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Background: Coronary atherosclerosis (CA) is a major cause of coronary artery disease (CHD), with inflammation significantly 
influencing its pathogenesis. This study explores the role of neutrophil extracellular traps (NETs) in CA to understand their influence 
on disease progression.
Methods: Using the GEO database, we analyzed RNA expression microarray data from CA patients, identifying NET-related 
differentially expressed genes (NETDEGs) through logistic regression, SVM, and LASSO operator regression analyses. CA samples 
were categorized into risk subgroups based on gene traits, with further analysis on the biological characteristics and immune cell 
infiltration of the high-risk subgroup. Additionally, transcription factor (TF)-gene, microRNA (miRNA)-gene, and RNA binding 
protein (RBP)-gene regulatory networks were investigated, alongside a protein-drug network to propose potential targeting therapies. 
Expression levels of NETDEGs were validated via qRT-PCR and Western blotting.
Results: Three NETDEGs—MMP9, ERN1, and G0S2—were pinpointed as key players in CA development, regulated by TFs, 
miRNAs, and RBPs. These genes defined high-risk subgroups marked by intense inflammatory signaling and apoptosis. High 
neutrophil infiltration correlated positively with NETDEG expression in CA samples, supporting their potential as biomarkers. 
MMP9 emerged as a notable drug target, providing a possible therapeutic avenue.
Conclusion: This research highlights an independent NETDEG trait in CA, offering insights into potential biomarkers and 
therapeutic targets for combating this disease.
Keywords: neutrophil extracellular traps, coronary atherosclerosis, biomarker, therapy target

Introduction
As the population ages, the morbidity of coronary atherosclerosis (CA) is increasing annually and has become the leading 
cause of death worldwide.1–3 According to a report from the American Heart Association, approximately 10.9% of adults 
aged 45 years and older and 17.0% of adults aged 65 and older had CA, and approximately 800,000 Americans suffered 
a myocardial infarction (MI) each year.4 CA can cause coronary atherosclerotic heart disease, namely, coronary artery 
disease (CHD), by causing myocardial ischaemia and hypoxia. The main clinical manifestations of CHD contain angina 
pectoris, myocardial infarction, myocardial fibrosis and sudden coronary death, which is the main reason of death. The 
treatment of CHD mainly includes lifestyle changes, drug therapy, surgery, and drug treatment, which are the basis of 
coronary disease control.5–8 Drug therapy includes lipid-regulating drugs, antiplatelet drugs, anti-myocardial ischaemia 
drugs, drugs to improve cardiac remodelling and prognosis, as well as thrombolytic drugs and anticoagulants, all of 
which have their own side effects. Surgical treatment mainly involves coronary revascularization, including percutaneous 
coronary intervention (PCI) and coronary bypass grafting (CABG). Currently diagnostic tests for CHD include blood 
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tests, electrocardiograms, exercise stress tests, coronary CT angiography and coronary angiography; however, there are 
no specific biomarkers for realize the early diagnosis and prognosis assessment of CHD. More studies are needed to 
identify specific biomarkers of CHD to enable the early diagnosis and prognosis assessment of CHD.

The inflammatory mechanism runs through the entire process of initiation, progression and complication formation in 
CA.9,10 When external stimuli, such as dyslipidemia, hypertension or proinflammation cytokines lead to disorders of the 
arterial endothelium, they can express more adhesion molecules to promote the adhesion of leukocytes and blood vessel 
walls. With the accumulation of chronic inflammation, endothelial cells become dysfunctional, allowing low-density 
lipoprotein and inflammatory cells to enter the endodermis, and smooth muscle cells (SMCs) migrate from the tunica 
media into the intima and promote the synthesis of extracellular matrix, finally leading to CA.10,11

Neutrophil extracellular trap (NETs) necrosis (NETosis) is an inflammatory cell death mode of neutrophils. Activated 
neutrophils trap and kill pathogens by releasing NETs, which consist of depolymerized chromatin and intracellular 
granular proteins. NET formation is accompanied by neutrophil death. This novel mode of death is different from 
apoptosis, cell necrosis and is called NETosis.12 A series of factors, including pathogens, lipopolysaccharides (LPS), 
immune complexes, antibodies, complement C3,13,14 cytokines14–16 and drugs such as phorbol myristate acetate (PMA) 
and calcium ionophores. These inducers can promote NETs key proteins neutrophil elastase and myeloperoxidase 
(MPO). Transcription and translation of MPO and peptidearginine deaminase 4 (PAD4), PAD4 into the nucleus, and 
nuclear histones are citrullinated by PAD4, resulting in changes in chromatin charge that promote chromatin deconden
sation. Subsequently, the nuclear and granular membranes dissolved, and a large number of antibacterial proteins in the 
cytoplasm attached to the depolymerized chromatin formed a network structure, which was finally released into the 
extracellular. Several studies have shown that NETs are involved in multiple cancers, such as lung, pancreatic, 
esophageal, gastric, breast and colorectal cancers. NETs may be involved in tumor progression through a number of 
pathways,17–21 including promoting tumor cell growth,22–24 migration, invasion,21,25,26 increasing angiogenesis27,28 and 
promoting intravascular adhesion.21 NETs promote tumor growth by increasing cell proliferation, inhibiting apoptosis 
and promoting activity of matrix metalloproteinase 9 (MMP9) and neutrophil elastase.22–24 Through the biological 
processes of MMP9 and extracellular matrix (ECM) interactions, cathepsin G mediated cellular aggregation, the 
disruption of E-cadherin, and NETs are involved in tumor migration and invasion.21,25,26 NETs could promote angiogen
esis due to the VEGF liberation mediating by MMP9, neutrophil elastase and cathepsin G. Furthermore, NETs 
participated in the negative effects on distant organs of tumors, including increasing inflammation and damaging 
blood vessels.29,30 Some studies have shown NETs involved in autoimmune diseases.31–33 Some auto-antibodies in the 
body can activate neutrophils to release NETs, which carry the auto-antigens of systemic autoimmune diseases (such as 
myeloperoxidase, double-stranded DNA, etc)., and then produce auto-antibodies, that can promote the release of NETs. 
For example, systemic lupus erythematosus releases high mobility group protein 1 (HMGB1), and, by binding DNA and 
anti-DNA auto-antibodies through the receptor for advanced glycation end products (RAGE), neutrophils are stimulated 
to release NETs, resulting in kidney damage caused by anti-DNA auto-antibodies in lupus nephritis.34

The mechanism leading to NETosis is not fully understood, however, ROS production is required. NETs plays a vital 
role in the thrombogenesis.14,35 The formation of immune thrombus helps to clear the pathogen, however, excessive 
accumulation of thrombus and its interactions with endothelial cells could lead to the formation of atherosclerotic 
plaques.14 Various inflammatory factors are also risk factors for AS and cardiovascular disease. Therefore, NETs may 
play an important role in the AS pathogenesis. Bioinformatic analysis is a powerful tool for mining valuable information 
from existing genomic and proteomic data. This study aimed to elucidate the role of NETs in the pathogenesis 
mechanism of AS using bioinformatics analysis and to identify specific biomarkers of CHD to achieve early diagnosis 
and prognosis assessment of CHD.

In this study, NET-related differentially expressed genes (NETDEGs) associated with CA were identified in two GEO 
datasets. Gene prognostic traits were considered, based on which the disease samples were divided into high- and low- 
risk subgroups. The related biological characteristics, as well as the changes in immune cell infiltration, were analyzed, 
which provided the evidence that NETDEGs could be the potential biomarkers of CA progression and the therapeutic 
targets for this disease. A flow chart of the analysis is shown in Figure 1.
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Materials and Methods
Data Download
CA datasets GSE20681,36,37 GSE4214838 were downloaded from GEO database39 (https://www.ncbi.nlm.nih.gov/geo/) 
by R package GEOquery.40 The samples of GSE20681 and GSE42148 were all from Homo sapiens and the tissue 
sources were whole blood tissue. The chip platform of dataset GSE20681 was GPL4133 and the chip platform of dataset 
GSE42148 was GPL13607. Among them, dataset GSE20681 contained 99 CA samples and 99 control samples and 
dataset GSE42148 contained 13 coronary CA samples and 11 control samples. All CA samples and control samples were 
included in this study and the detailed information is shown in Table 1.

GeneCards database41 (https://www.genecards.org/) is a collection of Neutrophil extracellular traps necrosis related 
genes (NETs-related Genes, NETRGs). The term “NETs” was as the search keyword and only “protein-coding” NETRGs 
were searched. A total of 78 NETRGs were obtained. In addition, the term “NETs” was as keywords to search in PubMed 
website (https://pubmed.ncbi.nlm.nih.gov/) and the NETs related gene sets were obtained from published literature.42 

A total of 69 NETRGs were identify. After merging and removing duplications, a total of 128 NETRGs were obtained.
Datasets GSE20681 and GSE42148 were debatched using the R package sva43 and were normalized using the 

R package limma44 and the annotation probes were normalized. All the samples in dataset GSE20681 were included in 
this study as the test set and all the samples in dataset GSE42148 were used as the validation set for subsequent analysis.

Figure 1 The flow chart of bioinformatic analyses.
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Analysis of Differentially Expressed Genes
The samples of GSE20681 and GSE42148 were divided into coronary atherosclerosis (CA) group and control (Control) 
group, respectively. The R package limma was used to analyze the differences in genes between the CA group and the 
Control group. |logFC| > 0 and P-value < 0.05 were set as threshold of the differentially expressed genes (DEGs). Of 
them, DEGs with logFC > 0 and P-value < 0.05 were defined as up–regulated genes, DEGs with logFC < 0 and P-value < 
0.05 were defined as down–regulated genes. The results of DEGs analysis were plotted using the R package ggplot2 to 
create volcano plot.

To obtain NETDEGs associated with CA, the DEGs, contained in the CA samples, and NETRGs were intersected and 
were mapped Venn using the R package pheatmap. The R package RCircos45 was used to draw the chromosomal 
localization map.

Verification of Differential Expression of NETDEGs
To further explores the expression differences of NETDEGs in the CA group and the Control group in the GSE20681 and 
GSE42148 datasets respectively, a group comparison map was drawn based on the expression levels of NETDEGs. Then, 
the R package pROC was used to draw the ROC Curve of NETDEGs and calculate the area under the curve (AUC) value 
to evaluate the diagnostic effect of NETDEGs expression level on CA. The AUC was generally between 0.5 and 1. The 
closer the AUC is to 1, the better the diagnostic performance. When AUC was between 0.5 and 0.7, the accuracy was 

Table 1 GEO Microarray Chip Information

GSE20681 GSE42148

Platform GPL4133 GPL13607

Species Homo sapiens Homo sapiens

Tissue Whole Blood Tissue Whole Blood Tissue
Samples in CA group 99 13

Samples in Control group 99 11

Overall Baseline Data Sheet of GSE20681

Characteristics Overall

Gender, n (%)

Male 150 (75.8%)
Female 48 (24.2%)

Age, n (%)

<=50 34 (17.2%)
>50 164 (82.8%)

Smoking Status, n (%)

Current 39 (19.7%)
Never 95 (48%)

Quit more than 2 months ago 59 (29.8%)

Quit within last 2 months 4 (2%)
ND 1 (0.5%)

Overall Baseline Data Sheet of GSE42148

Characteristics Overall

Gender, n (%)

Male 24 (100%)

Age, n (%)
<=50 15 (62.5%)

>50 9 (37.5%)

Abbreviations: GEO, Gene Expression Omnibus; CA, Coronary Atherosclerosis.
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low; when AUC was between 0.7 and 0.9, the accuracy was moderate; and when AUC was above 0.9, the accuracy was 
high.

Subsequently, in order to explore the correlation between NETDEGs, the Spearman algorithm was used to analyze the 
correlation between the expression levels of NETDEGs in GSE20681 and GSE42148 datasets. The results of correlation 
analysis were visualized using the R package pheatmap.46 The absolute value of correlation coefficient below 0.3 was 
weak or no correlation, 0.3–0.5 was weak correlation, 0.5–0.8 was moderate correlation, and above 0.8 was strong 
correlation.

Gene Ontology (GO) and Pathway (KEGG) Enrichment Analysis
Gene Ontology (GO) analysis47 is a common method for large-scale functional enrichment studies, including cell 
component (CC), biological process (BP) and molecular function (MF). Kyoto Encyclopedia of Genes and Genomes 
(KEGG)48 is a widely used database storing information on genomes, biological pathways, diseases and drugs. Gene 
ontology (GO) and pathway (KEGG) enrichment analysis of NETDEGs were performed using the R package 
clusterProfiler.46 Item screening criteria of P-value < 0.05 and FDR value (Q-value) < 0.25 were considered statistically 
significant. Finally, the R package Pathview49 was used to visualize the related pathway map of KEGG enrichment 
analysis results.

Gene Set Enrichment Analysis (GSEA)
Gene set enrichment analysis (GSEA)50 is used to evaluate the distribution trend of genes in a predefined gene set in 
a gene table ranked by their correlation with phenotype, and thus determine their contribution to phenotype. In this study, 
the dataset GSE20681 was first ranked according to logFC value, and then the R package clusterProfiler was used to 
perform GSEA on all genes in GSE20681 dataset. The parameters used in GSEA were as follows: the seed is 2020, the 
number of computations is 1000, the minimum number of genes contained in each gene set is 10, and the maximum 
number of genes contained in each gene set is 500. Gene set c2.cp.all.v2022.1.Hs.symbols.gmt [All Canonical Pathways] 
(3050) was obtained from the Molecular signatures Database (MSigDB) Database51 to conduct GSEA. The screening 
criteria of GSEA were adj.p < 0.05 and FDR value (Q-value) < 0.25, and the P-value correction was Benjamini-Hochberg 
(BH).

The CA samples in dataset GSE20681 were divided into High-risk and Low-risk groups according to the median 
value of LASSO risk score. The R package limma was used for differential analysis and genes (| logFC | > 0 and P-value 
< 0.05) the samples of High- and Low-risk groups in CA group were selected. Finally, The GSEA was performed for all 
genes in CA group with the R-pack cluster Profiler using following the parameters: the seed is 2020, the minimum 
number of genes contained in each gene set is 10, and the maximum number of genes contained in each gene set is 500. 
Gene set c2.cp.all.v2022.1.Hs.symbols.gmt [All Canonical Pathways](3050) was obtained from Molecular Signatures 
Database (MSigDB) to conduct GSEA. The screening criteria of GSEA were adj.p < 0.05 and FDR value (Q-value) < 
0.25, and the P-value correction was Benjamini-Hochberg (BH).

Gene Set Variation Analysis (GSVA)
Gene Set Variation Analysis (GSVA)52 is a nonparametric unsupervised analysis method that evaluates gene set 
enrichment results of microarray nuclear transcriptome by converting gene expression matrix between different samples 
into gene set expression matrix between samples to evaluate whether different pathways are enriched in different 
samples. The gene set h.all.v7.4.symbols.gmt was obtained from the Molecular signatures Database51 (MSigDB) and 
GSVA was performed on all genes in dataset GSE20681. The difference in functional enrichment between the CA group 
and the Control group was calculated and the screening criterion of GSVA was P-value < 0.05.

The gene set h.all.v7.4.symbols.gmt was obtained from the Molecular traits Database51 (MSigDB) and GSVA was 
performed on all genes in dataset GSE20681. The difference of functional enrichment between the High-risk group and 
Low-risk group was calculated and the screening criterion of GSVA was P-value < 0.05.
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Construction of Coronary Atherosclerosis Diagnostic Model
To obtains the coronary atherosclerosis diagnostic model of dataset GSE20681, the Logistic regression analysis was 
performed on NETDEGs. When the dependent variable was a binary variable, namely CA groups and Control groups, 
the Logistic regression analysis was used to analyze the association between independent and dependent variables. The 
P-value < 0.05 was used as the criterion to screen NETDEGs and the Logistic regression model was constructed. The 
group expression of NETDEGs included in the Logistic regression model was displayed by Forest Plot.

Then, Support Vector Machine (SVM)53 algorithm was used to construct the SVM model based on NETDEGs 
included in the Logistic regression model. NETDEGs were screened based on the number of genes with the highest 
accuracy and the lowest error rate.

Finally, The R package glmnet54 was used to perform Least Absolute Shrinkage and Selection Operator (LASSO) 
based on the NETDEGs included in the SVM model with parameters of set.seed (500) and family= “binomial”. LASSO 
regression analysis reduces the overfitting of the model by adding a penalty term (lambda × absolute value of slope) and 
improves the generalization ability of the model based on the linear regression analysis. The results of LASSO regression 
analysis were visualized using diagnostic model and variable trajectory diagrams. The results of LASSO regression 
analysis were the diagnostic model of CA, and the NETDEGs included in the model were the Key Genes. Finally, the 
LASSO Risk Score was calculated based on the risk coefficient of LASSO regression analysis, and the risk score was 
calculated using the following formula:

Validation of the Diagnostic Model for Coronary Atherosclerosis
A Nomogram55 is a graph that uses a cluster of disjoint line segments to represent the functional relationship between 
multiple independent variables in the rectangular coordinate system of the plane. The R package rms is used to draw 
a Nomogram based on the results of Logistic regression analysis to show the mutual relationship of Key Genes. 
Calibration Curve was drawn by Calibration Analysis to evaluate the accuracy and discrimination of CA diagnostic 
model based on LASSO regression analysis. The R package ggDCA56 was used to draw the decision curve analysis 
(DCA) map based on the Key Genes in the dataset GSE20681. DCA is a simple method to evaluate clinical prediction 
models, diagnostic tests and molecular markers. Next, in order to evaluate the diagnostic effect of expression level of 
LASSO risk score (risk score) on CA, the R package pROC was used to plot the ROC curves and calculate the AUC 
values in the GSE20681 and GSE42148 datasets.

In addition, the CA group was divided into High-risk group and Low-risk group according to the median expression 
value of risk score (risk score) of the CA diagnostic model. In order to further explore the expression differences of Key 
Genes between High-risk group and Low-risk group of CA group, group comparison map was drawn based on the 
expression levels of Key Genes.

Immune Infiltration Analysis of Key Genes Based on ssGSEA Algorithm
Single-Sample Gene-Set Enrichment Analysis (ssGSEA)57 could quantify the relative abundance of each immune cell 
infiltrate. First, each infiltrating immune cell type was labeled, such as Activated CD8+ T cell, Activated dendritic cell, 
Gamma-delta T cell, Natural killer cell, Regulatory T cells (Treg) and other human immune cell subtypes. Secondly, the 
enrichment scores calculated by ssGSEA analysis were used to represent the relative abundance of each immune cell 
infiltration in each sample to obtain the immune cell infiltration matrix. Then, the immune cells with significant 
differences in the two groups were screened for subsequent analysis. The correlation between immune cells was 
calculated based on Spearman algorithm, and the R package pheatmap was used to draw the correlation heatmap to 
show the correlation analysis results of immune cells themselves. The correlation between Key Genes and immune cells 
was calculated based on Spearman algorithm, and the results with P-value < 0.05 were retained. The R package ggplot2 
was used to draw correlation bubble plot to show the correlation analysis results between Key Genes and immune cells.
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Immune Infiltration Analysis of High and Low Risk Groups (CIBERSORT)
CIBERSORT58 deconvolutes the transcriptome expression matrix based on linear support vector regression to estimate 
the composition and abundance of immune cells in a mixture of cells. The CIBERSORT algorithm was used to combine 
the immune cell signature gene matrix and filter out the data with immune cell enrichment score greater than zero, and 
the specific results of immune cell infiltration matrix in CA samples of dataset GSE20681 were finally obtained. Finally, 
the R package ggplot2 was used to draw group comparison maps to show the difference in the expression of immune 
cells between the High-Risk and the Low-Risk groups in the CA samples of dataset GSE20681. Subsequently, the 
immune cells with significant differences in the two groups were screened for subsequent analysis, and the correlation 
between immune cells was calculated based on Spearman’s algorithm. The correlation between Key Genes and immune 
cells was calculated based on Spearman algorithm, and the results with P-value < 0.05 were retained. The R package 
ggplot2 was used to draw correlation bubble plot to show the correlation analysis results between Key Genes and 
immune cells.

mRNA-TF, mRNA-miRNA, mRNA-RBP, mRNA-Drug Interaction Network
CHIPBase database (version 3.0)59 (https://rna.sysu.edu.cn/chipbase/) identified thousands of combined base sequence 
matrix and its binding site from the DNA binding protein ChIP - seq data and predicted the transcriptional regulatory 
relationships between millions of Transcription Factors (TFs) and genes. The CHIPBase database (version 3.0) were 
searched for TFS that bind to Key Genes and the sums of Number of samples found (upstream) and Number of samples 
found (downstream), greater than 6, was used as the screening criteria to screen mRNA-TF interaction pairs. Cytoscape 
was used to visualize the mRNA-TF Interaction Network.

ENCORI database59 is StarBase version 3.0. The interaction between miRNA-ncRNA, miRNA-mRNA, ncRNA- 
RNA, RNA-RNA, RBP-ncRNA and RBP-mRNA in ENCORI database is based on CLIP-seq and decompose sequencing 
(for plants) data mining. ENCORI database was used to predict miRNAs that interact with Key Genes. The 
pancancerNum > 3 was used as the screening criterion to screen the mRNA-miRNA interaction pairs, and Cytoscape 
software was used to visualize the mRNA-miRNA Interaction Network.

RNA-binding Protein (RBP)60 plays a key role in the process of gene regulation, such as RNA synthesis, alternative 
splicing, modification, transport and translation. StarBase v3.0 database61 (https://starbase.sysu.edu.cn/) was used to 
forecast the Key Genes target RBP, and clusterNum > 2 was used as the selection criterion for mRNA-RBP interaction. 
Cytoscape software was used to visualize the mRNA-RBP Interaction Network.

The Comparative Toxicogenomics Database43 (https://ctdbase.org/) was used to predict the direct and indirect drug 
targets of Key Genes and explore the interaction between Key Genes and drugs. The mRNA-Drug Interaction pairs were 
screened with the screening criterion of “Reference Count” > 2, and Cytoscape software was used to visualize the 
mRNA-Drug Interaction Network. 1.12 Prediction of protein domain.

Proteins are essential for life and knowing their structures could facilitate to understand their function. The 
AlphaFoldDB62 database (https://alphafold.com) contains about 350,000 protein structures in humans as well as 20 
model organisms commonly used in biological research, such as Escherichia coli, fruit fly, zebrafish and mouse. 
AlphaFoldDB was used to predict and visualize the protein structures of Key Genes. AlphaFoldDB generates 
a Predicted Local Distance Difference Test (pLDDT) between 0 and 100 for each residue. When pLDDT < 50, the 
predicted structure had low confidence; when 50 < pLDDT < 70, the predicted structure had moderate confidence; when 
70 < pLDDT < 90, the predicted structure had high confidence; when pLDDT > 90, the predicted structure has higher 
confidence.

Total RNA Extraction and Quantitative Real Time PCR (qRT-PCR)
A total of 10 peripheral blood samples were obtained from CA patients, and 10 peripheral blood samples were donated 
from the normal people as the control in Cardiothoracic Surgery Department of Qingdao Traditional Chinese Medicine 
Affiliated of Qingdao University, who were informed of the use of the samples. All samples were approved by the Ethics 
Committee of Qingdao Traditional Chinese Medicine Hospital and informed consent was obtained from the patient 
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(2022HC05LS001). Total RNA was extracted from the peripheral blood lymphocytes using the Direct-zol kit (Zymo 
Research) according to manufacturer’s instructions. The cDNA library was constructed with High-Capacity cDNA 
Reverse Transcription Kit (Thermo Fisher Scientific) according to manufacturer’s instructions, and the qRT-PCR was 
done using SsoAdvanced™ Universal SYBR Green Supermix real-time PCR kit (Bio-Rad). The specific primers used in 
this assay were listed as follows: MMP9-forward: GGACAAGCTCTTCGGCTTCT; MMP9-reverse: 
TCGCTGGTACAGGTCGAGTA; ERN1-forward: AAAACTACGCCTCCCCTGTG; ERN1-reverse: 
GTCAGATAGCGCAGGGTCTC; G0S2-forward: CCAAGGAGATGATGGCCCAG; G0S2-reverse: 
GCTGCACACAGTCTCCATCA.

Western Blotting
Leukocytes were obtained from peripheral blood lymphocytes of CA patients, which were then lysed by RIPA containing 
1 mm PMSF on ice. Total protein was harvested from supernatant after the cell lysate was centrifuged at 15,000 rpm for 
20 min at 4 °C. Protein concentrations were measured using the bicinchoninic acid (BCA) assay (23,225, Pierce). Equal 
amounts of protein (20 μg/lane) were loaded onto 4–15% precast protein gels (Bio-Rad) and transferred to polyvinyli
dene difluoride (PVDF, Bio-Rad) membranes. Non-specific binding was blocked with 5% milk in tris-buffered saline 
with Tween-20 (TBST) for 1 h at room temperature. The membranes were then incubated with primary antibodies 
including rabbit anti-MMP9 (30592-1-AP, Proteintech) at 1:1000, rabbit anti-ERN1 (28164-1-AP, Proteintech) at 1:1000, 
and rabbit anti-G0S2 (12091-1-AP, Proteintech) at 1:1000 overnight at 4 °C. Once excess primary antibody was washed 
off by TBST, membranes were incubated with horseradish peroxidase (HRP)-linked anti-rabbit secondary antibody 
(SA00001-2, Proteintech) at 1:1000 for 1 h at room temperature. Rabbit anti-β-actin antibody (20536-1-AP, Proteintech) 
at 1:1000 was used as a reference (Bu et al, 2018).

Statistical Analysis
All data processing and analysis in this article were based on R software (Version 4.2.2). If not otherwise specified, 
statistical significance of normally distributed variables was estimated by independent Student’s T-Test for comparisons 
of continuous variables between two groups. Mann–Whitney U-Test (Wilcoxon Rank Sum Test) was used to analyze the 
differences between variables that were not normally distributed. Kruskal–Wallis test was used for comparison of three or 
more groups. Spearman correlation analysis was used to calculate the correlation coefficients between different variables. 
All statistical P-values were two-sided if not specified, and a P-value of less than 0.05 was considered to indicate 
statistical significance.

Results
Identification of NETDEGs in CA
To identify the DEGs between CA and norma individuals, GEO database was searched, and GSE20681 and GSE42148 
datasets were processed (Table 1). First, the R package sva was used to remove batch effect on datasets GSE20681 and 
GSE42148 (Supplementary Figure 1). The R package limma was used for differential analysis of GSE20681 and 
GSE42148 datasets to obtain DEGs between the two groups, and the results were as follows: GSE20681 altogether 
886 meet | logFC | > 0 and P-value < 0.05 threshold of DEGs; Under the threshold, 543 genes were identified to be raised 
expressed genes (logFC > 0 and P-value < 0.05), and 343 genes were identified to be lower expressed genes (logFC < 0 
and P-value < 0.05) (Figure 2A and Supplementary Table 1). For GSE42148 datasets, a total of 3725 meet | logFC | > 0 
and P-value < 0.05 threshold of DEGs; Under the threshold, 2024 gene were found to be raised expressed genes (logFC > 
0 and P-value < 0.05), and 1701 genes were found to be lower expressed genes (logFC < 0 and P-value < 0.05) 
(Figure 2B and Supplementary Table 2).

To obtain NETDEGs, Venn drawing was performed between all DEGs for the CA and NETRGs samples, and six 
genes (MMP9, G0S2, MGAM, PLAUR, VNN3, and ERN1) were identified as NETDEGs (Figure 2C). Based on the 
intersection results, the expression differences of the six NETDEGs between different sample groups in the GSE20681 
and GSE42148 datasets were analyzed, and the R package pheatmap was used to draw a heatmap to display the analysis 
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results (Figure 2D and E). Finally, the locations of the six NETDEGs on the human chromosome were analyzed using the 
R package RCircos, and the chromosome localization map was drawn. The chromosome mapping showed that the six 
NETDEGs were located on chromosomes 1, 6, 7, 17, 19, and 20, respectively, which were: G0S2 was located on 
chromosome 1, VNN3 on chromosome 6, MGAM on chromosome 7, ERN1 on chromosome 17, PLAUR on chromo
some 19, and MMP9 on chromosome 20 (Figure 2F).

The Prediction Function of the Six NETDEGs Analysis
To explores the expression differences of the six NETDEGs in GSE20681 dataset, the group comparison figure was used 
to show the difference analysis results of the expression levels of 6 NETDEGs in CA samples and Control samples in 
GSE20681 dataset. The results showed that five NETDEGs (ERN1, G0S2, PLAUR, MGAM, and MMP9) were highly 
significantly expressed in CA samples compared to the controls (Figure 3A). A heatmap was drawn to analyze the 
correlation of the six NETDEGs in GSE20681 dataset, and the results showed that most genes had a significant 
correlation, among which, MGAM and MMP9 had the strongest positive correlation (R-value = 0.71, P-value < 0.05) 
(Figure 3B). The R package pROC was used to analyze the ROC curve based on the expression levels of the six 
NETDEGs in dataset GSE20681, and the results showed that the expression levels of ERN1, G0S2, VNN3, PLAUR, 
MGAM, and MMP9 in the six NETDEGs showed high accuracy (0.5 < AUC < 0.7) in the classification of CA samples 
and controls (Figure 3C–E).

For the six NETDEGs in dataset GSE42148, the differential results showed that the expression of ERN1 in the CA 
samples and the controls in dataset GSE42148 was highly statistically significant (P-value < 0.01) (Figure 3F). 

Figure 2 The differential genes expression analysis between samples with CA and normal samples in GEO database. (A and B) Volcano map of differential expression genes 
between the two groups in datasets GSE20681 (A) and GSE42148 (B). NETDEGs were labeled in the figure. (C) Venn diagram of genes and NETRGs in all CA samples in 
the data sets GSE20681 and GSE42148. (D and E) Heat maps of NETDEGs in datasets GSE20681 (D) and GSE42148 (E). (F) Chromosomal mapping of NETDEGs. 
Abbreviations: CA, coronary atherosclerosis; DEGs, differentially expressed genes; NETRGs, NETs-related genes; NETDEGs, NETs-related differentially expressed genes.
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Figure 3 The prediction function of the six NETDEGs analysis. (A and B) The comparison diagram of NETDEGs in CA samples and Control samples in dataset GSE20681. 
(B) Correlation heat map between NETDEGs in dataset GSE20681. (C–E) ROC curves of ERN1 and G0S2 (C) VNN3 and PLAUR (D) MGAM and MMP9 (E) in NETDEGs 
in dataset GSE20681. (F) The comparison diagram of NETDEGs in CA samples and Control samples in dataset GSE42148. (G) Correlation heat map between NETDEGs in 
dataset GSE42148. (H–J) ROC curves of ERN1 and G0S2 (H) VNN3 and PLAUR (I) MGAM and MMP9 (J) in NETDEGs in dataset GSE42148. ns represented P-value ≥ 0.05, 
which had no statistical significance. * means P-value < 0.05, which is statistically significant. ** means P-value < 0.01, which is highly statistically significant. When AUC > 0.5, 
it indicates that the expression of molecules is the trend to promote the occurrence of events, and the closer the AUC is to 1, the better the diagnostic effect is. AUC has 
low accuracy at 0.5–0.7, certain accuracy at 0.7–0.9, and high accuracy at above 0.9. 
Abbreviations: CA, coronary atherosclerosis; ROC, receiver operating characteristic; AUC, area under the curve; TPR, true positive rate; FPR, false positive rate; Cor, 
correlation.
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Correlation analysis showed that some of the six NETDEGs had a significant correlation, among which G0S2 and 
PLAUR had the strongest positive correlation (R-value = 0.83, P-value < 0.05) (Figure 3G). The ROC curve showed that 
the expression levels of six NETDEGs showed certain accuracy (0.7 < AUC < 0.9) in the classification of CA samples 
and controls (Figure 3H–J).

Biological Characteristics of the CA Samples
The biological characteristics of the six NETDEGs were analyzed using GO and pathway (KEGG) enrichment. The 
results showed that the six NETDEGs were mainly enriched in the BPs for cell apoptotic regulation, which included the 
following terms: intrinsic apoptotic signaling pathway, regulation of apoptotic signaling pathway, regulation of cysteine- 
type endopeptidase activity involved in apoptotic signaling pathway, positive regulation of release of cytochrome c from 
mitochondria and positive regulation of epidermal growth factor receptor signaling pathway (Figure 4A, Table 2 and 
Supplementary Table 3). For CCs, the six NETDEGs were significantly enriched in the terms of tertiary granules, ficolin- 
1-rich granule, secretory granules membranes, serine-type peptidase and endoribonuclease complexes (Figure 4A, 
Table 2 and Supplementary Table 3). In MFs, six NETDEGs were enriched in the terms of glucosidase activity, platelet- 
derived growth factor receptor binding, Hsp90 protein binding, and Hsp70 protein binding (Figure 4A, Table 2 and 
Supplementary Table 3). The KEGG signaling pathway enrichment results showed that the six NETDEGs were involved 
in the Proteoglycans in cancer and Lipid and atherosclerosis biological pathways (Figure 4A, Table 2, Supplementary 
Table 3 and Supplementary Figure 2). Meanwhile, the network maps of BPs, CCs, MFs and KEGG enriched terms were 
drawn according to GO and KEGG enrichment analysis. The results showed that MMP9 and ERN1 were significantly 
correlated to the bioprocess of cell apoptosis and the pathway of Lipid and atherosclerosis (Figure 4B–E).

To further explore the biological characteristics of CA, GSEA was used to investigate the relationship between the 
expression levels of all genes in dataset GSE20681 and the biological processes, cellular components and molecular 
functions. The results showed that all genes in dataset GSE20681 were significantly enriched in inflammatory factor- 
related signaling pathways (Figure 5A, Table 3 and Supplementary Table 4), such as Neutrophil Degranulation 
(Figure 5B), Interleukin 10 Signaling (Figure 5C), interleukin 6 7 Pathway (Figure 5D), interleukin 6 7 pathway 
(Figure 5E).

Moreover, GSVA was further performed on all genes in dataset GSE20681, the logFC ranked Top 10 positive 
enrichment and negative enrichment pathways with P-value < 0.05 were screened. The results showed that the four 
pathways glycolysis, complement, and hypoxia were statistically and significantly enriched in CA samples, while myc 
targets v2 were enriched in the controls (Figure 5F, Table 4, Supplementary Table 5 and Supplementary Figure 3A).

Identification of NETDEGs Traits Connected to CA
To determine the diagnostic value of the NETDEGs, logistic regression was performed, and a logistic regression model 
was constructed based on the expression of the six genes in GSE20681 data set. The results showed that the six 
NETDEGs were statistically significant in the Logistic regression model (P-value < 0.05). In addition, the SVM model 
was constructed based on the expression of the six NETDEGs and SVM algorithm, the number of genes with the lowest 
error rate (Figure 6A) and the highest accuracy (Figure 6B) analysis result showed that the SVM model had the highest 
accuracy when the number of genes was 4 (MMP9, ERN1, MGAM and G0S2)., The four genes included in the SVM 
model were selected, and the LASSO Operator regression analysis was used to construct the diagnostic model of CA. 
The results showed that three of the four NETDEGs, including MMP9, ERN1, and G0S2, were identified as the 
prognostic traits (Figure 6C and D, Supplementary Table 6).

A Nomogram based on the expression of the three prognostic traits was used to further verify the value of CA 
diagnostic model. The results showed that the expression level of ERN1 had significantly higher utility in the diagnostic 
model of CA than other variables (Figure 6E). The utility of G0S2 expression in the diagnostic model was significantly 
lower than that of other variables (Figure 6E). Decision curve analysis (DCA) was used to evaluate the clinical utility of 
the diagnostic model in dataset GSE20681, and the results showed that the line of the model was stably higher than that 
all positive and all negative in a certain range, and the net benefit of the model was greater, and the effect of the model 
was better (Figure 6F). In addition, the R package pROC was used to draw the ROC curve based on the risk score in the 
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Figure 4 GO and KEGG enrichment analysis of the six NETDEGs analysis. (A) Enrichment analysis of GO and pathway (KEGG) of NETDEGs. Bubble map showing BP, CC, MF, and 
biological pathways (KEGG). The horizontal coordinates are GO terms and KEGG terms. (B–E) The results of GO and pathway (KEGG) enrichment analysis of NETDEGs are shown 
in the network diagram. Pink nodes represent entries, blue nodes represent molecules, and lines represent relationships between entries and molecules. In the bubble diagram, the size 
of the bubble represents the number of genes, and the color of the bubble represents the size of the P-value. The redder the color, the smaller the P-value, and the bluer the color, the 
larger the P-value. 
Abbreviations: NETDEGs, NETs-related differentially expressed genes; GO, gene ontology; KEGG, Kyoto encyclopedia of genes and genomes; BP, biological process; CC, 
cellular component; MF, molecular function.

https://doi.org/10.2147/JIR.S489847                                                                                                                                                                                                                                    

DovePress                                                                                                                                                 

Journal of Inflammation Research 2024:17 9936

Li et al                                                                                                                                                                 Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


GSE20681, and the results showed that the expression level of risk score in dataset GSE20681 showed a low accuracy 
among different groups (0.5 < AUC < 0.7). As the validation set, we chose GSE42148 and used the three genes to 
construct the CA diagnostic model, and the results showed that GSE42148 data set showed a certain accuracy with 
different groups (0.7 < AUC < 0.9) (Figure 6G and H). The CA samples in GSE20681 dataset were then divided into 
High-risk and Low-risk groups according to the median expression value of risk score of the CA diagnostic model. The 
differential results showed that the expression levels of the three prognostic traits between the two subgroups were 
extremely statistically significant (P-value < 0.001) (Figure 6I).

The Biological Pathway Alteration Linked to the Risk Diagnostic Model
To determine the difference of the biological pathways between the two risk groups in dataset GSE20681, GSEA was 
used to investigate the association between the expression of all 19,749 genes and the biological processes, cellular 
components, and molecular functions involved in two different risk groups. The results showed that that all genes in the 
High-risk group were significantly enriched in Neutrophil Degranulation, Il-17 Signaling Pathway, Erythropoietin and 

Table 2 Results of GO and KEGG Enrichment Analysis for the NETRDEGs

Ontology ID Description GeneRatio BgRatio P-value P.adjust

BP GO:0097193 intrinsic apoptotic signaling pathway 3/5 295/ 
18800

3.7364E-05 0.00170411

BP GO:2001233 regulation of apoptotic signaling pathway 3/5 370/ 

18800

7.3429E-05 0.00193048

BP GO:2001267 regulation of cysteine-type endopeptidase activity involved 

in apoptotic signaling pathway

2/5 17/ 

18800

7.6839E-06 0.00165204

BP GO:0090200 positive regulation of release of cytochrome c from 
mitochondria

2/5 26/ 
18800

1.8345E-05 0.00170411

BP GO:0045742 positive regulation of epidermal growth factor receptor 

signaling pathway

2/5 36/ 

18800

3.5523E-05 0.00170411

CC GO:0070820 tertiary granule 2/5 164/ 

19594

0.00068487 0.01479388

CC GO:0101002 ficolin-1-rich granule 2/5 185/ 

19594

0.00087023 0.01479388

CC GO:0030667 secretory granule membrane 2/5 312/ 
19594

0.00244846 0.023835

CC GO:1905286 serine-type peptidase complex 1/5 11/ 

19594

0.00280412 0.023835

CC GO:1902555 endoribonuclease complex 1/5 34/ 

19594

0.00864695 0.05844577

MF GO:0015926 glucosidase activity 1/5 12/ 
18410

0.00325521 0.05125835

MF GO:0005161 platelet-derived growth factor receptor binding 1/5 14/ 

18410

0.00379691 0.05125835

MF GO:0043531 ADP binding 1/5 34/ 

18410

0.00920106 0.06422937

MF GO:0051879 Hsp90 protein binding 1/5 43/ 
18410

0.01162527 0.06422937

MF GO:0030544 Hsp70 protein binding 1/5 44/ 

18410

0.01189433 0.06422937

KEGG hsa05205 Proteoglycans in cancer 2/4 205/ 

8164

0.00364145 0.057995

KEGG hsa05417 Lipid and atherosclerosis 2/4 215/ 
8164

0.00399966 0.057995

Abbreviations: GO, Gene Ontology; BP, Biological Process; CC, Cellular Component; MF, Molecular Function; KEGG, Kyoto Encyclopedia of Genes and Genomes; 
NETRDEGs, NETosis-Related Differentially Expressed Genes.
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Figure 5 GSEA and GSVA analysis of GSE20681. (A) GSEA of data set GSE20681 shows four biological function mountain maps. (B–E) GSEA showed that all genes were 
significantly enriched in Neutrophil Degranulation (B), Interleukin 10 Signaling (C), Il67 Pathway (D), Interleukin 4 and Interleukin 13 (E). (F) Group comparison maps of the 
results of GSVA between CA and Control groups in dataset GSE20681. The screening criteria for gene set enrichment analysis (GSEA) were adj.P-value < 0.05 and FDR 
value (Q-value) < 0.25, and the P-value correction method was Benjamini-Hochberg (BH). The screening criteria for GSVA was P-value < 0.05. * means P-value < 0.05; ns 
represented P-value ≥ 0.05, which had no statistical significance. 
Abbreviations: GSEA, gene set enrichment analysis; CA, coronary atherosclerosis; GSVA, gene set variation analysis.
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Phosphoinositide 3 Kinase Pi3K, Il5 Signaling Pathway and other inflammatory response-related signaling pathways 
(Figure 7A–E, Table 5 and Supplementary Table 7).

To explore the difference of h.all.v7.4.symbols.gmt gene set between High-risk and Low-risk groups, GSVA was 
performed on all genes in dataset GSE20681. Positive enrichment pathways with P-value < 0.05 and logFC ranking Top 
10 and negative enrichment pathways with Top 10 were screened (Table 6, Supplementary Figure 3B and Supplementary 
Table 8). Subsequently, the difference was verified based on the Mann–Whitney U-test, and then the group comparison 
diagram showed that 15 pathways, including hypoxia, coagulation, inflammatory response, TNFa signaling via NFkb, 
complement, il6 jak stat3 signaling, E2F targets, androgen response, protein secretion, reactive oxygen species pathway, 
epithelial mesenchymal transition, MYC targets v2, bile acid metabolism, unfolded protein response, and KRAS 
signaling up, were statistically significant between the two risk groups (P-value < 0.05) (Figure 7F).

Immune Infiltration Comparison Between the Two Risk-Group
The immune infiltration of CA samples in the two risk-groups was firstly analyzed using ssGSEA algorithm, and the 
expression matrix of the samples in dataset GSE20681 was used to calculate the immune infiltration abundance of 28 
immune cells. The group comparison plot showed that 13 of the 28 immune cells had statistically and significant 
differences (P-value < 0.05) (Figure 8A and Supplementary Table 9). Among them, the infiltration proportion of 
Activated B cell, Activated CD4+ T cell, Activated CD8+ T cell, Effector memory CD8+ T cell, Immature B cell, 
Type 1 T helper cell, CD56dim natural killer cell were higher in the samples of Low-risk group than them in the samples 
of High-risk group, while Eosinophil, Immature dendritic cell, Macrophage, Monocyte, Neutrophil, Plasmacytoid 
dendritic cell were more infiltrated in the samples of the High-risk group (Figure 8A). The correlation results showed 
that the three prognostic traits were strongly correlated with immune cells infiltration (Figure 8B and C). MMP9 had the 
strongest positive correlation with Neutrophil both risk groups (R-value = 0.568, P-value < 0.05) (Figure 8B and C). 
G0S2 also had a strong and positive correlation with the infiltration of Neutrophil in the Low-risk group (Figure 8B).

CIBERSORT algorithm was further used to analyze the difference in the immune infiltration abundance of 22 
immune cells in the two risk groups. The results showed that 20 types of immune cells were enriched in CA samples, 
respectively, including Naive B cells, Plasma cells, CD8+ T cells, Naive CD4+ T cells, Resting Memory CD4+ T cells, 
Activated memory CD4+ T cells, Helper follicular T cells, Tregs, Gamma delta T cells, Resting NK cells, Activated NK 
cells, Monocytes, M0 Macrophages, M1 Macrophages, M2 Macrophages, Activated dendritic cells, Resting mast cells, 
Activated mast cells, Eosinophils, Neutrophils (Figure 8D and Supplementary Table 10). Among them, Resting mast 
cells, Neutrophils, and activated NK cells were highly infiltrated in high risk samples compared with the low risk 

Table 3 Results of GSEA Analysis of CA Samples in GSE20681

ID setSize enrichmentScore NES P-value P.adjust

REACTOME_NEUTROPHIL_DEGRANULATION 444 0.62013378 2.46800189 1E-10 2.2545E-08

REACTOME_INTERLEUKIN_10_SIGNALING 44 0.70447392 2.05531706 2.3484E-06 0.00026473

PID_IL6_7_PATHWAY 47 0.61686778 1.83284172 0.00025285 0.01205881

REACTOME_INTERLEUKIN_4_AND_INTERLEUKIN_13_SIGNALING 108 0.52420562 1.81943413 8.7728E-05 0.00542665

Abbreviation: GSEA, Gene Set Enrichment Analysis.

Table 4 Results of GSVA Analysis of CA Samples in GSE20681

ID logFC AveExpr t P.Value adj.P.Val

HALLMARK_GLYCOLYSIS −0.0728 −0.02191 −2.64537 0.008751 0.345078

HALLMARK_COMPLEMENT −0.07394 −0.01564 −2.33408 0.020497 0.345078
HALLMARK_MYC_TARGETS_V2 0.102318 −0.0003 2.270316 0.024161 0.345078

HALLMARK_HYPOXIA −0.0661 −0.01788 −2.21764 0.027606 0.345078

HALLMARK_P53_PATHWAY −0.05892 −0.01985 −2.04554 0.041996 0.419962

Abbreviation: GSVA, Gene Set Variation Analysis.
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Figure 6 Construction of diagnostic model of CA. (A and B) The number of genes with the lowest error rate (A) and the number of genes with the highest accuracy (B) 
obtained by SVM algorithm are visualized. (C and D) Diagnostic model diagram (C) and variable locus diagram (D) of LASSO regression model. (E) Nomogram of Key 
Genes in dataset GSE20681 in a diagnostic model of CA. (F) The CA diagnostic model is based on the DCA map of Key Genes in the dataset GSE20681. (G and H) risk 
score ROC curve in data sets GSE20681 and GSE42148. (I) Grouping comparison diagram of Key Genes in the High- and Low-risk groups of the CA group. *** represents 
P-value < 0.001, which is highly statistically significant. When AUC > 0.5, it indicates that the expression of molecules is the trend to promote the occurrence of events, and 
the closer the AUC is to 1, the better the diagnostic effect is. AUC has low accuracy at 0.5–0.7, and AUC has certain accuracy at 0.7–0.9. Light red represents the High-risk 
group and light blue represents the Low-risk group. 
Abbreviations: SVM, support vector machine; LASSO, least absolute shrinkage and selection operator; CA, coronary atherosclerosis; DCA, decision curve analysis; ROC, 
receiver operating characteristic; AUC, area under the curve; TPR, true positive rate; FPR, false positive rate.
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Figure 7 GSEA and GSVA enrichment analysis based on high or low risk scores. (A) GSEA of data set GSE20681 shows four biological function mountain maps. (B–E) 
GSEA showed that all genes were significantly enriched in Neutrophil Degranulation (B) Il-17 Signaling Pathway (C) Erythropoietin Activates Phosphoinositide 3 Kinase Pi3K 
(D) Il5 Signaling Pathway (E). (F) The group comparison maps of the results of GSVA between CA and Control groups in dataset GSE20681. ns represented P-value ≥ 0.05, 
which had no statistical significance. * means P-value < 0.05, which is statistically significant; ** means P-value < 0.01, which is highly statistically significant; *** represents 
P-value < 0.001, which is highly statistically significant. The heat map shows low concentrations in blue and high concentrations in red. The screening criteria for GSVA was 
P-value < 0.05. The screening criteria for gene set enrichment analysis (GSEA) were adj.P-value < 0.05 and FDR value (Q-value) < 0.25, and the P-value correction method 
was Benjamini-Hochberg (BH). 
Abbreviations: GSEA, gene set enrichment analysis; CA, coronary atherosclerosis; GSVA, gene set variation analysis.
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samples, and Naive B cells, CD8+ T cells, Activated memory CD4+ T cells, Resting NK cells, Monocytes were highly 
filtrated in the Low-risk group (Figure 8E). The results of bubble correlation plots showed that among the CA samples, 
the strongest positive correlation was found between MMP9 and Neutrophils (R-value = 0.456, P-value < 0.05) 
(Figure 8F and G). In the High Risk group, ERN1 was showed to be strongest and positively correlated with 
Activated NK cells (R-value = 0.462, P-value < 0.05) (Figure 8G and Supplementary Table 11). G0S2 in whole blood 
samples was also positively correlated with systemic neutrophil activity, which may reflect the infiltrated proportion of 
neutrophils in CA samples in the Low-risk group (Figure 8F and Supplementary Table 12), which was consistent with the 
results of ssGSEA analysis.

The Potential Regulatory Mechanism of the Three Prognostic Traits
Subsequently, the potential regulatory mechanisms which regulate the expression of these three prognostic traits were 
analyzed. The TFs that bind to MMP9, ERN1, and G0S2 were obtained from ChIPBase database, and the mRNA-TF 
Interaction Network was constructed and visualized using Cytoscape software (Figure 9A and Supplementary Table 13), 
which contained two key genes (MMP9, ERN1) and 33 TFs. The miRNAs related to MMP9, ERN1, and G0S2 were 
obtained from ENCORI database, and the mRNA-miRNA Interaction Network was constructed and visualized using 
Cytoscape software (Figure 9B and Supplementary Table 14), which contained two Key Genes (ERN1 and G0S2) and 33 
miRNAs. Moreover, the RNA-binding proteins (RBP) related to MMP9, ERN1, and G0S2 were predicted by StarBase 

Table 5 Results of GSEA Analysis Between Low- and High-Risk Subgroups in GSE20681

ID setSize enrichmentScore NES P-value P.adjust

REACTOME_NEUTROPHIL_DEGRANULATION 444 0.57654878 2.40630339 1E-10 1.24E-07

WP_IL17_SIGNALING_PATHWAY 32 0.65761898 1.8809083 0.00029428 0.01871308

REACTOME_ERYTHROPOIETIN_ACTIVATES_PHOSPHOINOSITIDE_3_KINASE_PI3K 12 0.81030163 1.84973886 0.00049091 0.02213541

WP_IL5_SIGNALING_PATHWAY 40 0.61799282 1.84457984 0.00034064 0.01933203

Abbreviation: GSEA, Gene Set Enrichment Analysis.

Table 6 Results of GSVA Analysis Between Low- and High-Risk Subgroups in GSE20681

ID logFC AveExpr t P-value P.adjust

HALLMARK_HYPOXIA −0.17573 −0.02634 −4.31353 3.28E-05 0.001642

HALLMARK_COAGULATION −0.16288 −0.00628 −3.61768 0.000434 0.00766

HALLMARK_INFLAMMATORY_RESPONSE −0.16441 −0.0099 −3.60103 0.00046 0.00766
HALLMARK_TNFA_SIGNALING_VIA_NFKB −0.16983 −0.01796 −3.49475 0.000662 0.008279

HALLMARK_COMPLEMENT −0.14579 −0.00958 −3.32734 0.00116 0.010052

HALLMARK_IL6_JAK_STAT3_SIGNALING −0.17245 0.002484 −3.31531 0.001206 0.010052
HALLMARK_E2F_TARGETS 0.163764 −0.01589 3.202228 0.00174 0.012427

HALLMARK_ANDROGEN_RESPONSE −0.13378 −0.00843 −2.8422 0.005254 0.032839

HALLMARK_UV_RESPONSE_UP −0.11437 −0.00898 −2.65808 0.008913 0.049516
HALLMARK_PROTEIN_SECRETION −0.13673 −0.00344 −2.55973 0.011698 0.058461

HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY −0.12332 −0.04348 −2.52478 0.012861 0.058461

HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION −0.10173 −0.00191 −2.36912 0.019402 0.08084
HALLMARK_MYC_TARGETS_V2 0.140783 0.007079 2.297602 0.02329 0.089576

HALLMARK_BILE_ACID_METABOLISM −0.08883 −0.01019 −2.23171 0.027462 0.092187

HALLMARK_UNFOLDED_PROTEIN_RESPONSE 0.11245 0.008091 2.228864 0.027656 0.092187
HALLMARK_KRAS_SIGNALING_UP −0.08436 0.001013 −2.06529 0.041016 0.119482

HALLMARK_ANGIOGENESIS −0.09926 0.010253 −2.06043 0.041485 0.119482

HALLMARK_XENOBIOTIC_METABOLISM −0.08193 −0.01607 −2.04495 0.043013 0.119482

Abbreviation: GSVA, Gene Set Variation Analysis.
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Figure 8 Immune infiltration analysis by ssGSEA algorithm and CIBERSORT of Key Genes. (A) The grouping comparison diagram of immune cells in the Low Risk and High 
Risk groups of dataset GSE20681. (B and C) Correlation bubble maps of the abundance of immune cell infiltration and Key Genes in the Low-risk (B) and High-risk (C) 
groups of CA. (D) The proportion of immune cells in a CA sample. (E) Grouping of immune cells in a CA sample. (F an G) Bubble map of correlation between the 
abundance of immune cell infiltration and Key Genes in a CA sample. ns represented P-value ≥ 0.05, which had no statistical significance. * means P-value < 0.05, which is 
statistically significant. ** means P-value < 0.01, which is highly statistically significant. *** represents P-value < 0.001, which is highly statistically significant. The absolute value 
of the correlation coefficient (R-value) is a weak correlation between 0.3 and 0.5. Light red is the High-risk group and light blue is the Low-risk group. Red is a positive 
correlation, blue is a negative correlation, and the depth of the color indicates the strength of the correlation. 
Abbreviations: CA, coronary atherosclerosis; ssGSEA, single-sample gene-set enrichment analysis.
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database, and the mRNA-RBP Interaction Network was constructed and visualized by Cytoscape software (Figure 9C 
and Supplementary Table 15), which contained two Key Genes (MMP9, ERN1) and 41 RBPs.

The Potential Regulatory Mechanism of the Three Prognostic Traits
According to the previous results, the NETRGs, MMP9, ERN1, and G0S2 are found to be important in the regulation of 
CA pathogenicity by promoting cell inflammation. To identify the promising therapies for CA, the three-dimensional 
structures of the three proteins were analyzed (Supplementary Figure 4), and the potential drugs or molecular compounds 
related to these genes were identified using the CTD database. The mRNA-Drug Interaction Network was constructed, 
and the results showed that the three genes were targeted by 34 drugs or molecular components (Figure 9D and 
Supplementary Table 16). For example, MMP9 was the target of aspirin, resveratrol, and quercetin (Figure 9D and 

Figure 9 Analysis of mRNA-miRNA, mRNA-TF, mRNA-RBP, mRNA-Drug interaction network of Key Genes. (A) The mRNA-TF Interaction Network of key genes. (B) 
mRNA-miRNA Interaction Network of the key genes. (C) mRNA-RBP Interaction Network of the key genes. (D) The mRNA-Drug Interaction Network of the key genes. 
Abbreviations: TF, transcription factor; RBP, RNA-binding protein.
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Supplementary Table 16), which all had antioxidant and anti-inflammatory effects. These indicate that these drugs might 
be the potential therapy for CA by targeting NET-related pathways.

Three Prognostic Traits Were Highly Expressed in CA Samples
In order to verify that these prognostic traits were the potential biomarkers in CA, the peripheral blood, which was 
obtained from ten normal people and ten CA patients, was collected, and the expression levels of the three prognostic 
traits were detected. The results of qRT-PCR and Western blotting showed that MMP9, ERN1, and G0S2 were all highly 
expressed in the peripheral blood of CA patients compared with the normal people (Figure 10), which was consistent 
with the result of GEO database. These indicate that the enhanced expression levels of these genes might be important for 
the development of CA, and could be a potential biomarker of this disease.

Discussion
With the increasing aging of the population and the improvement in living standards, the morbidity of CA is increasing 
every year.1–3 CA could cause coronary atherosclerotic heart disease and lead to angina pectoris, myocardial infarction, 
myocardial fibrosis and sudden coronary death, which is the main reason of death. The treatment of CHD mainly 
includes lifestyle changes, drug therapy and surgery. Drug treatment is the basis of treatment but they all have their own 

Figure 10 Three prognostic traits were highly expressed in CA samples. (A–C) qRT-PCR shows the mRNA expression levels of MMP9 (A), ERN1 (B), G0S2 (C) in CA 
patients samples. The statistic analysis was performed using t-test, *** represents P-value < 0.001, which is highly statistically significant. (D) Western blotting shows the 
protein levels of MMP9, ERN1, G0S2 in CA patients samples. 
Abbreviations: P, CA patients; N, normal people.
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side effects.5–8 Currently diagnostic tests for CA include blood tests, electrocardiograms, exercise stress tests, coronary 
CT angiography and coronary angiography, but there are no specific biomarkers for realize the early diagnosis and 
prognosis assessment of CA. Further studies are needed to identify specific biomarkers of CA to enable the early 
diagnosis and prognosis assessment of CA. The pathogenesis of CA includes the theory of lipid infiltration, the theory of 
injury-response response, the role of arterial SMC and the theory of chronic inflammation but the pathogenesis of CA has 
not been thoroughly elucidated. Overactivation of NETs can also lead to thrombosis.14,35 NETs can promote thrombosis 
through different mechanisms, such as the negatively charged surface of NETs, which can activate the endogenous 
coagulation pathway; tissue factor (TF) on NETS, which can activate the exogenous coagulation pathway; and histones, 
which can activate platelets, inhibit thrombin, and promote platelet aggregation and thrombosis. Interactions between 
thrombus and endothelial cells can lead to the formation of atherosclerotic plaque.14 A series of inflammatory factors are 
also risk factors for AS and cardiovascular disease. Therefore, NETs may play a vital role in AS pathogenesis.

Key Findings
In this study, a total of 543 genes were identified as highly expressed genes, and 343 genes were identified as de- 
expressed genes in dataset CA, which are thought to be important for the disease progression. Among them, six genes 
(MMP9, G0S2, MGAM, PLAUR, VNN3, ERN1) were screened out to be the NETDEGs, which had a significant 
correlation, especially MGAM and MMP9, indicating that these NETDEGs are in a network of proteins that regulate 
each other and may play a coordinated role in the development of CA disease.

According to the ROC curve based on the expression levels of the six NETDEGs in dataset GSE20681, the 
expression levels of ERN1, G0S2, VNN3, PLAUR, MGAM and MMP9 showed high accuracy in the classification of 
CA and normal samples, indicating that the six NETDEGs might be the biomarkers for achieve the early diagnosis and 
prognosis assessment of CA. One study showed the transcript level of G0S2 and the expression of proteins involved in 
the inflammatory response were increased in coronary atherosclerosis.63 G0S2 could binds the adipose triglyceride lipase 
(ATGL) and inhibits its enzymatic activity to attenuate lipolysis and promote the release of diacylglycerol (DG) and free 
fatty acid (FFA), further leading to the accidence of CA.64,65 Another Meta analysis showed MGAM increased in CA 
datasets.66 Ninj1 [nerve injury-induced protein], the substrate of MMP9, could regulate macrophage inflammation and 
monocyte recruitment to mediate anti-inflammatory effects, protect the body from CA. The high expression of MMP967 

could promote the decomposition of Ninj1 promoting an inflammatory response to contribute to CA, consistent with our 
study.68 Furthermore, MMP9 is encoded by CA risk gene69 and was a proatherogenic proteases.70 It participates in the 
transition from a stable to an unstable atherosclerotic lesion.71,72 ERN1 participates in endoplasmic reticulum (ER) stress 
response to activate autophagy, further leading to CA.73–75 ERN1, VNN3 and PLAUR are genes involved in inflamma
tion, that may contribute to the formation of atherosclerotic plaques. Therefore, these six genes have the potential to be 
biomarkers to conduct early diagnosis and prognosis assessment and the effective therapeutic targets for CA.

According to the network maps of GO and KEGG enrichment, MMP9 and ERN1 were significantly correlated to the 
bioprocess of cell apoptosis and the of lipid and atherosclerosis pathways. MMP9 is encoded by CA risk gene69 and is 
a proatherogenic proteases.70 It could participate in the transition from a stable to an unstable atherosclerotic lesion71,72 

and could promote the decomposition of Ninj1 promoting inflammatory response to contribute to CA.68 In a pathological 
state, ERN1 participates in ER stress response to activate autophagy and further leads the formation of atherosclerotic 
plaque.73–75Therefore, MMP9 and ERN1 may contribute to the pathogenesis of AS by involving in lipids and athero
sclerosis and the cell apoptotic pathway. Combined with the GSEA and GSVA results, we found that all genes in CA 
were significantly enriched in inflammatory factor-related signaling pathways, which was consistent with the above 
results. Therefore, the inflammation may play an indispensable role in AS pathogenesis.

After the combination analysis of logistic regression model, SVM model, and LASSO Operator regression analysis, 
three genes (MMP9, ERN1, and G0S2) were identified to be the prognostic traits, based on which the disease samples 
were divided into high- and Low-risk subgroups. The immune infiltration analysis showed that 13 of the 28 immune cells 
had statistical and significant differences and the infiltration proportion of Activated B cell, Activated CD4+ T cell, 
Activated CD8+ T cell, Effector memory CD8+ T cell, Immature B cell, Type 1 T helper cell, CD56dim natural killer cell 
were higher in the samples of Low-risk group than them in the samples of High-risk group, while Eosinophil, Immature 
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dendritic cell, Macrophage, Monocyte, Neutrophil, Plasmacytoid dendritic cell were more infiltrated in the samples of the 
High-risk group. The correlation results showed that the three prognostic traits had a strong correlation with immune cell 
infiltration and MMP9 had the strongest positive correlation with Neutrophil in both risk groups while G0S2 had a strong 
and positive correlation with the infiltration of Neutrophil in the Low-risk group. Neutrophils are derived from bone 
marrow and are important inflammatory cells. They could migrate from the bloodstream to sites of inflammation and 
induce inflammation.76 A study showed neutrophil aggregation increased in the patients with CA.77 Neutrophils could 
mediate the damage of the vascular and myocardial by degranulation78 and stimulated neutrophils could secrete 
proteolytic neutral proteases to promote the detachment of endothelial cells from vessel walls and the adherence of 
platelets to subendothelial collagen and fibronectin.79 The results showed that immune cells, especially neutrophils, 
participate in the pathogenesis of CA and MMP9 and G0S2 may interact with neutrophil to involved in inflammation 
leading to CA.

The molecular pathways that regulate the three prognostic traits were analyzed, including TFs, miRNAs, and RBPs, 
which further indicated that these genes are regulated via multiple pathways. Finally, the potential drugs or molecular 
compounds related to these genes were identified and the mRNA-Drug Interaction Network was constructed. The results 
revealed that the potential regulatory mechanisms and drug targets of MMP9, ERN1, and G0S2, which showed the 
potential pathogenesis and therapeutic agents of CA, providing a potential application in clinic. The mRNA-Drug 
Interaction Network showed that MMP9 was the target of aspirin, resveratrol, and quercetin, which all had antioxidant 
and anti-inflammatory effects. Aspirin is a typical antipyretic analgesic, non-steroidal anti-inflammatory drug, anti- 
platelet aggregation drug.80–82 It is used to reduce the incidence of myocardial infarction, transient cerebral ischemia or 
stroke in patients with CA. A series of studies have shown that resveratrol could exert protective effect on heart because 
it effect on reducing low-density lipoprotein (LDL), increasing high-density lipoprotein (HDL),83 reducing oxidative 
stress,84,85 preventing platelet aggregation and promoting coronary vasorelaxation,86,87 which could implement anti- 
atherogenic effect.88 Quercetin could inhibit the proliferation, migration, and inflammatory response of SMC by 
inhibiting the expression of fibroblast growth factor 2 (FGF2), which could anti-CA function and be potential drug for 
CA treatment.89 These results indicate that MMP9, ERN1, and G0S2 had the potential to be a biomarkers for achieve 
early diagnosis and prognosis assessment and as the therapeutic targets of CA. Aspirin, resveratrol, and quercetin are the 
potential drugs for CA.

Strength and Limitation
This study showed MMP9, ERN1, and G0S2 had the potential to be a biomarkers to achieve early diagnosis and 
prognosis assessment and be the therapeutic targets of CA and showed the potential mechanism to lead to CA. G0S2 can 
involved in inflammatory response63 and has a strong and positive correlation with the infiltration of Neutrophil. 
Therefore G0S2 might interact with neutrophil to involved in inflammation which leads to CA. The high expression 
of MMP967 could promote the decomposition of Ninj1 promote inflammation response68 and MMP9 is encoded by CA 
risk gene69 and it participates in the transition from a stable to an unstable atherosclerotic lesion.71,72 Furthermore, 
MMP9 also had the strongest positive correlation with Neutrophil and the interaction between it and Neutrophil can 
contribute to CA through inflammatory response. In a pathological state, ERN1 could participate in ER stress response to 
activate autophagy and further lead the formation of atherosclerotic plaque73–75 and contribute to the pathogenesis of AS 
by involved in lipid and atherosclerosis and cell apoptosis pathways. In addition, it involved in inflammation which leads 
to CA.

Although it provides biomarkers to conduct early diagnosis and prognosis assessment of CA and provides a potential 
mechanism of CA but the specific mechanism to leading to CA has not be clarified and CA patients are needed to verify 
the diagnose value of the three genes (MMP9, ERN1, and G0S2). However, further experiments are required to be done. 
First, only bioinformation analysis showed the potential mechanism of CA but not experiments were done to reveal the 
detailed mechanism of CA. Second, the research only constructed the model to conducted diagnosis and prognosis 
assessment but there is no large-scale patient cohort validation. Third, potential drugs or molecular compounds were only 
predicted with bioinformation but not experiments to verify their effects to treat CA.
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Conclusion
Through the research, MMP9, ERN1, and G0S2 were identified for the diagnosis and prognosis assessment of CA and 
their potential mechanism to contribute to CA and potential drugs to treat CA were revealed. The above conclusions were 
further verified through qRT-PCR and Western blotting from the peripheral blood obtained from ten normal people and 
ten CAD patients. This study provides novel biomarker for the diagnosis and prognosis assessment of CA and to reveal 
novel mechanism leading to CA, which will promote the research progress of CA.

Highlights
1. MMP9, ERN1, and G0S2 were identified as NET-related traits in CA.
2. A three-gene prognostic model for CA has been developed.
3. Therapeutic drugs forecast targeting NET-related traits.
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