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Abstract
Background Atherosclerosis (AS) is a pathology factor for cardiovascular diseases and instability of atherosclerotic 
plaques contributes to acute coronary events. This study identified a hub gene VCL for atherosclerotic plaques and 
discovered its potential therapeutic targets for atherosclerotic plaques.

Methods Differential expressed genes (DEGs) were screened between unstable and stable plaques from GSE120521 
dataset and then used for construction of a protein-protein interactions (PPI) network. Through topological analysis, 
hub genes were identified within this PPI network, followed by construction of a diagnostic model. GSE41571 
dataset was utilized to validate the diagnostic model. A key hub gene was identified and its association with immune 
characteristics and pathways were further investigated. Molecular docking and molecular dynamics (MD) simulation 
were employed to discover potential therapeutic targets.

Results According to the PPI network, 3 tightly connected protein clusters were found. Topological analysis identified 
the top 5 hub genes, Vinculin (VCL), Dystrophin (DMD), Actin alpha 2 (ACTA2), Filamin A (FLNA), and transgelin 
(TAGLN). Among these hub genes, VCL had the highest diagnostic value. VCL was selected for further analysis and 
we found that VCL was negatively correlated with immune score and AS-related inflammatory pathways. Next, we 
identified 408 genes that were highly correlated with VCL and determined potential drug candidates. The results from 
molecular docking and MD simulation showed compound DB07117 combined with VCL protein stably, the binding 
energy is -7.7 kcal/mol, indicating that compound DB07117 was a potential inhibitor of VCL protein.

Conclusion This study identified VCL as a key gene for atherosclerotic plaques and provides a potential therapeutic 
target of VCL for the treatment of atherosclerotic plaques.
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Introduction
Atherosclerosis (AS), a chronic disorder, is the major 
underlying contributor involved in the development of 
most cardiovascular diseases. AS is manifested by plaque 
formation due to the accumulation of low-density lipo-
protein cholesterol and fibrous substances in the sub-
endothelial intimal layer of arteries, leading to stenosis 
that induces blood supply obstruction [1, 2]. Nowadays, 
people in developing countries have the biggest bur-
den of AS. Women and younger people have become 
more affected by AS [3]. It has been estimated that the 
global prevalence of carotid plaque is 21.1%, account-
ing for 81,576  million affected cases and a percentage 
change of 58.97% from 2000 [4]. Plaque instability has 
been acknowledged as a risk factor that has been received 
considerable attention [5, 6]. The disruption of a balance 
between instability and healing of a plaque contributes to 
acute coronary events such as myocardial infarctions and 
ischemic strokes [5]. At present, although many efforts 
have been made to reveal the mechanism of plaque insta-
bility and develop therapeutic therapies, the pathogenic 
mechanisms are complex and there are no effective drugs 
to reduce acute coronary events. Therefore, effective 
strategies are needed to develop innovative biomarkers 
for management of atherosclerotic plaques.

High-throughput profiling has been used to screen dif-
ferential expressed genes (DEGs) between atherosclerotic 
plaques and normal tissues [7]. Recently, novel single-cell 
technologies have been utilized to decipher the hetero-
geneity of atherosclerotic plaques and facilitate under-
standing of immune characteristics under atherosclerosis 
[8]. With the help of comprehensive analyses, potential 
biomarkers can be identified using data from sequencing 
data. A protein-protein interactions (PPI) network can be 
capable of predicting functionally orthologous proteins 
within clusters [9]. Hub genes are genes with high degree 
in the PPI network, indicating the presence of numerous 
communicating genes in the gene network [10]. Molecu-
lar docking is a computational approach forecast binding 
modes between small compounds or macromolecules 
and receptors, which is able to predict molecular interac-
tions [11]. Molecular dynamics (MD) simulation further 
offers a detail complementary association with molecu-
lar docking by calculating interaction energies [12]. 
Although previous studies have identified potential bio-
markers involved in the progression of unstable plaques 
or revealed molecular mechanisms of drugs for AS [13–
15], hub genes for AS and their potential therapeutic tar-
gets should be further developed.

In the current study, our differentially expressed 
genes in stable and unstable plaques were determined 
by differential expression analysis. The hub genes in 
atherosclerosis were determined by PPI network and 
molecular docking analysis. Our study aims to reveal 

the gene network regulated by hub genes and the drug-
gene-therapeutic network in atherosclerosis, which will 
provide a scientific basis for the molecular mechanism of 
atherosclerosis and the therapeutic network to provide a 
scientific basis.

Materials and methods
Data collection
We downloaded the atherosclerosis (AS) data of 
GSE120521 and GSE41571 from the Gene-Expression 
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) 
database. GSE120521 dataset includes 4 unstable plaque 
samples and 4 stable plaque samples. GSE41571 dataset 
contains 5 unstable plaque and 6 stable plaque samples. 
From The Comparative Toxicology Database (http://
ctdbase.org/), the target genes of AS were obtained by 
retrieving “Carotid artery plaque” as a key word.

Identification of DEGs
The gene expression profiles in GSE120521 dataset were 
used to perform differential expression analysis between 
unstable plaques and stable plaques using “limma” pack-
age [16]. DEGs were screened under the threshold 
of|log2FC| > 1 and false discovery rate (FDR) < 0.05. Next, 
the AS-related DEGs were selected from the intersection 
of DEGs and disease target genes using a Venn diagram.

Functional enrichment analysis
Furthermore, AS-related DEGs were used for Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analysis using “WebGe-
staltR” package [17]. The GO functional enrichment 
included biological process (BP), cellular component 
(CC) and molecular function (MF) categories. Candi-
dates with FDR < 0.05 were considered as significantly 
enriched pathways and GO terms.

Construction of a PPI network
AS-related DEGs were subjected to the STRING data-
base (https://cn.string-db.org/) and a PPI network was 
obtained with confidence score > 0.4. Cytoscape (version 
3.9.1) [18] was employed to construct a visual PPI net-
work and identify important nodes for further analysis. 
Subsequently, module-based network analysis was per-
formed using molecular complex detection (MCODE) 
algorithm in Cytoscape to find tightly connected protein 
clusters. The default settings of the MCODE plug-in were 
used as follows: - Include Loops: false and Degree Cutoff: 
3 for Network Scoring. Node Score Cutoff: 0.4, Haircut: 
true, Fluff: false, K-Core: 3, and Max. Depth from Seed: 
80 for Cluster Finding.

https://www.ncbi.nlm.nih.gov/geo/
http://ctdbase.org/
http://ctdbase.org/
https://cn.string-db.org/
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Screening hub genes
Hub genes were screened by analysis the topological 
parameters using Cytoscape. Three parameters includ-
ing “Betweenness Centrality”, “Closeness Centrality” and 
“Degree” were used to evaluate topological properties. 
“Betweenness Centrality” basically counts the number of 
shortest paths going through a node. “Closeness Central-
ity” is used to measure the importance of a vertex within 
a given complex network, which is defined as the recipro-
cal the sum of the distances from node to the other nodes 
in the network. “Degree” is defined as the number of 
edges of nodes. Generally, nodes with high ranking based 
on the “Betweenness Centrality”, “Closeness Centrality” 
and “Degree” can be identified as hub genes.

Construction and validation of a diagnostic model
To verify the role of hub genes in unstable plaques and 
stable plaques, we compared the differences in gene 
expression in GSE120521 and GSE41571 datasets. Next, 
the support vector machine (SVM) was employed to 
construct diagnostic model using “e1071” package [19] 
in GSE120521 dataset. Receiver operating characteristic 
(ROC) curves with areas under the ROC curve (AUCs) 
were utilized to evaluate the performance of diagnos-
tic model. To verify the performance of the diagnostic 
model, the ROC curve was drawn in the GSE41571 data-
set. The wilcoxon test was used to determine the statistic 
differences in two groups. The threshold for P-value was 
set at 0.05. P < 0.05 was considered statistically significant 
for differences between the two groups.

Relationship of VCL with immune characteristics and 
pathways
Marker genes for 28 immune cells were obtained from the 
pan-cancer study of Charoentong et al. [20], for which we 
assessed their immune scores via a single-sample gene set 
enrichment analysis (ssGSEA) [21]. Immune cells includ-
ing Activated B cell, Activated CD4 T cell, Activated CD8 
T cell, Central memory CD4 T cell, Central memory CD8 
T cell, Effector memeory CD4 T cell, Effector memeory 
CD8 T cell, Gamma delta T cell, Immature B cell, Mem-
ory B cell, Regulatory T cell, T follicular helper cell, Type 
1 T helper cell, Type 17 T helper cell, Type 2 T helper 
cell, Activated dendritic cell, CD56bright natural killer 
cell, CD56dim natural killer cell, Eosinophil, Immature 
dendritic cell, Macrophage, Mast cell, MDSC, Mono-
cyte, Natural killer cell, Natural killer T cell, Neutrophil, 
Plasmacytoid dendritic cell. Meanwhile, ESTIMATE 
algorithm was used to estimate immune scores [22]. To 
evaluate the relationship between VCL and pathways, 
we obtained AS-related inflammatory pathways from 
previous published research [23], differential pathways 
between stable and unstable plaques, and AS-related 
pathways from KEGG. Spearman’s rank correlation 

analysis was employed to assess the correlation between 
VCL and immune characteristics and pathways.

Prediction of VCL-related gene sets and potential target 
drugs
We selected VCL-related genes using the rcorr function 
embedded in Hmisc package [24], and identified genes 
highly related to VCL under the threshold of correlation 
greater than 0.9 and P < 0.001. The method of Peng et al. 
[25] was referenced to construct a target distance-based 
network to determine potential drugs for atherosclerotic 
therapy. Initially, using key genes as potential therapeutic 
targets is a cornerstone in the development of therapeu-
tic agents for AS. To find potential target drugs of VCL-
related genes, we calculated the proximity of drugs and 
AS based on the drug target pairs from the DrugBank 
database (https://go.drugbank.com/) and key PPI net-
work from stringdb (threshold score is 400) [26]. S (ther-
apeutic AS-related gene set), D (degree of related gene 
set nodes in PPI), and T (set of drug target genes) were 
given. The distance d (s,t) was the shortest path between 
node s and node t (where s ϵ S, the AS-related genes; t ∈ 
T, the drug target genes) and was calculated as the for-
mula 1:

 
d(S, T ) =

1

|T |
∑

t∈T
mins∈S (d(s, t) + ω)

In formula 1, ω is defined as the weight of the target 
gene if the target gene is one of the VCL-related genes, 
ω = - ln(D + 1); otherwise, ω = 0. We randomly select a 
group of protein nodes in the network as the simulated 
drug target, and the number of nodes is the same as the 
target size (expressed as R). Next, we calculated the dis-
tance d (S, R) between these simulated drug targets and 
VCL-related gene set (formula 1). After 10,000 random 
repetitions, the simulated reference distribution was 
generated. The observed distance corresponding to the 
actual was converted to a normalized scoring using both 
µd (S, R) and σd (S, R), that was z value (formula 2):

 
z (S, T ) =

d (S, T )− µd(S,R)

σd(S,R)

At the location of concentrated distribution in drug dis-
tance, we conducted multiple hypothesis tests using the 
random data obtained from reference and selected can-
didate drugs related to VCL-related gene set with shorted 
distance and FDR < 0.001.

Molecular docking
We downloaded the 3D structure of VCL from the Pro-
tein Data Bank (PDB, https://wwwl.rcsb.org/) database. 
Deepsite is a protein-binding site predictor that is used to 

https://go.drugbank.com/
https://wwwl.rcsb.org/
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predict protein active sites [27]. We predicted the coordi-
nates of VCL protein active sites, where center_x = 37.5, 
center_y = 10.5, and center_z = 18.7. AutoDock Vina [28] 
was utilized for molecular docking. Firstly, AutoDock-
Tools 1.5.6 [29] prepared all input files. The coordinates 
of the grid box (grid) in each XYZ direction were 40 Å. 
The Lamarckian algorithm was applied to determine 
the strongest binding mode of the ligand molecule with 
exhaustiveness of 8 and the maximum number of con-
formations output of 10, and the maximum allowable 
energy range of 3  kcal/mol. Binding energy scores less 
than − 7 kcal/mol were considered to be strongly binding. 
The results were processed using Pymol [30].

Molecular dynamics (MD) simulation
Gromacs2022 package [31] was used to perform MD 
simulations of 100 nanosecond (ns) to assess the bind-
ing stability of the receptor-ligand complex. The 
CHARMm36 force [32] field was employed in MD sim-
ulation. The str files of the ligands were obtained using 
the CHARMM Common Force Field (CGenFF) program 
[33, 34]. The system is solvated in the dodecahedral box 
of TIP3P water molecules and was neutralized by adding 
sodium ion and chloride ion. The system concentration 
was 0.154 M. The structure was next subjected to steep-
est descent energy minimization in 5000 steps. LINCS 
algorithm [35] was utilized to restrain length of covalent 
bond and Particle-Mesh Ewald (PME) algorithm [36] was 
employed to determine electrostatic interactions. There-
after, MD simulations in canonical (NVT) ensemble and 
isobaric-isothermal (NPT) ensemble were conducted for 
100 ps maintained at 300 K temperature and pressure of 
1 bar, in which the constrained atoms of the compound 
equilibrated the system at their initial coordinates. A 
100-ns production run was performed every 2  fs. Fur-
thermore, the root mean square deviation (RMSD) values 
of the ligands were calculated using the Gromacs plug-in 
tool [37].

Results
Identification of AS-related DEGs and functional 
enrichment analysis
The flowchart of this study was shown in Fig.  1. We 
screened DEGs between unstable plaques and sta-
ble plaques using differential expression analysis in 
GSE120521 dataset with|log2FC| > 1 and FDR < 0.05 
(Fig. 2A). At the intersection between DEGs and AS tar-
get genes, 435 AS-related DEGs were identified (Fig. 2B). 
Under FDR < 0.05, 15 KEGG pathways, 235 BP items, 86 
CC items, and 21 MF items were obtained. These AS-
related DEGs were mainly enriched in focal adhesion, 
regulation of actin cytoskeleton, ECM-receptor interac-
tion, cAMP signaling pathway, TGF-beta signaling path-
way, and calcium signaling pathway (Fig. 2C).

PPI network construction and hub gene determination
AS-related DEGs were used to construct a PPI network. 
After removing all isolated and partially disconnected 
nodes, a network of targets was constructed and 364 
nodes were finally retained for further analysis. Through 
MCODE, we found 3 tightly connected protein clus-
ters in the target network (Fig. 3A-C). Subsequently, we 
performed topological analysis of the three clusters by 
evaluating topological parameters “Betweenness Central-
ity”, “Closeness Centrality” and “Degree” to determine 
hub genes. We selected the top 5 genes with topological 
parameters as hub genes. Therefore, VCL, DMD, ACTA2, 
FLNA, and TAGLN were the top 5 hub genes in PPI net-
work (Table 1).

Construction and validation of a diagnostic model
To further confirm the role of these 5 hub genes in 
plaques, we compared their expression differences 
between stable and unstable plaques. In GSE120521 and 
GSE41571 datasets, VCL and ACTA2 were significantly 
lower expressed in unstable plaques (p < 0.05) (Fig. 4A-B). 
Furthermore, we constructed a diagnostic model using 
5 hub genes in GSE120521 and found that VCL had the 
highest AUC in GSE120521 dataset (Fig.  4C). Similar 
results were also observed in GSE41571 dataset (Fig. 4D). 
Accordingly, it is believed that VCL gene has research 
potential in atherosclerotic plaques.

VCL is negatively correlated with immune characteristics 
and pathways
As shown in Fig.  5A, VCL had a significant negative 
correlation with most of immune cells. Meanwhile, we 
analyzed the association between VCL and immune 
score. The results showed that VCL was negatively cor-
related with immune score (R=-0.762, P = 0.028) (Fig. 5B). 
The correlation coefficients of DMD, ACTA2, FLNA, 
TAGLN and ImmuneScore were − 0.976 (p.value = 0), -1 
(p.value = 0), -0.738 (p.value = 0.037), -1 (p.value = 0) (Sup-
plementary Fig. 1). Firstly, VCL had the best AUC values 
in GSE120521 and GSE41571, both exceeding 0.96. Sec-
ondly, VCL had the highest values for all three parame-
ters in the topology analysis of the PPI network. Based on 
these two points, VCL was selected for subsequent analy-
sis in this study.

Next, we observed VCL was negatively correlated 
with AS-related inflammatory pathways including T_
CELL_RECEPTOR_SIGNALING_PATHWAY (R=-0.88, 
P = 0.0072), B_CELL_RECEPTOR_SIGNALING_PATH-
WAY (R=-0.76, P = 0.037), TOLL_LIKE_RECEPTOR_
SIGNALING_PATHWAY (R=-0.88, P = 0.0072), 
JAK_STAT_SIGNALING_PATHWAY (R=-0.81, 
P = 0.022), and NF-KB_SIGNALING_PATHWAY (R=-
0.88, P = 0.0072) (Fig. 6). Figure 7A also revealed a nega-
tive correlation between VCL and differential pathways 
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between stable and unstable plaques. Additionally, VCL 
was significantly negatively associated with lipid and ath-
erosclerosis score (R=-0.81, P = 0.015) and angiogenesis 
(R=-0.86, P = 0.007) (Fig. 7B-D).

Prediction of VCL-related gene sets and potential target 
drugs
Furthermore, we analyzed the correlation between VCL 
and genes with correlation greater than 0.9 and P < 0.001, 
and we identified 408 genes that were highly correlated 
with VCL. Subsequently, we calculated the proximity of 
potential target drugs of VCL-related genes to AS via 
formula 1 and converted the observed distance to a stan-
dardized scoring via formula 2. Based on random data for 
multiple hypotheses tests, drugs with short distances and 

FDR < 0.05 were determined as the set of drug candidates 
associated with the VCL-related gene set (Fig.  8). From 
the results, it was clearly observed that the true therapeu-
tic drug and predicted drug distributions ranged from 
− 7.5 to 5.0. The peak was reached near 1.2. The density 
between the real therapeutic and predicted drugs shows a 
significant decreasing trend around 1.2, but the decreas-
ing trend of the density of the real drugs is smoother. 
Therefore, drugs with a distance less than 1.2 may be 
available for the treatment of AS. therefore 1.2 was cho-
sen as the threshold for drug screening and combining 
the p-value and FDR value, 152 drugs were considered to 
have therapeutic potential for AS (Supplementary Table 
1).

Fig. 1 Flowchart of this research
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Molecular docking and MD simulation
In molecular docking analysis, binding energy scores 
less than − 7  kcal/mol were considered to have a strong 
binding effect. According to the results from molecular 

docking, four compounds including DB07117, DB05495, 
DB03683, and DB01949 were predicted (Table  2), and 
DB07117 has the strongest molecular docking score of 
-7.7  kcal/mol (Fig.  9A). The compound DB07117 was 

Fig. 2 Identification of AS-related DEGs and functional enrichment analysis. A, Volcano plots displayed DEGs between unstable plaques and stable 
plaques in GSE120521 dataset. Red plots represent upregulated DEGs and blue ones represent downregulated DEGs. B, Venn diagram shows there were 
435 DEGs at the intersection between DEGs and AS target genes. C, The top 10 most significant GO terms and KEGG pathways in the GO, KEGG enrich-
ment analysis
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capable of hydrogen bonding interactions with GLU130 
and ARG178, while it had hydrophobic interactions with 
GLN180, LEU123, and ILE9 (Fig. 9B). Figure 9C displayed 
the alterations of RMSD values of VCL protein skeleton. 
The results showed that the conformation of VCL protein 

was stable in the process of 100 ns MD simulation. Fig-
ure  9D depicted the stable RMSD values of compound 
DB07117, indicating that compound DB07117 and VCL 
were stably combined. Next, the changes of RMSF val-
ues of protein skeleton of VCL during 100 ns MD sim-
ulation were further evaluated. Figure  9E showed the 
VCL protein skeleton was extremely stable. Collectively, 
compound DB07117 combined with VCL protein stably, 
which indicated that compound DB07117 was a potential 
inhibitor of VCL protein.

Discussion
As a progressive condition, AS has been considered as 
one of the major leading cause of incidence and death 
worldwide. It is essential to mine innovative biomarkers 

Table 1 Topological parameters of top 5 hub genes in PPI 
network
name Degree Betweenness 

Centrality
Closeness 
Centrality

VCL 96 0.104468007 0.427196149

DMD 66 0.071981676 0.404328018

ACTA2 86 0.06168734 0.411832947

FLNA 74 0.047363023 0.380901288

TAGLN 72 0.041099176 0.387554585

Fig. 3 Three clusters of three 3 closely related proteins obtained by clustering analysis based on molecular complex detection (MCODE) algorithm (A-C)

 



Page 8 of 14Wu et al. BMC Medical Genomics           (2024) 17:42 

that can reduce the instability of atherosclerotic plaques 
and prevent acute cardiovascular events occurrence. In 
this study, we screened DEGs between unstable plaques 
and stable plaques and constructed a PPI network to 
identify 5 hub genes (VCL, DMD, ACTA2, FLNA, and 

TAGLN). Among them, VCL was identified a key gene 
that was negatively correlated with immune characteris-
tics and inflammatory pathways. Next, Molecular dock-
ing and MD simulation confirmed compound DB07117 

Fig. 5 VCL is negatively correlated with immune characteristics. A, VCL is negatively correlated with most of 28 immune cells. B, VCL is negatively cor-
related with ImmuneScore

 

Fig. 4 Expression levels as well as ROC curves of the diagnostic performance of the five hub genes. A-B, VCL and ACTA2 were decreased in unstable 
plaques in GSE120521 and GSE41571 datasets. C-D, Diagnostic model using 5 hub genes in GSE120521 and GSE41571 datasets. Ns represents P > 0.05, 
*P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001
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was a potential inhibitor of VCL protein, which provided 
a basis for drug discovery for atherosclerotic plaques.

VCL is a cytoskeletal protein that promotes the adhe-
sions of cell-matrix or cell-cell to actin-based cytoskel-
eton [38]. It has been reported that specific removal of 
VCL gene impairs cellular junctions of cardiomyocytes, 
resulting in sudden death or dilated cardiomyopathy [39]. 
The Tampere Vascular Study has quantified the expres-
sion level of VCL and found that the level of VCL is 
significantly decreased in both blood samples and athero-
sclerotic plaques [40]. Additionally, Zhang and colleagues 
have identified the innovative biomarkers between nor-
mal and atherosclerotic arterial endothelial cells, and 
confirmed that VCL is downregulated in atherosclerotic 
aortic endothelial, which indicates the role of VCL in 
the development of AS [41]. Moreover, the apolipopro-
tein E-deficient (ApoE−/−) mice exhibit highly expressed 
S721-non-phosphorylatable VCL mutant in endothelial 
cells. This finding reveals that the phosphorylation of 
VCLS721 damages vascular endothelial junctions and pro-
motes AS development, which suggests that endothelial 
VCLS721p represents a novel marker for clinical evaluation 

and treatment of AS-induced vascular diseases [42]. 
These findings imply that VCL as a focal adhesion pro-
tein that is required for the initiation and progression of 
AS. In this study, we noticed that AS-related DEGs were 
mainly enriched in focal adhesion, regulation of actin 
cytoskeleton and ECM-receptor interaction, which dem-
onstrated the role of focal adhesion in the instability of 
atherosclerotic plaques.

A large body of studies have deciphered that both 
innate and adaptive immune cells exert pro-inflamma-
tory or anti-inflammatory effects, therefore leading to 
progression or inhibition of AS [1]. It is assumed that 
atherosclerotic plaque has autoimmune response by har-
boring T and B cells. Compared with asymptomatic AS 
patients, the percentage of macrophages and T lympho-
cytes in symptomatic AS patients is higher. T lympho-
cytes enhance the instability of atherosclerotic plaques 
via the recruitment of macrophages secreting matrix 
metalloproteinases through CD40 [43]. Depuydt and 
colleagues have demonstrated there is distinctive clonal 
proliferation of CD4 + T cells within plaque that express-
ing CD69, FOS and FOSB, implying the binding of TCRs 

Fig. 6 VCL is negatively correlated with pathways. Scatterplot of correlation with VCL expression with AS-related inflammatory pathways. The horizontal 
coordinate was the expression level of VCL. Vertical coordinates are the ssGSEA scores of T_CELL_RECEPTOR_SIGNALING_PATHWAY, B_CELL_RECEP-
TOR_SIGNALING_PATHWAY, TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY, JAK_STAT_SIGNALING_ PATHWAY, and NFKB.score
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and antigen-specific stimulation [44]. The activation of T 
cells obtained from atherosclerotic plaques is induced by 
the conjugation of malondialdehyde with albumin exhib-
its pro-inflammatory response [45]. Moreover, B cells 
secrete various cytokines that significantly affect inflam-
mation and the interplay between B cells and CD4 T cells 
enhances the progression of AS through the major his-
tocompatibility complex (MHC) II and CD40 [46]. These 
findings conclude that specific antigens drive an immune 
response within the atherosclerotic plaques. In this study, 
we first noticed that VCL was negatively correlated with 
immune score, T cell receptor signaling pathway and B 
cell receptor signaling pathway, indicating the regulation 
of VCL in immune response in atherosclerotic plaques.

Increasing experimental and clinical evidences have 
revealed that AS is a chronic inflammatory disorder. 
Inflammation has been proven to link dyslipidaemia 
and other risk contributors to AS and inflammatory 
mediators regulate many aspects of disruption and heal-
ing process of plaques [47]. Inflammatory cells such as 
T-lymphocytes, dendritic cells and macrophages have 
been observed within plaques and contribute to the insta-
bility of plaques [48]. Under condition of hypoxia and 
ischemia, the activation of NF-κB pathway may provoke 
pathological events including innate and adaptive immu-
nity, and cell survival, differentiation, and proliferation 
[49]. A previous experimental study has demonstrated 
that inhibition of p38 MAPK/NF-κB pathway suppresses 

Fig. 7 VCL is negatively correlated with pathways. A, VCL is negatively correlated with differential pathways between stable and unstable plaques. B-D, 
VCL has negative correlation with is AS-related pathways and angiogenesis
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the progression of AS [50]. A recent study has revealed 
that activating the JAK2-STAT2 pathway via the mem-
brane translocation of FABP4 and the phosphorylation 
of c-Src enhances macrophage inflammation in ApoE−/− 
mice [51]. However, inhibition of JAK-STAT pathway can 
attenuate inflammatory response in AS [52, 53]. Addi-
tionally, toll-like receptors (TLRs) have been considered 
as crucial mediators of atherosclerotic diseases. Their 
activations promote MyD88 or TRIF-induced intracellu-
lar signaling cascade, which results in the release of pro- 
or anti-inflammatory cytokines [54]. TLR2 and TLR4 

deficiencies markedly impair innate immune signaling 
and reduce oral bacteria-induced AS [55]. These find-
ings suggest that the NF-κB pathway, JAK-STAT pathway 
and TLRs pathway sustains inflammatory response and 
therefore results in AS, while regulation of these pathway 
may represent a potential strategy for AS. Our study had 
demonstrated a negative correlation between VCL and 
these inflammatory pathways, which might unveil the 
underlying mechanism of VCL in the instability of ath-
erosclerotic plaques.

Molecular docking is an important method for 
drug discovery and has become a core computational 
approach in drug design to predict the binding affinity 
and provide the interactive mode [56]. In recent years, 
molecular docking combined with MD simulation has 
been utilized to identify the molecular targets of several 
potential major bioactive components for AS including 
punicalagin, quercetin and luteolin, which provide a basis 
for pharmacological research and clinical application 

Table 2 The candidate drugs targeting to VCL-related genes
Compounds Score H-Bond 

Interactions
Hydrophobic 
Interactions

DB07117 -7.7 GLU130, 
ARG178

GLN180, LEU123, ILE9

DB05495 -6.7 TYR144, LEU164, ILE141

DB03683 -3.9 ILE134, MET174, ARG178

DB01949 -3.7 ILE134, MET174, PHE126

Fig. 8 Distance density diagram from drug to VCL-related gene set. The true therapeutic and predictive drug distributions range from − 7.5 to 5.0. Both 
peak at around 1.2. There was a significant downward trend in the density between the real treatment drug and the predicted drug around 1.2, but the 
downward trend in the density of the real drug was smoother

 



Page 12 of 14Wu et al. BMC Medical Genomics           (2024) 17:42 

for AS [57–59]. In the current study, we identified com-
pound DB07117 combined with VCL protein stably, 
which indicated that compound DB07117 was a potential 
inhibitor of VCL protein.

However, some limitations should be addressed in this 
study. We downloaded retrospective data of GSE120521 
and GSE41571 from the GEO with small sample size 
and this may lead to bias. Therefore, further prospec-
tive studies with large sample size should be carried out 
to avoid the bias. Although we have validated the results 
in GSE41571 dataset, the diagnostic value of this model 
should be validated in dataset containing follow-up col-
lection of clinical samples. Additionally, we have identi-
fied VCL as the key gene that was negatively associated 
with immune characteristics and pathways, the poten-
tial mechanism of VCL should be verified by functional 
experimental studies.

Conclusion
In conclusion, we screened 5 hub genes and constructed 
a diagnostic model that had a good performance in diag-
nostic prediction. Among the 5 hub genes, VCL was 
identified as a key gene that was negatively associated 
with immune score and inflammatory pathways. Molec-
ular docking and MD simulation confirmed compound 
DB07117 was a potential inhibitor of VCL protein. This 
finding provided a promising therapeutic biomarker for 
the treatment of atherosclerotic plaques.
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