Journal of Inflammation Research Dove

ORIGINAL RESEARCH

Use of Machine Learning for the ldentification and
Validation of Immunogenic Cell Death Biomarkers
and Immunophenotypes in Coronary Artery
Disease

Yan-jiao Zhang', Chao Huang?, Xiu-guang Zu', Jin-ming Liu', Yong-jun Li'

'Department of Cardiology, The Second Hospital of Hebei Medical University, Shijiazhuang, 050000, People’s Republic of China; 2Department of
Thoracic Surgery, The Fourth Hospital of Hebei Medical University, Shijiazhuang, 050011, People’s Republic of China

Correspondence: Yong-jun Li, Department of Cardiology, The Second Hospital of Hebei Medical University, Heping West Road No. 215, Shijiazhuang,
050000, People’s Republic of China, Tel +86 15803210938, Email liyongjunbgr@ 126.com

Objective: Immunogenic cell death (ICD) is part of the immune system’s response to coronary artery disease (CAD). In this study,
we bioinformatically evaluated the diagnostic and therapeutic utility of immunogenic cell death-related genes (IRGs) and their
relationship with immune infiltration features in CAD.

Methods: We acquired the CAD-related datasets GSE12288, GSE71226, and GSE120521 from the Gene Expression Omnibus (GEO)
database and the IRGs from the GeneCards database. After identifying the immune cell death-related differentially expressed genes
(IRDEGs), we developed a risk model and detected immune subtypes in CAD. IRDEGs were identified using least absolute shrinkage
and selection operator (LASSO) analysis. Using a nomogram, we confirmed that both the LASSO model and ICD signature genes had
good diagnostic performance.

Results: There was a high degree of coincidence and immune representativeness between two CAD groups based on characteristic
genes and hub genes. Hub genes were associated with the interaction of neuroactive ligands with receptors and cell adhesion receptors.
The two groups differed in terms of adipogenesis, allograft rejection, and apoptosis, as well as the ICD signature and hub gene
expression levels. The two CAD-ICD subtypes differed in terms of immune infiltration.

Conclusion: Quantitative real-time PCR (qRT-PCR) correlated CAD with the expression of OAS3, ITGAV, and PIBF1. The ICD
signature genes are candidate biomarkers and reference standards for immune grouping in CAD and can be beneficial in precise
immune-targeted therapy.
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Introduction
Over the past three decades, mortality from coronary artery disease (CAD) has decreased, primarily due to lowering low-
density cholesterol and controlling traditional risk factors such as hypertension, smoking, obesity, and diabetes. However,
cardiovascular disease (CVD) remains a significant global burden due to a lack of effective treatments. Therefore, it is
essential to explore new therapeutic strategies." Many immune cells, including macrophages, T and B cells, dendritic
cells, neutrophils, and mast cells, influence the development of atherosclerotic plaques by secreting cytokines, chemo-
kines, proteases, procoagulants, and other bioactive molecules. An important contributor to CVD is atherosclerosis.”
Due to their unique characteristics, modified lipoproteins, such as oxidized low-density lipoproteins, can act as adjuvant
molecular structures to activate the body’s innate immune responses and also as antigens to activate adaptive immune
responses.® There is a complex interaction between innate and adaptive immunity throughout the progression of CAD.
The Canakinumab Anti-inflammatory Thrombosis Outcome Study (CANTOS) trial provided the first evidence of the
beneficial effects of inflammation-targeted therapy in atherosclerosis, but it did not show a reduction in overall or CVD

Journal of Inflammation Research 2024:17 223-249 223
Received: 10 October 2023 © 2024 Thang et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.
AT php and incorporate the Creative Commons Attribution — Non Commercial (unported, v3.0) License (http:/creati org/licenses/by-nc/3.0/). By accessing the

Accepted: 28 December 2023
Published: 12 January 2024

work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/3.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Zhang et al Dove

mortality. In addition, the side effects of canakinumab were shown to include leukopenia and elevated mortality rates.’
The Cardiovascular Inflammation Reduction Trial (CIRT) revealed that individuals who received low-dose methotrexate
for rheumatological or dermatological indications showed a reduction in cardiovascular events. Nevertheless, there was
no decrease in the levels of inflammation biomarkers, including high sensitivity C-reactive protein (hsCRP), interleukin-
1B (IL-1B), and interleukin-6 (IL-6), and, importantly, there was a significant increase in the incidence of skin cancer.®
The results of these clinical trials emphasize the importance of tailoring immunotherapy to specific cases of CVD and
demonstrate the crucial role of inflammatory pathways in the pathogenesis of atherosclerosis.”* Thus, it is necessary to
identify new markers of vascular inflammation, define patient subsets expected to benefit from immunotherapy, and
develop more precise and safer targeted immunotherapies.”

The Nomenclature Committee on Cell Death (NCCD) defines immunogenic cell death (ICD) as “a form of regulated
cell death that is sufficient to activate an adaptive immune response that is immunologically active”.'® Thus, ICD
inducers can effectively activate the immune microenvironment. Targeting adaptive immunity in combination with
immune checkpoint blockers offers a promising strategy to improve the effectiveness of immunotherapy and reduce
immunological side effects.'""'? Immunotherapeutic strategies can be developed by discovering reliable biological
markers and targeting adaptive immunity.'> Immunological research in CAD is grounded in the close association of
ICDs with the immune environment and the success of ICD inducers in cancer immunotherapy.'* !¢

The immunological features and role of ICD in CAD have not been clearly established.'” 2! In this study, we aimed to
systematically evaluate IRGs and immune infiltration features in CAD at multiple levels using bioinformatic approaches to offer
insights into diagnosis and immunotherapy. Figure 1 depicts the workflow of the study and the use of the Gene Expression
Omnibus (GEO) database and peripheral blood samples to identify immunogenic cell death-related differentially expressed genes
(IRDEGs). We created a gene signature consisting of 17 genes and a nomogram model. We performed the validation using an
external dataset and quantitative real-time PCR (qQRT-PCR). Additionally, we identified immune subtypes, performed network and
functional enrichment analyses, and characterized immune cell infiltration. To the best of our knowledge, this is the first study to
identify risk factors for CAD from the perspective of ICD. Classifying patients and carefully examining their biological and
immunological characteristics can lay the groundwork for developing individualized treatments for CAD.

Materials and Methods

Data Collection and Processing
We accessed publicly available gene expression profiles for patients with CAD from the GSE12288,>* GSE71226, and
GSE120521% datasets of the GEO database.>* We included a total of 110 CAD and 108 normal samples in GSE12288,
based on the GPL96 platform. GSE71226 included data from three patients with CAD and three normal samples based
on the GPL570 platform. GSE120521 consisted of four CAD cases and four normal cases based on the GPL16791
platform. We used GSE12288 and GSE71226 as training datasets and GSE120521 as the validation dataset. Details of the
GEO datasets are shown in Table 1.

Immunogenic cell death-related genes (IRGs) were retrieved from the GeneCards database® using “Immunogenic cell death”
as the search term and employing a screening criterion of a score>5.96. In total, we obtained 1771 IRGs, as listed in Table S1.

CAD-Associated DEGs
We subjected the GSE12288 and GSE71226 datasets to de-batch processing using the package R “sva”” and obtained the
integrated GEO datasets (combined datasets), which contained 113 CAD samples and 115 control (normal) samples. Finally,

9526

we normalized the integrated GEO datasets and the validation dataset GSE120521 using the “limma” package in R,*’ followed
by probe annotation and other standardization and normalization processes.
We divided the samples into CAD and control (normal) groups. We evaluated the differential gene expression between the
CAD and normal groups using the limma package in R.*” |[FC| > 1.2, adj. P < 0.05 were set as the threshold values for DEGs.
The overlap between IRGs and DEGs in the integrated GEO datasets identified 18 IRDEGs for further analysis. We
visualized the outcomes of the differential expression analyses for chromosome localization using the R packages
“ggplot2” for volcano mapping, “pheatmap” for heat mapping, and “RCircos”.*®
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Figure | Technology Roadmap. *P < 0.05, **P < 0.01, and ***P < 0.001.
Abbreviations: DEGs, differentially expressed genes; PP, Protein-protein interaction; GSEA, Gene Set Enrichment Analysis; GSVA, Gene Set Variation Analysis.
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Table | Overview of GEO Datasets

GSE 12288 GSE71226 GSE120521
Platform GPL96 GPL570 GPLI6791
Species Homo sapiens Homo sapiens Homo sapiens
Tissue Peripheral blood Peripheral blood Plaque
Samples in the Normal group 112 3 4
Samples in the CAD group 110 3 4
Reference 19750006 / 31339449

We used the R package ESTIMATE to compare the immune scores between the normal and CAD groups and to
determine the relationship between IRDEG expression levels and immune scores.

Construction of a Forest Model and Nomogram Model

To detect the feature genes among the IRDEGs, we downscaled the integrated GEO dataset using the least absolute
shrinkage and selection operator (LASSO) algorithm. We used an established risk score formula to calculate the penalty
coefficients for the feature genes, which were then weighted using individual normalized gene expression values. The
penalty coefficients of the feature genes were displayed using forest plots.

riskScore = ) Coefficient (gene;) * mRNA Expression (gene;) (1)

1

To predict the risk of CAD, we constructed columnar line graph models based on selected signature genes. We
verified the accuracy of the model using a separate validation set. Using the R package pROC,*® we plotted receiver
operating characteristic (ROC) curves, and the area under the curve (AUC) was calculated to determine the accuracy of
the diagnostic model. To evaluate the decision-making efficacy of the model with respect to patient outcomes, we used
the “ggDCA” package in R*® to create a decision curve analysis (DAC) curve.’’

|dentification of ICD Subtypes

The Uniform Manifold Approximation and Projection (UMAP) partitions or compresses patient groups based on their
features. We used the algorithm in the R package UMAP*? to evaluate the genetic characteristics of patients with CAD
and categorize them into different subtypes.

Differences in Biological Characteristics Between ICD Subtypes

Gene Ontology (GO) analysis is a commonly used approach for evaluating functional enrichment at the biological
process (BP), molecular function (MF), and cellular component (CC) levels.** The Kyoto Encyclopedia of Genes and
Genomes (KEGG) database contains data on genomes, biological pathways, diseases, medications, and other aspects.
We used the R package clusterProfiler’>¢ to perform GO functional annotation and KEGG pathway enrichment analyses
of DEGs in CAD-ICD subtypes. The statistical significance was set at P < 0.05.

To analyze if a group of predefined genes exhibited statistically significant differences between two biological states,
we used a computational technique known as the Gene Set Enrichment Analysis (GSEA), which is frequently adopted to
assess alterations in pathways and biological processes in samples from expression datasets.’’ We downloaded the
reference gene sets “c5.go.v7.4. entrez.gmt” and “c2.cp.kegg.v7.4. entrez.gmt” from the MSigDB database®® to inves-
tigate the differences in biological processes between CAD-ICD subtypes. We used the clusterProfiler R package for the
GSEA and visualization, with an adjusted P-value of 0.05 indicating statistical significance. Using the reference gene set
“h.all.v7.4. symbols.gmt” downloaded from the MSigDB database®® and the R package GSVA,* we calculated enrich-
ment scores for each sample in the dataset at each hallmark and determined the correlations between dysregulated
pathways in patients with CAD. Differences were considered statistically significant at a P-value of < 0.05.

2 2 6 https:

Dove!

Journal of Inflammation Research 2024:17


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

Dove Zhang et al

Protein-Protein, mMRNA-miRNA, mRNA-RBP, mRNA-TF, and mRNA-Drug Interaction

Networks
We used the STRING database® to construct a protein-protein interaction network (PPI)*' corresponding to DEGs
between CAD-ICD subtypes. The minimum necessary interaction score was 0.150. PPIs were exported and further
analyzed using Cytoscape.*> The Cytohubba plug-in** consists of 12 algorithms. We obtained the top 30 nodes for each
algorithm, and the genes obtained by at least 5 algorithms were identified as hub nodes.

Using the GOSemSim R package, we calculated the geometric mean of semantic similarities to evaluate the similarity
of protein functions.

We used seven prediction programs (TargetScan, microT, miRmap, picTar, RNA22, PITA, and miRanda) to obtain
hub gene-associated miRNAs from the StarBase database(https:/starbase.sysu.edu.cn/). We retrieved hub gene-

associated transcription factors (TF) from the miRNet database(http://www.mirnet.ca). We predicted the RNA-binding
proteins (RBP) that interact with hub genes with the help of the Encyclopedia of RNA Interactomes (ENCORI) database
(https://rnasysu.com/encori/index.php) and we set clipExpNum > 5 and clip]Dnum > 10 as the screening criteria for

mRNA-RBP pairs. Using References > 3 and Organisms > 2 as screening criteria, the public Comparative

Toxicogenomics Database (CTD) (http://ctdbase.org/) was used to predict potential drugs or small molecule compounds

that interact with hub genes. Interaction networks were visualized using Cytoscape.

Immune Cell Infiltration Analysis
Using a single-sample gene set enrichment analysis (ssGSEA), we determined the contents of 28 immune cells from
patients with different CAD subtypes and visualized the composition of immune cells using box plots.** A Wilcoxon test
was performed to compare immune cell proportions, and a P-value < 0.05 was regarded as statistically significant.
CIBERSORTX leverages machine learning to infer cell type-specific gene expression profiles without physically
separating cells. The abundance of immune cells in samples was evaluated using RNA-seq data.*> The abundance of 22
immune cell species in the patients with different CAD subtypes was evaluated using the CIBERSORTX algorithm
(https://cibersortx.stanford.edu/). We used the R package corrplot*® to generate a heat map of the correlation between

immune cell infiltration levels in patients with different CAD subtypes.

Peripheral Blood Collection, RNA Extraction, and qRT-PCR Validation

We collected whole blood samples from 10 patients with CAD and 10 age- and gender-matched healthy subjects (Table S2)
using EDTA anticoagulation tubes at the Second Hospital of Hebei Medical University, China. The study was approved by
the Ethics Committee of the institution. All enrolled participants gave their informed consent.

Total RNA was extracted from the fresh whole blood samples using the RNAPrep High Efficiency Blood Total RNA
Extraction Kit (TTANGEN, Beijing, China), following the instructions provided by the manufacturer. With the PrimeScript RT
Reagent Kit with gDNA Eraser (TaKaRa Bio, Beijing, China), the cDNA was reverse transcribed using the Fluorescence
Quantification Kit Platinum SYBR Green qPCR SuperMix-UDG (Invitrogen, Carlsbad, CA, USA) and the FTC-3000 Real
Time Quantitative Thermal Cycler (Funglyn Biotech, Richmond Hill, Canada) for qRT-PCR. The relative expression levels of

—AA
2 Ct

the target genes were calculated using the method by normalizing the expression levels to the levels of GAPDH, the

reference gene. The primers used for qRT-PCR are listed in Table 2.

Statistical Analysis

We used R (version 4.1.1) for performing the statistical analyses of our data. Independent ¢-tests were used to compare
two groups of normally distributed continuous variables. Wilcoxon rank-sum tests were used to compare two groups of
non-normally distributed independent variables. Pearson’s correlation analysis was used to evaluate the correlation
coefficients between the different genes. Statistical analyses were performed using two-sided P-values, and significance
was determined at P < 0.05.
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Table 2 Sequences of Primers Used for Quantitative Real-Time PCR

Gene Forward Primer (5’ to 3’) Reverse Primer (5’ to 3’)

OAS3 CCAAGCCACAAGTCTACTCTACC GCAGCGTCTCCTTCCACAAC
ITGAV GCGTATCTGCGGGATGAATCTG AGGCGTGAACTGGTTAAGAATGG
PIBF| AAGCACAGAACTCAGAGCATCAAG GAACATTAGCACCATAGCCGTAGG
AKRIC3 GGTTCCGCCATATAGATTCTGCTC GTCTTCTCTCTTCACACTGCCATC
NOX4 GCAGCAAGATACCGAGATGAGG GAGGAATAGCACCACCACCATG
SMPX CCAGTTTCCAATGTTAGAGCCATCC GGAACACCCTCCTCCACTTCAG

Results
Landscape of Differentially Expressed Genes (DEGs) in CAD

The training set data, compiled from the merged and batch-normalized GSE12288 and GSE71226 datasets, consisted of
113 disease records and 115 normal records (Figure 2A-D).

We detected 196 DEGs between the CAD and control samples, including 121 upregulated and 75 downregulated
DEGs in CAD (Figure 2E). Gene Ontology (GO) functional annotation (Table S3A and Figure 2F) revealed that these
DEGs were predominantly associated with the positive regulation of viral transcription by the host and involved in
processes such as epithelial cell apoptosis, ammonium ion metabolism, meiotic nuclear division in males, and symbiont
interactions (Figure 2G).

The KEGG pathway analysis revealed that these genes are involved in hypertrophic cardiomyopathy, dilated cardiomyo-
pathy, arrhythmogenic right ventricular cardiomyopathy, ABC transporter, and ECM-receptor interactions (Figure 2H and
Table S3B). Patients with CAD had significantly higher immune scores than those with normal samples, as determined by the
simultaneous analysis of the immune scores between CAD and normal samples (P < 0.05; Figure 21).

Overview of IRDEGs in CAD

We identified 18 IRDEGs: interleukin-2 (/L2), ephrin type-A receptor 2 (EPH?), fibrinogen o chain (FGA), 2’-5’-oligoadenylate
synthetase 3 [EC2.7.7.84] (OAS3), integrin o chain V (ITGAV), progesterone-induced-blocking factor 1 (PIBFI), aldo-keto
reductase family 1 member C3 [EC 1.1.1.188] (4KR1C3), prolactin-induced protein (PZP), S100 calcium-binding protein A7
(S100A47) psoriasin, tumor necrosis factor ligand superfamily member 18 (TNFSF18), a-ketoglutarate dehydrogenase, 2-oxo-
glutarate dehydrogenase E1 component, mitochondrial [EC:1.2.4.2] (OGDH), "ELAV-like protein 2 (ELAVLZ2), chemokine
(C-C motif) ligand 16 (CCL16), creatine kinase, muscle [EC2.7.3.2] (CKM), autophagy-related circular RNA (4CR), nicotina-
mide adenine dinucleotide phosphate oxidase 4 [EC1.6.99.1] (NOX4), cyclin A (CCNAI), and small muscle protein X-linked
(SMPX). These genes were visualized in a heatmap (Figure 3A) and group comparison maps (Figure 3B). The CAD and control
groups showed considerable differences in the expression levels of IRDEGs (P < 0.05); 14 genes were upregulated in the disease
group (IL2, EPHA2, FGA, NOX4, CCNAI, PIP, S10047, TNESF18, OGDH, ELAVL2, OAS3, CKM, ACR, and SMPX), and four
genes were downregulated in the disease group (ITGAV, AKRIC3, PIBF1, and CCL16).

We used the RCircos package to annotate the chromosomal locations of 14 upregulated and 4 downregulated
IRDEGs. Of the 14 upregulated IRDEGs, S/0047 and TNFSF18 were located on chromosome 1, /L2 and FGA on
chromosome 4, OGDH and PIP on chromosome 7, ELAVL2 on chromosome 9, NOX4 on chromosome 11, OA4S3 on
chromosome 12, CCNAI on chromosome 13, CKM on chromosome 19, ACR on chromosome 22, and SMPX and ACR on
chromosome X (Figure 3C). Among the four upregulated IRDEGs (Figure 3D), ITGAV was located on chromosome 2,
AKRIC3 on chromosome 10, PIBFI on chromosome 13, and CCLI6 on chromosome 17.

In the correlation analyses, the levels of 16 IRDEGs were correlated with immune scores. There were significant negative
correlations between the immune scores and several IRDEGs such as ACR, ELAVL2, PIP, CCL16, and FGA (P < 0.05, r<0),
while the immune scores and OGDH, PIBFI, and AKRIC3 were positively correlated (P < 0.05, » > 0, Figure 3E).

Contributions of IRDEGs to CAD Progression
Based on the integrated GEO dataset, we conducted a least absolute shrinkage and selection operator (LASSO)
regression analysis to investigate the effect of the 18 IRDEGs on CAD. We identified the following 17 signature
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Figure 2 Landscape of DEGs in CAD. (A) Box plot of the combined dataset before standardization. (B) Box plot of the combined dataset after standardization. (C) PCA
plot of the combined dataset before standardization. (D) PCA plot of the combined dataset after standardization. (E) Volcano plot of differential gene expression between
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enrichment analysis; the node color indicates the gene expression level, and the quadrilateral color indicates the Z-score. (H) Results of the KEGG pathway enrichment
analysis; the node color indicates the gene expression level, and the quadrilateral color indicates the Z-score for a KEGG pathway. (I) Immune scores for CAD and normal
samples; pink indicates CAD, blue indicates normal, and the vertical axis is the immune score.

Abbreviations: DEGs, differentially expressed genes; CAD, coronary artery disease; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; BP,
biological process; CC, cellular component; MF, molecular function.
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genes with high impact on CAD: IL2, EPHA2, ITGAV, FGA, NOX4, CCNA1, AKRIC3, PIP, S10047, TNFSF18, OGDH,
PIBF1, ELAVL2, CCL16, OAS3, ACR, and SMPX (Figure 4A—C). We plotted the ROC curve based on the predicted risk

score, and the AUC value was 0.813 for the training dataset (Figure 4D).
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Figure 4 Diagnostic model construction and evaluation based on IRDEGs. (A and B) LASSO regression was used to identify significant IRDEGs related to CAD. (C) Forest
plot of the genes in the diagnostic model. (D) ROC curve of the predicted risk score in the CAD training set. (E) Nomogram of the LASSO risk scores. (F) Expression
nomogram plot of the 17 trait genes. (G) Calibration curve plot of the LASSO risk score model. (H) DCA curve of the trait-related genes; blue indicates follow-on diagnosis
and pink indicates a trait gene combination. (I) DCA curve of predicted risk scores; blue indicates a follow-up diagnosis and pink indicates a risk score model.

Abbreviations: IRDEGs, immune cell death-related differentially expressed genes; LASSO, least absolute shrinkage and selection operator; CAD, coronary artery disease;

ROC, receiver operating characteristic; DCA, decision curve analysis.
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According to the nomogram (Figures 4E and F), the LASSO risk score and 17 signature genes were predictors of the
occurrence of CAD. Additionally, a calibration curve for the column-line plot (nomogram plot) of the LASSO risk score
revealed that the diagnostic model for CAD had high accuracy and good model performance (Figure 4G). We used a decision
curve analysis (DCA) to evaluate the diagnostic value of the 17 characteristic genes (Figure 4H) and the LASSO risk score
model (Figure 4I). The DCA indicated that the diagnosis of CAD using column-line graph models was effective.

We generated box plots of the expression levels of key genes in CAD and normal samples in the GSE120521 dataset
(Figure 5A) to verify whether these signature genes showed differential and similar expression trends in other datasets.
The differences between the CAD and the normal groups in the expression of CCNAI, ELAVL2, FGA, IL2, ITGAV,
OAS3, OGDH, PIBF1, and TNFSF18 were significant (P < 0.05), and the expression trends were consistent with those in
the combined data set. The AUC for the test set was 0.875 using ROC curves calculated from the predicted risk scores
(Figure 5B). AUC values were 0.875 for TNFSF18 (Figure 5C), 0.938 for PIP (Figure 5D), 0.719 for OAS3 (Figure 5E),
0.875 for OGDH (Figure 5F), 0.938 for /ITGAV (Figure 5G), 0.750 for FGA (Figure 5H), 0.688 for CCNA! (Figure 5I),
and 0.750 for /L2 (Figure 5J). Integration of the projected ROC curves for the remaining trait-related genes (Figure S1)
showed that these genes all had good predictive performance.

In addition, we investigated the expression levels of 17 signature genes in various parts of the body. We used violin plots to
visualize the differential expression of EPHA?2 (Figure 5K), FGA (Figure 5L), IL2 (Figure 5M), and /TGAV (Figure 5N) in 34
tissues and organs, as well as in normal and tumor tissues. There were significant differences between the normal and tumor tissues
in the expression of these characteristic genes across most cancer types (P < 0.05) (Figure S2).

ICD Subtypes in CAD

Using the UMAP method, we identified two CAD-ICD subtypes, cluster 1 and cluster 2, based on 17 signature genes in
the integrated GEO dataset (Figure 6A). Cluster 1 contained 74 samples, and cluster 2 contained 39 samples. Clustering
revealed significant differences between the two subtypes in terms of the signature genes (Figure 6B). We separately
analyzed the CAD-ICD subtypes for the expression levels of the 17 signature genes and found that ELAVL2, EPHA?2,
ITGAV, and NOX4 were differentially expressed (Figure 6C).

Network Analyses

The two CAD-ICD subtypes showed differences in expression, and we used 138 DEGs to construct a PPI network to
investigate the interactions. We included 471 reciprocal pairs and 135 genes in the PPI network and visualized it using
Cytoscape. PTPRD, GNAII, CBLNI, PRKAA2, NLGNI, and PLKI nodes interacted with 25, 19, 19, 18, 18, and 17
genes, respectively (Figure 7A).

We calculated the top 30 nodes obtained by each algorithm using the 12 algorithms in CytoHubba. In total, we
identified 32 genes obtained through at least five algorithms as hub genes (Figure 7B). The GO semantic similarity of the
hub genes showed that TBRI, INHBA, and ZNF423 were functionally related to several genes (Figure 7C). We predicted
miRNA interactions using 32 hub genes. Nineteen hub genes and 176 miRNA molecules were included in the mRNA-
miRNA interaction network, which consisted of 235 pairs (Figure 7D).

We constructed the mRNA-TF network and acquired interaction data for nine hub genes and 49 TFs. Among these,
TERT was associated with 36 TFs. The mRNA-TF interaction network contained 56 interaction pairs. (Figure 7E).

We identified 11 RBPs associated with 17 hub genes by constructing an mRNA-RBP network of hub genes
(Figure 7F). The mRNA-RBP interaction network contained 59 pairs of interactions.

The mRNA-drug interaction network (Figure 7G) indicated that 134 potential drugs or molecules were linked to 30
hub genes. Among these, C006780 simultaneously targeted 27 hub genes. In the mRNA-drug interaction network, we
detected 280 pairs of interactions.

Biological Characterization of Hub Genes

A GO functional enrichment analysis revealed that the hub genes were mainly related to the following functions:
response to alcohol, heterophilic cell-cell adhesion via plasma membrane cell adhesion molecules, postsynaptic specia-
lization assembly, presynapse assembly, response to ketone, and other biological processes (Figure 8A and B), intrinsic
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Figure 5 Feature gene expression in the validation set GSE120521 and in various parts of the human body. (A) Grouped comparison plots of feature genes in the CAD and
normal groups in the GSE120521 dataset, *P < 0.05, **P < 0.01, (B) ROC curves of the predicted risk scores for diagnosis in the validation set GSE120521. (C-J) ROC curve
of the feature genes (C) TNFSFI8, (D) PIP, (E) OAS3, (F) OGDH, (G) ITGAV, (H) FGA, (I) CCNAI, and (J) IL2 in the validation set GSE120521. (K-N) Expression of (K)
EPHA2, (L) FGA, (M) IL2, and (N) ITGAV in normal and tumor tissues of 34 tissues and organs. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0005.

Abbreviations: CAD, coronary artery disease; ROC, receiver operating characteristic.

component of synaptic membrane, synaptic membrane, photoreceptor cell cilium, nuclear cyclin-dependent protein

kinase holoenzyme complex, 9+0 non-motile cilium, and other cellular components (Figure 8C), peptide hormone

binding, superoxide-generating NAD(P)H oxidase activity, glucose binding, heme binding, hormone binding, and

other cellular functions (Figure 8D), as well as affecting galactose metabolism, starch and sucrose metabolism,

Journal of Inflammation Research 2024:17

233

Dove:


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

Zhang et al Dove

0GDH
3 _[ |
I[N 17 1 foss

| | Jrer

{E |
~
|
30 clustert fraAv Gm‘:l’us(er‘
2 cluster2 L] TNFSF18 cluster2
FGA
-1 ACR
ccLie
. CCNA1
PIP
AKR1C3

label

0
UMAP_1 NOX4

S100A7

B3 cluster! B3 cluster2

ns ns ns ns ns ns * "™ ns . ns - ns

10.0

~
o

o
°

gene expression

25

ACR
AKR1C3
ccLie
CCNA1
ELAVL2
EPHA2
FGA
2
ITGAV
NOX4
0AS3
OGDH
PIBF1
PIP
S100A7
SMPX
TNFSF18

Figure 6 Clustering analysis of the two CAD-ICD subtypes. (A) Plot of the UMAP clustering results. (B) Heat map of the feature gene expression in the two clusters. (C)
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cluster |, blue indicates cluster 2, *P < 0.05, **P < 0.01, **P < 0.001.

Abbreviations: CAD, coronary artery disease; ICD, immunogenic cell death; UMAP, Uniform Manifold Approximation and Projection.

carbohydrate digestion and absorption, neuroactive ligand-receptor interaction, cell adhesion molecules, and other KEGG

pathways (Figure 8E).

Hub Gene Subtypes in CAD

Thirty-one of the 32 hub genes in the PPI network were identified in the integrated GEO dataset. Using the UMAP
method, two hub gene subtypes, cluster 1 and cluster 2, were identified based on 31 hub genes (Figure 9A). We found
that 80 samples in cluster 1 and 33 samples in cluster 2 overlapped with the CAD-ICD subtype results. Of the 74 samples
in CAD-ICD cluster 1, 69 were located in cluster 1, and 28 of the 33 hub genes for cluster 2 samples were located in
cluster 2. This result indicated that the model conducted with the 17 signature genes was representative. The clustering
results showed that the hub genes varied significantly between subtypes (Figure 9B). A comparison of the 31 hub genes
between the two subtypes revealed significant differences in their expression levels (P < 0.05; Figure 9C).

Biological Enrichment Analysis of Distinct CAD-ICD Subtypes

We performed a gene set enrichment analysis (GSEA) (Figure 10A) to further determine the differences between the
CAD-ICD subtypes. The results are shown in Table S4. In cluster 1, several biologically relevant pathways, such as
ficolin 1 rich granule (Figure 10B) and phagocytic vesicle (Figure 10C), were upregulated, whereas cation transmem-
brane transporter activity (Figure 10D) and pattern specification process (Figure 10E) were downregulated.
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The GSVA results are presented in Table S5. The biological processes of hallmark adipogenesis, hallmark allograft
rejection, and hallmark apoptosis were significantly activated in cluster 1 (P < 0.05; Figure 10F). There was a significant
difference between the two subtypes with respect to most biological processes, such as hallmark DNA repair, hallmark early
estrogen response, and hallmark interferon-alpha response (P < 0.05, Figure 10F). When we examined the relationships
between signature genes and hallmark biological processes, we found that S70047 exhibited a significant positive correlation
with hallmark angiogenesis, myogenesis, spermatogenesis, and xenobiotic metabolism, whereas PIBF I showed a significant
positive correlation with hallmark hedgehog, notch, and apical junction signaling (P < 0.05, » > 0, Figure 10G).

Immune Infiltration Characteristics of the Two CAD-ICD Subtypes

The single sample gene set enrichment analysis (ssGSEA) results revealed that the relative frequencies of central memory CD4+
T cells, immature B cells, monocytes, and neutrophils were significantly higher in cluster 1 than in cluster 2 (P < 0.05,
Figure 11A). We calculated the correlation between the immune cell content in each subtype separately. Cluster 1 exhibited
a positive correlation with activated CD8+ T cells, activated B cells, activated CD4+ T cells, and central memory CD4+ T cells
(r > 0; Figure 11B). In addition, activated B cells, activated CD4+ T cells, immature B cells, and type 1 T helper cells were
positively correlated with most immune cells in cluster 2 (» > 0, Figure 11C).
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Figure 9 Clustering analysis of hub gene subtypes in CAD. (A) Plot of UMAP clustering results. (B) Heat map of hub gene expression in the two clusters. (C) Intergroup
comparison of hub gene expression; the horizontal axis shows the hub genes, while the vertical axis shows the hub gene expression levels. Pink indicates cluster | and blue
indicates cluster 2. *P < 0.05, **P < 0.01, ***P < 0.001.

Abbreviations: CAD, coronary artery disease; UMAP, Uniform Manifold Approximation and Projection.

We calculated the rank correlations between characteristic genes and the immune cells for clusters 1 and 2. In cluster 1,
CD4 T cells, gamma delta T cells, and several characteristic genes were significantly correlated (P < 0.05, Figure 11D), while
in cluster 2, there was a significant correlation between central memory CD8 T cells and type 17 T helper cells (P < 0.05,
Figure 11E). Hub genes and immune cells were differentially correlated in clusters 1 and 2. Among the hub genes, RCVRN and
PLK]1 were strongly correlated with multiple immune cell types in cluster 1 (P < 0.05, Figure 11F), whereas in cluster 2,
PTPRD and POLI showed greater correlation with multiple immune cell types (P < 0.05, Figure 11G).

Using CIBERSORTX, we found that the correlation between the immune cells in cluster 1 (Figure 12A) was notably
different from those in cluster 2 (Figure 12B). We also calculated the correlation between the 17 signature genes and
immune cell contents separately for each of the CAD-ICD subtypes. In cluster 1, multiple signature genes were
significantly positively correlated with resting dendritic cells (» > 0, P < 0.05; Figure 12C), while numerous signature
genes were significantly negatively correlated with CD4 naive T cells in cluster 2 (» < 0, P < 0.05; Figure 12D).

gRT-PCR Validation

qRT-PCR analysis revealed statistically significant differences in the levels of IL2, ITGAV, FGA, NOX4, CCNAI,
AKRIC3, PIP, S10047, TNFSF18, OGDH, PIBFI1, ELAVL2, OAS3, and SMPX between the CAD and control groups.
In the CAD group, OAS3 was upregulated, while /TGAV and PIBFI were downregulated; these findings were consistent
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Figure 10 GSEA and GSVA of CAD-ICD subtypes. (A) Mountain range plot of the four biological functions in the GSEA for cluster |. (B-E). GSEA shows that cluster | is
significantly related to ficolin-1 rich granule (B), phagocytic vesicles (C), cation transmembrane transporter activity (D), and the pattern specification process (E). (F)
Differences in hallmark genes between subtypes; coordinates are hallmarks, the vertical axis shows GSVA scores, yellow indicates cluster | and blue indicates cluster 2, *P <
0.05, **P < 0.01, and ¥*P < 0.001. (G) Correlation between trait genes and hallmarks; the horizontal axis shows hallmarks, and the vertical axis shows trait-related genes,
node size indicates the significance level, and node color indicates the correlation level.

Abbreviations: GSEA, Gene Set Enrichment Analysis; GSVA, Gene Set Variation Analysis; CAD, coronary artery disease; ICD, immunogenic cell death.

with the results of the GEO integration test set and the GSE120521 validation set. AKRIC3 was downregulated in the
CAD group, which was consistent with the test set. NOX4 and SMPX were downregulated in the CAD group, which was
consistent with the results of the validation set (Figure 13).

Discussion

The main treatment strategy for CAD is lipid lowering; however, this approach does not yield sustained benefits.
Therefore, more precise immunotherapeutic approaches are needed, including the identification of new biomarkers, the
characterization of immune responses, and immunophenotypic management.” Biomarkers refer to specific indicators that
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Figure Il Immunological characteristics of two CAD-ICD subtypes determined by ssGSEA (A) Histogram of immune cell contents; blue indicates cluster 2, pink indicates
cluster |, the horizontal axis indicates immune cells, and the vertical axis indicates cell content; *P < 0.05, **P < 0.01, ***P < 0.001. (B and C). Correlation between immune cell
content in cluster | (B) and cluster 2 (C). Blue indicates a positive correlation and red indicates a negative correlation. (D) Correlation of feature genes with immune cells in
cluster |; node size indicates significance and node color indicates correlation. The horizontal axis shows immune cells, and the vertical axis shows the signature genes. (E)
Correlation of feature genes with immune cells in cluster 2. (F) Correlation of hub genes with immune cells in cluster |; node size indicates significance and node color indicates
correlation. The horizontal axis shows immune cells, and the vertical axis shows hub genes. (G) Correlations between hub genes and immune cells in cluster 2.
Abbreviations: CAD, coronary artery disease; ICD, immunogenic cell death; GSEA, Gene Set Enrichment Analysis.

Journal of Inflammation Research 2024:17 hetps: 239

Dove:


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

Zhang et al Dove

Neutrophils

Neutrophils
A B Eosinophils
Eosinophils

Mast_cells_activat
Mast_cells_activated _cells_ ed

[-1,-0.75) Mast.calls reelin [-1.-0.75] Mast_cells_resting
(-0.75,-0.5) cells_resting (-0.75,-0.5] Dendritic_cells_activated
(-0.5,-0.25) Denditic_cells_activated 0.3 (-0.5.-0.25] encritic_celle_active
(-0.25,0] Dendritic_cells_resting (-0.25,0] Dendritic_cells_resting
(0,0.25] (0,0.25]
(0.25,0.5) Macrophages_M2 04 02505 Macrophages_M2
(0.5,0.75) Macrophages_M1 2 (05,0.75) Macrophages_M1
a (0.751] N a (0.75,1]
Macrophages_MO 03 Macrophages_MO
Monocytes 1 103 Monocytes 03
NK_cells_activated 03 04 NK_cells_activated 03 03
NK_cells_resting 03 NK_cells_resting
T_cells_gamma_delta 03 T_cells_gamma_delta € 06
T_cells_regulatory_.Tregs. 03 T_cells_regulatory_.Tregs.
T_cells_follicular_helper T_cells_follicular_helper 09 06
T_cells_CD4_memory_activated 05 T_cells_CD4_memory_activated 03

T_cells_CD4_memory_resting
T_cells_CD4_naive
T_cells_CD8

T_cells_CD4_memory_resting
T_cells_CD4_naive 3

T_cells_CD8 03 03
Plasma_cells
Plasma_cells 03
B_cells_memory 401 03 04
B_cells_memory 05 03
B_cells_naive 03
B_cells_naive 03

Dendritic cells resting
Neutrophils

Macrophages M1
— . T cells gamma delta 0 T cells CD8

B cells naive

Mast cells activated 04 T cells regulatory (Tregs) »”
*| Macrophages M0 NK cells resting
T celis CD4 memory activated . B B Plasma cells
Plasma cells s T =T - = e
- - T cells CD4 memory activated

* | T cells CD4 memory resting -02 Monocytes

- ll
B cells memory - - - Mast cells resting
- B = | w1 = |« | = Dendritic cells resting r . = NK cells activated 04
iv:

T cells CD8
- NK cells resting B cells memory
31T cells CD4 naive T cells CD4 memory resting
NK cells activated o § Macrophages MO
= : Dendritic cells activated . Neutrophils
- Macrophages M1 ll i jal Bl Bl s . T cells CD4 naive
Monocytes : : Dendritic cells activated
Mast cells resting E - T cells follicular helper
Macrophages M2 . - he : T cells gamma delta
T celis follicular helper . . Macrophages M2
* | T cells regulatory (Tregs) - . B colls naive
= Eosinophlls - . Eosinophils
D >» 5 Z S F 20 mMmoO0O0XTe mmnm 3 2 m T m oo ® > F Z 0 3 4
33358883F3858883¢33¢ §328C¢388¢28F823%
132 Fog EEa = x B R3S EE Za s xo =3 2
8 2 8 3

Figure 12 The immunological characteristics of the two CAD-ICD subgroups as determined using CIBERSORTX. (A) Correlation of immune cell content in cluster I; pink
indicates a positive correlation and blue indicates a negative correlation. (B) Correlation of immune cell contents in cluster 2. (C) Correlation between immune cells and
signature genes in cluster |; the vertical axis shows immune cells and the horizontal axis shows hub genes; red indicates a positive correlation and blue indicates a negative
correlation; node size indicates significance and node color indicates correlations. (D) Correlation between immune cells and signature genes in cluster 2. *P < 0.05, **P <
0.01, **P < 0.001.

Abbreviations: CAD, coronary artery disease; ICD, immunogenic cell death.

can be measured or observed within an organism, typically used to indicate a physiological state, disease state, or
biological process within the organism. These markers can be specific attributes of molecules, cells, tissues, or
organisms, and their measurement or analysis can provide valuable insights into the individual’s health status or the
progression of a disease. In patients with cancer, IRGs have demonstrated the ability to predict therapeutic responses,
presenting considerable potential as biomarkers for effective antitumor treatment.*” Research on IRGs is sparse, despite
their possible utility in the treatment of noninfectious and nonmalignant diseases.*®

We used several machine learning algorithms to explore the roles of ICD-related genes in CAD. We analyzed ICD
expression profiles, built risk models, screened for biological markers, and used UMAP to distinguish subtypes, focusing
on subtype differences in immune infiltration characteristics. We found that ICD gene-specific features could effectively
distinguish patients with CAD from healthy controls. Lastly, we confirmed the ICD signature genes discovered from
microarray data in a different CAD GEO dataset as well as in newly obtained peripheral blood samples.

ICD can modulate the various immune responses that are skewed in CAD. OAS3 encodes an enzyme crucial for the
inhibition of viral infection and cellular protein synthesis. This gene is involved in the biology of coronaviruses, immune
responses, and antiviral activities.**>' OAS3 has potential as an anti-atherosclerotic agent, as shown by bioinformatics
analysis and qPCR verification of carotid plaques.>® Our results were consistent with these findings. A study on ApoF KO
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Figure 13 Quantitative real-time PCR analysis for validation of signature genes. *P < 0.05, ***P < 0.001.

mice showed that they lacked OA4S2 and OAS3, and their livers and spleens did not express genes required for the interferon
alpha (IFNa) response; furthermore, they exhibited impaired macrophage activation and reduced aortic atherosclerotic lesions,
suggesting that OAS3 is involved in ApoF/Stat2-induced atherosclerosis via type I interferon signaling.>

Exome-wide association and single-nucleotide polymorphism studies have identified 13 novel loci, including OAS3,
for vulnerability to the early onset of myocardial infarction, hypertension, or CKD.>* In addition, genome-wide
association studies have shown that OAS3 is related to variations in serum HDL-C levels, suggesting that individuals
carrying the minor allele of OAS3 rs2072134 should avoid high-protein, high-fat diets, especially those rich in saturated
and polyunsaturated fatty acids.>

Inflammation is closely related to aortic dissection. Weakening of the aorta and immune reactions contribute to
abdominal aortic aneurysms. The level of immune cell infiltration varies significantly between samples.’® OAS3 is

57,58
9,°"

involved in immune and inflammatory responses in COVID-1 tuberculosis,”®® psoriasis,®’ systemic lupus

erythematosus, >

and other diseases. OAS3 increases the IFNof signaling and the secretion of pro-inflammatory
cytokines by inducing apoptosis, regulating immune cell receptors, and autophagy, primarily via the production of
type I interferon, IL10, and CXCL2.57°! 048 exerts immunomodulatory functions and contributes to chronic inflam-
mation, autoimmune diseases, cancer, and infectious diseases. Gonzalez et al used homology modeling and virtual high-
throughput screening to identify inhibitors of OASI, OAS2, and OAS3. This further contributed to the use of OAS
enzymes as drug targets.®* In summary, OAS3 is a reliable predictor of CAD and can be useful in guiding immunophe-
notyping and targeted therapy for CAD.

ITGAV (av-integrins) is a subunit of the integrin family of cell adhesion receptors. These heterodimeric glycoproteins
are essential for the physiology and pathology of many biological functions and mediate immune cell transport,
migration, and immune synapse formation during inflammation and cancer. Oksala et al used qPCR and found that
ITGAV expression is downregulated in arterial plaques.®® Cardiac and macrovascular remodeling require the synergistic
action of alpha5 and integrin aV (ITGAV) in the endothelium.®®
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Numerous studies have demonstrated that blocking /7TGAV expression or using integrin avp5 inhibitors can negate the

cardiovascular protective effect of integrin receptor avps.t’

Convallotoxin (CNT), a naturally occurring cardiotonic
substance with anti-inflammatory pharmacological effects, can promote the polarization of M2 macrophages and thereby
prevent atherosclerosis by triggering the PPARy-integrin avB5 signaling pathway.®® ITGAV has been found to activate
brown adipose tissue, suggesting that it can serve as a therapeutic target in obesity and metabolic syndromes.®® Only
cardiac-derived c-Kit+ cells with low ITGAV expression have inherently low repair capacity.”’ Therefore, ITGAV
contributes to the immunological processes in CAD and other CVDs and demonstrates enormous potential for the
development of immune-targeted therapies for CAD.

Although PIBFI has not been linked to CVDs, there is substantial evidence that it is strongly linked to the immune
system. PIBF1 encodes the protein that regulates several aspects of the immune system, including cytokine synthesis, NK
cell activity, and arachidonic acid metabolism, to promote normal pregnancy. The reduced PIBFI activity that is
associated with decreased IL-33 receptor alpha chain expression in chorionic metaplasia B cells during late pregnancy
can be a factor contributing to spontaneous preterm birth in humans.”" It was found that silencing PIBF could increase
the expression of E-cadherin, suggesting that PIBF interfered with intercellular adhesion via E-cadherin.”® In vivo studies
on atherosclerosis have shown that cadherin 11 (CDH1I) expression is elevated in plaque tissues.

In our network analysis, we found CDHII to be an important hub gene. CDHII promotes atherosclerotic plaque
growth by altering the immune response to atherosclerosis and the infiltration of macrophages and T cells during
inflammation.”> We hypothesize that PIBFI may influence the immune response in atherosclerosis via cadherin;
however, this warrants further experimental studies. Although some genes showed inconsistent expression patterns in
the test or validation sets and PCR analysis, these differences could be due to inter-batch variations caused by several
factors, such as different sample sizes and platforms. Nevertheless, these findings provide crucial data for informing
future research.

AKRI1C3 was found to be markedly downregulated in peripheral blood samples from patients with acute myocardial
infarction, and HOXB4, a transcriptional activator of AKRIC3, prevented ferroptosis in erastin-treated H9C2 cells. Both
AKRIC3 and HOXB4 can be used as acute myocardial infarction biomarkers.”* Numerous studies have shown that Nox4
has anti-atherogenic and vasoprotective effects on the endothelium. CYB5R3 alleviates the inflammatory activation of
endothelial cells by assisting NOX4-dependent H,O, production via CoQ.”> Nox4-/- Ldlr-/- mice exhibited endothelial
dysfunction and a higher atherosclerotic plaque load after a high-fat diet when compared to Ldlr-/- mice.”® In a diabetic
atherosclerosis model, Nox4-/- mice had more atherosclerotic plaques.”” The results of the present study corroborate
these findings.

In our study, although trends in S/00A47 expression varied, there was a significant difference between the CAD and
control groups in the expression of this gene. Borsky et al found that S/0047 interacts with high mobility histone B1
(HMGBI) and contributes substantially to the immunopathology of psoriasis.”® Psoralen levels are associated with
intima-media thickness, suggesting a potential link between psoriasis and atherosclerosis, as demonstrated by Awad
et al.”” HMGBI is a damage-associated molecular pattern (DAMP) mediated by the ICD gene. Therefore, we hypothe-
sized that S7100A47 interacts with HMGB1 and fundamentally affects the immune system in CAD patients. There is a lack
of data on the association between immunity in CVDs and other genes that serve as signatures for ICD. However, this is
a novel finding that merits additional in-depth investigation.

Cells release DAMPs in response to tissue damage or stressful circumstances, and these are recognized by receptors
on the surface of sensor cells. This results in the activation of inflammatory responses, the production of chemokines and
pro-inflammatory cytokines, and tissue remodeling via the induction of angiogenesis, proliferation, and migration of
neighboring cells.*® ICD is mainly mediated by DAMPs, including surface exposure of calreticulin (CRT), ATP
excretion, and HMGBI release.®!

The biological activity of HMGBI depends on its subcellular localization, context, and post-translational
modifications.®” HMGBI is involved in a variety of DNA-related processes in the nucleus, including DNA repair,
transcriptional control, and genomic stability,** and regulates autophagic flux in the cytoplasm.®*** In the extracellular
environment, HMGB]I interacts with various immune cells, including fibroblasts, monocytes/macrophages, dendritic
cells, and endothelial cells, and performs complex functions that support innate and acquired immunity.*> Additionally, it
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contributes to inflammation, migration, invasion, proliferation, differentiation, and tissue regeneration and repair.%*88

HMGBI is a DAMP that induces both harmful and favorable responses after tissue injury, and, hence, is relevant in
inflammatory injury and regenerative repair processes in CAD.*® Therefore, we hypothesized that the role of ICD-related
genes in the CAD immune response is influenced by interactions between HMGBI and various immune cells and
cytokines.

In our study, the functional predictions revealed that these DEGs were principally involved in the KEGG pathways
linked to arrhythmogenic right ventricular cardiomyopathy, dilated cardiomyopathy, hypertrophic cardiomyopathy, and
ECM-receptor interactions. The 32 pivotal genes in the immune subtype were mainly associated with the following
biological processes: cell adhesion of plasma membrane cell adhesion molecules, response to ketones, and cellular
functions such as peptide hormone binding, superoxide-generating NAD(P)H oxidase activity, and glucose binding. They
influenced galactose metabolism, starch and sucrose metabolism, neuroactive ligand-receptor interactions, cell adhesion
molecules, and other KEGG pathways. Significant biological processes in both groups included adipogenesis, allograft
rejection, apoptosis, DNA repair, and the interferon-alpha response. These findings support our hypothesis that HMGB1
and ICD signature genes cooperate to trigger the CAD immune response.

Researchers have used immune infiltration to examine the tumor immunological environment, identify cancer-specific
diagnostic genes, and develop appropriate treatment strategies and biomarkers.*® Our study is the first where ICD has
been used for immunophenotyping of CAD and the immune cell infiltration profiles in subtypes have been evaluated
from various perspectives. The ICD gene-based immune subtypes were representative and differed significantly in their
biological functions related to immune processes and immune infiltration characteristics. The two immune subtypes were
well distinguished in terms of major immune cell components, correlations among immune cell contents, and relation-
ships with phenotype-associated genes. We also found that the frequencies of central memory CD4+ T cells, immature
B cells, monocytes, and neutrophils were significantly higher in cluster 1 than in cluster 2, with considerable differences
in the immune cell profiles. We also verified the relationships among immune cells, signatures, and hub genes.

The importance of immune cells in atherosclerotic inflammation has been extensively studied. In atherosclerotic
plaques, the chemokine receptors CCR2, CCRS5, and CX3CRI1 recruit classical monocytes, which subsequently differ-
entiate into highly functional and phenotypically heterogeneous dendritic cells and macrophages.”® A study found two
distinct macrophage populations in mouse arteries, with intimal macrophages exhibiting a proatherogenic effect.”’
Another investigation in a mouse model demonstrated that dendritic cells are heterogeneous; those expressing CCL19
and CCL21 have anti-atherogenic effects mediated by the receptor CCR7,°> and those expressing CCL17 have
proatherogenic effects.”® Neutrophils promote vascular inflammation by releasing reactive oxygen species, which
increase endothelial barrier permeability.”* They also secrete chemokines that attract monocytes and extrude nuclear
material to form extracellular neutrophil traps, which activate macrophages to promote atherosclerosis.”

Atherosclerotic plaques in mice are dominated by CD4+ T cells, and Thl cells have a proatherogenic phenotype. In
contrast, CD8+ cells have dual functions in atherosclerotic lesions, including IFNy production, macrophage activation,
and atheroprotective effects via B-cell regulation.’® In a mouse model, B1 cells produced IgM antibodies that prevented
ox-LDL uptake by macrophages in the lesion, thus protecting against atherosclerosis,”’ whereas B2 cells promoted
atherosclerosis by forming antibody responses in response to B cells in the germinal center.”® Thus, these immune cells
play an extraordinarily complex and crucial role in the immune response in CAD, and the ICD gene signature can clearly
distinguish between subtypes with infiltrative immune features. These genes can be regarded as reliable parameters for
immunophenotyping in CAD.

Immunotyping patients and analyzing their biological metabolism and immune infiltration characteristics can facil-
itate more accurate identification of treatment responders and the selection of more potential immunomodulatory targets.
Targeting atherogenic B-cell subsets is one strategy to target adaptive immune cells.”” B-cell depletion therapy has been
used to treat rheumatoid arthritis and multiple sclerosis. Research in mice has shown that anti-CD20 antibodies
selectively remove B2 cells and reduce atherosclerosis.'®'%" In patients with acute ST-elevation myocardial infarction,
single-dose rituximab proved to be safe and effective in removing B cells.'*?

In addition, immune cells utilize several metabolic traits to meet the wide range of metabolic demands associated with
inflammation in CAD. These traits include glycolysis, the pentose phosphate pathway, oxidative phosphorylation, B-
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oxidation of fatty acids in mitochondria, and amino acid metabolism.'” Consequently, metabolic pathways offer
potential diagnostic opportunities, such as metabolic radiotracers and therapeutic interventions for CAD.' The central
and peripheral nervous systems also regulate vascular inflammation and plaque stability, in addition to regulating
macrophage cholesterol metabolism, paving the way for identifying novel therapeutic targets.'®

Most ongoing anti-inflammatory clinical trials on CAD do not include preselected patient populations. The lack of
efficacy in these clinical trials may be attributable to the heterogeneity of the patient populations. Using a multi-marker
approach combining inflammatory and non-invasive vascular markers can be an effective strategy for improving
cardiovascular risk prediction as an alternative to employing conventional risk factors in routine clinical practice.
Other studies, such as the GLACIER trial, incorporated FDG-PET to determine vascular inflammation'® with little
success and at a high cost, suggesting the need for biomarkers that are more accurate and convenient to use. There is
increasing evidence that polygenic risk scores can aid in stratifying risk in CAD.

It is also important to carefully consider the side effects of immunotherapy. Immunosuppression and chronic
inflammation exacerbate the incidence of cancer, and immune checkpoint inhibitor therapies can enhance the probability
of CVD in cancer.'”'%® Therefore, it is critical to understand the complex immune relationship between CVD and
tumors, screen target patients, identify immunological responders and non-responders, and develop more precise targeted
therapies in order to improve the clinical safety of anti-inflammatory therapies in CAD.

The precise interaction among IRGs in CAD remains uncertain, and the implementation of co-expression analysis has
the potential to enhance our understanding of the underlying mechanism in future research endeavors. The polygenic
nature of CAD is characterized by a substantial degree of heritability.'® Through comprehensive genome-wide associa-
tion studies, it is feasible to effectively identify genetic variations linked to CAD, thereby establishing a foundation for

computing polygenic risk scores (PRSs).'"’

Multiple studies have substantiated the strong association between PRSs and
the extent and severity of coronary atherosclerosis, as evaluated using coronary artery computed tomography angio-
graphy (CTA)."'"!'? Recent investigations have demonstrated the practical applicability of integrating PRSs into risk
prediction models for estimating the incidence of CAD and serving as a guide for proactive healthcare
interventions.''>'"* Incorporating IRGs within PRSs holds the potential to provide key insights into the treatment
management of patients with CAD and the prediction of their future outcomes, thereby offering valuable guidance for
future clinical practice. Although immune-targeted therapy is a milestone in the history of the treatment of oncological
diseases, its application to CAD is still a nascent area of research with many unresolved issues. CAD immunotherapy
may benefit from alternative vascular inflammatory markers, such as IRGs, which could also be used for immunophe-
notypic patient management, paving the way for more precise and safe clinical management.

This study has certain limitations. First, it is challenging to integrate findings with clinical data since the GEO dataset
lacks disease-related prognostic indicators. Second, owing to temporal and resource constraints, the validation of gene
functions and mechanisms underlying research findings derived from bioinformatics analysis did not include any in vivo
or in vitro experiments. Finally, further investigations are required to explore the mechanisms underlying the interactions
of the predicted TFs, miRNAs, RBPs, and drugs in CAD. The extensive use of datasets can result in batch discrepancies
that are difficult to eliminate during analysis. Future endeavors will involve conducting detailed experiments aimed at
investigating the specific functions of these genes and the potential advantages of ICD in CAD treatment.

Conclusions

This prospective study was the first to investigate the role of ICD and immunophenotypes in CAD. We constructed
a diagnostic nomogram that consisted of 17 hallmark genes. This served as a secondary classification for immune
stratification, and we evaluated the representativeness of the stratification. Finally, we analyzed the biological traits of the
immunological subtypes and immune cell infiltration. Our findings can aid the development of vascular inflammatory
indicators for CAD, immunological classification, and safe and precise targeted treatments in the future. However, more
research is required to confirm its precise pathophysiology and molecular targets.
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