammation, autoimmunity in human [60] and 
immune homeostatic milieu [81], and T, B and myeloid 
cells expressing MX1 and ISG15 which tend to represent 
the activated sub-populations. Importantly, numerous 
putative cell markers are also identified, including some 
novel ones which may facilitate further experimental 
studies of corresponding immune cell sub-populations. 
In summary, our single-cell transcriptomic data enable 
comprehensive annotation of the cell sub-populations 
and corresponding marker genes for porcine PBMCs.

It has been well recognized that immune traits, which 
are critical for animal health and pathogen resistance, 
vary remarkably among porcine breeds [17, 19], yet the 
underlying molecular mechanism remains largely unre-
solved. Single-cell resolution profiling of the transcrip-
tomes for two distinct breeds, including Duroc and 
Meishan with the latter of relatively high immune capac-
ity, provides the opportunity to address this question. We 
demonstrate that the immune cell subsets with remark-
able altered proportions across breeds are usually those 
critical for innate immunity, including monocytes which 
are overrepresented in Meishan pigs, and NK cell that are 
enriched in Duroc pigs. It agrees with previous observa-
tion that Meishan pigs have higher monocyte counts in 
blood [17]. Our data also enable direct comparison of the 
transcriptomes of each matched immune cell type across 
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breeds. Focusing on monocytes and γδ T lymphocytes, 
we found that genes overexpressed in Meishan pigs are 
highly associated with immune response-related func-
tions, while those overexpressed in Duroc pigs are less 
associated with immune response and show enrichment 
of the reversed function “negative regulation of immune 
system process”. Together, innate immunity seems to be 
critical for the inter-breed immune variations, and both 
the cellular compositions and gene expression patterns of 
counterpart cell types are associated with the inter-breed 
immune variations.

Taking advantage of the re-clustering results, we also 
attempted to compare if specific sub-clusters for B, T 
and monocytes exist in only Duroc or Meishan pigs. We 
found that all the sub-clusters are shared by Duroc and 
Meishan pigs, suggesting that the immune cell popula-
tions are conserved across pig breeds. This is not sur-
prising given that there has only been 9000–10,000 
years since the domestication of pigs. Moreover, the 
relative proportions of most sub-populations (except 
for 2 of the 14 monocyte sub-clusters, 1 of the 20 T sub-
clusters, and 1 of the 13 B sub-clusters) are comparable 
between Duroc and Meishan pigs. Further comparison 
identified hundreds of genes showing altered expression 
between Duroc and Meishan pigs for these sub-clusters. 
We found that the inter-breed gene expression differ-
ences are highly similar for the sub-clusters of the same 
major immune cells. Together, it suggests the inter-breed 
differences of immune cellular compositions and gene 
expression mainly represents for major clusters instead of 
further differentiated sub-clusters, indicating such differ-
ences are usually established before the differentiation of 
the immune cell subsets.

We also applied scATAC-seq to generate 21,855 
single-cell chromatin accessibility maps for matched 
PBMC samples of Duroc pigs, aiming at characterizing 
the chromatin accessibility landscape and uncover core 
transcription factors for each immune cell population. 
Integrative analysis of scRNA-seq and scATAC-seq data 
suggests that the motifs for several transcription factors 
critical for the development of distinct immune lineages 
are enriched in the accessible peaks for corresponding 
cell clusters, such as EBF1 for B lymphocyte [74], SPI1 
for monocyte and macrophage [76], and KLF factors for 
γδ T lymphocyte [77, 78]. Apart from them, motifs for 
a dozen of other transcription factors are also signifi-
cantly enriched in specific clusters, which may deserve 
further investigation. These results show that integrating 
of scRNA-seq and scATAC-seq data are useful in dis-
secting the heterogeneity of porcine immune cells and 
identifying the transcription factors associated with each 
immune cell subsets.

Integration of matched scRNA-seq datasets for human 
and porcine PBMCs demonstrates that while most 

immune cell lineages and the corresponding marks 
match between species, this agrees with one previous 
study [34]. Interestingly, our analysis further reveals that 
several cell populations that are only presented in one 
species, including CD4+CD8+ DPTCs and γδ T in pig, 
and “Mono4” in human. It has long been known that γδ 
T lymphocytes are abundant in pigs and rare in humans 
[34, 63], yet the complete loss in human tend to suggest 
that the cell markers of this lineage also differ between 
human and pig. Regarding CD4+CD8+ DPTCs, previ-
ous studies also suggest higher abundance in pigs rela-
tive to humans and mice [82]. Notably, their abundance 
are associated with health status and age, which increase 
with age in humans [83], and coincide with thymic invo-
lution in cynomolgus monkeys [84]. The “Mono4” clus-
ter in human PBMCs expressed cytotoxic gene signature 
(PRF1 and GNLY) and resembles previously reported 
“natural killer dendritic cells” [30], however the absence 
of “Mono4” cluster in pigs is not reported before and the 
mechanism remains unclear. Collectively, these unshared 
immune cell sub-populations between human and pigs 
may deserve further studies in the future.

To our knowledge, this study represents the most com-
prehensive single-cell transcriptomic and regulatory 
profiling of porcine PBMCs from two distinct breeds 
at unprecedented resolution. This study improves our 
understanding about the immune heterogeneity and 
inter-breed immune trait variations in pigs. We also 
expect the cell sub-populations, immune markers and 
core regulators identified in this study would be valuable 
in facilitating future biomedical studies about human 
immunology and organ xenotransplantation.
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