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Abstract
Introduction: Gene expression and immune cell infiltration are essential in
the etiopathogenesis of pulmonary arterial hypertension (PAH). Our study
attempted to identify novel differentially co-expressed genes and to investigate the features of immune cell infiltration in PAH.
Material and methods: The GSE113439 and GSE117261 datasets were acquired from the Gene Expression Omnibus (GEO) database. The differentially
expressed genes (DEGs) between the PAH and control groups were identified
based on the GSE117261 dataset. Weighted gene co-expression network
analysis (WGCNA) was used to analyze the pre-processed data. Functional
enrichment analysis was then carried out to explore the biological functions
of these gene modules. The differentially co-expressed key gene modules
were verified in-depth by GEO2R analysis. The immune infiltration in PAH was
investigated by cell type identification by estimating relative subsets of rna
transcripts (CIBERSORT).
Results: The WGCNA analysis found 15 differentially co-expressed gene modules, with the blue module indicating the strongest positive link to PAH and the
green module indicating the strongest negative association with PAH. The kyoto
encyclopedia of genes and genomes (KEGG) pathway analysis showed that the
genes in the blue module were largely enriched in lysosome, complement, and
coagulation cascades, and others, whereas the genes in the green module were
primarily enriched in the chemokine signaling pathway, platelet activation, etc.
Integrin subunit alpha M (ITGAM) was identified as the differentially co-expressed key gene. Immune infiltration analysis by CIBERSORT showed the differences between the PAH and control groups or between the PAH subgroups.
Conclusions: ITGAM was considered a promising biomarker to discriminate
PAH from the controls. Obvious differences were observed in immune infiltration between patients with the PAH and normal groups, providing new insight into understanding the molecular mechanisms on PAH’s pathogenesis.
Key words: pulmonary arterial hypertension, differentially co-expressed
genes, weighted gene co-expression network analysis, functional
enrichment analysis, immune infiltration, cell type identification by
estimating relative subsets of RNA transcripts.

Introduction
Pulmonary arterial hypertension (PAH) is considered a progressive
cardiopulmonary disease in which increased pulmonary artery pressure
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causes right ventricle failure and premature death.
Pulmonary arterial hypertension is an extremely
burdensome disease with a poor long-term clinical prognosis. Despite advances in treatment,
PAH is still an incurable disease with high mortality and morbidity [1]. Recent research has
tried to reveal more novel pathogenic mechanisms to reverse PAH. Currently, the underlying
etiology of PAH and the potential key genes involved in this disease remain poorly understood
even though some genetic factors have been
found to participate in the PAH pathogenesis [2].
Moreover, mounting evidence has revealed that
inflammation has a fundamental role in the pathology of PAH [3]. Pulmonary arterial hyper
tension patients presented gathered immune
cells , which consist of dendritic cells (DCs), B and
T lymphocytes, etc, across blood. Also, some reports showed that the circulating levels of several chemokines and cytokines were increased [4].
Therefore, it is urgent to explore the key genes
with specific methods to uncover their molecular
mechanisms. Studies on the immune landscape
may also be valuable for developing novel approaches to treat PAH.
Currently, bioinformatics analysis has been
extensively applied to investigate the molecular
mechanisms of various diseases by analyzing the
potential changes in gene expression. Here, we
screened the differentially expressed genes (DEGs)
between the PAH and control groups and further
explored their potential biological functions. Considering that genes with similarly expressed patterns may display potential relations related to
function, exploring the expression profile of the related genes can contribute to understanding their
hidden details [5, 6]. Weighted gene co-expression
network analysis (WGCNA) has been applied to
unearth gene modules that were closely related to
systemic sclerosis-associated PAH (SSC-PAH) and
idiopathic PAH (IPAH) [7–9]. Based on this, we selected different gene chips to recognize more types
of PAH and expanded the sample size by merging
the chip data. We further analyzed the data using
the WGCNA to find gene modules closely related
to PAH. This is a comprehensive study utilizing the
WGCNA method to establish a co-expressed network to explore the underlying causes of PAH, providing a theoretical foundation for elucidating the
occurrence and development of PAH.
The Cell type identification by estimating relative subsets of RNA transcripts (CIBERSORT)
analysis tool has been employed to estimate the
composition of immune cells in different samples
using standardized gene expression data, with the
advantages of high resolution and quantification
towards multiple types of immune cells verified in
a variety of malignant neoplasms [10]. Immune in-
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filtration analysis by CIBERSORT was carried out
in PAH. For the first time, we adopted the CIBERSORT algorithm to systematically investigate the
immune infiltration of PAH.

Materials and methods
Microarray data preprocessing
The GSE113439 and GSE117261 datasets were
downloaded from the Gene Expression Omnibus
(GEO) database (http://www.ncbi.nlm.nih.gov/geo).
The GSE113439 dataset contained 26 lung tissue samples, including 6 IPAH, 8 associated PAH
(APAH), 1 chronic thromboembolic pulmonary
hypertension (CTEPH), and 11 normal controls.
The GSE117261 dataset contained 83 lung tissue
samples, including 32 IPAH, 17 APAH, 9 other PAH,
and 25 normal controls.
The GSE113439 and GSE117261 datasets were
based on the GPL6244 (Affymetrix Human Gene
1.0 ST Array [transcript (gene) version]) platform.
After removing the samples that did not meet the
requirements of this study, the two microarray data
were combined. The “SVA” R package was used
to eliminate the batch effects and other adverse
changes, and the “limma” R package was used to
normalize the microarray data.

Differentially expressed genes
identification
R software (version 3.5.1, https://www.r-project.
org) and the “limma” packages were exploited
to select the DEGs between the PAH and control
samples. Adjusted p-value <0.05 and |log2 fold
change (FC)| ≥ 0.5 were considered as the selection thresholds. The DEGs with log2 FC < 0 were
considered down-regulated, whereas those with
log2 FC > 0 were considered upregulated.

Construction of WGCNA network
and identification of modules
The “WGCNA” R package was applied to build
a co-expressed network [11]. Firstly, the samples
were clustered to determine whether evident
outliers existed. Secondly, the automatic network
construction function was applied to construct
a gene co-expressed network. The R function pickSoft Threshold was employed to determine the
soft thresholding power β, to which the co-expression similarity was heightened to obtain adjacency. Thirdly, the hierarchical clustering and dynamic
tree cutting function detection module was used.
Finally, gene significance (GS) and module identity
(MM) were calculated to associate the modules
with the clinical features. Genes with |GS| > 0.5 and
|MM| > 0.8 in the gene module network were highly correlated with clinical phenotype as module
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hub genes. The corresponding module genes were
extracted for further analysis. The cytoHubba
plug-in in Cytoscape was used for further screening of the key genes. Finally, the eigengene network was visualized.

Functional enrichment analysis
Gene Ontology (GO) enrichment analysis is
generally utilized in describing gene functions,
including molecular function (MF), biological
process (BP), or cellular component (CC) [12].
The Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analysis was conducted to identify the molecular interactions and
related networks [13]. The p-value < 0.05 meant
there was a significant statistical difference.

Identification and verification
of differentially co-expressed key genes
We defined the genes with |GS| > 0.5 and
|MM| > 0.8 in the gene module network that
were highly correlated with the clinical phenotype as the module hub genes. The cytoHubba
plug-in in Cytoscape was used for further screening key genes. The differentially co-expressed key
genes were obtained by complementing the DEG
analysis results. Through the GEO2R online analysis tool on the GEO website, the GSE15197 and
GSE38267 datasets were analyzed to verify the
differentially co-expressed key genes.

Immune infiltration analysis
The gene expression data from the GSE117261
dataset were normalized by the CIBERSORT algo
rithm. The ratio of 22 immune cells was then assessed and all samples were screened with the p-value <0.05. The percentages of the individual types
of immune cells in the samples were determined.
The difference in the immune cell infiltration between the PAH and control samples was determined by principal component analysis (PCA). The
“vioplot” R package was used to compare the levels of 22 immune cells between PAH and control
groups or between PAH subgroups. A correlation
heatmap, depicting the cross-relation of 22 immune cells, was drawn by the “corrplot” package
[14] of R software. The plots were visualized by
the “ggplot2” package [15].

Results
Data preprocessing and differentially
expressed genes identification
The top 25% of the genes in the variance were
screened for subsequent evaluation. First, the
missing values of the genes and samples were examined, and all genes passed the cut-oﬀ value.

Second, the samples were clustered to determine
whether there were obvious outliers. The cut-off
height was set to 65, and samples that did not
meet the standard were removed. Finally, after
excluding the unwanted samples, the remaining samples were re-clustered hierarchically and
combined with the clinical information to draw
a heatmap (Supplementary Figure S1). The results
suggested that PAH and normal lung tissues were
basically clustered reasonably and could be used
for subsequent analysis.
Based on previous criteria of |log2 FC| > 0.5 and
adjusted p-value < 0.05, we totally screened and
identified 318 DEGs, including 191 genes with
up-regulation and 127 genes with down-regulation in the PAH tissues compared with normal
tissues. All the DEGs are presented as the volcano
map (Supplementary Figure S2).

Construction of genes co-expressed
modules
To construct the gene co-expressed network,
we need to select soft thresholding power β to increase the co-expression similarity to this threshold to calculate adjacency. The soft threshold was
selected by approaching the criterion of scale-free
topology, that is, R2 of the scale-free topology model should be close to 0.9 and reach the platform
stage (Figure 1 A), and the mean connectivity
should be relatively high (Figure 1 B). Therefore,
6 was selected as the soft thresholding power β
value for subsequent analysis.
The one-step network construction function of
the “WGCNA” R package was employed to set up
the gene co-expressed network and identify the
gene modules. The minimum number of genes for
each module was set to 50, and the deep split was
set to 2 (indicating medium sensitivity). The dynamic splicing method was utilized to merge the
gene modules with a height below 0.25 (Supplementary Figure S3). Finally, 15 gene modules were
chosen and constructed (Figure 2).
We analyzed the relationships between the
established modules and mapped them. The topological overlap matrix (TOM) of all genes used
for the WGCNA analysis was shown on the heat
map (Supplementary Figure S4). The lighter the
color, the lower the degree of overlap, whereas the
darker the color, the higher the degree of overlap.
The results of the analysis showed that gene expression was comparatively independent amongst
the modules.
We investigated in depth the association between pairwise gene co-expressed modules. We
clustered analysis of eigengenes. The results indicated that 15 modules could be divided into
two clusters and that four combinations (cyan
and salmon modules, pink and turquoise mod-
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Figure 1. Analysis of the scale-free topology model fit index R2 (A) and the mean connectivity (B) of the soft thresholding power β values
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Figure 2. The cluster dendrogram of genes. Each branch represents one gene. Each color represents one co-expressed
module

ules, blue and magenta modules, black and yellow
modules) had a high degree of interactive connectivity (Supplementary Figure S5).

Identifying key modules
Through the correlation analysis between the
gene modules and clinical information, we discovered gene modules related to the traits of the
research object. The results showed that the blue
module presented the highest positive correlation
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with PAH (r = 0.58, p-value < 0.05), and the green
module had the highest negative correlation with
PAH (r = –0.59, p-value < 0.05) (Figure 3).

Functional analysis of the key module
GO and KEGG analyses were performed on the
genes in the blue module and the green module,
respectively. GO enrichment histograms showed
the top enriched functions of the blue module and
green genes. The GO enrichment analysis showed
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Figure 3. Heatmap of the correlation between gene modules and clinical information. The p-value is displayed in
each color unit (red and green indicate positive and negative correlations, respectively)
PAH – pulmonary arterial hypertension, IPAH – idiopathic pulmonary arterial hypertension, APAH – associated pulmonary arterial
hypertension

that the blue module genes were mainly associated with the maintenance of location in the cell,
maintenance of location, glial cell migration, regulation of macrophage migration, macrophage migration, and sensory perception of taste in the BP
terms; cell adhesion molecule binding, phosphoric
ester hydrolase activity, and actin-binding in the
MF terms; and apical part of the cell, basolateral
plasma membrane, actin-based cell projection,
and filopodium in the CC terms (Figure 4 A). The
GO enrichment analysis of the green module genes
showed that they were primarily involved in neutrophil activation, neutrophil activation involved in
immune response, neutrophil degranulation, neutrophil mediated immunity and leukocyte migration in the BP terms; immune receptor activity, carbohydrate binding, cytokine receptor activity and
cytokine binding in the MF terms; secretory granule, tertiary granule, specific granule, cytoplasmic
vesicle lumen, secretory granule lumen, and vesicle
lumen in the CC terms (Figure 4 B). It was found
that maintenance of location was the most abundant BP, the apical part of the cell was the most
abundant CC, while cell adhesion molecule binding
was the most abundant MF regarding blue module genes (Figure 4 A). The GO analysis of green
module genes showed that the most abundant
biological process was neutrophil activation, the
most abundant cellular component was secretory
granules, while the most abundant molecular function was immune receptor activity (Figure 4 B). The
KEGG pathway analysis showed that blue module
genes were significantly enriched in herpes simplex virus 1 infection lysosome, taste transduction,
complement and coagulation cascades (Figure 5 A).

KEGG pathway analysis showed that the green
module genes were significantly enriched in osteoclast differentiation, B cell receptor signaling pathway, chemokine signaling pathway, phagosome,
tuberculosis, leishmaniasis, lysosome, pathogenic
Escherichia coli infection, and so on (Figure 5 B).
The KEGG pathway analysis showed that the
genes in the blue module and green module were
mainly involved in lysosome, and complement and
coagulation cascades.

Screening and identifying the differentially
co-expressed key genes
We applied GS to determine the degree of association between genes and external information.
We screened 12 blue module hub genes (Figure
6 A, Table I) and 12 green module hub genes (Figure 6 B, Table II). The cytoHubba plugin was utilized to identify the top 10 genes of degree in the
blue module and the green module (Figure 6 C, D).
We defined the common genes of the module hub
gene and the top ten genes of degree in the modules
as the key genes for co-expression in the module.
Two co-expressed key genes in the blue modules
were S-phase cyclinA associated protein residing
in the endoplasmic reticulum (SCAPER), and luc-7
like protein 3 (LUC7L3). Five co-expressed key
genes in the green modules were integrin subunit
alpha M (ITGAM), beta-arrestin 2 (ARRB2), leukocyte immunoglobulin-like receptor B3 (LILRB3),
lucose-6-phosphate dehydrogenase (G6PD), and
leucine rich repeat-containing 25 (LRRC25).
The VENN online website was used to determine the differentially co-expressed key genes.
Finally, we obtained 3 differentially co-expressed
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Figure 4. Gene ontology (GO) enrichment analysis of genes in the gene co-expressed modules. The horizontal axis
is the number of genes enriched to each GO entry A – blue module genes. B – green module genes

key genes in the green modules: ITGAM, ARRB2,
LILRB3 (Figure 6 E).
GSE15197 and GSE38267 were further used
to verify the three differentially co-expressed key
genes. We selected the lung tissue from 18 PAH
patients and 13 normal controls in GSE15197 chip
data for GEO2R online analysis (Supplementary
Figure S6). We found the expression of the ITGAM
gene in the GSE15197 chip data with log2 FC <
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–0.5 (log2 FC = –0.57, 344) and p-value < 0.05).
Then, we selected peripheral blood from 13 PAH
patients and 28 normal controls in the GSE38267
chip data for GEO2R online analysis (Supplementary Figure S7) and found the expression of the
ITGAM gene in GSE38267 with log2 FC < –0.5 (log2FC = –0.51, 242) and p-value < 0.05.
The ITGAM mRNA levels in the PAH lung tissue
and peripheral blood were lower than that of the
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healthy controls, implying that ITGAM may have
a potential role in the PAH’s occurrence and development. Taking the evidence together, we identified
ITGAM as the differentially co-expressed key gene
that which was lowly expressed in both the lung tissue and peripheral blood of PAH patients.

Immune infiltration analysis
Due to technical limitations, PAH immune infiltration is still unclear, particularly in PAH subpopulations with low cell abundance. Utilizing the
CIBERSORT algorithm, we explored the differences
of 22 immune cell subpopulations in lung tissue
between the PAH and control groups. The general outline of the analysis results from 35 controls
and 71 PAH patients is shown in Figure 7 A. Principal component analysis analysis suggested that
the immune cell proportion from the lung tissues
of the PAH patients and controls exhibited distinct
group-bias clustering and individual differences
(Figure 7 B). Compared with normal lung tissues,
PAH lung tissues presented a higher proportion of
CD8+ T cells, resting memory CD4+ T cells, gamma
delta T cells, activated DCs, resting mast cells, and

eosinophils, while they possessed a lower proportion of naive CD4+ T cells, activated memory CD4+
T cells, resting nature killer (NK) cells, monocytes,
and neutrophils (Figure 7 C, p-value < 0.05). Further
subgroup analysis revealed that the proportion of
CD8+ T cells in the IPAH group was higher than that
in the APAH group (Figure 7 D, p-value < 0.05).

Discussion
PAH is a serious cardiovascular disease with
a complex pathogenesis and its molecular mechanism has not been fully elucidated. Genetic dysfunction is generally considered as the underlying
pathogenesis of PAH, and immune disorders also
play an important role in disease progression. In
recent years, the research on gene dysfunction
and the immune landscape of PAH has attracted
unprecedented attention, which may be conducive to ameliorate the poor treatment effect. Here,
we specifically focused on the gene expression
and immune landscape between PAH and control
samples, giving a new hint of exploring the molecular mechanism of PAH and discovering the key
factors affecting its occurrence and development.
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Figure 6. Screening and identifying the differentially co-expressed key genes. A – The screened
12 blue module hub genes. B – the screened 12
green module hub genes. C – Screening of the top
ten genes of degree in blue module using the CytoHubba plugin. D – Screening of the top 10 genes of
degree in green module by the CytoHubba plugin.
E – the Venn map of co-expressed key genes and
differentially expressed genes

weighted networks, WGCNA is more comprehensive and qualified to create weighted or unweighted association networks [11]. The CIBERSORT
algorithm uses 547 genes to distinguish 22 different types of immune cells with high sensitivity and
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Table I. The 12 hub genes in blue module
Probes

Module color

GS.PAH

p.GS.PAH

MMblue

p.MMblue

VPS13A

Blue

0.547811

1.22E-09

0.830276

3.71E-28

AGTRAP

Blue

–0.5512

9.20E-10

–0.83476

1.04E-28

NBEAL1

Blue

0.551959

8.63E-10

0.8099

7.71E-26

SCAPER

Blue

0.549586

1.05E-09

0.867366

2.72E-33

DOPEY1

Blue

0.506172

3.11E-08

0.814168

2.66E-26

RHOG

Blue

–0.58842

3.29E-11

–0.87393

2.31E-34

FLOT2

Blue

–0.58497

4.56E-11

–0.82804

6.89E-28

MPDU1

Blue

–0.54869

1.13E-09

–0.81861

8.55E-27

LUC7L3

Blue

0.569328

1.91E-10

0.864249

8.38E-33

COPE

Blue

–0.58714

3.71E-11

–0.84621

3.39E-30

PNISR

Blue

0.511706

2.07E-08

0.837581

4.59E-29

BRWD1

Blue

0.548787

1.13E-09

0.832459

2.01E-28

Table II. The 12 hub genes in green module
Probes

Module color

GS.Control

p.GS.Control

MMgreen

p.MMgreen

LILRB3

Green

0.556664

5.79E-10

0.889993

2.96E-37

G6PD

Green

0.581212

6.48E-11

0.809718

8.06E-26

ITGAM

Green

0.535771

3.26E-09

0.867758

2.36E-33

STXBP2

Green

0.527496

6.25E-09

0.80182

5.37E-25

SIGLEC9

Green

0.516197

1.48E-08

0.891822

1.30E-37

ARRB2

Green

0.652382

3.56E-14

0.819444

6.88E-27

TALDO1

Green

0.659029

1.59E-14

0.802223

4.89E-25

MYO1F

Green

0.555813

6.22E-10

0.8547

2.22E-31

NCF4

Green

0.553257

7.73E-10

0.804626

2.77E-25

TLR8

Green

0.528193

5.92E-09

0.833341

1.56E-28

APBB1IP

Green

0.524127

8.12E-09

0.830303

3.68E-28

LRRC25

Green

0.512548

1.95E-08

0.833617

1.44E-28

specificity, which is superior to other algorithms. In
our study, we applied the WGCNA method to obtain
the gene co-expressed network, screen the differentially co-expressed key genes, and verify them
using other gene chips. The CIBERSORT algorithm
was then used to probe for the immune infiltration
between the PAH and control groups or between
the PAH subgroups.
Through the in-depth and systematic analysis of the merged and preprocessed datasets of
GSE113439 and GSE117261, we found that the
blue module had the strongest positive correlation
with PAH, and the green module had the strongest
negative correlation with PAH.
GO analysis of the blue module genes indicated
that cell adhesion molecule binding was involved
in PAH’s occurrence. The cell adhesion molecule
serves as the molecular basis in a variety of important physiological and pathological processes, such
as immune response, inflammation, coagulation,
tumor metastasis, and wound healing. GO analysis

of the green module genes indicated that neutrophil activation occurred in the process of PAH. Studies have shown that monocrotaline -induced PAH in
rats was related to increased activation and interaction of platelets and leukocytes in vivo, and these
changes were maintained from the early stage to
the late stage of PAH [16]. Recent experiments
have revealed the link between pulmonary vascular remodeling and the formation of neutrophil extracellular traps (NETs), which displayed important
roles in lung inflammation and autoimmune diseases [17]. In addition, neutral granulocytes could
modulate the formation of bronchus-associated
lymphoid tissue (BALT), and the formation of BALT
was related to the progression of PAH [18]. KEGG
analysis showed that lysosome, complement and
coagulation cascades were important pathways
for PAH. Studies have shown that chloroquine can
inhibit the autophilic pathway and increase the
expression of bone morphogenetic protein type
II receptor (BMPR-II) through inhibiting lysosome
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activity to prevent the progress of experimental
pulmonary hypertension [19]. Another study found
that the damage from endothelin-1 (ET-1) degradation caused by dysfunctional lysosomes may
be associated with the occurrence of some pulmonary hypertension [20]. The over-activation of
blood coagulation and complement was evident
in many diseases, including atherosclerosis, diabetes, venous thromboembolic diseases, thrombotic
microangiopathy, arthritis, carcinoma, and infectious diseases. A proteomics study on the effect of
osthole on the treatment of pulmonary hypertension supported that complement and coagulation
cascades may be involved in the process of PAH
[21]. KEGG analysis also showed that the chemokine signaling pathway and platelet activation are
important pathways of PAH. Chemokine signalings
and their receptor families such as CXCL12/CXCR4
[22, 23], CXCL10/CXCR3 [24, 25], CCL2/CCR2 [26],
CX3CL1/CX3CR1 [27, 28], and others are widely in-
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Figure 7. The immune infiltration landscape.
A – The relative percentage of 22 immune cell
subpopulations in lung tissue between pulmonary
arterial hypertension (PAH)patients and normal
controls. B – Principal component analysis analysis
of the proportion of immune cells from the lung tissues of PAH patients and normal control

volved in the occurrence and development of PAH.
On the one hand, it allows immune cells to migrate
to the inflammation site and mediates the process
of pulmonary vascular remodeling, including boosting the proliferation, migration of pulmonary artery
cells, and the expression of cytokines. On the other
hand, chemokines also actively participate in the upstream and downstream signaling pathways of BMPR-II, accelerating disease progression [29]. Studies
have shown that the in-situ thrombosis caused by
the activation of platelets may be associated with
the progressive pulmonary vascular changes in patients with falcate disease and hemolytic associated
pulmonary hypertension [30, 31]. Platelet abnormalities and abnormal platelet activation are important factors in the progression of PAH because they
all contribute to pulmonary artery thrombosis and
cause vascular remodeling [32].
We discovered a differentially co-expressed
key gene related to PAH: ITGAM. The ITGAM
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Figure 7. Cont. C – Different immune cell infiltration between normal lung tissue and pulmonary arterial hypertension (PAH) lung tissue. Blue color and red color indicate the control group and the PAH group, respectively.
D – Different immune cell infiltration between idiopathic pulmonary arterial hypertension (IPAH) group and associated pulmonary arterial hypertension (APAH) group. Blue color and red color represent the IPAH group and APAH
group, respectively. P-value < 0.05 means statistically significant difference

gene encodes the integrin αM chain. Integrin
αMβ2 plays an important role in the adhesion
of neutrophils and monocytes to stimulated endothelial cells and in the phagocytosis of complement coated particles. Studies have shown
that ITGAM was linked to various autoimmune

diseases, such as systemic lupus erythematosus (SLE) [33, 34], systemic sclerosis (SSc) [35],
female psoriasis [36], lgA nephropathy [37],
and so on. ITGAM deficiency may up-regulate the
production of IL-6 by antigen presenting cell (APC)
cells and induce the preferential differentiation of
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naive T cells into Th17 cells, which may lead to
the occurrence of certain autoimmune diseases
[38, 39]. A study showed that the ITGAM mRNA
level in SLE patients was greatly lower than that
in healthy controls, suggesting that ITGAM has
a potential role in SLE’s pathogenesis and development [40]. PAH is a complication of connective tissue diseases (CTDs), such as SSc, SLE, and
mixed CTDs. A rare missense mutation identified
in ITGAM (p.E1071D) was related to persistent
pulmonary hypertension (PPHN) in newborns.
A previous study showed that during pulmonary
hypertension, integrins were differentially modulated in pulmonary artery smooth muscle cells
[41]. Nevertheless, it was not well understood
how this integrin was involved in PAH or PPHN or
whether the mutation of ITGAM was a protective
or detrimental factor. As Jiang et al. described,
platelet-mediated mesenchymal stem cell homing
to the lung can result in the reduction of monocrotaline-induced rat pulmonary hypertension
[42]. The latest study showed that ITGAM could
regulate thrombosis through the interplay with
platelet GPIb [43], implying that it perhaps exerts
a protective function against thrombosis.
The immune landscape provides a deeper understanding of the inflammatory components of
the pathogenesis of PAH. As previously described,
the peripheral blood of IPAH patients displayed
fewer CD8+ T cells and more T regulatory cells
compared with the healthy controls. Additionally,
compared with the control group, the number of
mast cells has higher in the pulmonary arteries
of IPAH, and these cells were probably involved in
vascular remodeling [41]. Our study showed that
PAH patients had a higher level of CD8+ T cells,
resting memory CD4+ T cells, gamma delta T cells,
activated DCs, and resting mast cells, and a lower
level of naïve CD4+ T cells, monocytes, M0 macrophages, activated mast cells, and neutrophils
compared with the control people. Unlike the previous results, this could be due to the CIBERSORT
algorithm, which is prone to systematically overestimate or underestimate the cell type, despite
with a fairly lower estimation bias.
There are several limitations to this study. The
sample size is a little small, so we should enlarge
the sample size in the future. In addition, molecular biology methods should be used to verify the
findings, and further in vivo and in vitro studies
are needed to consolidate our conclusion. Despite
the current limitations, our discovery highlights
potential genes and sheds new light on understanding the mechanisms of PAH.

Conclusions
This is a study using the WGCNA method to
acquire a co-expression network to explore the
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underlying causes of PAH. Here, we identified
the differentially co-expressed key gene that can
be further studied to determine the molecular
mechanism of PAH. This study, for the first time,
employed the CIBERSORT algorithm to comprehensively discuss the immune infiltration of PAH.
Our findings shed new light on the mechanisms
of PAH.
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