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Abstract

Background Atherosclerosis (AS) is a chronic inflammatory disease that might induce severe cardiovascular events,
such as myocardial infarction and cerebral infarction. These risk factors in the pathogenesis of AS remain uncertain
and further research is needed. This study aims to explore the potential molecular mechanisms of AS by bioinformat-
ics analyses.

Methods GSE100927 gene expression profiles, including 69 AS samples and 35 healthy controls, were downloaded
from Gene Expression Omnibus database and indenfied for key genes and pathways in AS.

Results A total of 443 differentially expressed genes (DEGs) between control and AS were identified, including 323
down-regulated genes and 120 up-regulated genes. The Gene ontology terms enriched by the up-regulated DEGs
were associated with the regulation of leukocyte activation, endocytic vesicle, and cytokine binding, while the down-
regulated DEGs were associated with negative regulation of cell growth, extracellular matrix, and G protein-coupled
receptor binding. KEGG pathway analysis showed that the up-regulated DEGs were enriched in Osteoclast differen-
tiation and Phagosome, while the down-regulated DEGs were enriched in vascular smooth muscle contraction and
cGMP-PKG signaling pathway. Using the modular analysis of Cytoscape, we identified 3 modules mainly involved in
Leishmaniasis and Osteoclast differentiation. The GSEA analysis showed the up-regulated gene sets were enriched in
the ribosome, ascorbated metabolism, and propanoate metabolism. The LASSO Cox regression analysis showed the
top 3 genes were TNF, CX3CR1, and COL1R1. Finally, we found these immune cells were conferred significantly higher
infiltrating density in the AS group.

Conclusions Our data showed the pathway of Osteoclast differentiation and Leishmaniasis was involved in the AS
process and we developed a three-gene model base on the prognosis of AS. These findings clarified the gene regula-
tory network of AS and may provide a novel target for AS therapy.
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Introduction

Atherosclerosis is one of the most common diseases
in the cardiovascular system, which threatens human
health. The vascular disease causes many vascular com-
plications affecting the cardiovascular system [1, 2]. AS
mainly affects the large and medium-sized arteries, and
ultimately causes the reduction in arterial inflow or loss
of organs, resulting in cells or tissues atrophy/necrosis.
As we know, atherosclerotic plaque leads to stenosis and
the vulnerability of plaque rupture of a coronary artery,
which contributes to the increased risk of cardiovascular
events and morbidity and mortality.

The pathological manifestations of AS exhibit the for-
mation of fatty-fibrous plaque, including the adhesion
of activated leukocytes, the proliferation of vascular
smooth muscle cells (VSMC), and the degradation of
the extracellular matrix, angiogenesis, and calcification.
Advanced atherosclerotic plaques developed a morpho-
logically fibrous cap composed of VSMCs proliferating
and migrating from the vessel wall into the plaque. Our
previous studies have reported that pathophysiological
factors were involved in the development of AS, includ-
ing the phenotypic switch of VMSC, the source of oxida-
tive stress, and mitochondrial injury [3, 4].

Atherosclerosis is primarily a chronic inflammatory
disease of the arterial wall response to injury, which is
mediated by the oxidized low-density lipoprotein (LDL)
[5]. In acute artery injury, the endothelial cytokine and
the leukocyte adhesion promote the extravasation of
monocyte into the sub-endothelial space [6]. Mezent-
sev reported that desialylation of lipoproteins was an
important risk factor in AS and that desialylation of LDL
causes the uncontrolled accumulation of lipids by the
artery cells [7]. Bezsonov reported that mitochondrial
DNA (mtDNA) mutations are associated with AS using
leukocytes of atherosclerotic patients [8]. However, the
molecular mechanisms involved in the AS process are
incompletely understood.

More research will be needed in the public health and
medical field and might reduce the incidence and mor-
tality. Given that microarray analysis can provide an
enormous amount of data about gene expression, these
analysis methods have been used to predict novel prog-
nostic markers and therapeutic targets [9]. In the cur-
rent study, we downloaded the microarray dataset,
GSE100927, from the NCBI-Gene Expression Omni-
bus database (GEO). The GSE100927 dataset contained
69 AS samples and 35 control samples. Differentially
expressed genes (DEGs) were analyzed, and the pathway
and Gene ontology enrichment analyses were identified.
Furthermore, protein—protein interaction (PPI) net-
works and modular analysis were constructed to identify
hub genes. The module genes were enriched in KEGG
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pathways. Predictors were identified using the LASSO
procedure and inserted into multivariate logistic regres-
sion models. We identified the different infiltration of
immune cell types between the two groups. These results
may provide new insights into the mechanism and pre-
treatment of AS.

Methods

Data download

We used the ‘GEOquery’ package of R software (4.0.2
version) to download the GSE100927 microarray data
from the GEO database. The GSE100927 data set was
based on the GPL17077 platform and contained 104 sam-
ples, including 69 atherosclerotic arteries and 35 healthy
arteries.

Differentially expressed genes (DEGs) identification

The raw data of GSE100927 was read by the afty package
in R (version 3.6.1) and the rate monotonic algorithm was
used for the background correction and data normaliza-
tion. Hierarchical clustering analysis was used to group
into 2 similar expression patterns of AS arteries and con-
trol. The principal component analysis (PCA) was per-
formed to define probe quality control by the “stats” R
package. DEGs were screened by the “limma” package.
The cut-off criterion for statistically significant DEGs was
determined as |log2FC|>1 and P value <0.05. The signifi-
cant DEGs volcano map was drawn using the “ggplot2”
package. The 15 top up-regulated and down-regulated
genes were drawn using the “heatmap” package.

Functional enrichment GO and KEGG analysis

Candidate genes enriched functions and pathways were
identified by using the online DAVID tool (https://david.
ncifcrf.gov/) [10], which was a free online tool that per-
formed gene annotation and integrated discovery func-
tion. Gene ontology analysis (GO) is a common method
for the annotation of gene products; it is also able to
decide the defining biological characteristics of high-
throughput genomic data. The Kyoto Encyclopedia of
Genes and Genomes (KEGQG) is a genetic function data-
base that links functional information [11-13]. Both a
P <0.05 and a false discovery rate (FDR) <0.05 (0.25) were
considered to indicate statistical significance.

PPl network and modular analysis

These significant DEGs were conducted in the STRING
database (http://string-db.org) to evaluate the relation-
ships of DEGs through protein—protein interaction (PPI)
information [14]. The information on protein interaction
relationship was imported into the Cytoscape software
[15], which calculated the relationship between DEG
encoding proteins in AS. Node degree was analyzed by
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the Network Analyzer plug-in, which determined the
number of interconnections of PPI hub genes. Molecular
complex detection (MCODE) was used to select PPI net-
work modules on Cytoscape. The MCODE modules were
more than 10 scores which were selected candidates. The
nodules of module 1 were conducted for pathway enrich-
ment analyses. Both a P<0.05 and a false discovery rate
(FDR) <0.05 (0.25) were considered to indicate statistical
significance.

Enrichment analysis of gene ontology and KEGG by gene
set enrichment analysis (GSEA).

The gene sequences were downloaded from the
GSE100927 dataset. GSEA was used to analyze all gene
sequences of the samples from two groups [16], and
all genes were sequenced to indicate the trend of gene
expression level between the two groups. We conducted
GESA analysis and sorted genes according to the algo-
rithm after importing gene annotation files and reference
function sets, and then we get a gene sequence table. The
GESA software analyzed all gene positions and accumu-
lated them to get enrichment scores.

Screening and verification of diagnostic markers

We used Least Absolute Shrinkage and Selection Opera-
tor (LASSO) logistic regression to perform feature selec-
tion to screen diagnostic markers for AS arteries [17].
The expression matrix data of GSE100927 were validated
as independent matrix data and the diagnostic efficiency
was verified as diagnostic markers. The LASSO algorithm
was analyzed with the “glmnet” package. The LASSO Cox
regression selected the AS features in the model. The
LASSO cox regression model was based on the optimal
lambda value in the RPI score for each patient. We found
the 13 marker genes by using the LASSO cox regression
model by the minimum criteria. We combined the genes
from LASSO algorithms for further analysis. P<0.05 was
thought to be statistically significant.

The abundance of immune cells in two groups

We analyzed the fractions of immune cells in each sam-
ple by CIBERSORT [18]. We performed a Wilcoxon
rank-sum test to analyze these immune cells in the two
groups. The differential densities of immune cells were
shown and the differential colors were represented from
low to high infiltrating levels.

Statistical analysis

Data were expressed as means=+SD. Student’s paired
t-test analyses were performed in two groups. The signifi-
cant differences were considered when P <0.05. R version
4.0.2 was applied to perform the analysis.
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Results

DEG identification

DEGs were separately identified to analyze the microar-
ray data of GSE100927 from each chip. Figure 1A showed
the PCA analysis between AS group and the control
group. using|logFC|>1 and P <0.05 as the threshold cut-
off points, 443 genes were highlighted. Among these, 323
genes were up-regulated and 120 genes were down-regu-
lated in the AS group compared with the control group.
The volcano diagram of 443 DEGs is presented in Fig. 1B.
Figure 1C showed a heatmap of the top 15 up-regulated
and top 15 down-regulated genes.

GO term enrichment analyses and KEGG pathway analyses
GO and KEGG pathway enrichment analysis of DEGs
were performed by using the DAVID online databases.
DEGs were classified into biological processes (BP), cellu-
lar components (CC), and molecular functions (MF). The
top 7 GO enrichment analysis results of DEGs were listed
in Fig. 2. The up-regulated genes were mainly enriched
in muscle contraction, negative regulation of BMP sign-
aling pathway, and negative regulation of cell growth In
BP, while the down-regulated DEGs were significantly
enriched in BP such as immune response, inflammatory
response, and innate immune response (Fig. 2A). The
CC analysis demonstrated that the up-regulated genes
were significantly enriched in proteinaceous extracellu-
lar matrix, extracellular space, extracellular matrix and
region, while the down-regulated genes of DEGs were
significantly enriched in MHC class II protein complex,
plasma membrane, and endocytic vesicle membrane
(Fig. 2B). In addition, MF analysis showed that the up-
regulated genes in DEGs were enriched in structural
constituent of muscle, fibronectin binding, and heparin
binding, while the down-regulated genes were enriched
in MHC class II receptor activity, peptide antigen bind-
ing, and serine-type endopeptidase activity (Fig. 2C).
Figure 2D showed the significant enrichment pathways
of the up-regulated DEGs and down-regulated DEGs
analyzed by KEGG analysis. The up-regulated DEGs were
significantly enriched in vascular smooth muscle con-
traction and ¢cGMP-PKG signaling pathway, while the
down-regulated DEGs were enriched in Leishmaniasis,
Tuberculosis, Phagosome, and Osteoclast differentiation.

Identification of hub genes and modular screening

We employed the STRING online database to construct
a protein—protein interaction (PPI) network of DEGs.
DEGs were imported into the STRING database and a
total of 421 nodes and 3529 edges were obtained with
a scoring value >0.4 (Fig. 3A). The cytoHubba plugin of
Cytoscape software was used to identify hub genes in the
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Fig. 1 The DEGs identification of the GSE100927 dataset. A Prmopal component analysis (PCA) plot. B The volcano map of DEGs. When the
threshold cutoff points were |logFC|>1 and P<0.05, 323 up-regulated genes (red) and 120 down-regulated genes (blue) were shown. The top 10
gene names were labeled. C The heatmap of the top 15 up-regulated genes and the top 15 down-regulated genes were presented

PPI network. The top 10 hub genes with higher degrees
of connectivity were PTPRC, TYROBP, TNEF, ITGAM,
SPI1, LCP2, CSFIR, TLR2, CCR5, and ITGAX. The
higher degree and closeness of the top 10 hub genes were
listed in Table 1.

Furthermore, the MCODE plugin of Cytoscape was
used to identify gene cluster modules and 6 significant
gene cluster modules were obtained. The top 3 key mod-
ules from the PPI network were selected: Module 1(sig-
nificant gene cluster) contained 34 nodes and 361 edges
with a score of 21.87. The top 7 genes were ITGAM,
TLR1, CCR5, ITGAX, TNFE, CD68, and CCR2 (Fig. 3B).
Module 2 comprised 41 nodes and 288 edges with a score

of 14.40. The top 7 genes were HLA-DPA1, HLA-DQALI,
HLA-DBP1, HLA-DQBI1, HLA-DRB5, HLA-DQB2, and
HLA-DQA2 (Fig. 3C). Module 3 consisted of 40 nodes
and 180 edges with a score of 9.23. The top 7 genes were
CD53, CYBA, VAMP8, ADAMS, LAIR1, CD36, and
STK10 (Fig. 3D).

Identification of KEGG pathway analyses of the top 3
Modules

The top 3 modules with high scores indicated that they
may play an important role in the PPI network. KEGG
pathway terms of these genes for the top 3 modules were
analyzed using DAVID online software. The enrichment
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Fig. 2 the significantly enriched GO and KEGG pathway in GSE100927. A BP analysis showed the top 7 terms in the up-regulated genes (upper)
and the down-regulated genes(bottom), B CC analysis showed the top 7 terms in the up-regulated genes(upper) and the down-regulated
genes(bottom). C MF analysis showed the top 7 terms in the up-regulated genes(upper) and the down-regulated genes(bottom). D The KEGG
pathway analysis showed two terms in the up-regulated genes(upper) and showed the top 7 terms in the down-regulated genes(bottom)

analysis results showed that Module 1 enriched 37
KEGG pathways (Additional file 1: Table S1), Mod-
ule 2 enriched 35 KEGG pathways (Additional file 1:
Table S2), and Module 3 enriched 14 KEGG path-
ways (Additional file 1: Table S3). Module 1 was mainly

enriched in cytokine-cytokine receptor interaction, Per-
tussis, Chemokine signaling pathway, and Tuberculosis
(Fig. 4A). Module 2 was mainly enriched in Staphylococ-
cus aureus infection, Antigen processing and presenta-
tion, Tuberculosis, and phagosome (Fig. 4B). Module 3
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Fig. 3 PPl networks of DEGs and key modules. A 421 DEGs were filtered into the STRING online database; B Module 1 comprises 34 nodes and
111 edges; C Module 2 comprises 41 nodes and 15 edges; D Module 3 comprises 40 nodes and 18 edges; the top 3 modules showed the top 7

important genes from each module

was mainly enriched in phagosome and osteoclast differ-
entiation, respectively (Fig. 4C). Furthermore, we found
four common KEGG pathways that were Leishmaniasis,
phagosome, Hematopoietic cell lineage, and Osteoclast
differentiation in the top 3 modules (Fig. 4D).

Function and enrichment analysis of GSEA.
The DEG expression profile of GSE100927 was
uploaded into Gene Set Enrichment Analysis (GSEA)

software. GSEA analysis showed that 122/186 gene
sets were up-regulated, while 64/186 gene sets were
down-regulated between AS group and the control
group. Table 2 ranks the most significant enrich-
ments in the up-regulated gene sets (NES>0.8
and P value<0.05) and down-regulated gene sets
(NES<—1.3 and P value <0.05) based on normalized
enrichment score (NES). We presented the top 4 most
significant plots in the up-regulated (Fig. 5A) and in
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Table 1 10 hub genes identified by Cytohubba

Hub gene Degree Closeness Betweenness Stress Clustering logFC P Value
Coefficient
PTPRC 121 229 9277 126,404 0.250 —-1.228 6.93E—-17
TYROBP 112 222 6619 96,570 0.257 —1.572 261E-17
TNF 106 223 17,237 178,086 0.221 —1.458 2.31E-23
ITGAM 101 217 4327 72,320 0.300 —1.483 1.20E-16
SPI1 97 214 5750 74,026 0.290 —1.536 261E-19
LCP2 90 209 3011 53,996 0.301 —-1326 9.36E-19
CSF1R 81 206 4427 70,286 0339 -1614 3.17E-23
CCR5 77 204 3087 59,934 0.370 —1.652 2.28E—-20
TLR2 77 204 1898 44,128 0.381 —-1.035 847E-11
ITGAX 76 203 1619 31,974 0.356 —-1.327 3.06E—-12
A B
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Fig. 4 The KEGG analyses of the top 3 modules. A KEGG pathway enrichment analysis of module 1 was associated with 37 KEGG pathways and
showed the top 10 pathways. B Module 2 was associated with 35 KEGG pathways and showed the top 10 pathways. C Module 3 was associated
with 14 KEGG pathways and showed the top 10 pathways. D The 4 common KEGG pathways of the top 3 modules were shown by Venn diagram

the down-regulated gene set (Fig. 5B). The up-reg- for N-glycanbiosynthesis, rig-I-like receptor signaling
ulated gene sets were significantly enriched for ribo- pathway, base excision repair, and toll-like receptor
some, ascorbated and aldarate metabolism, propanoate  signaling pathway, receptively.

metabolism, and cardiac muscle contraction, while the

down-regulated gene sets were significantly enriched
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Table 2 KEGG pathway enrichment analysis of DEGs in AS group and control group using GSEA. ES: Enrichment Score; NES:

Normalized Enrichment Score

Gene set name ES NES P value Count
The GESA analysis for control

KEGG_RIBOSOME 0.545 1.759 0.024 80
KEGG_ASCORBATE_AND_ALDARATE_METABOLISM 0.691 1.579 0.021 15
KEGG_PROPANOATE_METABOLISM 0.552 1.564 0.017 29
KEGG_CARDIAC_MUSCLE_CONTRACTION 0.504 1.549 0.021 68
KEGG_TIGHT_JUNCTION 0423 1.445 0.046 126
The GESA analysis for AS

KEGG_N_GLYCAN_BIOSYNTHESIS —0.595 —1.782 0.006 43
KEGG_RIG_I_LIKE_RECEPTOR_SIGNALING_PATHWAY —0.608 —1.769 0.002 65
KEGG_BASE_EXCISION_REPAIR —0.535 —1.697 0012 32
KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY —0.706 - 163 0.002 94
KEGG_O_GLYCAN_BIOSYNTHESIS —-0.7 —1.629 0.004 24
KEGG_NON_SMALL_CELL_LUNG_CANCER -05 - 1.627 0.004 53
KEGG_NATURAL_KILLER_CELL_MEDIATED_CYTOTOXICITY —0.691 - 1619 0.006 118
KEGG_T_CELL_RECEPTOR_SIGNALING_PATHWAY —0.663 —1.604 0.008 104
KEGG_APOPTOSIS - 0578 —1.602 0.025 85
KEGG_ENDOCYTOSIS — 0445 —1.585 0.006 166
KEGG_ACUTE_MYELOID_LEUKEMIA —0.537 - 1579 0012 56
KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_HEPARAN_SULFATE —0.621 - 1571 0.006 25
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION -0728 —1.568 0.01 77
KEGG_EPITHELIAL_CELL_SIGNALING_IN_HELICOBACTER_PYLORI_INFECTION - 0627 — 1568 0.021 65
KEGG_B_CELL_RECEPTOR_SIGNALING_PATHWAY —0.703 —1.567 0.008 71
KEGG_FC_GAMMA_R_MEDIATED_PHAGOCYTOSIS - 061 —1.565 0.006 88
KEGG_SULFUR_METABOLISM -0.78 —1.564 0.002 1
KEGG_NOTCH_SIGNALING_PATHWAY - 0529 — 1558 0.029 45
KEGG_VIBRIO_CHOLERAE_INFECTION —0.581 — 1557 0.028 52
KEGG_PEROXISOME - 0415 —1.556 0.034 74
KEGG_ALZHEIMERS_DISEASE —-0382 — 1555 0013 139
KEGG_CYTOSOLIC_DNA_SENSING_PATHWAY — 0669 - 155 0.022 48
KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_LACTO_AND_NEOLACTO_SERIES - 0556 — 1549 0.019 25
KEGG_LEUKOCYTE_TRANSENDOTHELIAL_MIGRATION —0.583 — 1548 0.017 112
KEGG_THYROID_CANCER —0.524 — 1.544 0.025 29
KEGG_AUTOIMMUNE_THYROID_DISEASE —0.785 — 1533 0.006 47
KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_GLOBO_SERIES -0.759 — 1533 0.021 13
KEGG_PANTOTHENATE_AND_COA_BIOSYNTHESIS -0733 - 1529 0.008 15
KEGG_LYSOSOME - 0791 — 1.509 0.004 112
KEGG_CHEMOKINE_SIGNALING_PATHWAY —0.638 —-15 0.025 172
KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_GANGLIO_SERIES - 0577 - 1419 0.044 14
KEGG_PRIMARY_IMMUNODEFICIENCY —0.822 — 1415 0.029 35
KEGG_PHOSPHATIDYLINOSITOL_SIGNALING_SYSTEM -0376 —1.365 0.031 76

Screening and verification of diagnostic markers

To obtain the diagnostic markers genes, Least Abso-
lute Shrinkage and Selection Operator (LASSO) Cox
regression analysis was performed based on the gene
expression of DEGs. We used the LASSO logistic regres-
sion algorithm to screen the diagnostic markers from

443 DEGs. We randomly selected 70% of samples in
GSE10927 as the training set construction of the models
and the remaining 30% of samples as the test set (internal
validation set). A coefficient profile plot was produced
against the log (lambda) sequence. Selection of tuning
parameter (lambda) in the LASSO model used tenfold
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enrichment plots in the up-regulated gene sets: ribosome, protein export, ascorbated and aldarate metabolism, and propanoate metabolism. B
The enrichment plots in the down-regulated gene sets: N-glycanbiosynthesis, rig-I-like receptor signaling pathway, base excision repair, and toll-like

receptor signaling pathway

cross-validation via minimum criteria. Figure 6A,B show
the procedure of screening. We identified the 17 hub
genes (Table 3). The 17 hub genes were performed by the
multivariate Cox regression analysis to calculate the coef-
ficient of signature, which represented the weight of each
gene (Fig. 6C). In order to validate the robustness of the
top 3 genes signature, ROC analysis was performed for
the validation cohort. The area under the curve (AUC)
for TNF, CX3CRland COL1R1 was 0.96, 0.94, and 0.93,
respectively (Fig. 6D). These results indicated that the top
3-genes prognostic model has a high predictive ability of
AS.

Differential abundance of infiltrating immune cells in AS

The KEGG pathway enrichment analyses were related
to infection, such as Leishmaniasis, and phagosome. To
assess the potential associations, we analyzed the differ-
ent immune cell types between AS group and the con-
trol group. The heatmap presented the different immune
cell infiltration patterns between the two groups, where
the colors displayed the infiltration density (Fig. 7A).
In Addition, we utilized the Wilcoxon rank-sum test to
compare the difference and discovered these immune
cells had a significantly higher infiltrating density in AS
groups, including MO macrophages, T cells gamma delta,
memory B cells, as well as activated mast cells (Fig. 7B).

On the other hand, we discovered that several immune
cells conferred a significantly lower infiltrating density
in AS groups, such as monocytes, T cells CD4 memory
resting, M2 macrophages, and activated NK cells.

Discussion

Atherosclerosis (AS), as a metabolic syndrome, posed
a serious threat to human health and caused a series
of complications affecting the cardiovascular system,
including acute myocardial infarction and cerebral
infarction [6]. It is well known that AS was initiated by
lipid-mediated vascular inflammation, which enhanced
continual monocyte recruitment and foam-cell formation
in the arterial wall. Roy reported that AS is characterized
by imbalanced lipid metabolism [5]. The GSE100927 data
set successfully extracted 443 DEGs between AS and
the control group. Functional annotations of DEGs are
mainly assessed through the analysis of GO and KEGG
pathway enrichment.

BP analyses demonstrated that the up-regulated DEGs
were mainly enriched in muscle contraction and negative
regulation of the BMP signaling pathway, while the down-
regulated DEGs were enriched in immune response and
inflammatory response [3]. These findings are in line
with the hypothesis, which stated that AS development
is a complicated inflammatory process with immune
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Fig. 6 LASSO Cox regression analysis and ROC curve. A LASSO coefficient profiles of GSE100927. A coefficient profile plot was produced against the
log (M) sequence. B Selection of tuning parameter (A) in the LASSO model in the minimum criteria. Dotted vertical lines were shown at the optimal
values using the minimum criteria. A A value of 0.1013 with log (\) of —2.290 was chosen. C Seventeen survival-related genes were selected by
LASSO Cox regression analysis. D ROC analysis showed the diagnostic value of risk score and ROC curves presenting the discrimination ability of
TNF, CX3CR1, and COLTAT.The AUC curve of the ROC curve was 0.96, 0.94, and 0.93, indicating better predictive power

reactions and is associated with decreased vascular
smooth muscle contraction and proliferation [5, 6]. In
addition, the enriched KEGG pathways of up-regulated
DEGs found osteoclast differentiation and phagosome.
Previous studies have shown that lipid phagocytosis is
a crucial process involved in atherogenesis [19, 20] and
the inhibition of osteoclastic differentiation impaired
calcium resorption in atherosclerotic plaques [21]. Our
result was consistent with these findings that the up-reg-
ulated genes of DEGs were enriched in vascular smooth

muscle contraction, while the down-regulated genes were
enriched in Leishmaniasis, Phagosome, and Osteoclast
differentiation.

We identified the top 10 hub genes based on degree
value by using Cytoscape software, including PTPRC,
TYROBP, TNE, ITGAM, SPI1, LCP2, CSFIR, CCR5,
and ITGAX. Nie reported that PTPRC was consid-
ered to be an immune marker gene in atherosclerosis
development [22]. Liu reported that the upregulated
TYROBP was identified as a common hub gene and as
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Table 3 the regression coefficients of LASSO Cox regression

analysis

GENE NAMES COEF EXPCOEF
COL1AT 0.8425 2.3221
TNF 0.5788 1.7839
CX3CR1 03778 1.4591
STAB1 0.3552 14265
IBSP 0.1878 1.2065
FOSB 0.0911 1.0954
DKFZp451A211 —0.0667 0.9354
ABCA8 —-02773 0.7578
PI1e —0.2934 0.7457
SERPINA3 —0.3621 0.6962
TC2N —0.3869 0.6791
DUSP26 — 04224 0.6555
CCRL1 —0.5781 0.561
CDH19 —-06179 0.5391
C130rf33 — 1.0437 03522
XLOC_12_013193 —1.0651 0.3447
HSPB7 —1.5339 02157

an immune-responsive hub gene in the advanced ather-
osclerotic plaques [23]. Lu found that TYROBP expres-
sion was significantly higher in the low-grade glioma
tissues compared to the normal tissues [24]. TNF-ais a
pro-atherogenic stimulus on vascular endothelial cells.
Yuan supported the evidence of the causal associations
of increased TNF levels with a higher risk of cardiovas-
cular diseases, including AS [25]. The TNF-a expression
was higher in obese patients with cardiovascular disease
(CAD) [26]. Wei reported that Csflr inhibited mac-
rophage proliferation and impaired the progression of AS
[27]. Lin reported that CCL5/CCR5 axis activation pro-
moted the proliferation and the phenotypic switching of
vascular smooth muscle cells [28]. A study found CCR5
is related to better survival of triple-negative breast can-
cer through improvement tumor microenvironment [29].
Zhao reported that ITGAM is a potential diagnostic and
prognostic biomarker of unstable atherosclerotic plaque-
related stroke, which will be a novel therapeutic target
and the development of novel management strategies
[30]. Therefore, these hub genes are closely related to the
pathological process of AS and may play a key role in the
early diagnosis of AS patients. The PPI network construc-
tion highlighted these important genes, which revealed
the characteristics of atherosclerotic lesions.

The functions of the genes in three important mod-
ules from PPI were selected to further perform the
KEGG pathway enrichment analysis. The common
three KEGG enrichment pathways were osteoclast dif-
ferentiation, phagosome, and Leishmaniasis. These
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findings are in line with other research which reported
that AS development is a result of imbalanced lipid
metabolism and the AS progression was mediated by
the phagosome of macrophages and smooth muscle
cells [5]. The findings were consistent with our previ-
ous research which reported that the transdifferentia-
tion of vascular smooth muscle cells mediated the AS
process [9]. The GSEA results showed that these genes
were enriched in ribosome, N-glycanbiosynthesis, and
rig-I-like receptor signaling pathway, which were in
line with the KEGG pathway analysis identified phago-
some, Leishmaniasis, and osteoclast differentiation.
Some hub genes, including TYROBP, TNE, SP11, LCP2
and CSF1R, played important roles in phagosome [31,
32]. TNF and SP11 are related to leishmaniasis infec-
tion [33, 34]. Moreover, CCR5 is strongly associated
with Leishmaniasis in HIV-1-infected patients [35] and
the CCR5 reduction accelerated osteoclastogenesis
[36]. Some studies found that these hub genes, such as
PTPRC, TNF, ITGAM, SP11, and ITGAX, are signifi-
cantly associated with osteoclast differentiation [34, 37,
38]. CSF1R expression elucidated the impact of specific
miRNA-mRNA interactions in osteoclastogenesis [39],
All in all, these hub genes are highly connected to three
enriched pathways.

To evaluate the prognostic genes based on DEGs of
GSE100927, we applied the LASSO Cox regression model
to construct a prognostic gene signature. We identified a
gene signature (TNF, CX3CR1, and COL1R1) involved in
AS. The AUC value of the three-gene signature suggested
the prediction ability and the prognostic values of these
gene signatures. TNF-a could induce the up-expression
of CX3CR1 in endothelial cells and BV-2 microglial cells
[40, 41]. Morimura reported that the peritoneal mac-
rophages of the CX3CR1 (—/—) mice expressed lower
expression levels of TNF-a, IL-1B, and IL-6 [42]. Garre
suggested the highlight CX3CRI1M$" monocytes and
TNF-a as potential therapeutic targets for preventing
infection-induced cognitive dysfunction [43]. The novel
insight provides new noninvasive methods and may
inform early prediction and early intervention strategies
for AS patients.

AS is a chronic inflammatory disease involving mul-
tiple types of immune cells. Chistiakov reported that
Tregs mediated the immune response and the secretion
of anti-inflammatory cytokines IL-10 and TNF-beta [44].
CD8+T cells enhanced the secretion of IFN-y, IL-2, and
TNF-«a [45]. DC promoted the activating of the TNF-a/
NF-kB/CXCR-4 pathway [46]. Ni reported that CX3CR1
deficiency caused a significant increase in inflamma-
tory monocyte/macrophage infiltration [47]. Collagen
type I(COL1) is remodeled in atherosclerotic plaque and
the COL1 degradation is associated with mortality in
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Fig. 7 Distribution of immune cells in AS and control groups. A The heatmap showed the differential infiltration of immune cells in AS and
control groups. B Wilcoxon rank-sum test compared the differential proportions of immune cells in AS and control groups. **P <0.01; ***P <0.001,

compared to control group

patients with AS [48]. These results were consistent with
the immune cell infiltration in AS groups.

The main pathological process of AS involved vascu-
lar endothelial cell damage, lipid deposition, and plaque
formation [2]. Our results showed that the down-regu-
lated genes enriched in Leishmaniasis, Phagosome, and
Osteoclast differentiation. We identified the top 10 hub
genes. Some hub genes(TYROBP, TNF, SP11, LCP2, and
CSF1R) played a key role in phagosome. TNE, SP11, and
CCR5 are related to leishmaniasis infection. Other hub
genes(PTPRC, TNEF, ITGAM, SP11, and ITGAX) are

significantly associated with osteoclast differentiation.
We constructed a gene signature (TNEF, CX3CR1, and
COLI1R1). The AUC value suggested the prediction abil-
ity and the prognostic value. Three genes were associated
with immune cell infiltration in AS patients. Our findings
explored the regulatory network of AS and represented a
novel diagnostic and therapeutic target for AS.

There are also some limitations in our study. Firstly,
the hub genes and the gene signature were analyzed
using gene expression profiles of human samples from
online public databases; further studies using more
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human samples will be required to validate these
marker genes by WB experiments. Secondly, more
experiments need to examine these potential mecha-
nisms related to the phagosome, Leishmaniasis, and
osteoclast differentiation in tissue samples from
patients with AS.

In summary, our study displays a new comprehensive
bioinformatics analysis of DEGs that might be involved
in the AS progress. We identified 10 hub genes and
three modules that were highly associated with AS. The
KEGG pathways were mainly enriched in phagosome,
Leishmaniasis, and Osteoclast differentiation. We
developed and validated a three-gene signature to pre-
dict the prognosis of AS. These novel molecular targets
are principal candidate genes for further investigations
into biomarkers and molecular mechanisms.
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