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Background: Lytic cell death (LCD) is gaining research attention in chronic inflammatory diseases such as atherosclerosis (AS). Our 
study investigates the role and mechanism of LCD in AS using machine learning and bioinformatics.
Methods: We sourced gene expression data and single-cell sequencing from the GEO database. Differential analysis identified 
differentially expressed genes (DEGs), which were then intersected with LCD-related genes to determine LCD-associated DEGs 
(LCDEGs). Machine learning was used to screen characteristic LCDEGs, and an artificial neural network (ANN) model was 
developed. The diagnostic accuracy of the model was assessed using ROC curves.
Results: The results demonstrated that the ANN model possesses a robust diagnostic ability in distinguishing between normal and AS 
cases, as well as identifying early and advanced stages. Unique AS subtypes were identified using a consensus clustering method. Two 
subtypes, C1 (non-immune subtype) and C2 (immune subtype), were delineated based on immune landscape analysis and gene set 
variation analysis functional enrichment. The chi-square test revealed that C1 was linked to early-stage (low-risk) atherosclerotic 
plaques, whereas C2 was associated with advanced-stage (high-risk) atherosclerotic plaques. At the single-cell level, LCDEG activity 
was calculated using AUCell and AddModuleScore. LCDEGs exhibited increased activity levels in macrophages within the initially 
classified cell subtypes. Moreover, they displayed higher activity in the “inflammation” subtype of specific macrophage subtype 
analysis.
Conclusion: This study highlights the clinical potential of LCD in AS and suggests it involves a macrophage-mediated mechanism. 
We also experimentally identified and validated cytochrome B-245β chain (CYBB) as a potential biomarker for AS.
Keywords: atherosclerosis, lytic cell death, lytic cell death-related genes, machine learning, bioinformatics, cytochrome B-245β 
chain, CYBB

Introduction
The prevalence of cardiovascular diseases caused by atherosclerosis (AS) is a growing concern that poses a serious threat 
to human health and places a substantial burden on global society.1 Generally, men are more prone to developing AS 
compared to women, particularly in middle age, with a male-to-female ratio of 2:1 in many populations.2 However, the 
risk for women increases post-menopause, eventually equaling or even surpassing that of men.3 By 2030, it is estimated 
that the number of deaths due to cardiovascular diseases will reach a staggering 20 million.4 A key contributor to the rise 
in cardiovascular diseases is an increase in AS, a chronic arterial inflammatory disease characterized by the buildup of 
fatty deposits in arterial walls.2 AS begins with the activation of endothelial cells in the blood vessels, leading to changes 
such as lipid deposition, fibrosis, calcification, and narrowing of the arteries.3 This condition significantly contributes to 
the incidence of high-risk cardiovascular events, such as stroke and myocardial infarction.5 In the early stages of AS, 
symptoms are generally mild, and the plaques formed are often stable with intimal thickening and macula formation.6 
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However, as AS progresses, the risk of acute cardiovascular events significantly increases. This may be attributed to 
advanced plaques becoming thinner or thicker fibrous cap atheromatous plaques, which are unstable and prone to 
rupture.7,8 Consequently, acquiring a comprehensive understanding of the initiation and progression of AS is essential for 
efforts aimed at mitigating the incidence of acute cardiovascular events. By identifying and addressing the factors 
contributing to the development and instability of atherosclerotic plaques, the risk of cardiovascular events may be 
mitigated and health outcomes enhanced.

Programmed cell death includes apoptosis and lytic cell death (LCD). Pyroptosis, necroptosis, and ferroptosis—three 
forms of regulated cell death—are classified under the LCD category.9 Apoptosis maintains the integrity of the plasma 
membrane, with apoptotic effectors contributing to immune silencing.10 In contrast, LCD can result in the loss of plasma 
membrane integrity, leading to the release of cellular components, including nuclear contents, into the extracellular 
space.11 Additionally, LCD allows the release of immunogenic cellular components, such as damage-associated mole
cular patterns (DAMPs) and multiple inflammatory cytokines, which elicit a robust inflammatory response.12 Previous 
studies have shown that LCD dysregulation may contribute to various inflammatory diseases, including the development 
and progression of AS.13 RIPK3/MLKL-mediated necroptosis promotes plaque necrotic core formation and inflamma
tory response by destroying the integrity of the plasma membrane, releasing DAMPs and inflammatory factors; while 
ferroptosis aggravates oxidative stress through lipid peroxidation and enhances plaque vulnerability.14,15 These processes 
together can lead to the instability of atherosclerotic plaques.16 In the context of atherosclerosis, various types of cell 
death (including macrophage) are involved, and multiple forms of cell death are implicated. In this study, we primarily 
explore the potential pathophysiological mechanisms of lytic cell death in AS and identify key diagnostic and biological 
markers associated with lytic cell death in AS.

Recent breakthroughs in microarray technology, single-cell sequencing, and bioinformatics have significantly 
advanced the field of cardiovascular biomedical research.17,18 The reanalysis and integration of a large amount of data 
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stored in public databases can uncover new information about diseases.19 Recently, various machine learning models 
have been widely applied in the analysis of gene expression data.20 Machine learning models combined with bioinfor
matics have become powerful tools for analyzing gene expression data and developing diagnostic models for cardio
vascular diseases.21 For example, the integration of bioinformatics and machine learning approaches has identified 
biomarkers linking coronary AS to fatty acid metabolism, highlighting the potential of these methods in AS research.21 

However, the application of this method in AS remains underexplored. This study used machine learning approaches 
with bioinformatics to screen for a cohort of disease-specific genes linked to LCD, develop a diagnostic model 
demonstrating substantial diagnostic efficacy, and identify a novel clinically significant subtype of AS. Analysis at the 
single-cell level partially elucidated the underlying mechanisms of LCD in AS. Additionally, cytochrome B-245β chain 
(CYBB), identified as a disease signature biological macromolecule associated with LCD, emerged as a potential 
biomarker closely linked to the prognosis of AS. To the best of our knowledge, this study is an inaugural investigation 
into the potential impact of LCD on the development of AS, using an integrated approach that combines machine 
learning and bioinformatics. It establishes a foundation for subsequent research and presents alternative insights into the 
treatment strategies for AS.

Methods
The workflow of the research in this study is shown in Figure 1.

Data Collection
All bulk sequencing datasets and single-cell sequencing data were extracted from the Gene Expression Omnibus (GEO, 
https://www.ncbi.nlm.nih.gov/geo/) database utilizing a comprehensive search strategy. The search was conducted using 
the following keywords: “Atherosclerosis” OR “Acute coronary syndrome” OR “Ischemic stroke” to ensure the inclusion 
of relevant datasets. Specific dataset platforms, such as Agilent-039494 SurePrint G3 Human GE v2 8x60K Microarray 

Figure 1 Flowchart of the workflow. Abbreviations are defined as follows: atherosclerosis (AS), differentially expressed genes (DEGs), gene set variation analysis (GSVA), 
Lytic cell death (LCD), Lytic cell death-associated genes (LCDGs), Lytic cell death-associated differentially expressed genes (LCD-DEGs), single-sample gene set enrichment 
analysis (ssGSEA), weighted gene co-expression network analysis (WGCNA).
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(GPL17077) and Illumina HumanHT-12 V4.0 expression beadchip (GPL10558), were used for the data. Detailed 
information on the datasets is provided in Table 1. In addition, the human gene expression profile data used in this 
study came from the GEO database. According to Article 32(1) and (2) of the Measures for the Ethical Review of Life 
Science and Medical Research Involving Human Subjects (the People’s Republic of China, effective February 18, 2023) 
(https://www.gov.cn/zhengce/zhengceku/2023-02/28/content_5743658.htm), this part of the study only used publicly 
available de-identified data, and therefore no ethical review was required. This part of the study did not require 
Institutional Review Board approval.

LCD-associated genes (LCDGs) consist of genes involved in pyroptosis, necroptosis, and ferroptosis. A total of 366 
pyroptosis-related genes22 and 159 necroptosis-related genes23 were extracted from relevant published literature. 
Additionally, 701 ferroptosis-related genes were obtained from the FerrDb database (http://www.zhounan.org/ferrdb/ 
index.html/). After the removal of duplicate entries, 600 unique LCDGs were identified. In addition, oxidative stress- 
associated genes were retrieved from the GeneCards database (https://www.genecards.org/). Genes with association 
scores ≥ 10 were included with reference to previous evidence24 to ensure that the included genes were closely related to 
the oxidative stress pathway. For a complete list of LCDGs and oxidative stress-associated genes, please refer to 
Supplementary Table S1.

Preprocessing of the Gene Expression Profile
The gene expression profiles were preprocessed using the “limma” package (v.3.60.6) in RStudio (version 4.1.3, https:// 
www.rstudio.com/).25 Conversion between probe IDs and gene symbols was carried out based on the respective platform 
files. In cases where multiple probes corresponded to the same gene symbol, the average expression value was calculated.

Construction of Weighted Gene Co-Expression Network Analysis (WGCNA) and 
Identification of the Central Module
The “WGCNA” package (v.1.7) was used to construct the weighted gene co-expression network and identify the central 
module using all genes from the GSE100927 dataset, which included normal controls and AS.26 The following steps 
were performed: (1) Selection of genes with a standard deviation greater than 0.7 between samples as the input dataset; 
(2) Removal of outliers using the “goodSamplesGenes” function; (3) Determination of an appropriate soft threshold 
using the “pickSoftThreshold” function; (4) Transformation of the correlation matrix into a topological overlap matrix 
(TOM); (5) Identification of modules through dynamic tree-cutting and determination of their relationship with AS; (6) 
Selection of the module with the highest Pearson correlation coefficient as the central module.

Table 1 Basic Information About the Dataset Used in Present Study.

ID Samples Tissue Species Platforms

GSE100927 35 Normal and 69 AS Peripheral arteries Homo sapiens GPL17077

GSE57691 10 Normal and 9 AS Abdominal aorta Homo sapiens GPL10558

GSE43292 32 Early AS and 32 Advanced AS Carotid atheroma Homo sapiens GPL6244

GSE28829 13 Early AS and 16 Advanced AS Carotid atheroma Homo sapiens GPL570

GSE66360 13 Normal and 56 ACS Circulating endothelial cells Homo sapiens GPL570

GSE16561 13 Normal and 56 IS Peripheral whole blood Homo sapiens GSE16883

GSE21545 97 AS Carotid atheroma Homo sapiens GPL570

GSE155512 3 AS Carotid atheroma Homo sapiens GPL24676

GSE155513 6 AS Carotid atheroma Mus musculus GPL24247

Abbreviations: AS, Atherosclerosis; ACS, ACS Acute Coronary Syndrome; IS,Ischemic Stroke.
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Identification of LCD-Associated Differentially Expressed Genes (DEGs)
The GSE100927 dataset was used to identify DEGs. DEGs were filtered using the “limma” package with an adjusted P < 0.05 
and a | log2 Fold Change | > 1.27 To obtain LCD-associated DEGs (LCDEGs) for further analysis, the intersection between 
DEGs and LCDGs was determined using the “venn” package (https://cran.r-project.org/web/packages/venn/index.html/). 
Volcano plots and heatmaps were generated using the “ggplot2” package (v.3.5.1).

Functional Enrichment Analysis
The “clusterProfiler” package (v.4.12.6) was used for conducting enrichment analysis of the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) and Gene Ontology (GO), while the “ggplot2” package and “enrichplot” package 
(v.1.24.4) was used for visualizing the results.28 Functional enrichment analysis was performed on the genes of the 
central module obtained by WGCNA. Similarly, functional enrichment analysis was performed on DEGs and LCDEGs. 
The statistical significance of enrichment was determined using an adjusted P value threshold of < 0.05. To explore the 
variation in pathway activity between the two atherosclerotic subtypes, gene set variation analysis (GSVA), a nonpara
metric and unsupervised analysis method, was carried out using the “GSVA” package (v.1.24.2).29 The gene sets “h.all. 
v7.5.1.symbols.gmt” “c2.cp.kegg.v7.5.1.symbols.gmt” and “c5.go.v7.5.1.symbols.gmt” were derived from the Molecular 
Signature Database (MSigDB, version 7.5).

Protein–Protein Interaction (PPI) Network Construction
A PPI network for LCDEGs was constructed using the STRING database (https://string-db.org/), with Homo sapiens as a 
species limitation and a confidence score threshold of > 0.6.30 To identify genes that exhibit functional associations with 
the target genes, the GeneMANIA database (https://genemania.org/) was used. In this study, we used GeneMANIA to 
investigate the correlation of LCDEGs with other potentially relevant genes.31

Screening LCD-Associated Signature Genes of AS via Machine Learning
The least absolute shrinkage and selection operator (LASSO) and random forest (RF) algorithms were used to identify 
characteristic genes associated with LCD in AS. The LASSO algorithm was implemented using the “glmnet” package 
(v.4.1–8; parameters: family = “binomial”, alpha = 1, type.measure = “deviance”, nfolds = 10).32 The lambda parameter 
was selected via 10-fold cross-validation to minimize deviance, resulting in an optimal lambda value of 0.015. RF was 
implemented using the “randomForest” package (v.4.7–1.2; parameters: ntree = 500,33 mtry = sqrt(p), where p is the 
number of features), with mtry optimized through a grid search over values ranging from 1 to sqrt(p). An artificial neural 
network (ANN) was constructed using the “neuralnet” (v.1.44.2; parameters: hidden = 5, learning rate = 0.01) and 
“neuralnettools” packages (v.1.5.3), with the hidden layer size optimized based on model convergence and performance 
on a validation set. The eigengenes obtained from the previous method were used as input, and the gene score was used 
for training the ANN. For data splitting, the GSE100927 dataset (n=100 samples) was divided into 70% training (n=70) 
and 30% testing (n=30) sets using stratified sampling to maintain the proportion of control and AS groups. The 
GSE57691, GSE43292, and GSE28829 datasets served as independent test sets. Model performance was evaluated 
using receiver operating characteristic (ROC) curves generated by the “pROC” package (v.1.18.5), along with additional 
metrics including precision, recall, and F1-score, calculated using the “caret” package (v.6.0–94). In GSE100927 and 
GSE57691, samples were divided into control and AS groups, while in GSE43292 and GSE28829, samples were 
categorized into early and advanced AS groups. The specific results of all the ROC curves for the predictive indicators 
are shown in Supplementary Table S2.

Processing of Single-Cell RNA-Sequencing (scRNA-Seq) Data and Identification of Cell 
Subpopulations
Three human AS samples from the GSE155512 dataset were integrated for analysis, along with six mouse samples from 
the GSE155513 dataset. The mouse samples were categorized into early, middle, and late groups of AS based on 
experimental conditions. The single-cell data was processed using the “Seurat” package (v.5.1.0) with the following 
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criteria: each gene had to be expressed in at least three cells, and each cell had to express at least 200 genes.34 The 
percentages of mitochondria and rRNA were calculated using the “PercentageFeatureSet” function. Cells were required 
to express more than 200 genes, have fewer than 7000 genes, have less than 20% mitochondrial content, and have at least 
100 unique molecular identifiers per cell. The “Harmony” package (v.1.2.1) was used for batch corrections.35 The data 
was then normalized using the “lognormalization” function, and highly variable genes were identified using the 
“FindVariableFeatures” function. The gene expression values were scaled using the “ScaleData” function, and principal 
component analysis (PCA) was performed for dimension reduction. Subsequently, the “FindNeighbors” and 
“FindClusters” functions were applied (with a resolution of 0.6) to cluster the cells and assign them annotations. 
DEGs between cell clusters were identified using the “FindAllMarkers” function (log-fold change threshold of 0.25).

Cell annotations were further verified by combining the “SingleR” package (v.2.6.0) annotation and marker genes 
identified in previous literature.36,37 For the mouse sample data, the same processing steps as mentioned above were 
applied. Additionally, the macrophage clusters were extracted separately for dimensional clustering analysis to obtain and 
annotate macrophage subpopulations. The 12 selected LCDGs from the previous screening were used for subsequent 
scoring at the single-cell level. We used two methods for scoring: (1) the “AUCell”38 package (v.1.2.0) was used to score 
each cell, and (2) the “AddModuleScore” function of the “Seurat” package was used for per cell scoring. The obtained 
scores were mapped to Uniform Manifold Approximation and Projection for Dimension Reduction (UMAP), and clusters 
of active cells were visualized using the “ggplot2” package. The “ggpubr” package (v.0.6.0) was used for visualization 
and statistical analysis. Functional enrichment analysis at the single-cell level was performed using the “singleseqgset” 
package (v.0.1.2). DEGs among macrophage subtypes were identified using the “FindAllMarkers” function (log-change 
threshold of 0.25) and used as a background gene set. The CIBERSORT algorithm39 was used to determine the 
enrichment score of different macrophage subtypes.40,41

Consensus Clustering
Consensus clustering is an unsupervised technique widely used in the analysis of expression profiling data. It is aimed at 
identifying clinically significant disease subtypes that may elude detection through conventional testing methods.42,43 

Consensus clustering analysis was conducted using the “ConsensusClusterPlus” package (v.1.68.0), based on the 
expression profiling of LCDEGs.44 The determination of the number of clusters and their stability was achieved through 
a consensus clustering algorithm consisting of 1,000 iterations. PCA was performed using the “prcomp” function, and a 
categorical dot plot was generated to validate the clustering results.45 To ensure the reproducibility of the subtypes, we 
also extracted gene expression profiles of LCDEGs from the GSE43292 and GSE28829 datasets for clustering. 
Furthermore, the relationship between various subtypes and both early and advanced stages of AS was analyzed using 
the chi-square test. The analysis was conducted using the “ggstatsplot” package (version 1.12.4).

Immune Infiltration Landscape Analysis
The single-sample gene set enrichment analysis (ssGSEA) is a digital cytometry algorithm that is based on a rank 
model.46,47 Briefly, ssGSEA can take gene expression profiles as input to assess the relative proportion of immune cells 
in a specific sample. In this study, ssGSEA, based on the “GSVA” package (v.1.42.0), was used to analyze the immune 
infiltration landscape of the two subtypes of AS. The analysis was conducted using the LM22 immune cell gene signature 
matrix (Newman et al, 2015).16 The LM22 matrix includes 22 immune cell type signatures, including naive B cells, 
memory B cells, plasma cells, CD8+ T cells, CD4+ naive T cells, regulatory T cells (Tregs), T follicular helper cells, NK 
cells (resting and activated), monocytes, macrophages (M0, M1, and M2), dendritic cells (resting and activated), mast 
cells (resting and activated), eosinophils, and neutrophils. LM22 immune cell characteristics can be obtained in the study 
of Newman et al.16 Additionally, the “rstatix” package (v.0.7.2) was used to compare the expression levels of chemokines 
and immune checkpoints between the two subtypes.
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Cumulative Hazard Rate of Ischemic Events
The analysis was based on the gene expression profile of GSE21541, which encompassed 97 samples of peripheral blood 
mononuclear cells (pbmcs). The occurrence of an ischemic event was defined as the outcome event. The cumulative 
hazard rate was calculated using the “survival” (v.3.7) and “survminer” packages (v.0.4.9).

Discovery of Potential Drugs for Treating AS Based on LCDEG
The Drug-Gene Interaction Database (DGIdb v4.2, https://dgidb.org/) was used to identify potential LCDEG-based drugs 
for the treatment of AS.48

Animal Model
Six male C57BL/6J mice (SPF grade, six weeks old) and 12 male ApoE knockout (ApoE−/−) mice of the same grade and 
age were obtained from the Experimental Animal Center of Dalian Medical University. Following a week of adaptive 
feeding, the C57BL/6J mice were maintained on a standard diet for a further 12 weeks. At the same time, the ApoE−/− 
mice were randomly divided into two groups: the early group (n=6) and the advanced group (n=6). The advanced group 
was fed a high-fat diet for 12 weeks, while the early group was fed a standard diet for six weeks and then switched to a 
high-fat diet for six weeks. Twelve weeks later, the mice were anesthetized via intraperitoneal injection with Ketamine 
(100 mg/kg) and Diazepam (5 mg/kg), and blood samples were collected from the tail vein. Following the collection of 
blood samples, the mice were euthanized with sodium pentobarbital (150 mg/kg) administered intraperitoneally, and the 
aorta was extracted and divided into two parts: (1) The aortic arch (from the ascending aorta to the origin of the thoracic 
aorta) was placed at 4 °C and fixed in 4% paraformaldehyde for 24 hours. (2) The rest of the aorta was immediately 
transferred to liquid nitrogen and stored at −80 °C for detection of relevant proteins and gene expression. All animal 
experiments were approved by the Dalian Medical University Animal Care and Ethics Committee and conducted in 
accordance with the National Institutes of Health (NIH) Guide for the Care and Use of Laboratory Animals (8th 
Edition).49 The experimental procedures adhered to the principles outlined in this guideline to ensure the welfare of 
laboratory animals. Additionally, the reporting of in vivo experiments followed the ARRIVE guidelines to ensure 
transparency and reproducibility.

Cytokines and Plasma Lipid Analysis
Mouse blood was centrifuged at 1500 × g for 10 min to obtain serum. The serum levels of total cholesterol (TC), 
triglycerides (TG), high-density lipoprotein (HDL-C), low-density lipoprotein (LDL-C), CYBB, IL-1β, TNF-α, and IL-6 
were determined using a triglyceride assay kit (E-TSEL-H0025, Elabscience), total cholesterol assay kit (E-BC-K109-M, 
Elabscience), HDL-C assay kit (E-BC-K221-M, Elabscience), LDL-C assay kit (E-BC-K205-M, Elabscience), Mouse 
Cybb/Cytochrome b-245 heavy chain (CYBB) ELISA Kit (E-AB-70273, Elabscience), Mouse Interleukin 1 Beta (IL-1β) 
ELISA Kit (E-EL-M0037c, Elabscience), Mouse Tumor Necrosis Factor Alpha (TNF-α) ELISA Kit (E-EL-M3063, 
Elabscience), and Mouse Interleukin 6 (IL-6) ELISA Kit (E-AB-F1207UD, Elabscience) according to instructions.

Histology and Immunohistochemistry
The mouse heart and a segment of the aorta were excised, fixed using paraformaldehyde, and subsequently embedded. 
Uniform serial sections were prepared at the level of the aortic sinus. These frozen sections were then stained with 
hematoxylin and eosin (HE) and anti-CYBB (GB112362-50, Servicebio) in accordance with the manufacturer’s protocol, 
and images were captured using a light microscope. Image-Pro Plus 6.0 software was used to quantify plaque area and 
plaque area/lumen cross area (%).

Western Blotting
Proteins were isolated from murine aortic tissues, and their concentrations were quantified with a BCA Protein 
Concentration Assay Kit (P0010, Beyotime Biotechnology, China). Subsequently, the protein samples were transferred 
onto a polyvinylidene difluoride membrane (ISEQ00010, Millipore, USA) and subjected to electrophoresis using a 10% 
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sodium dodecyl sulfate-polyacrylamide gel (P0690, Beyotime Biotechnology, China). Following a 15-minute sealing 
period, the primary antibody (Anti-NOX2/gp91phox antibody, EPR28415-13, Abcam) was incubated overnight at 4 °C. 
Subsequently, the secondary antibody (Goat Anti-Rabbit IgG H&L (HRP), ab6721, Abcam) was incubated for 2 hours at 
room temperature. Chemiluminescence analysis was conducted using an ECL kit (180–5001, Tanon, China), followed by 
image acquisition. Protein expression levels were normalized using β-actin as a reference and the Anti-beta Actin 
antibody (ab8227, Abcam). Relative protein quantification was performed using ImageJ software.

Statistical Analysis
Statistical analyses were conducted using R software (v4.1.3) through RStudio (v4.1.3). Correlation coefficients were 
assessed using Spearman’s rank correlation analysis, with p-values adjusted for multiple testing using the Benjamini- 
Hochberg false discovery rate (FDR) method to control the type I error rate. Chi-square tests were conducted using the 
“ggstatsplot” package (v0.9.0), with FDR correction applied to account for multiple comparisons. One-way ANOVA was 
used for normally distributed data, and Kruskal–Wallis tests were used for nonparametric comparisons among three or 
more groups, with post-hoc pairwise comparisons adjusted using the Bonferroni method. All statistical tests were two- 
sided, and p-values < 0.05 were considered statistically significant unless otherwise specified.

Results
Co-Expression Network Creation and Hub Module Identification
WGCNA identified 16 modules that were each assigned a different color. Among these modules, the turquoise module 
exhibited the most significant correlation with AS (r = 0.72, P = 4E-18) (Supplementary Figure 1A–D). Consequently, 
our focus was on understanding the biological functions of the genes within the turquoise module using KEGG and GO 
analysis. In KEGG pathway analysis, a majority of the genes were found to be enriched in the chemokine signaling 
pathway, NOD-like receptor signaling pathway, and leukocyte transendothelial migration pathway, all of which are 
associated with immune regulation and cell death (Figure S1E). GO annotation results revealed that these genes were 
primarily enriched in pathways pertaining to positive regulation of cytokine production and lytic vacuole membrane 
(Figure S1F). Based on these findings, we propose that the pathological mechanism of AS is intricately associated with 
the regulation of cell lysis and immune regulatory pathways.

Identification of LCDEGs
Following preprocessing and normalization of the gene profiles, differential expression analysis was conducted. A total 
of 437 DEGs were identified using adjusted P value < 0.05 and |log2 FC| > 1 as the screening criteria. These DEGs were 
then intersected with a set of 600 LCDGs, yielding 12 overlapping genes, as illustrated in the Venn diagram (Figure 2A 
and B). These 12 genes were further consolidated into a new gene set referred to as LCDEGs. Our subsequent analysis 
aimed to compare the mRNA expression profiles of these 12 genes in AS and control cases. Among the 12 LCDEGs, 11 
genes were up-regulated, while a single gene was down-regulated (Figure 2D and E). The interplay among the LCDEGs 
was investigated using the Spearman correlation test. Notably, HLPDA expression showed a negative correlation with 
other genes, while there was a positive correlation among the remaining genes (Figure 2C).

Functional Enrichment and PPI Analyses
The pathway enrichment results of DEGs indicated that these genes were actively involved in several biological 
processes such as regulation of T cell activity and regulation of inflammatory responses, and were closely related to 
pathways such as NOD-like receptor signaling, antigen processing, and presentation (Figure 2F and G). In the network 
relationship analysis of DEGs and enrichment results, DEGs were simultaneously enriched in multiple signaling path
ways. Notably, seven LCDEGs, particularly CYBB, PYCARD, and IL1B, were repeated in the GO and KEGG 
enrichment results (Figure 2H and I).

Subsequent GO enrichment analysis for LCDEGs showed that these genes were prominently enriched in pathways 
related to the positive regulation of cytokine production, cellular response to biotic stimuli, I-kappaB kinase/NF-kappaB 
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Figure 2 Identification of LCD-associated differentially expressed genes (LCDEGs). (A) Venn diagram showing the overlap between DEGs and LCDGs. (B) Volcano plot illustrating the LCDEGs. Each dot represents a gene, with 
Orange dots representing upregulated genes and green dots representing downregulated genes. (C) Correlations between LCDEGs in AS. (D) The difference in the gene expression profile of LCDEGs between AS and normal 
control. (E) Heatmap visualizing the LCDEGs. Rows represent genes, and columns represent samples. (F) The Gene Ontology (GO) enrichment barplot of DEGs. (G) The Kyoto Encyclopedia of Genes and Genomes (KEGG) 
enrichment barplot of DEGs. (H) Network relationships between DEGs and GO enrichment. (I) Network relationships between DEGs and KEGG enrichment. Red represent LCDEGs.*** indicates P < 0.001 compared to the 
control group.
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signaling, the inflammasome complex, the vacuolar lumen, and other pathways (Figure S2A). KEGG enrichment analysis 
demonstrated that 12 LCDEGs displayed significant enrichment in several pathways, including lipid and AS, necroptosis, 
NOD-like receptor signaling, ferroptosis, and the Toll-like receptor signaling pathway (Figure S2B). The protein 
interaction network, created using the STRING database, is displayed in Figure S2C. Furthermore, Figure S2D presents 
the predicted interactors associated with LCDEGs according to the GeneMANIA database.

Identifying LCDEG Features and Building the ANN Model via Machine Learning
To determine the diagnostic significance of LCDEGs, the LASSO and RF algorithms were used to identify characteristic 
genes associated with both AS and LCDEGs. By integrating the outcomes of these two algorithms, a total of eight 
characteristic genes related to LCD were identified: CASP1, CYBB, DPP4, HMOX1, IL1B, PTPN6, PYCARD, and 
HILPDA. These eight genes were used to construct a neural network (Figure 3A) and further evaluated using the ROC 
curve. In the training set (GSE100927) and the test set (GSE57691), the area under the curve (AUC) values were 97.3% 
and 78.9%, respectively, highlighting the high accuracy of the ANN model (Figure 3B and Figure S4B). In the other two 
test sets (GSE43292 and GSE28829), the AUC values were 79.2% and 82.7%, respectively (Figure 3C, Figure S5B). 
These results demonstrate that the ANN model, based on LCDGEs, can accurately diagnose various stages of AS. 
Consequently, these eight LCDGEs were designated as signature genes for AS. To further assess the individual diagnostic 
value of these characteristic genes identified through the machine learning approach, ROC curves were constructed and 
the AUC was calculated. The AUC values ranged from 0.771 to 0.953, indicating good diagnostic performance 
(Figure 3D–K). Additionally, external validation was performed using the GSE57691, GSE43292, and GSE28829 
datasets to assess the gene expression profiles of the eight AS signature genes (Figures S3A–H, S4A and S5A). 
Subsequently, ROC curves were constructed and the AUC values ranged from 0.567 to 0.956, 0.545 to 0.849, and 
0.683 to 0.976 for the three test sets, respectively (Figures S3I–P, S4C–J, and S5C–J). These results confirm the excellent 
diagnostic performance of these genes. The model performance correlation index is shown in Supplementary Table S2.

Clustering Based on LCDEGs and Clinical Significance of Subtypes
By using the consensus clustering method, we clustered samples based on the expression profiles of 69 AS. Two optimal 
subtypes were determined based on the analysis of the CDF plot, the relative change of the area under the CDF curve, the 
tracking plot, and the consensus matrix. Using the gene expression profiles of 12 LCDEGs, we divided the AS samples 
into two clusters, namely cluster A and cluster B (Figure 4A–C). There were statistically significant differences in the 
expression of these 12 LCDEGs between the two groups (P < 0.05) (Figure 4D and E). The PCA plot (Figure 4F) clearly 
displays the distinct distributions between the two clusters. Furthermore, the results of immune infiltration demonstrated 
that the levels of activated B cells, activated CD4 T cells, activated CD8 T cells, activated dendritic cells, CD56 bright 
natural killer cells, eosinophils, immature dendritic cells, MDSC, macrophage, mast cells, monocytes, natural killer cells, 
plasmacytoid dendritic cells, regulatory T cells, T follicular helper cells, type 1 T helper cells, and type 17 T helper cell 
significantly increased in cluster B (P < 0.05) (Figure 4G). The correlation between gene expression and immune cell 
infiltration is shown in Figure 4H. We examined the differential expression of three gene categories: HLA genes, immune 
checkpoint genes, and chemokine genes. In cluster B, the expression of most chemokines, such as CXCL16, CXCL9, 
CXCL11, CCL5, CCR5, CXCR3, and CXCR6, as well as most immune checkpoints, such as LAG3, CTLA4, TNFRSF9, 
ICOS, CD80, PDCD1LG2, and TIGIT, were significantly higher compared to cluster A (P < 0.05) (Figure S6A and S6C). 
Additionally, the oxidative stress score of cluster B was significantly higher than that of cluster A (P < 0.05) 
(Figure S6B). The GSVA enrichment results for the two clusters are presented in Figure S6D–E. Notably, cluster B 
exhibited significantly higher scores for functionally enriched pathways related to immune response compared to cluster 
A. These pathways were associated with peroxisomes, reactive oxygen species pathway, interferon-gamma response, 
interferon alpha response, IL6-JAK-STAT3 signaling, inflammatory response, mTOR signaling, lysosome, antigen 
processing and presentation, Toll-like receptor signaling pathway, natural killer cell-mediated cytotoxicity, NOD-like 
receptor signaling pathway, and B cell receptor signaling pathway. Based on these findings, cluster A has been classified 
as the non-immune subtype, C1, whereas cluster B has been identified as the immune subtype, C2. Furthermore, a high 
expression of LCDEGs was associated with the C2 subtype, whereas the C1 subtype exhibited the opposite pattern. The 
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Figure 3 Diagnostic value of LCDEGs in AS. (A) Structure of the ANN model: I1–I8 represent the input layers (scores and weights of eight AS signature genes), H1–H5 represent the hidden layers, and O1–O2 represent the output 
layers (sample attributes). (B and C) Receiver operating characteristic (ROC) curves evaluating the diagnostic performance of the neural network model in the GSE100927 (training set) and GSE43292 (testing set). (D–K) ROC curves 
for the AS signature genes.
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Figure 4 Construction of AS clusters based on LCDEGs in GSE100927. Unique immune and functional pathway signatures of the clusters. (A) Tracking plot displaying sample classification for k = 2–9. (B) Consensus cumulative 
distribution function (CDF) plot for k = 2–9. (C) Consensus matrix heatmap for k = 2. (D) Boxplots illustrating the expression of LCDEGs between the clusters. (E) Heatmap showing the expression of LCDEGs between the clusters. 
(F) Principal component analysis (PCA) plot demonstrating the classification of AS into two clusters based on the gene expression profile of LCDEGs. (G) Differences in the abundance of immune cells between the clusters. (H) Heatmap 
showing the correlation of LCDEGs with immune cells. * indicates P < 0.05 compared to cluster A, ** indicates P < 0.01 compared to cluster A, and *** indicates P < 0.001 compared to cluster A.
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classification results based on LCDEGs for the early and late AS datasets were in line with previous results (Figure 5A 
and B). The majority of early AS samples fell into the C1 subtype category, whereas advanced AS samples predomi
nantly belonged to the C2 subtype (Figure 5C and D). These findings were statistically significant based on the results of 
the chi-square test (P < 0.05).

Single-Cell Sequencing Results of Human Atherosclerotic Tissue Samples
Cells were grouped into 18 distinct clusters using the FindClusters function (Figure 6A). The results of cell subpopula
tion annotations are presented in Figure 6B. Important markers for these cells are illustrated in Figure 6C. AUCell 
scoring results were obtained and are presented in Figure 7A. The scoring outcomes of the AddModuleScore can be 
observed in Figure 7B. Notably, both of these scores exhibited significantly higher values in macrophages compared to 
other cell types, indicating that LCDEGs exhibited heightened transcriptional activity or substantial expression in 
macrophages. Among the 12 LCDEGs analyzed, macrophages demonstrated relatively high expression levels for 
CASP1, IL1B, CYBB, HMOX1, SLC40A1, and LGMN (Figure 7C). Violin plots qualitatively visualize the expression 
of 12 LCDEGs in various cell subtypes, and most of the LCDEGs are highly expressed in macrophages. The tSNE plots 
for each cell subtype are shown in Supplementary Figure 7. FOLR2, MS4A7, TRPV4, ADAP2, C3, ACSM5, SIGLEC1, 
C2, IGF1, EBI3, etc. can be used as cell markers of the first subtype of macrophages (Macrophages 1). Genes such as 
MYCL, S100Z, CCR2, LINC00877, AL034397.3, LUCAT1, LILRA1, C19orf38, C15orf481, LILRA5, and PRAM1 are 
used as cell markers of the second subtype of macrophages (Macrophages 2). Supplementary Table S3 shows the list of 
marker genes annotated for each subpopulation.

Single-Cell Sequencing Results of Mouse Atherosclerotic Tissue Samples
The marker profile of macrophage subsets in a previously reported single-cell sequencing data set of atherosclerotic 
mouse tissue is visualized in Figure 8A. GSEA of cell subpopulations was conducted using the “singleseqgset” package, 
with results displayed in Figure 8B. The visualization results for the annotation of cell subpopulations are presented in 
Figure 8C and D. We examined the ratio of macrophage subtypes at the early, middle, and late stages (Figure 8E). We 
used the AddModuleScore to obtain scoring results for macrophage subtypes, as shown in Figure 8F. The IM subtype 
corresponds to blood-derived inflammatory macrophages and exhibits pathway enrichment results associated with 
inflammation, such as IL6-JAK-STAT3 and TNF-α. The RLM subtype represents tissue-resident inflammatory macro
phages, with GSEA pathway enrichment results reflecting the inflammatory response and interferon alpha response. FM 
subtype macrophages are foam macrophages involved in lipid phagocytosis and matrix formation. The corresponding 
GSEA pathway enrichment results include protein secretion and cholesterol homeostasis. SM subtype macrophages 
mainly originate from smooth muscle cells (SMCs), with GSEA pathway enrichment results indicating signaling 
pathways associated with epithelial–mesenchymal transition. Box plots display the scoring results for the four macro
phage subtypes, and statistical results are demonstrated in Figure 8F. Notably, the IM and RLM subtypes, which are 
closely associated with inflammation, exhibited higher scores, while the FM and SM subtypes demonstrated lower scores 
(all P < 0.05). Furthermore, by calculating individual enrichment scores for different macrophage subtypes in two 
mutually independent study cohorts, we confirmed that cluster B showed higher enrichment of inflammation-associated 
macrophage subtypes (IM, RLM), whereas non-inflammatory subtypes (FM, SM) were more enriched in cluster A (P < 
0.05) (Figure 8G and H). Overall, pro-inflammatory macrophages had higher lysogenic cell death scores, and their 
infiltration and proportion increased with the progression of AS and may be a key factor in inducing differences in AS 
subtypes.

LCDEGs as Potential Biomarkers of Ischemic Events
The samples were divided into two groups based on the median expression level of each LCDEG. The cumulative hazard 
rate of ischemic events was performed on all 12 LCDGEs using the “survival” and “survminer” packages. Consequently, 
the cumulative hazard rate of CYBB was found to be statistically significant at P < 0.05 (Figure 9A). The results suggest 
a correlation between the high expression of CYBB and the occurrence of ischemic events in patients with AS. Figure 9B 
and C displays the expression and ROC curve of CYBB in pbmc samples after acute coronary syndrome. Notably, there 
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Figure 5 Construction of AS clusters based on LCDEGs in GSE43292 and GSE28829. (A) Boxplots illustrating the expression of LCDEGs between the two clusters. (B) Differences in the abundance of different immune cells between 
the two clusters. (C) Chi-square tests comparing the association of subtype samples with early and advanced samples. (D) Chi-square tests comparing the association of subtype samples with early and advanced samples. * indicates P < 
0.05 compared to cluster A, ** indicates P < 0.01 compared to cluster A, and *** indicates P < 0.001 compared to cluster A.
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Figure 6 Analysis at the single-cell level. (A) t-SNE plot of cell clustering at a resolution of 0.6. (B) t-SNE plot of different cell types. (C) t-SNE plots illustrating the expression of cell-specific marker genes.
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Figure 7 Assessment of LCDEGs activity. (A) t-SNE plot of scores obtained using the AUCell method. (B) t-SNE plot of scores obtained using the AddModuleScore method. (C) Violin plot of LCDEGs expression in different cell types.
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Figure 8 Identification of macrophage subtypes and assessment of LCDEGs activity. (A) Heatmap of specific marker gene expression of macrophage subtypes. (B) Heatmap of functional enrichment of macrophage subtypes. (C) t-SNE 
plot of Macrophages. (D) t-SNE plot of macrophages between groups. (E) The ratio of the number of macrophage subtypes among the groups. (F) Boxplots of scores in different macrophage subtypes. (G) Intergroup comparison of 
macrophage subtype scores in GSE43292 cohort. (H) Intergroup comparison of macrophage subtype scores in GSE28829 cohort. **** indicates P < 0.0001.
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Figure 9 CYBB as a biomarker for ischemic events. (A) Comparison of AS patients with high and low expression of CYBB gene in the GSE21545. (B) Differences in the expression of CYBB in the GSE66360. (C) ROC curves evaluated 
the diagnostic efficacy of CYBB in the GSE66360. (D) Differences in the expression of CYBB in the GSE16561. (E) ROC curves evaluated the diagnostic efficacy of CYBB in the GSE16561. *** indicates P < 0.001 compared to cluster A.
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was a significant difference in the expression of CYBB between the samples of acute coronary syndrome and normal 
samples (P < 0.001). Furthermore, the AUC value of 0.756 indicates that CYBB exhibits high diagnostic accuracy for 
acute coronary syndrome. The expression and ROC curve of CYBB in pbmc samples of ischemic stroke are presented in 
Figure 9C and D. Similarly, there was a significant difference in the expression of CYBB between ischemic stroke and 
normal samples (P < 0.001). Additionally, the AUC value of 0.714 suggests that CYBB has a high diagnostic accuracy 
for ischemic stroke (Figure 9E).

Experimental Validation of CYBB as a Potential Biomarker for AS
Figure 10A illustrates that mice in the early disease group exhibited significantly elevated serum TC, TG, and LDL-C 
levels, alongside reduced HDL-C levels, in comparison to the normal group. Furthermore, these lipid profile alterations 
were more pronounced in the late disease group relative to the early disease group (P < 0.001), indicating a progressive 
exacerbation of dyslipidemia with the advancement of the disease. Figure 10B demonstrates that serum levels of CYBB, 
IL-1β, TNF-α, and IL-6 were significantly elevated in the early disease group compared to the normal group, and these 
levels were further increased in the late disease group compared to the early disease group (P < 0.001). These findings 
demonstrate that CYBB levels were elevated with the advancement of AS, accompanied by an increase in inflammatory 
factors. As illustrated in Figure 10C and D, histological examination via HE staining revealed that the early disease group 
exhibited plaque formation on the vessel wall and partial lumen narrowing compared to the normal group. The advanced 
disease group showed a further increase in plaque area and more pronounced lumen narrowing relative to the early 
disease group. As the AS advances, there is a marked intensification in the immunohistochemical staining of CYBB, 
which is particularly pronounced in the surface region of the plaque on the luminal side of the vessel (Figure 10E). 
Figure 10F illustrates that the protein expression level of CYBB is significantly elevated in the early disease cohort 
compared to the normal cohort (P < 0.01), and is further increased in the late disease cohort relative to the early disease 
cohort (P < 0.05). Figure 10G and H show that the plaque area and plaque area/luminal cross-sectional area (%) of the 
early plaque group were larger than that of the normal group, and the plaque area of the advanced plaque group was 
larger than that of the early group (P < 0.001).

LCDG-Based Drug Prediction
Based on the analysis of the 12 LCDGEs, potential therapeutic drugs were identified using the gene-drug interaction 
method available in the DGIdb database (Supplementary Table S4). A total of 99 drugs were found to target seven 
specific genes. Notably, CASP1, IL1B, and DPP4 exhibited a relatively high number of targeted drugs and are 
considered potential therapeutic targets for AS. Among these, chrysin, apigenin, and DPP4 inhibitors emerged as 
potential therapeutic agents. Notably, several of these agents have shown clinical efficacy in the prevention of 
ischemic events.

Discussion
On the activation of the LCD process, a cell may experience plasma membrane rupture, leading to the release of large 
molecular inflammatory substances known as DAMPs, as well as the formation of oligomeric pores on the cell 
membrane, resulting in the release of small molecular inflammatory substances such as IL1B.50,51 Increasing evidence 
from rigorous studies suggests that LCD plays a driving role in the development of AS. For example, a study by 
Soehnlein et al demonstrated that the interaction between histone H4 and SMCs promotes LCD, contributing to plaque 
instability, and neutralizing this interaction can prevent SMC LCD and improve AS.52 Another study revealed that 
macrophages can promote the progression of AS by undergoing a RIPK3-MLKL pathway-dependent LCD process, 
which is significantly reversed by RIPK3 inhibition.53 Consequently, understanding the role of LCD in AS is of 
paramount importance for the development of future prevention and treatment strategies. Nonetheless, the LCD pathway 
implicated in AS is intricate and may encompass multiple cell death processes. Thus, identifying the key players of LCD 
in AS is crucial. Fortunately, bioinformatics methods, when combined with expression profile data, excel at identifying 
differential genes among thousands of genes, and machine learning algorithms can effectively screen disease-related 
characteristic genes due to their powerful classification capabilities.54 Therefore, in this study, we used an integrative 
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approach combining machine learning and bioinformatics to explore the potential applications and underlying mechan
isms of LCD in the context of AS. The research aims to propose alternative and effective strategies for the treatment 
of AS.

Figure 10 Continued.
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This study discovered several key findings, including the following: (1) The WGCNA revealed that the genes in the 
most relevant modules of AS primarily influence the immunity pathway, specifically the chemokine signaling pathway 
and the T cell receptor signaling pathway, as well as the cell death pathway, particularly the NOD-like receptor signaling 
pathway. (2) By performing differential expression analysis, we identified 12 AS-related LCDEGs and confirmed their 
distinct molecular mechanisms that regulate cell death and immunity using functional enrichment analysis. (3) Eight 
characteristic genes associated with AS (CASP1, CYBB, DPP4, HILPDA, HMOX1, IL1B, PTPN6, and PYCARD) were 
identified through the application of two machine learning algorithms, LASSO and RF. (4) An ANN was developed as a 
diagnostic model using characteristic genes. Our study has demonstrated strong diagnostic capabilities for identifying 
individuals with and without AS, as well as distinguishing between early and advanced stages of AS. Based on the 
findings from the first four analyses, it is preliminarily concluded that characteristic genes hold great potential as 
biomarkers for AS, while the ANN model shows promise as a diagnostic tool. Moreover, these results suggest a 
connection between immune regulation and the underlying mechanism of LCD in AS. (5) Two molecular subtypes 
were identified using the consensus clustering method, and their immune landscapes were examined by considering 
indicators such as immune cell infiltration, cell chemokine genome, and immune checkpoint expression. Based on the 
immune landscape analysis, these subtypes were categorized as a non-immune subtype, C1, and an immune subtype, C2. 
Subsequent findings from 5 to 6 revealed that the newly identified AS subtype effectively differentiates between early 
(low-risk) and advanced (high-risk) atherosclerotic plaques, presenting a potential tool for stratifying plaque risks. (7) 
Single-cell level analysis demonstrated that LCDEGs exhibited higher expression levels, particularly within macro
phages, and were more prevalent in the “inflammatory” subtype of macrophages. These findings strongly indicate a 
significant connection between macrophages and LCD, with macrophage-based LCD potentially playing a crucial role in 
AS development. (8) The elevated expression of CYBB, one of the LCDEGs, is correlated with a higher incidence of 
ischemic events, as revealed by cumulative hazard rate analysis. Additionally, CYBB shows significant expression in 
blood samples from individuals with acute coronary syndrome and stroke, indicating its potential as a novel prognostic 
marker for AS. (9) DGIdb was used to investigate potential drugs that target LCDEGs. Our study predicted the 
effectiveness of select potential drugs for AS treatment, some of which have already been validated in preclinical studies 
or clinical trials.55,56

By integrating the aforementioned findings, it is essential to explore the following key indicators in depth. Among the 
eight signature genes identified in our study, CASP1, PYCARD, IL1B, CYBB, DPP4, PTPN6, and HMOX1 were 
significantly up-regulated in AS, whereas HILPDA was significantly down-regulated. In the subsequent sections, we will 
describe the functions of the proteins corresponding to these genes in AS, based on findings in previous studies. Caspase 
1 (CASP1) is a proteolytic enzyme known to cleave GSDMD, thereby initiating LCD. It also participates in the 

Figure 10 Experimental validation of CYBB as a new biomarker for AS. (A) TG, TC, HDL-C, and LDL-C levels in mouse serum. (B) CYBB, IL-1β, TNF-α and IL-6 levels in 
mouse serum. (C) HE staining at the aorta (scale bar: 500 µm). (D) HE staining at the aorta (scale bar: 100 µm). (E) Immunohistochemical staining of CYBB (scale bar: 100 µm). 
(F) Western blotting results of CYBB in mouse aorta tissue. (G) Plaque area assessed by HE staining of aortic valve cross section. (H) Plaque area/luminal cross-sectional area 
assessed by HE staining of aortic valve cross section. * indicates P < 0.05, ** indicates P < 0.01, and *** indicates P < 0.001.
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proteolysis of IL1B and promotes the secretion of IL1B.57,58 PYD and CARD domain containing PYCARD plays a 
crucial role as a mediator of inflammation by acting as an essential adapter in the assembly of various inflammasomes, 
such as NLRP1, NLRP2, and NLRP3. Upon recruitment and activation of caspase-1, PYCARD leads to the release of 
pro-inflammatory cytokines.59 Interleukin 1 beta (IL1B) is a highly potent pro-inflammatory cytokine that not only 
promotes T cell activation but also stimulates cytokine production.60 Additionally, the activation of NLRP3 by 
cholesterol crystals, an endogenous danger signal, is a critical initiating factor in the development of AS.61 The outcomes 
of several clinical randomized controlled trials have demonstrated the effectiveness of long-term administration of 
colchicine in reducing the incidence of cardiovascular events in patients with AS. One important pharmacological 
mechanism of colchicine is its ability to impede the assembly of NLRP3.62,63 Moreover, clinical studies have indicated 
that canakinumab, a monoclonal antibody that targets IL-1β, significantly decreases the recurrence rate of cardiovascular 
events when compared to a placebo in the treatment of AS.64 Based on the results of our drug prediction analysis and in 
conjunction with previous research, it is undeniable that CASP1, PYCARD, and IL1B play crucial roles in the 
occurrence and development of AS. Therefore, pharmacological inhibition of these proteins may present a promising 
anti-inflammatory treatment strategy for AS. In this study, the potential of CYBB as an AS marker was further confirmed 
by joint experimental verification using multiple bioinformatics methods. CYBB, alias NADPH oxidase 2 (NOX2), is an 
important bactericidal oxidase of phagocytes that promotes the production of reactive oxygen species and is associated 
with oxidative stress levels involved in AS, platelet aggregation, myocardial infarction, and stroke.65 Previous studies 
have reported that atorvastatin inhibits platelet NOX2 in a dose-dependent manner, leading to reduced levels of platelet 
isoprostanes and thromboxane A(2), thereby effectively reducing both oxidative stress and platelet activation.66 

Dipeptidyl peptidase (DPP4), also referred to as CD26, undergoes cleavage from the membrane and subsequent release 
into the circulation.67 The use of DPP4 inhibitors in the treatment of type 2 diabetes is considered to significantly prevent 
diabetes-induced cardiovascular events, including AS.68 Protein tyrosine phosphatase non-receptor type 6 (PTPN6) is a 
signaling molecule that plays a crucial role in the vitamin D3 (VitD3)-mediated attenuation of AS by inhibiting 
autophagy and preventing the formation of macrophage foam cells.69 Heme oxygenase 1 (HMOX1) is recognized as a 
crucial regulator in the process of ferroptosis. Its overexpression promotes ferroptotic oxidative stress, thereby contribut
ing to the progression of AS.70 Hypoxia-induced lipid droplet association (HILPDA) is linked to the buildup of 
triglycerides in lipid droplets within adipocytes. According to reports, the upregulation of the HILPDA protein 
suppresses lipolysis, decreases the production of pro-inflammatory substances like IL-6, and stimulates lipopolysacchar
ide-mediated macrophage activation. Nonetheless, the role of HILPDA in AS remains uncertain and requires additional 
investigation.71 In summary, it is evident that LCDGEs are closely associated with the onset and progression of AS, with 
macrophages playing an essential role in this process.

Recent advances in molecular profiling techniques have significantly enhanced the capability to observe the 
transcriptome of patients affected by diseases.72 Machine learning models can be utilized to detect molecular signatures 
in expression profiles, thereby facilitating disease prediction.73 Limited studies address the combination of multiple 
machine learning methods for establishing a predictive model for AS, this study aims to bridge this gap. In this study, we 
used three specific machine learning algorithms: LASSO, RF, and ANN. LASSO is a regularization method that excels in 
high-dimensional datasets by selecting a sparse set of significant features, thus reducing overfitting and enhancing 
interpretability.74 RF is a powerful ensemble learning algorithm that can manage non-linear relationships and interactions 
between variables. Its robustness against overfitting, particularly when dealing with large and noisy datasets, made it an 
ideal choice for identifying key features associated with AS progression.75 Although other machine learning techniques, 
such as support vector machine, K-nearest neighbors, extreme gradient boosting, gradient boosting, multilayer percep
tron, and logistic regression, could have been applied, we opted for RF due to its high accuracy in feature selection and 
classification tasks involving large datasets. Moreover, ANN was selected for its ability to simulate complex neural 
interactions, making it highly suitable for capturing non-linear patterns in molecular data, which are often present in 
diseases like AS.76–78 Typically, non-neoplastic diseases rely on biomarkers for diagnosis, whereas tumors often use 
multi-gene expression features to prognosticate or determine drug treatment sensitivity due to their heterogeneity.79 It is 
important to emphasize that substantial heterogeneity in molecular expression exists between stable and unstable plaques 
in AS, which greatly influences the prognosis. Consequently, using the consensus clustering method in this study to 
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establish new AS subtypes based on the expression traits of multiple genes is deemed both feasible and crucial. 
Consensus clustering aggregates results from multiple clustering runs, providing a consensus matrix that reflects the 
probability of sample co-clustering, thus ensuring the reproducibility and reliability of the identified subtypes.44 In 
contrast to other clustering approaches, such as K-means, hierarchical clustering, or spectral clustering, consensus 
clustering minimizes the risk of instability that can arise from random initialization or the sensitivity to small variations 
in the data.44,80 These advantages are particularly important in high-dimensional datasets, such as transcriptomic profiles, 
where noise and data variability can heavily influence the clustering outcome. Furthermore, the integration of radiomics 
and expression profiling is emerging as an advanced approach to characterize diseases and predict outcomes.81 The 
incorporation of expression profiling-based analysis in this study may pave the way for future integration of multi-omics 
data for developing more precise and biologically interpretable models. Patients with distinct expression signatures may 
experience both beneficial and harmful effects from immunotherapy.82 The novel AS subtype could serve as a guide for 
cancer patients with AS who undergo immunotherapy, as well as for AS patients who are unresponsive to standard 
treatments and opt for immunotherapy. Adapting treatment approaches based on distinct subtypes can help avoid severe 
cardiovascular events associated with medications while maximizing the management of AS.

This study underscores the clinical significance of the ANN model and the identified subtypes, highlighting their 
potential applicability in clinical practice. Notably, the ANN model demonstrated high reliability as a diagnostic tool for 
AS disease, exhibiting excellent accuracy in distinguishing individuals with and without AS. Consequently, integrating 
this model into clinical assessments could facilitate more rapid and precise screening of potential AS patients within the 
population, which is of critical importance for early detection and timely intervention. Conversely, it is crucial to 
acknowledge that early AS typically lacks overt symptoms, whereas advanced AS is often associated with significant 
cardiovascular complications. The application of the ANN model in detecting patients with advanced AS is notably 
effective. Clinically, it is imperative to use this model in conjunction with other screening methods to identify high-risk 
AS patients. This integrated approach aims to prevent severe ischemic events, thereby decreasing disability and mortality 
rates and extending the duration of survival. Furthermore, the newly identified AS subtypes demonstrate the capability to 
effectively distinguish between early-stage (low-risk) and advanced-stage (high-risk) atherosclerotic plaques, potentially 
serving as a valuable tool for future plaque risk stratification. Previous findings indicate that these subtypes are 
predominantly associated with the high-risk atherosclerotic group, characterized by “inflammatory” features. The 
application of monoclonal antibodies targeting IL-1β to inhibit inflammation could represent a promising strategy for 
the treatment of severe AS.64 Consequently, the identification and classification of novel AS subtypes may offer valuable 
insights into the clinical management of patients with AS.

This study is not without limitations. First, there is heterogeneity across the various datasets and platforms utilized, 
potentially impacting the reliability of the findings. Second, this study is unavoidably subject to random error and 
selection bias. Third, despite the significant number of datasets used for analysis and validation, the incorporation of 
larger datasets could enhance the reliability of the research conclusions. Fourth, the analysis of single-cell sequencing 
data in this study indicates that LCDGEs may play a significant role in the development of AS, primarily in association 
with macrophages. Fifth, the reliance on publicly available GEO datasets may introduce variability due to differences in 
experimental conditions. Additionally, the sample sizes of some datasets, such as GSE57691, were relatively small, 
which may affect the generalizability of our findings. Notably, the high AUC values observed in the training set (eg, 
97.3% for GSE100927) compared to lower AUCs in test sets (eg, 78.9% for GSE57691) suggest a potential risk of 
overfitting in our machine learning models. To mitigate this, we used LASSO regularization with 10-fold cross-validation 
to select an optimal lambda parameter and optimized RF hyperparameters (eg, mtry) through grid search to balance 
model complexity. However, the limited sample size of test sets may still constrain model performance. Sixth, the 
analysis of CYBB as a predictor of clinical outcomes lacks comprehensive mechanistic insights, and predictive drug 
discovery based on LCD genes is only speculative due to the lack of experimental validation. In addition, the direct 
mechanistic contribution of LCD genes to plaque rupture or thrombosis remains unclear. More in-depth studies, including 
clinical studies and in vivo experiments using animal models, are needed to verify the prognostic value of CYBB, 
confirm the therapeutic potential of predictive drugs, and clarify the functional role of LCD genes in the pathogenesis of 
AS. Seventh, using an unadjusted P < 0.05 threshold in our GO/KEGG enrichment analysis and DEG screening may 
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increase the risk of false positives. Future studies should apply multiple testing corrections, such as Benjamini-Hochberg 
FDR, and independently validate enriched pathways using experimental validation or multi-omics approaches.

Eighth, the single-cell cluster annotations obtained by SingleR lack experimental validation and may be subject to 
misannotation bias. Although SingleR can automatically identify cell types, marker gene-based methods are more 
accurate in defining cell types. Future work should combine marker gene validation or experimental techniques, such 
as flow cytometry or immunohistochemistry, to confirm cell identity. Ninth, LCD in this study specifically refers to lytic 
cell death. LCD has also been considered as lysosomal cell death in previous studies. Lysosomal cell death plays a 
critical role in the progression of atherosclerosis by regulating macrophage function, lipid metabolism, and inflammatory 
responses. Dysfunction of lysosomes in macrophages impairs the degradation of oxidized low-density lipoprotein 
(oxLDL), promoting foam cell formation and chronic inflammation within atherosclerotic plaques.61,83 In addition, 
regulated necrosis can also be considered to cover pyroptosis, necroptosis, and ferroptosis in the context of AS in Wim 
Martinet’s review.84 Obviously, the interpretation and understanding of the concept of LCD may overlap with other 
concepts of cell death, which may be unavoidable. Finally, this study emphasized the role of macrophage death in AS, 
which is also related to the findings on increased expression levels of CASP1 and IL1B in macrophages,85 and the 
conclusions of studies in the early 1990s on macrophage oxLDL and lysosomal membrane permeability86 in the context 
of atherosclerosis, which is conducive to a deeper understanding of previous studies. This study is also expected to 
deepen the understanding of the clinical relevance of macrophage markers in atherosclerosis.

Conclusion
In summary, our study used bioinformatics combined with machine learning strategies to explore the potential applica
tion and mechanism of LCD in AS, providing new insights into its diagnosis and treatment.
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