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Comprehensive analysis 
of the diagnostic and therapeutic 
value of the hypoxia‑related 
gene PLAUR in the progression 
of atherosclerosis
Chengyi Dai 1,3* & Yuhang Lin 2,3

Atherosclerosis (AS) is a major contributor to a variety of negative clinical outcomes, including stroke 
and myocardial infarction. However, the role and therapeutic value of hypoxia-related genes in 
AS development has been less discussed. In this study, Plasminogen activator, urokinase receptor 
(PLAUR) was identified as an effective diagnostic marker for AS lesion progression by combining 
WGCNA and random forest algorithm. We validated the stability of the diagnostic value on multiple 
external datasets including humans and mice. We identified a significant correlation between PLAUR 
expression and lesion progression. We mined multiple single cell-RNA sequencing (sc-RNA seq) data 
to nominate macrophage as the key cell cluster for PLAUR mediated lesion progression. We combined 
cross-validation results from multiple databases to predict that HCG17-hsa-miR-424-5p-HIF1A, a 
competitive endogenous RNA (ceRNA) network, may regulate hypoxia inducible factor 1 subunit 
alpha (HIF1A) expression. The DrugMatrix database was used to predict alprazolam, valsartan, biotin 
A, lignocaine, and curcumin as potential drugs to delay lesion progression by antagonizing PLAUR, 
and AutoDock was used to verify the binding ability of drugs and PLAUR. Overall, this study provides 
the first systematic identification of the diagnostic and therapeutic value of PLAUR in AS and offers 
multiple treatment options with potential applications.
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NA	� Normal intima tissues
PCA	� Principal component analysis
PLAUR​	� Plasminogen activator, urokinase receptor
ROC	� Receiver operating characteristic
SMC	� Smooth muscle cell
ssGSEA	� Single sample gene set enrichment analysis
sc-RNA seq	� Single-cell RNA sequencing
UMPA	� Uniform manifold approximation and projection
WGCNA	� Weighted gene co-expression network analysis

Atherosclerosis (AS), the most common cardiovascular disease (CVD), is characterized by the accumulation of 
lipids, cells, and extracellular matrix in the vascular intima leading to thickening and hardening of the arterial 
wall1. Lipid metabolism disturbance and local inflammation are the main contributors to AS, which has been 
generally recognized for more than half a century2. Current clinical interventions are designed to reduce blood 
lipids and control blood pressure through an improved lifestyle and regular medication, which have been shown 
to be effective in improving prevention and prognosis of AS3. However, they have proven unable to completely 
prevent the occurrence and development of AS4. For ideal preventive and therapeutic objectives, a deeper under-
standing of the molecular pathways underlying the emergence of AS is therefore necessary.

There is increasing evidence that there are regions of severe hypoxia within AS plaques, especially at sites with 
abundant macrophage infiltration5. Hypoxia theory contends that the development of AS is influenced by an 
imbalance between the supply and demand of oxygen in the arterial wall6. This hypoxia microenvironment has 
the potential to fundamentally alter the biological properties of many cell types involved in the development of 
AS plaques. This may determine whether the plaques evolve into a stable or unstable phenotype. This is hypoth-
esized to be mediated by several different possible pathways, including alterations in lipid homeostasis, increased 
inflammation, and changes in angiogenesis7. Therefore, dissecting the hypoxia environment in AS plaques can 
help develop therapeutic interventions that may be beneficial for AS. Stabilization of HIF-1α is a hallmark of 
hypoxia, and direct evidence of HIF-1α expression was seen in plaque tissue derived from carotid and femoral 
endarterectomy, strongly suggesting that HIF-1α may be involved in the development of AS8. HIF-1α is involved 
in the transcriptional activation of numerous target genes during hypoxia, some of which have been demonstrated 
to be intimately associated with the development of AS9. In recent years, the boom of transcriptomic research has 
helped researchers deepen understanding of the development mechanism of AS, and has shown good prospects 
for application in the exploration of biomarkers and therapeutic targets10,11. Therefore, we hope to find candidate 
genes for the prediction of AS progression and as possible therapeutic targets through data mining.

In this study, existing public resources were mined based on the comprehensive bioinformatics method. 
Combining the results of differentially expressed genes (DEG) analysis, weighted gene co-expression network 
analysis (WGCNA) and random forest analysis identified PLAUR as a key hypoxia-related gene involved in 
plaque progression. Chronic inflammation and immune cell infiltration are prominent pathological features of 
AS. Therefore, we further explored the hypoxia microenvironment and immune infiltration of these samples and 
the correlation of different types of immune cells with PLAUR. Furthermore, we predicted the ceRNA network 
that regulates PLAUR, which provides a basis for subsequent studies. Finally, 5 drugs targeting PLAUR were 
chosen from the DrugMatrix database and validated using Autodock software, which may help enrich the drug 
treatments for AS.

Materials and methods
Microarray data and data pre‑processing.  The flowchart of this study is shown in Fig. 1. From Gene 
Expression Omnibus (GEO; https://​www.​ncbi.​nlm.​nih.​gov/​geo/), the raw gene expression profile for AS was 
retrieved. The GSE28829 dataset contains 13 early-stage plaques (EA) and 16 advanced-stage plaques (AA) from 
human carotid artery segments, used as the exploration cohort12. Dataset GSE43292 consisting of 32 EA and 32 
AA samples used as the validation cohort13. Dataset GSE163154 containing 27 plaques with intraplaque hemor-
rhage (IPH) and 16 plaques without intraplaque hemorrhage (non-IPH) conducted from carotid endarterec-
tomy patients14. Dataset GSE97210 characterized lncRNA and mRNA profiles in 3 normal intimal tissues (NA) 
and 3 AA samples15. Dataset GSE137580 analyzed global miRNAs in an AS model of human aortic endothelial 
cells treated with oxidized LDL. Dataset GSE155512 recorded single-cell data of AS plaques from 1 patient with 
symptomatic and 2 patients with asymptomatic16. ScRNA-seq of 3 cases of AS core (AC) plaque and 3 cases of 
patient-matched proximal adjacent (PA) portion of the carotid artery in GSE15967717. scRNA-seq of 8 cases of 
AS plaques in GSE13177818. Dataset GSE137581 has a total of 6 mRNA samples from mouse vessels divided into 
two equally sized groups, the high fat diet fed Ldlr−/− group and the wild-type group (Wt). Dataset GSE69187 
consisting of 3 high fat diet fed Ldlr−/− mice samples and 3 Wt samples19. Dataset GSE72248 consisting of 5 
high fat diet fed ApoE−/− mice samples and 5 Wt samples20. Dataset GSE76812 consisting of 3 high fat diet fed 
ApoE−/− mice samples and 3 normal chow diet ApoE−/− mice samples21. Total aortae of ApoE−/− mice (n = 3) 
and Wt mice (n = 3) were removed at the age of 78 weeks and microarrays were prepared from extracts of AS 
lesions and adventitiae obtained by the use of a laser dissection microscope. The sequencing data are stored in 
GSE1000022.

Identification of DEGs and functional enrichment analysis.  Due to good quality control of the data 
by publishers, we found that the median gene expression was located at essentially the same level in most sam-
ples and that the expression ranges did not differ significantly, indicating that no significant batch effects were 
found in datasets. For dataset GSE10000 we removed the batch effect using the normalizeBetweenArrays func-
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tion of the R package “Limma” (S1A). Principal component analysis (PCA) was used to visualize the differences 
between groups using the R package “pca3d” and to calculate the percentage of variance explained using the R 
package “factoextra”. Subsequently, the R package “Limma” was applied to identify DEGs23. We used p < 0.05 and 
|log2FC|> 0.5 as criteria to select DEGs. We set a low threshold to avoid filtering out biological information and 
include a broader set of genes for subsequent studies. In addition, given that the specificity of AS samples points 
to many lncRNAs in GSE97210, we used the more stringent criteria of p < 0.05 and |log2FC|> 2 to screen for dif-
ferentially expressed lncRNAs. We visualized these results with volcano plots and heatmaps using the R package 
“ggplot2”. We used the “clusterProfiler” package of the R language to perform Gene Ontology (GO) annotation 
analysis to understand biological processes related to DEGs24, and adjust p < 0.05 was considered statistically sig-
nificant. To distinguish biological processes between different subgroups, we implemented the “clusterProfiler” 
package in R software to conduct gene set enrichment analysis (GSEA) on the gene expression profile dataset. 
The genes were sequenced in descending order according to log2FC, and annotated gene sets were obtained 
from the GO database and the Kyoto Encyclopedia of Genes and Genome (KEGG) database, respectively. The 
screening condition was adjusted p < 0.0525.

Construction of WGCNA and identification of hypoxia‑related module.  We constructed a gene 
co-expression network based on gene expression profiles from the GSE28829 and GSE43292 datasets using the 
R package “WGCNA”26. Calculated β from 1 to 20 to choose an appropriate soft threshold to convert the adja-
cency matrix to a topological overlap matrix to build the network. We further divided the initial modules by 
dynamic tree cutting. We merged similar modules following a height cutoff of 0.15, and genes that were unable 
to be merged were grouped into gray modules. Finally, the correlation between modules and traits was obtained 
by Pearson’s correlation analysis. Modules with the most significant correlation with clinical characteristics were 
selected for follow-up studies. If HIF1A is located in the core region of a module, this module is considered a 
“hypoxia-related module”, and the genes contained in this module are submitted for GO enrichment analysis.

Gene set variation analysis (GSVA).  GSVA is a nonparametric and unsupervised enrichment algorithm 
that estimates changes in specific gene sets based on expression profile data27. GSVA scores for each gene set were 
obtained using the GSVA software package to quantify marker pathway activity. The differences in biological 
pathways among different subtypes of AS were compared using the R package “Limma”. In this section, pathways 
with p < 0.05 and t > 2 were considered significantly enriched.

Figure 1.   The workflow of this study.
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Assessment of immune cell infiltration.  The “GSVA” R package was used for the single sample gene set 
enrichment analysis (ssGSEA) to calculate the abundance of 28 immune cell types in each sample based on the 
expression levels of specific immune cell marker genes. The set of genes for marking 28 types of immune cells 
was obtained from a previously published article28. The CIBERSORT algorithm (https://​ciber​sort.​stanf​ord.​edu/) 
using RNA-sequencing data to estimate the abundance of various types of immune cells in a mixed cell popula-
tion. The file that records the leukocyte gene signature matrix composed of 547 genes, named LM22, is used by 
the CIBERSORT algorithm to distinguish 22 immune cell types. We calculated the 22 immune cell types and 4 
aggregated immune cell types in the plaques inferred by the CIBERSORT algorithm. The 4 categories of immune 
cells, namely, total macrophages (sum of the percentages of M0, M1 and M2 macrophages), total mast cells (sum 
of the percentages of activated and resting mast cells), total lymphocytes (sum of the percentages of B cell naïve, 
B cell memory, plasma cell, T cells CD8, T cells CD4 naïve, T cells CD4 memory resting, T cells CD4 memory 
activated, T cells follicular helper, T cells regulatory, T cells gamma delta, NK cells resting, NK cells activated, 
Monocytes) and total dendritic cells (sum of the dendritic epithelial cells resting and dendritic cells activated). 
The immune infiltration (ImmuneScore) of the samples was obtained by calculating the immune purity of the 
expression matrix through the estimation algorithm using the “Estimated” R pacage.

Identification of hypoxia status in individual samples.  Unified Manifold Approximation and Projec-
tion (UMAP), a non-linear dimensionality reduction method, can identify the global structure of data according 
to given features, and subsequently assign a group of patients to different clusters. The set of hallmark genes 
for hypoxia includes 200 genes was retrieved and obtained from the Molecular Signatures Database (MsigDB; 
http://​www.​gsea-​msigdb.​org/​gsea/​msigdb/​index.​jsp) to determine the degree of hypoxia in the samples. After 
analyzing the clustering results, we determined two groups: “low-hypoxia” and “high-hypoxia”.

Random forest analysis.  The hypoxia gene set is from the “HALLMARK OF HYPOIXA” downloaded 
from the GSEA website. Then, the GSE28829 data set was randomly divided into a training set (n = 15, EA = 7, 
AA = 8) and a test set (n = 14, EA = 6, AA = 8). A classifier was constructed using the randomForest function 
of the R package “randomForest”. The number of better binomial tree variables was selected by looping on the 
training set. Simultaneous training revealed that the error within the model was largely stable when the number 
of decision trees contained in the random forest was around 500. So finally a random forest was constructed with 
ntry = 108 and mytree = 500 on the training set with the hypoxic gene set as the input variable. The classifier is 
based on the gene expression matrix, and features are compared and ranked by importance. We selected the top 
30 genes with the highest average reduction accuracy as candidate genes for subsequent studies. Then, the excel-
lent classification ability of the model was verified on the test set. The classification ability was characterized by 
Receiver Operating Characteristic (ROC) Evaluation. The ROC curve was also used to evaluate the diagnostic 
ability of the genes.The ROC contains the area under the curve (AUC) and 95% confidence interval (CI). The 
genes with AUC > 0.8 were considered to have desirable diagnostic value in this study.

Analysis of single‑cell RNA‑sequencing (scRNA‑seq) data.  We used the R package “Seurat” to 
analyze single-cell data. The R package Seurat was used to perform downstream analyses. For the GSE15512 
and GSE159677 datasets, we retained high quality cells by screening criteria of > 200 unique molecular identi-
fiers (UMIs) and mitochondrial-derived UMI counts below 10%. CAA was then applied to correct batch effects 
across experimental batches. For the GSE131778 dataset we used the processed matrix provided by the authors. 
We then constructed a shared nearest neighbor (SNN) graph using 50 nearest neighbors and 20 principal com-
ponent dimensions as input, followed by a resolution parameter of 0.5 to identify clusters, and visualized these 
clusters using the unified flowform UMAP. We manually annotated the cell types of each cluster on the basis of 
some known markers. We used the R package “AUCell” to score the activity of selected pathways of the indi-
vidual cells, and used density maps to show the activity level of the target pathways in each cluster29.

Competitive endogenous RNA (ceRNA) network construction.  First, cross-validation results based 
on multiple databases predicted that the hypoxia-critical gene HIF1A may be a transcription factor for PLAUR. 
The data mining platform ChIP-Atlas (http://​chip-​atlas.​org/) and Gene Transcription Regulatory Database 
(GTRD, http://​gtrd20-​06.​biouml.​org/) were used to predict the potential target genes of HIF1A. HumanTFDB is 
evaluated to be one of the most comprehensive genome-wide transcription factor databases (http://​bioin​fo.​life.​
hust.​edu.​cn/​Human​TFDB/#​!/). JASPAR is a high-quality transcription factor binding profile database (https://​
jaspar.​gener​eg.​net/). We combined the HumanTFDB, GTRD and JASPAR databases to explore whether HIF1A 
is one of the transcription factors for PLAUR. Next, each node of the ceRNA network that regulates HIF1A 
was screened based on database prediction and validation of sequencing results. We selected 2 miRNA predic-
tion databases, TarBase (https://​carol​ina.​imis.​athena-​innov​ation.​gr/​diana_​tools) and miRTarBase (https://​mirta​
rbase.​cuhk.​edu.​cn/) to predict the miRNAs regulating HIF1A. The miRNAs in the overlap of the predicted 
results from the above database were used for subsequent validation. GSE137580 was used to verify the nega-
tive correlation between miRNA and HIF1A. We then cross-validated the candidate miRNAs on 2 independ-
ent databases, miRWalk (http://​www.​ma.​uni-​heide​lberg.​de/​apps/​zmf/​mirwa​lk/) and miRPathDB (https://​mpd.​
bioinf.​uni-​sb.​de/​overv​iew.​html), to improve the reliability of the predictions. Subsequently, we selected starBase 
(https://​starb​ase.​sysu.​edu.​cn/) to predict lncRNAs regulating candidate miRNAs according to stringent predic-
tion criteria of the presence of validated evidence in 3 or more CLIP data. GSE97210 was used to verify the 
positive correlation between candidate miRNA and lncRNA. The least absolute shrinkage and selection operator 
(LASSO) is a dimension reduction approach that has demonstrated superiority over regression analysis in evalu-
ating high-dimensional data. We used the LASSO algorithm to filter out the candidate lncRNAs from above that 

https://cibersort.stanford.edu/
http://www.gsea-msigdb.org/gsea/msigdb/index.jsp
http://chip-atlas.org/
http://gtrd20-06.biouml.org/
http://bioinfo.life.hust.edu.cn/HumanTFDB/#!/
http://bioinfo.life.hust.edu.cn/HumanTFDB/#!/
https://jaspar.genereg.net/
https://jaspar.genereg.net/
https://carolina.imis.athena-innovation.gr/diana_tools
https://mirtarbase.cuhk.edu.cn/
https://mirtarbase.cuhk.edu.cn/
http://www.ma.uni-heidelberg.de/apps/zmf/mirwalk/
https://mpd.bioinf.uni-sb.de/overview.html
https://mpd.bioinf.uni-sb.de/overview.html
https://starbase.sysu.edu.cn/


5

Vol.:(0123456789)

Scientific Reports |         (2023) 13:8533  | https://doi.org/10.1038/s41598-023-35548-z

www.nature.com/scientificreports/

are most closely associated with AS progression. We constructed a LASSO regression prediction model via the 
R package “glmnet” to select the signature lncRNAs most associated with plaque development. The parameters 
used in the LASSO analysis were α = 1 and nlambda = 100. Choose lambda.min as the optimal lambda30.

Prediction and validation of potential drugs to slow plaque progression.  The Enrichr database (http://​amp.​pharm.​
mssm.​edu/​Enric​hr/) was searched using DrugMatrix analysis to identify potential targeted drugs. Furthermore, 
adjust p < 0.05 was set as the screening standard. Autodock is an algorithm-based software application for pre-
dicting interactions between small molecule ligands and macromolecular receptors, facilitating computational 
algorithm-based drug construction, discovery, and virtual screening31. To predict the binding conformation and 
binding free energy of drugs and proteins, virtual tests are performed sequentially in the following three steps: 
first, the RCSB PDB (https://​www.​rcsb.​org/) was used to obtain the 3D protein structures of target genes; second, 
the 3D crystal structures of the drugs were acquired from the PubChem database (https://​pubch​em.​ncbi.​nlm.​
nih.​gov/) as ligands; finally, Autodock version 4.2.6 was used to predict protein–ligand interactions; in addition, 
Pymol version 4.6.0 was used to visualize the docking pocket of the ligand-bound target protein with the best 
affinity. Docking pockets with binding energies below − 2 kcal/mol are considered ideal binding conformations.

Results
Hypoxia was identified as a characteristic of AA.  The reduction and visualization of transcrip-
tome data from the exploration cohort, GSE28829, using the PCA algorithm showed significant heterogeneity 
between EA and AA (Fig. 2A). With a threshold of p < 0.05 and |log2FC|> 0.5, 625 highly elevated genes and 
374 significantly downregulated genes were discovered in AA samples of the exploration cohort (Fig. 2B). The 
HIF-1 signaling pathway genes were then significantly enriched in the AA samples by GSEA analysis as shown in 
Fig. 2C (enrichment score = 0.4902, adjust p = 0.0277). Similarly, GSEA analysis found a significant enrichment 
of genes related to the biological process of the “hypoxia response” in AA samples, as shown in Fig. 2D (enrich-
ment score = 0.4902, adjust p = 0.0267). WGCNA constructed a scale-free co-expression network using all tran-
scriptome data and plaque pathologic status of the GSE28829 dataset. We set the soft threshold at 10 to build the 
scale-free network. At that time, the fit index was > 0.85 and the average connectivity was close to 0 (Fig. 2E). 
Subsequently, dynamic tree cutting was used to generate co-expression modules, and a total of 25 modules were 
generated in the co-expression network (Fig. 2F). The graph of the relationship between the modules and their 
corresponding clinical features showed that the green module revealed the strongest correlation (module-trait 
weighted correlation = 0.8016, p = 1.7e−07) with AA and was considered the key module for plaque develop-
ment (Fig. 2G). The green module contains 779 genes, which are highly positively correlated in terms of module 
members and gene significance (r = 0.9781, p = 2.2e−16). It should be noted that HIF1A, the molecular markers 
of hypoxia, is located in the core of the green module (Fig. 2H). GO function enrichment analysis showed that 
genes contained in the green module participated mainly in the response to hypoxia (Fig. 2I). In addition, we 
noted that GO functional enrichment revealed that hypoxia-related genes were also widely involved in immune-
related biological processes, including T cell activation, macrophage activation, B cell activation, etc. The boxplot 
indicated that HIF1A expression was much higher in AA compared to EA (p = 0.0320; Fig. 2J). Based on the 
above information, we defined the green module as a “hypoxia-related module”, and identified 779 of the genes 
as hypoxia-related genes, which promote plaque formation by participating in response to hypoxia.

The hypoxia microenvironment is related to the immunological characteristics of the 
plaques.  The immunological characteristics of the plaques were evaluated according to immune cell infiltra-
tion and ImmuneScore. The invasion of 28 different types of immune cells was estimated using ssGSEA. The 
heatmap revealed that most of the innate and adaptive immune cells except CD56dim natural killer cells, plasma 
cell like dendritic cells and type 2 T helper cells showed higher level of infiltration in AA (Fig. 3A). Compared to 
EA, ImmuneScore in AA increased dramatically, according to the boxplot (p = 1.4e−07; Fig. 3B). The scatter plot 
showed that there was a significant positive correlation between HIF1A and ImmuneScore (r = 0.6054, p = 0.0005; 
Fig. 3C). Then we used CIBERSORT to evaluate the infiltration of 22 immune cell types in plaques. The boxplots 
showed that compared to EA, the infiltration of Macrophages M2, Macrophages M0, Plasma cells rested T cells, 
and NK cells were significantly increased in AA, while the infiltration of T cells CD8, T cells regulatory (Tregs), 
Monocytes and B cells naïve were significantly reduced (Fig. 3D). Boxplots showed that only total macrophages 
were significantly increased in abundance among the 4 aggregated immune cell types in AA, but total lympho-
cyte infiltration was significantly decreased (Fig. 3E). Additionally, the results of the correlation study revealed a 
strong association between several immune cells. Heatmap showed that macrophage M0 was significantly nega-
tively correlated with NK cells activated and T cells CD8, and macrophage M1 was significantly negatively cor-
related Dendritic cells activated but significantly positively correlated with monocytes, and macrophage M2 was 
significantly negatively correlated with T cells CD4 naïve and monocytes (Fig. 3F). The results of the correlation 
analysis showed that HIF1A expression was positively correlated with the abundance of macrophage M2 and 
macrophage M0, but significantly negatively with the infiltration abundance of NK cell activation, T cell regula-
tion (Tregs) and T cell CD8 (Fig. 3G). Using 200 hypoxia marker genes from MSigDB, each sample of GSE28829 
cohort was allocated to the nearest cluster based on UMAP algorithm, and two clusters, cluster 1 and cluster 2, 
were obtained (Fig. 3H). Cluster 1 and cluster 2 contained 13 and 16 patients, respectively. Only one AA sample 
was assigned to cluster 1, and only one EA sample was assigned to cluster 2 (Fig. 3H). Comparing clusters 1 and 
2, the boxplot revealed that cluster 2 had a much higher expression of HIF1A (p = 0.0014; Fig. 3I). Therefore, 
cluster 1 and cluster 2 are defined as “low-hypoxia cluster” and “high-hypoxia cluster” respectively. The cluster-
ing results again showed that hypoxia was an important characteristic of AA. There was a significant increase in 
ImmuneScore of the low-hypoxia cluster compared to high-hypoxia cluster (p < 1.0e−11; Fig. 3J). The scatter plot 
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shows that there is a significant positive correlation between HIF1A and ImmuneScore in the defined clusters 
(r = 0.6633, p = 8.7e−05; Figure Fig. 3K). These results suggest that hypoxia may affect the number and phenotype 
of immune cells infiltrating the plaque by overexpressing HIF1A, thus mediating the progression of plaque.

Identification of AA‑specific candidate genes involved in hypoxia.  We used the random Forest 
algorithm to further identify which hypoxia-related genes in the “hypoxia-related module” are closely associated 
with plaque progression. A training group (7 cases EA, 8 cases AA) and a test group (6 cases EA, 8 cases AA) 
were randomly assigned from the GSE28829 cohort. We built a random forest machine learning model based 
on the transcriptome data of the training group, which showed good recognition ability in the test set, with only 
1 case of EA (GSM714096) and 1 case of AA(GSM714076) not being correctly identified (Fig. 4A). The model 
achieved an AUC of 0.896 in the test group (Fig. 4B). Figure 4C shows the prioritization of the first 30 important 
variables ranked according to the average reduced accuracy. The Venn diagram showed that a total of 11 impor-
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tant variables overlapped with the “Hallmark of hypoxia” gene set published in the MsigDB database and were 
selected as candidate genes in our analysis that followed (Fig. 4D). The 11 candidate genes including AMPD3, 
CA12, FBP1, NAGK, IER3, PLAUR, HK2, CXCR4, PDK3, PGK1, TPI1. The dumbbell plot showed the AUC 
values and 95% confidence intervals under the ROC curve for each candidate gene to evaluate their diagnostic 
performance in predicting plaque progression in the GSE28829 cohort (Fig. 4E). Candidate genes other than 
PDK3, PGK1, and TPI1 have a high diagnostic value for AA (AUC > 0.8), which means that these genes have 
important contributions to the development of AS.

The correlation analysis of these 11 candidate genes revealed significant negative co-expression between PDK3 
and other genes. In addition, all genes except PDK3 have a significant positive correlation, suggesting that they 
have a co expression relationship (Fig. 4F). Using |log2FC|> 0.5, p < 0.05 as a threshold for differential expression 
analysis, the results indicated that the transcript level of CXCR4, IER3, AMPD3, FBP1, HK2, CA12 and PLAUR in 
AA increased significantly, while the expression of PDK3 decreased significantly (Fig. 4G). Significant differences 
in expression suggest that these candidate genes are involved in the development of AS. Then, we explored the 
relationship between these 11 candidate genes and HIF1A, the molecular feature of hypoxia response. The results 
of the Pearson’s correlation test showed that HIF1A was significantly positively correlated with PLAUR, CXCR4, 
IER3, FBP1, HK2, AMPD3, and NAGK and negatively correlated with PDK3 (Fig. 4H). The protein interaction 
network between the 11 candidate genes and HIF1A involved in the exploration cohort based on the analysis of 
the STING database was shown in Fig. 4I. Since the hypoxia microenvironment may be involved in shaping the 
immune characteristics of plaques, we further explored the potential association between 11 candidate genes 
and infiltration of 22 immune cell types (Fig. 4J). In addition, the results of the correlation analysis between the 
candidate genes and ImmuneScore showed that TPI1 had no significant correlation with ImmuneScore, PDK3 
had a significant negative correlation with ImmuneScore, and other genes had a significant positive correlation 
with ImmuneScore (Fig. 4K). In conclusion, we preliminarily selected 11 Hypoxia-related genes that were highly 
associated with AS. The effect of these genes on AS may be mediated in part by affecting immune infiltration. 
In conclusion, we preliminarily screened 11 candidate genes, some of which can recognize AA well, indicating 
that they are highly related to plaque progression, which may be mediated by regulating immune cell infiltration.

Identification of PLAUR as the most valuable AA‑specific candidate gene involved in 
hypoxia.  Subsequently, we verified the robustness of the appeal candidate genes. First, we verified whether 
the independent dataset GSE43292 is suitable as the validation cohort. Reduction and visualization of transcrip-
tome data from the validation cohort using the PCA algorithm showed significant heterogeneity between EA 
and AA (S1B). With a threshold of p < 0.05 and |log2FC|> 0.5, 650 significantly upregulated genes and 510 sig-
nificantly downregulated genes were found in AA samples of the validation cohort (S1C). Then, the HIF-1 sign-
aling pathway genes were significantly enriched in AA samples by GSEA analysis, as shown in S1D (enrichment 
score = 0.4819, adjust p = 0.0084). Similarly, the GSEA analysis found a significant enrichment of genes related 
to the biological process of the “hypoxia response” in AA samples, as shown in S1E (enrichment score = 0.4902, 
adjust p = 0.0345). The boxplot showed that HIF1A increased significantly in AA compared to EA (p = 0.0002; 
S1F). The boxplot showed that ImmuneScore was significantly increased in AA compared to EA (p = 2.7e−06; 
S1G). The scatter plot showed that there was a significant positive correlation between HIF1A and ImmuneScore 
(r = 0.7951, p = 4.2e−15; S1H). These results showed that GSE43292 and GSE28829 have similar internal charac-
teristics, which means that it is very appropriate to use the GSE4392 dataset as the validation cohort.

Subsequently, a scale-free co-expression network was constructed by WGCNA using all transcriptome data 
and plaque pathologic status from the GSE43292 dataset. We set the soft threshold as 16 to build the scale-free 
network. At this time, the fit index was > 0.85 and the average connectivity was close to 0 (S2A). Subsequently, 
dynamic tree cutting was used to generate co-expression modules and a total of 25 modules were generated 
in the co-expression network (S2B). The graph of the relationship between modules and their corresponding 

Figure 2.   Hypoxia was identified as a characteristic of AA. (A) EA and AA were clustered into two clusters 
with significant heterogeneity in the results of PCA analysis. (B) Volcano plot showing the DEGs between 
EA and AA in the GSE28829 cohort. |Log2FC|> 0.5 and p < 0.05 are considered to have a significant statistical 
difference. Upregualted (red) and downregulated (blue) are indicated. (C) GSEA of 107 genes represents HIF-1 
signal pathway, which reveals the relationship between plaque status and the HIF-1 pathway. AA is located on 
the left side near the starting point of the x-axis, while EA is located on the right side of the x-axis. (D) GSEA 
of 291 marker genes represents “hypoxia response”, illustrating the relationship between plaque status and 
hypoxia response. AA is located on the left side near the origin of the x-axis, while EA is located on the right 
side of the x-axis. (E) Soft threshold selection process. (F) Cluster dendrogram. Each color represents one 
specific co-expression module and the colored rows below the dendrogram represent the merged modules. (G) 
Heatmap showing the relationship between different modules and the correlation between modules and plaque 
status. A large square area indicates a high correlation between modules, a deep color indicates a small p value. 
Positive (red) and negative (blue) are indicated. Correlation between the module and the status is indicated by 
the thickness of the line. Different colors indicate different p value intervals. Positive (solid line) and negative 
(dotted line) are indicated. The green module exhibited the highest correlation with hypoxia (r = 0.8000, 
p = 2.0e−07) and was considered a “hypoxia-related module”. (H) The module membership and gene significance 
of 779 genes involved in the green module exhibited a highly positive correlation (r = 0.9781, p = 2.2e−16), 
and HIF1A was located in the core part which is positively correlated with hypoxia. (I) For the GO functional 
annotation of the 779 genes included in the green module, seven representative statistically significant items 
were selected. (J) HIF1A was significantly increased in AA (p = 0.0320).
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Figure 3.   Microenvironment of hypoxia is related to immunological characteristics of plaques. (A) Heatmap showing the relationship 
between the infiltrated proportion of 24 immune cells and plaque status (EA and AA) in the GSE28829 cohort, based on the ssGSEA 
algorithm (p < 0.05*; p < 0.01**; p < 0.001***; ns = not significant). (B) ImmuneScore was significantly increased in AA (p = 1.4e−07). 
(C) Correlation between HIF1A and ImmuneScore (r = 0.6054, p = 0.0005). (D) Boxplots showing differences in the abundance of 
different immune cell infiltrates between EA and AA. (p < 0.05*; p < 0.01**; p < 0.001***; ns = not significant). (E) Boxplots showing 
the difference between EA and AA in the infiltration abundance of four categories of immune cells calculated based on CIBERSORT 
results. (F) Heatmap showing the relationship between 21 kinds of immune cells. Positive (purple) and negative (green) are indicated, 
with darker color indicating stronger relationship. (p < 0.05*; p < 0.01**; p < 0.001***; blank means not significant). (G) Correlation 
between HIF1A and immune cell abundance based on CIBERSORT score. (H) The GSE28829 cohort was clustered into cluster1 and 
cluster2 by UMAP based on marker gene set of hypoxia and the lower left part shows the specific allocation of EA and AA in cluster1 
and cluster2. (I) The transcription level of HIF1A was significantly increased in clust2 (p = 0.0014). (J) ImmuneScore was significantly 
increased in cluster2 (p = 1.0e−11). (K) Correlation between HIF1A and ImmuneScore (r = 0.6633, p = 9.7e−05).
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Figure 4.   Identification of AA-specific candidate genes involved in hypoxia. (A) Performance of the model in the training cohort. 
(B) ROC of the random forest model in the test cohort, AUC = 0.896 (95% CI 0.783–1.000). (C) Top 30 genes prioritized by random 
forest analysis ranked by the mean decrease in accuracy. (D) Venn plot showing a total of 11 important variables that overlap between 
the “Hallmark of hypoxia” gene set and the genes in the “hypoixa-related module”. (E) Dumbbell plot showing the AUC values and 
95% confidence intervals of each candidate gene. (F) Heatmap showing the correlation between candidate genes. (G) Heatmap 
showing differential expression of candidate genes between EA and AA. (H) Lollipop plot showing the correlation between HIF1A and 
candidate genes. The size of the ball indicates the magnitude of the correlation and different colors indicate different p values. (I) A 
correlation network involving the 11 candidate genes and HIF1A in the GSE28829 cohort. (J) Spearman correlation between candidate 
genes and 21 immune cells. The size of the bubble represents the correlation level. The color of the bubble represents p. Red: positive 
correlation. Blue: negative correlation. (K) Correlation between candidate genes and ImmuneScore. Positive (red) and negative (blue) 
are indicated. Grey mask represents p < 0.05 and white mask represents p > 0.05.
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clinical features showed that the blue module revealed the strongest correlation (module-trait weighted cor-
relation = 0.5874, p = 4.1e−07) with AA and was regarded as key module for plaque development (Fig. 5A). The 
blue module contains 879 genes, which are highly positively correlated in terms of module members and gene 
significance r = 0.9797, p = 2.2e−16) and HIF1A is located in the core part of blue module (Fig. 5B). Therefore, 
the green module was determined as the “hypoxia-related module” in the GSE43292 cohort, and we noted that 
PGK1, AMPD3, FBP1, NAGK, CXCR4, and PLAUR are included in this module. The correlation analysis of these 
11 candidate genes showed that there was significant negative correlation between PDK3 and other genes. In 
addition, all genes except PDK3 have a significant positive correlation, suggesting that they have a co-expression 
relationship (S2C). The dumbbell plot showed the AUC values and the 95% confidence intervals under the ROC 
curve for each candidate gene to evaluate their diagnostic performance in predicting plaque progression in the 
GSE43292 cohort (Fig. 5C). Candidate genes other than AMPD3, NAGK, PLAUR and PDK3 have a high diag-
nostic value for AA (AUC > 0.8), which means that these genes have important contributions to the development 
of AS. The results of the Pearson’s correlation test showed that HIF1A was significantly positively correlated with 
CXCR4, AMPD3, PLAUR, PGK1, CA12, IER3, TPI1, FBP1, HK2, and NAGK and negatively correlated with 
PDK3 (Fig. 5D). Using |log2FC|> 0.5, p < 0.05 as the threshold for differential expression analysis in GSE43292, 
the results showed that the expression of CXCR4, IER3, AMPD3, FBP1, HK2, CA12 and PLAUR in AA increased 
significantly (Fig. 5E). Then we explored the potential association between 11 candidate genes and infiltration of 
22 immune cell types (Fig. 5F). In addition, PDK3 exhibited a substantial negative association with ImmuneScore, 
according to the results of the correlation analysis between candidate genes and ImmuneScore, while other genes 
had a significant positive correlation (S2D).

We then predicted the target genes of transcription factor HIF1A using GTRD and Chip-Atlas databases. It 
turned out that 5 of the above 11 candidate genes were predicted in both databases, including PLAUR, AMPD3, 
HK2, NAGK and TPI1 (S2E). To strengthen the reliability of the prediction results above, we performed cross-
validation. Based on HumanTFDB, GTRD, and JASPAR databases, we predicted 7, 10, and 10 possible binding 
sites for HIF1A as a transcription factor regulating PLAUR expression (Supplementary Tables 1, 2, and 3). 
Subsequently, to further enhance the reliability of transcriptional regulatory relationship prediction results and 
to generate a comprehensive map of the landscape of hypoxia in human AS lesions at single-cell resolution, 
we analyzed the GSE131778 dataset. After rigorous quality control (S2F), 11,403 cells were finally retained for 
downscaling clustering analysis (S2G). After descending clustering, these cells were identified into 9 cell types, 
endothelial cell (EC), fibroblast cell (FC), smooth muscle cell (SMC), Neuro, T/NK cell, B cell, Plasma cell, Mast 
cell and Macrophage, respectively (Fig. 5G). This was based on manual annotation of typical cell type markers 
(S2H). After calculating the pathway score for each cell it was found that the inflammatory response was signifi-
cantly increased only in the macrophage cluster, suggesting that macrophages may be involved in shaping the 
immune landscape of AS (Fig. 5H). We also found that hypoxia was remarkably enriched in all clusters except 
B cells, suggesting a widespread hypoxia environment in AS lesions. HIF1A expression was remarkably higher 
in the macrophage cluster than in other cell clusters (Fig. 5I,J). Notably, PLAUR was also significantly overex-
pressed in the macrophage cluster, indicating a potential co-expression relationship between PLAUR and HIF1A 
(Fig. 5IJ). This is consistent with the prediction that HIF1A may be a potential transcription factor for PLAUR.

Considering the following contents of 11 candidate genes in the exploration cohort and validation cohort, 
including whether they are contained in the “hypoxia-related module”, expression, prediction ability (AUC value), 
co-expression relationship with HIF1A, correlation with ImmuneScore, and whether they are target genes of 
HIF1A, we finally determined that PLAUR is the most robust gene involved in plaque development (Fig. 5K).

External validation of PLAUR as a valid diagnostic marker of AS progress.  We first validated the 
expression of Hif1a and Plaur in the two most commonly used well-established mouse models of AS. Boxplots 
showed that the expression of Hif1a and Plaur in mouse arterial tissue was significantly elevated in Ldlr−/− 
model mice (S3A). Boxplots showed that the expression of Hif1a and Plaur in mouse AS lesions was significantly 
elevated in ApoE−/− model mice compared to the outer and inner membranes of Wt mice (S3B). Considering 
the effective diagnostic efficacy of PLAUR in human AS coronary arteries, we sought to determine whether Plaur 
also has this classification ability in mouse models of AS. Boxplots showed that Plaur expression in mouse arte-
rial tissues was considerably elevated in Ldlr−/− model mice, and, the AUC value reached 1.000 suggesting an 
excellent predictive ability of Plaur in the GSE69187 cohort (S3C). In another Ldlr−/− mouse cohort, GSE76812, 
it was observed that the expression of Plaur in mouse AS lesions was significantly higher in model mice fed a 
high-fat diet compared to normal diet Ldlr−/− mice, suggesting the involvement of Plaur in the exacerbation of 
AS lesions. Moreover, an AUC value of 1 suggested an excellent ability of Plaur to diagnose lesion progression in 
the GSE76812 cohort (S3D). We also observed in ApoE−/− model mice that Plaur expression was significantly 
elevated in arteries with AS lesions. An AUC value of 0.88 indicated an excellent ability of Plaur to classify 
atherosclerotic lesions in the GSE72248 cohort (S3E). The results of the mouse AS model again support the pos-
sibility that Plaur may participate in the progression of AS and has outstanding diagnostic capabilities for lesions.

To further validate that PLAUR plays a crucial role in the progression of AS plaques, while complementing 
the non-direct evidence of HIF1A as a potential transcription factor for PLAUR, we explored it on two additional 
independent human datasets. For the single-cell dataset GSE159677, 46,347 cells were retained after quality con-
trol, of which 35,004 were from AC and 11,343 were from PA (S4A and S4B). All samples showed good overlap 
after removal of batch effects (S4C, S4D). Reduced-dimensional clustering yielded 19 cell clusters (Fig. 6A). 
Subsequently, manual clustering annotation based on classical cell type markers identified 10 groups of cells, 
including EC, FC, intermediate cell state (ICS), SMC, B cell, T cell, NK cell, Plasma cell, Mast cell and Macrophage 
(Fig. 6B,C). Calculation of the pathway scores for each cell revealed that, as in the GSE131778 dataset, only the 
macrophage cluster had a significantly increased inflammatory response. This result suggests that macrophages 
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Figure 5.   Validation and screening of AA-specific candidate genes involved in hypoxia. (A) Heatmap of the correlation between 
module eigengens and the occurrence of SLE. (B) Correlation between module membership of the Blue module and gene significance 
(r = 0.9797, p = 2.2e−16). (C) Dumbbell plots show the AUC values and 95% confidence intervals of each candidate gene. (D) Lollipop 
plot showing the correlation between HIF1A and candidate genes. The size of the ball indicates the magnitude of the correlation and 
different colors indicate different p values. (E) Heatmap showing differential expression of candidate genes between EA and AA. (F) 
Spearman correlation between transcription levels of characteristic genes and 21 immune cells. The size of the bubble represents 
the correlation level. The color of the bubble represents p values. Red: positive correlation. Blue: negative correlation. (G) Further 
annotated to 10 cell types based on known markers, including EC, FC, SMC, Neuro, B cells, T cells, NK cells, Plasma cell, Mast cell, 
and Macrophage. Each dot corresponds to an individual cell, colored according to the cell cluster. EC indicates endothelial cell; FC, 
fibroblast cell; and SMC, smooth muscle cell. (H) Density plot showing AUC scores for individual cells with “INFLAMMATORY 
RESOPONSE” and “HYPOXIA” pathway activity. (I) Density plot showing the expression of HIF1A and PLAUR in different cell types. 
(J) Violin plots showing the expression of HIF1A and PLAUR in each cell types. (K) Status of 11 candidate genes in GSE28829 and 
GSE43292.
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Figure 6.   External validation of PLAUR in the progression of AS. (A) UMAP projections of 46,347 single cells from the AC in 3 cases 
and the PA in 3 matched cases were shown to form 19 major clusters. (B) Dot plots showing the average expression of known markers 
in the cell types represented. (C) Further annotated to 10 cell types based on known markers, including EC, FC, SMC, ICS, B cells, 
T cells, NK cells, Plasma cell, Mast cell, and Macrophage. Each dot corresponds to an individual cell, colored according to the cell 
cluster. ICS indicates an intermediate cell state. (D, E) Density plot showing AUC scores for individual cells with “INFLAMMATORY 
RESOPONSE” and “HYPOXIA” pathway activity. (F, G) Density plot showing the expression of HIF1A and PLAUR in different cell 
types. (H, I) Violin plots showing the expression of HIF1A and PLAUR in each cell types in different pathological states and the 
significance of the differences. (J) Differences in pathway activities scored per samples by GSVA between AA and NA. Bar graphs 
show t-values from linear models, t > 2 are considered significant different. Orange indicates pathways enriched in AA, blue indicates 
pathways enriched in NA. (K) HIF1A was significantly increased in AA (p = 5.3e−07). (L) PLAUR was significantly increased in AA 
(p = 2.0e−05). (M) Correlation between HIF1A and PLAUR (r = 0.9995, p = 3.1e−07). (N) ROC curves of PLAUR in GSE97210 dataset, 
AUC = 1.000 (95% CI 1.000–1.000).
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are the main cell type involved in shaping the chronic inflammatory environment of AS lesions (Fig. 6D). We 
also found that, consistent with the findings above, hypoxia was significantly enriched in all clusters except B cell 
and Plasma cell, suggesting a widespread hypoxia environment in AS lesions (Fig. 6E). Expression of HIF1A was 
significantly higher in the macrophage cluster than in other clusters (Fig. 6F,H). The significant enrichment and 
high expression of PLAUR in macrophages again demonstrated a potential co-expression relationship between 
PLAUR and HIF1A (Fig. 6G,I). This strengthened the prediction that HIF1A may be a potential transcription 
factor for PLAUR. Considering the critical role of macrophages in the development of AS, we suggested the high 
expression of PLAUR in macrophages indicates the involvement of PLAUR in the progression of AS (Fig. 6I).

We then validated the diagnostic ability of PLAUR for AS progression in the GSE97210 dataset. First, the 
detection of GSVA was performed and a direct comparison between AA and NA revealed that hypoxia was one 
of the enriched signatures in AA (Fig. 6J). The boxplot showed that the expression of HIF1A was substantially 
higher in AA than in NA (p = 5.3e−07; Fig. 6K). Therefore, the GSE97210 dataset is applicable as an external 
validation cohort. Subsequently, we detected the expression of PLAUR and found that the expression of PLAUR 
increased significantly in AA compared to NA (p = 2.0e−05; Fig. 6L). The scatter plot showed that there was a 
significant positive correlation between HIF1A and PLAUR (r = 0.9995, p = 3.1e−07; Fig. 6M). According to the 
ROC analysis, PLAUR showed excellent predictive ability in the GSE97210 cohort, and its AUC value reached 
1.000 (Fig. 6N). The comprehensive results of GSE28829, GSE43292, and GSE97210 show that PLAUR has a 
stable and excellent ability to predict plaque development.

PLAUR may serve as A diagnostic marker for concomitant clinical symptoms of AS..  To 
explore the potential of PLAUR to diagnose concomitant symptoms of AS while complementing the non-direct 
evidence for HIF1A as a potential transcription factor for PLAUR, we explored it on two additional independent 
datasets. For the single-cell dataset GSE155512, 8867 cells were retained after quality control, of which 2614 were 
from a patient with symptomatic and 6253 were from 2 patients with asymptomatic (S4E and S4F). All samples 
showed an adequate overlap after removal of batch effects (S4G, S4H). Reduced dimensional clustering yielded 
15 cell clusters (Fig. 7A). Subsequently, manual clustering annotation based on classical cell type markers identi-
fied 8 groups of cells namely EC, FC, ICS, SMC, T/NK cell, Plasma cell, Mast cell and Macrophage (Fig. 7B,C). 
Consistent with the results above, the results of calculating the pathway score for each cell again demonstrated a 
significant increase in the inflammatory response of only macrophage clusters, which strengthens the evidence 
that macrophages are involved in shaping the inflammatory environment of AS (Fig. 7D). We also found that 
hypoxia was significantly enriched in all clusters except plasma cells. Combining the above results, we conclude 
that a widespread hypoxia environment is stable present in AS lesions (Fig. 7E). The results showed that HIF1A 
expression was significantly higher in theMacrophage cluster than in other clusters (Fig.  7F,H). Meanwhile, 
PLAUR was significantly enriched and overexpressed in the Macrophage cluster (Fig. 7G,I). Combined with the 
previously mentioned experimental results, we have stable non-direct evidence for a co-expression relationship 
between HIF1A and PLAUR, which strongly suggests that HIF1A may be a potential transcription factor for 
PLAUR. Meanwhile, we found that PLAUR expression was significantly higher in macrophage populations in 
symptomatic individuals, suggesting that PLAUR may be involved in the transition from stable to unstable AS 
lesions (Fig. 7I).

We continued to validate the clinical value of PLAUR in the GSE163154 cohort. GSVA results showed that the 
absolute enrichment of the hypoxia gene set in IPH was significantly increased compared to non-IPH (Fig. 7J). 
The boxplot showed that the expression of HIF1A was significantly increased in IPH compared to non-IPH 
(p = 0.031; Fig. 7K). Similarly, the characteristics of the GSE163154 dataset indicate that it is reliable as an external 
validation cohort. Subsequently, we detected the expression of PLAUR and found that the expression of PLAUR 
was significantly increased in IPH compared to non-IPH (p = 2.7e−05; Fig. 7L). The scatter plot showed that 
there was a significant positive correlation between HIF1A and PLAUR (r = 0.5941, p = 2.6e−05; Fig. 7M). The 
ROC analysis result showed that PLAUR can predict whether the samples in the GSE163154 cohort have plaque 
hemorrhage and its AUC value reaches 0.882 (Fig. 7N). These results extends the clinical value of PLAUR, sug-
gesting that monitoring PLAUR levels in plaques may help predict the occurrence of vascular events.

Construction and verification of the ceRNA network that regulates HIF1A..  The above experi-
mental results support the conclusion that HIF1A may be a transcription factor of PLAUR. Considering that 
our study suggests that PLAUR is involved in the development of AS, we therefore sought to construct a possible 
ceRNA network regulating HIF1A, which will further influence the progression of lesions by regulating the 
expression of PLAUR thereby. We combined the prediction results from the TarBase dataset and miRTarBase 
dataset to identify 18 miRNAs supported by experimental evidence that may regulate HIF1A expression (S5A, 
Supplementary Table 4). We then validated the expression levels of these 18 miRNAs above in AS plaques on the 
dataset GSE13750. As shown in Fig. 8A, among these 18 predicted miRNAs, only hsa-miR-424-5p was signifi-
cantly reduced in AS (as shown in the red box in Fig. 8A). Subsequently, to improve the confidence of the predic-
tions, we used predictions from miRWalk and miRPath databases for cross-validation (Supplementary Tables 5, 
6). The results showed that both datasets predicted HIF1A as a possible target gene for hsa-miR-424-5p (S5B). 
From the starBase database, we detected that 73 lncRNAs verified by at least three independent experiments can 
be combined with hsa-miR-424-5p (Supplementary Table 5). The GSE97210 cohort was selected as the valida-
tion set to test the predicted lncRNAs. With a threshold of p < 0.05 and |log2FC|> 2, 782 significantly upregulated 
lncRNAs and 863 significantly downregulated lncRNAs were found in AA samples from the GSE97210 dataset 
(Fig.  8B). Among the 73 predicted lncRNAs, only 53 possessed probe information in the GSE97210 dataset 
(Fig. 8C). Figure 8D showed the differential expression of these 53 lncRNAs between AA and NA. We further 
screened the lncRNAs most associated with plaque progression using LASSO regression. For LASSO algorithm, 
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Figure 7.   PLAUR May Serve as A Diagnostic Marker for Concomitant Clinical Symptoms of AS. (A) UMAP projections of 8867 
single cells from the symptomatic in 1 case and the asymptomatic in 2 cases were shown to form 15 major clusters. (B) Dot plots 
showing the average expression of known markers in the cell types represented. (C) Further annotated to 8 cell types based on known 
markers, including EC, FC, SMC, ICS, T/NK cells, Plasma cell, Mast cell, and Macrophage. Each dot corresponds to an individual 
cell, colored according to the cell cluster. (D, E) Density plot showing AUC scores for individual cells with “INFLAMMATORY 
RESOPONSE” and “HYPOXIA” pathway activity. (F, G) Density plot showing the expression of HIF1A and PLAUR in different cell 
types. (H, I) Violin plots showing the expression of HIF1A and PLAUR in each cell types in different pathological states and the 
significance of the differences. (J) Differences in pathway activities scored per samples by GSVA between IPH and non-IPH. Bar 
graphs show t-values from linear models, t > 2 are considered significant different. Orange indicates pathways enriched in IPH, blue 
indicates pathways enriched in non-IPH. (K) HIF1A was significantly increased in AA (p = 5.3e−07). (L) PLAUR was significantly 
increased in AA (p = 2.0e−05). (M) Correlation between HIF1A and PLAUR (r = 0.5941, p = 2.6e−05). (N) ROC curves of PLAUR in 
GSE163154 dataset, AUC = 0.882 (95% CI 0.765–0.999).
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Figure 8.   Construction and verification of the ceRNA network regulating HIF1A. (A) Boxplots showing all 
miRNAs with significant differential expression. (B) Volcano plot showing the differentially expressed lncRNAs 
between NA and AA in the GSE137580 cohort. |Log2FC|> 2 and p < 0.05 are considered to have a significant 
statistical difference. Up (red) and down (blue) are indicated. (C) Venn plot showing a total of 53 lncRNAs 
possessed probe information in the GSE97210 dataset. (D) Heatmap showing differential expression of lncRNA 
screened from the database between EA and AA. (E) LASSO coefficient profiles of the 53 lncRNAs in AS. (F) 
The log (lambda) sequence was used to construct a coefficient profile diagram. The LASSO model’s optimal 
parameter (lambda) was chosen. (G) Correlation between transcription level of HIF1A and expression of 
HCG17. (H) Schema summarizes that HCG17 and HSA-Mir-424-5p compete to regulate the expression level of 
HIF1A. PLAUR is the potential therapeutic target identified in this study, and HIF1A is its transcription factor.
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a more concise model was selected to construct the LASSO classifier after 10 cross-validation, and a total of 34 
feature lncRNAs were identified (Fig. 8E,F). HCG17 is the only lncRNA to share the prediction results of the 
Starbase database and the LASSO analysis results. The scatter plot showed that there was a significant positive 
correlation between HIF1A and HCG17 (r = 0.9994, p = 4.3e−07; Fig. 8G). Through the screening and validation 
above, we constructed and mapped a possible ceRNA network that regulates HIF1A expression, and dysregula-
tion of this network under pathological conditions may promote plaque development by upregulating PLAUR 
expression (Fig. 8H).

Prediction and docking results of drugs targeting PLAUR​.  We hope to screen for some drugs that 
can delay the AS development by blocking the biological function of PLAUR. First, using the DrugMatrix data-
base, we found a total of 88 items describing the predicted small molecular compounds that could bind to PLAUR 
based on the standard of adjust p < 0.05 (Supplementary Table 6). Some of these small molecule compounds have 
been discussed in several items. To improve the clinical application value of our experiments, we focus our 
screening on commonly used drugs and natural products that have potential applications. Based on the above 
conditions, we finally recovered the following five drugs, including alprostadil, valsartan, biochanin A, luteolin, 
and curcumin. Figure 9A illustrates the two-dimensional structure of alprostadil. The results of auotodock show 
that the binding energy of alprostadil and PLAUR reaches − 3.36 kcal/mol. Molecular docking analysis predicted 
that alprostadil could interact with PLAUR proteins in ASN-9, GLY-10, GLY-79, and GLN-78. Meanwhile, one 
hydrogen bond is formed on GLN-78 (Fig. 9B). Figure 9C illustrates the two-dimensional structure of valsartan. 
The results of auotodock show that the binding energy of valsartan and PLAUR reaches − 4.09 kcal/mol. Molecu-
lar docking analysis predicted that alprostadil could interact with PLAUR proteins in THR-8 and no hydrogen 
bond was formed (Fig. 9D). Figure 9E illustrates the two-dimensional structure of biochanin A. The results of 
auotodock show that the binding energy of biochanin A and PLAUR reaches − 4.19 kcal/mol. Molecular dock-
ing analysis predicted that biochanin A could interact with PLAUR proteins in THR-164 and SER-257 and no 
hydrogen bond formed (Fig. 9F). Figure 9G illustrates the two-dimensional structure of curcumin. The results 
of auotodock show that the binding energy of curcumin and PLAUR reaches − 2.85 kcal/mol. Molecular docking 
analysis predicted that curcumin could interact with the PLAUR proteins in GLU-39, GLY-10, and LYS-43 and 
no hydrogen bond formed (Fig. 9H). Figure 9I illustrates the two-dimensional structure of luteolin. The results 
of auotodock show that the binding energy of luteolin and PLAUR reaches − 4.75 kcal/mol. Molecular docking 
predicted that luteolin could interact with PLAUR protein in ARG-2, GLU-16, ARG-13, ASN-9 and THR-8, but 
no hydrogen bond was formed (Fig. 9J). In conclusion, all five selected drugs have an excellent binding capacity 
to PALUR. This indicates that these drugs may reduce the hypoxia stress of AA by inhibiting PLAUR function.

Discussion
Numerous biological processes, such as metabolism, angiogenesis, and tumor metastasis, are significantly 
impacted by hypoxia. Hypoxia causes a complicated array of chemical reactions at the cellular level, mainly 
dependent on the central function of the transcription factor HIF1A32. In AS plaques, evidence has been found 
for interactions between hypoxia and other pathways that promote the progression of lesions7. This suggests that 
hypoxia may lead to poor therapeutic efficacy and adverse clinical outcomes. Hypoxia seems to make a lot of 
sense as an emerging biomarker and treatment target for AS based on these observations. The progression of AS 
frequently coincides with changes in the expression of a number of genes, among which genes related to hypoxia 
have sparked a great deal of attention. Given the quickening development of sequencing technology, high-
throughput genomics has improved the ability of researchers to find genes that promote the progression of AS33.

In this study, GSEA analysis results based on transcriptome data demonstrated the enrichment of hypoxia in 
AA plaques. And scRNA-seq data analysis showed that hypoxia was significantly enriched in macrophage clusters 
compared to other cell clusters, which is consistent with previous evidence of hypoxia observed in symptomatic 
patients undergoing carotid endarterectomy5. The WGCNA results identified a module with a significant positive 
correlation with the phenotype of AA plaques, characterized by HIF1A located in the central region of the mod-
ule. A significant enrichment of the hypoxia response was revealed by GO analysis of the genes in the module. 
We call the genes contained in this module hypoxia-related genes. Our research provides evidences from the 
perspective of bioinformatics to prove that hypoxia is one of the features of AS lesions.

The continuously activated and uncontrolled inflammatory state in AS plaque is mediated in part by resident 
long-term resident immune cells. Chronic low-grade inflammation may lead to a high metabolic state of cells, 
which, together with the increased oxygen consumption of immune cells, leads to an imbalance in the oxygen 
supply of inflammatory tissues. Our analysis of immunocyte infiltration showed that there was extensive and 
significant immunocyte infiltration in AA. This may indicate that the fiber cap reduces the diffusion of oxygen 
and the enrichment of immune cells co-mediates the environment of hypoxia in AA. HIF1A has been showed 
to regulate the migration of some cells in tumor tissues. Based on the above facts, we hope to clarify the interac-
tion between hypoxic microenvironment and immune infiltration in plaque. Our results suggest that HIF1A 
may mediate increased macrophage infiltration and negatively regulate beneficial Treg cell infiltration. This may 
be the molecular basis of hypoxia that promotes plaque progression. For the first time, we demonstrated the 
mechanism of interaction between the hypoxia microenvironment and immune cell infiltration in the AS plaque 
at the global and molecular levels through bioinformatic methods.

The innate immune response mediated by monocyte-macrophages induced by lipoproteins triggers uncon-
trolled inflammation of AS, and then activates the adaptive immune system composed of B cells and T cells to 
maintain long-term inflammation activation34. Our results show that the heterogeneity of immune cell infiltration 
between EA and AA is reflected primarily in macrophages and lymphocytes. Consistent with previous reports35, 
we found that macrophages were the main infiltrating immune cells in AS plaques and that the abundance of 
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Figure 9.   Prediction and docking results of the drugs targeting PLAUR. (A) Two-dimensional structure diagram of 
alprostadil. (B) Binding sites formed between alprostadil and PLAUR protein on ASN-9, GLY-10, GLY-79 and GLN-
78, in which a hydrogen bond is formed on GLN-78. Pink represents alprostadil, while yellow represents the binding 
site of amino acid residues. (C) Two-dimensional structure diagram of valsartan. (D) Binding sites formed between 
valsartan and PLAUR protein on THR-8. Pink represents alprostadil, while yellow represents the binding site of amino 
acid residues. (E) Two-dimensional structure diagram of biochanin A. (F) Binding sites formed between biochanin 
A and PLAUR protein on THR-164 and SER-257. Pink represents biochanin A, while yellow represents the binding 
site of amino acid residues. (G) Two-dimensional structure diagram of curcumin. (H) Binding sites formed between 
curcumin and PLAUR protein on GLU-39, GLY-10 and LYS-43. Pink represents curcumin, while yellow represents 
the binding site of amino acid residues. (I) Two-dimensional structure diagram of luteolin. (J) Binding sites formed 
between luteolin and PLAUR protein on ARG-2, GLU-16, ARG-13, ASN-9 and THR-8. Pink represents luteolin, while 
yellow represents the binding site of amino acid residues.
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macrophages in AA is significantly higher than in EA. Although the number of T cells, B cells and NK cells is 
less than that of macrophages, they show strong heterogeneity between EA and AA. Our correlation analysis 
suggests that HIF1A may help macrophages infiltrate the plaque. Our scRNA-seq data analysis showed that 
HIF1A was highly expressed locally in macrophage clusters, supporting the findings of the correlation analysis. 
The basis of macrophages initiating tissue migration in response to hypoxia is through HIF-1α Induces pyruvate 
dehydrogenase kinase isoenzyme 136. We note that HIF1A negatively regulates Treg cell infiltration, but several 
studies revealed a protective role for Treg cells against AS37. In the progression of AS, the interaction of hypoxia 
and immune cell infiltration contributes to the inflammatory phenotype and therapeutic resistance, which may 
lead to plaque progression and poor clinical outcomes38. The results of our analysis showed that plaques with 
higher hypoxia environments have a higher ImmuneScore. The implications of these observations seem to explain 
why hypoxia is emerging as a potential biomarker and target in the treatment of AS39.

Machine learning based algorithms are increasingly used in clinical decision making, and the random forest 
algorithm is often used to predict key dependent variables in different phenotypes of the same disease40. In this 
study, PLAUR is finally determined as the target gene by integrating the results of the random forest algorithm 
and the WGCNA analysis. The use of public databases to predict potential target genes of transcription factors 
has been adopted by numerous studies. In this study, we used cross-validation of multiple databases in order 
to enhance the stability of prediction in a high-throughput manner. The predicted results suggest that HIF1A 
may be a transcription factor of PLAUR. There is necessarily a parallel relationship between transcription fac-
tors and target genes at the expression level as well as a co-localization feature at the cellular level. We validated 
the correlation between HIF1A and PLAUR expression levels in AS lesions on multiple sequencing datasets. 
In particular, we confirmed on single-cell data that HIF1A and PLAUR have a stable co-localization feature on 
macrophage clusters. Our experimental results provide non-direct evidence to support our predictions. Never-
theless, in vivo and in vitro experiments are still necessary to determine transcriptional relationships and need 
to be supplemented with future experiments. Similar to AS, hypoxia is also common in the subcutaneous white 
adipose tissue of obese patients and mediates macrophage residency and phenotypic changes41. Previous studies 
found that after weight loss surgery, the PLAUR expression was negatively regulated and macrophage infiltration 
was reduced, indicating that PLAUR may participate in macrophage attraction and regulation in the adipose tis-
sue of morbidly obese patients42. The microenvironment of hypoxia is also common in various tumors. Hypoxia 
is associated with aggressive growth and metastasis of tumors, which may be an unfavorable prognostic factor, 
and is associated with a shorter survival period in some tumors43. Hypoxia increases the tumor cells invasion 
by upregulating PLAUR expression44,45. These results suggest that PLAUR may be a potential means of treating 
AS by inhibiting immune and inflammatory responses, which deserves further experimental verification. How-
ever, studies of PLAUR in AS are still very limited. Consistent with these studies, we also observed synergistic 
high expression of PLAUR and HIF1A. ROC analysis showed that PLAUR could well distinguish AA from EA, 
indicating its potential diagnostic ability. IPH is one of the outcomes of AA. There is a theory that IPH results 
from new immature blood vessels that respond specifically to hypoxia stimuli when they are formed46. ROC 
analysis shows that PLAUR can well distinguish IPH from non-IPH, which broadens the possibility of its clinical 
application. Our findings highlight the potential of PLAUR as a novel biomarker and therapeutic target for AS.

Our study suggested that HIF1A may be a transcription factor for PLAUR, so we further explored the possible 
ceRNA network regulating HIF1A. Evidence is gathering that dysregulation of miRNA expression is related to 
various pathological processes in AS. We used cross-prediction results from multiple public databases storing 
CHIP-seq data and performed expression validation using the dataset, and finally identified hsa-miR-424-5p as 
a possible miRNA regulating HIF1A. Some studies have suggested that Mir-424-5p plays an instrumental role in 
the development of CVD. An in vitro study of miR-424 showed that overexpression of miR-424 inhibited the pro-
liferation of pulmonary artery endothelial cells47. In addition, the upregulation of plasma miR-424-5p is associ-
ated with a higher incidence of vascular events, such as deep vein thrombosis and venous thromboembolism48,49. 
MiR-424-5p may be a biomarker of the onset of subclinical CVD50. Furthermore, some bioinformatic-based 
studies have shown that mir-424-5p seems to be a marker of plaque instability51,52. Our analysis shows that in vivo 
and in vitro studies are urgently needed to find evidence of direct binding of Hsa-miR-424-5p and HIF1A to 
AS-related cells. More and more evidence shows that the lncRNA-miRNA-mRNA axis, also known as the ceRNA 
network, plays a critical role in the development of several forms of CVD53. In this study, we used the starBase 
database to predict lncRNA that can bind to hsa-miR-424-5p. Using LASSO, we screened lncRNAs closely related 
to AA in the GSE97210 dataset. The overlap result was HCG17. HCG17 has been identified as a very effective 
biomarker of ischemic stroke54. Our study provides direction to uncover the ceRNA network that regulates 
plaque progression. Although bioinformatics studies can help predict potential regulatory networks, reliable 
in vivo and in vitro experiments are the only direct evidence to confirm the relationship between these key nodes 
on the ceRNA regulatory network. Future robust experimental results are needed to support our conclusions.

Through the prediction of the DSigDB database and the screening of AutoDock, we finally selected five drugs 
targeting PLAUR, namely alprostadil, valsartan, biochanin A, curcumin and luteolin. Alprostadil promoted the 
stability of plaques in the rabbit model in a dose-dependent manner55. Valsartan treatment has been reported 
to inhibit plaques formation by inhibiting the expression of proinflammatory genes and reducing plaque lipid 
content56. Some studies have shown that biochanin A has a protective effect on AS by decreasing blood lipid 
levels57, reducing lipid accumulation and the inflammatory response58. Curcumin has a hypolipidemic effect and 
a significant antioxidant capacity, which can prevent the development of plaques by reducing lipid peroxida-
tion and oxLDL production59. Luteolin treatment can inhibit foam cell formation and macrophage apoptosis 
by promoting autophagy, which may have the potential to be used in the treatment of AS60. Our study revealed 
that these drugs may alleviate hypoxic stress by inhibiting PLAUR, thereby improving plaques. This provides a 
basis for the search for new indications for drugs marketed such as desartan and alprostadil. At the same time, 
there is already partial evidence to support that extracts from natural plants such as luteolin, curcumin, and 
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biochanin A may be candidates for the treatment of AS. Our findings add new evidence that will aid in the 
development of these drugs.

Our study also suffers from the limitations of bioinformatics research. First, despite using as many datasets 
as possible for thorough validation, patch heterogeneity and sampling bias brought on by cross-platform studies 
are still present. In addition, PLAUR as a potential diagnostic and therapeutic target needs to be confirmed by 
further in vivo and in vitro experiments. Both the ceRNA network we constructed and the mechanism of how the 
five drugs we screened act on PLAUR and slow the development of plaques require evidence from basic research.

Conclusions
This resaerch combined bioinformatics and machine learning methods to reveal the hypoxia characteristics of 
AS, and screened PLAUR, a biomarker related to AS. We constructed a possible ceRNA network HCG17-miR-
424-5p-HIF1A involved in plaque formation and development by regulating the transcription of PLAUR. Drug 
database screening and autodock validation found that prostaglandin, valsartan, biotin A, luteolin and curcumin 
may be potential targeted drugs for PLAUR. The PLAUR identified in this study can provide a potential target 
for the diagnosis and treatment for AS. As a reliable biomarker and therapeutic target of AS, the extent to which 
upregulation of PLAUR promotes the development of AS remains to be studied.

Data availability
All data generated or analysed during this study are included in this published article (and its Supplemen-
tary Information files). Publicly available datasets analysed during the current study are available in the GEO 
database under accession codes: GSE28829 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE28​829);​
GSE43​292 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE43​292);​GSE16​3154 (https://​www.​ncbi.​
nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE16​3154); GSE97210 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​
acc=​GSE97​210); GSE137580 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE13​7580); GSE155512 
(https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE15​5512); GSE159677 (https://​www.​ncbi.​nlm.​nih.​gov/​
geo/​query/​acc.​cgi?​acc=​GSE15​9677); GSE131778 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE13​
1778); GSE137581 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE13​7581); GSE69187 (https://​www.​
ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE69​187); GSE72248 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​
cgi?​acc=​GSE72​248); GSE76812 (https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE76​812); GSE10000 
(https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE10​000).
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