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Percutaneous coronary intervention (PCI) combined with stent implantation is currently one of 
the most effective treatments for coronary artery disease (CAD). However, in-stent restenosis 
(ISR) significantly compromises its long-term efficacy. Mitophagy plays a crucial role in vascular 
homeostasis, yet its role in ISR remains unclear. This study aims to identify mitophagy-related 
biomarkers for ISR and explore their underlying molecular mechanisms. Through differential gene 
expression analysis between ISR and Control samples in the combined dataset, 169 differentially 
expressed genes (DEGs) were identified. Twenty-three differentially expressed mitophagy-related 
genes (DEMRGs) were identified by intersecting with mitophagy-related genes (MRGs) from the 
GeneCards, and functional enrichment analysis indicated their significant involvement in mitophagy-
related biological processes. Using Weighted Gene Co-expression Network Analysis (WGCNA) and 
three machine learning algorithms (Logistic-LASSO, RF, and SVM-RFE), LRRK2, and ANKRD13A 
were identified as mitophagy-related biomarkers for ISR. The nomogram based on these two genes 
also exhibited promising diagnostic performance for ISR. Gene Set Enrichment Analysis (GSEA) 
as well as immune infiltration analyses showed that these two genes were closely associated with 
immune and inflammatory responses in ISR. Furthermore, potential small molecule compounds with 
therapeutic implications for ISR were predicted using the connectivity Map (cMAP) database. This 
study systematically investigated mitophagy-related biomarkers for ISR and their potential biological 
functions, providing new insights into early diagnosis and precision treatment strategies for ISR.
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Coronary artery disease (CAD) is a leading cause of death and disability worldwide1. Percutaneous coronary 
intervention (PCI) with stent implantation is currently one of the most effective treatments for CAD, significantly 
improving patient prognosis. However, In-stent restenosis (ISR) remains a common and challenging complication 
post-PCI, severely impacting the long-term efficacy of the  procedure2,3. Despite drug-eluting stents (DES) which 
combine a metal stent platform with the release of anti-proliferative drugs, significantly reducing ISR rates, the 
incidence of ISR in one-year post-PCI still ranges between 2–10%2,3. Given the millions of stents implanted 
globally each year, ISR poses a serious public health and economic burden.

Currently, coronary angiography remains the gold standard for diagnosing ISR. However, this method is 
invasive, costly, and cannot detect ISR in its early stages4. Treatment options for ISR include repeat PCI, often 
with drug-coated balloons (DCB) or newer-generation DES, and in severe cases, coronary artery bypass grafting 
(CABG). However, these treatments are associated with risks of recurrence and complications4,5. Therefore, 
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there is an urgent need to develop new diagnostic biomarkers and therapeutic targets to enable accurate early-
stage diagnosis of ISR and provide new strategies for its prevention and treatment.

The development of ISR is a complex process involving vascular injury, inflammatory responses, and 
subsequent neointimal hyperplasia (NIH)6. During this progression, the importance of mitochondria in 
maintaining vascular homeostasis and disease is increasingly recognized7. Mitochondria not only play a critical 
role in energy metabolism but also regulate cell apoptosis, oxidative stress, and cellular metabolism7. Mitophagy, 
a form of selective autophagy, specifically identifies and degrades damaged or dysfunctional mitochondria, 
crucial for maintaining quality control and quantity balance within cells, emerging as a novel and potential 
therapeutic target8. Mitophagy is involved in regulating various pathophysiological processes that contribute 
to the progression of ISR. PINK1/Parkin-mediated mitophagy has been shown to mitigate endothelial cell 
damage induced by a variety of stimuli9–11. Research indicates that mitophagy plays a pivotal role in regulating 
the proliferation and migration of vascular smooth muscle cells (VSMCs)12–14, critical factors in the onset of 
ISR. Furthermore, mitophagy is closely linked to ISR-related inflammatory responses and cell apoptosis15,16. 
Mitophagy influences these processes by modulating inflammasome activation and cytochrome c release, 
among other pathways17. However, systematic studies on mitophagy in ISR are currently lacking. Identifying 
potential biomarkers related to mitophagy in ISR could enhance understanding and exploration of their roles in 
ISR pathogenesis, providing new insights into early diagnosis and treatment for ISR patients.

This study utilized two ISR-related datasets from the Gene Expression Omnibus (GEO) database, combined 
with mitophagy related genes (MRGs) obtained from the Genecard database, to identify mitophagy related 
biomarkers in ISR through differential gene expression analysis, Weighted Gene Co-expression Network 
Analysis (WGCNA), and machine learning methods (Logistic Regression with Least Absolute Shrinkage and 
Selection Operator (LASSO), Random Forest (RF), and support vector machine-recursive feature elimination 
(SVM-RFE)). Subsequently, a nomogram was established and evaluated using receiver operating characteristic 
(ROC) curves, calibration curves, and decision curve analysis (DCA). Furthermore, using single sample Gene 
Set Enrichment Analysis (ssGSEA) algorithm, we compared differences in immune infiltration between ISR 
patients and controls, and explored the correlation with mitophagy-related biomarkers. Additionally, using 
the connectivity MAP (cMAP) database, we identified potential small molecule compounds that may impact 
ISR based on differentially expressed genes (DEGs). Overall, the findings of this study may provide significant 
insights for the diagnosis, mechanistic understanding, and treatment of ISR.

Materials and methods
Data pretreatment
Figure  1 illustrates the workflow of this study. Two ISR-related datasets were downloaded from the GEO 
database: GSE46560, and GSE48060. All the two datasets were derived from Homo sapiens and sourced from 
whole blood samples. The platform for dataset GSE46560 was GPL15207 Affymetrix Human Gene Expression 
Array, containing 5 ISR samples and 6 controls. The platform for dataset GSE48060 was GPL570 Affymetrix 
Human Genome U133 Plus 2.0 Array, containing 5 ISR samples and 26 controls. The GSE46560, and GSE48060 
datasets were merged and batch-normalized using the R packages “sva”18 and “limma”19, resulting in a combined 
dataset comprising 10 ISR samples and 32 controls. Additionally, based on the handling of outlier samples in the 
WGCNA analysis described below, one outlier sample (GSM1167076) was removed from the combined dataset, 
resulting in a final combined dataset consisting of 10 ISR samples and 31 control samples. Detailed information 
about the datasets is provided in Supplementary Table S1.

We screened MRGs in the GeneCards database20 using the keyword “mitophagy” and retained only the 
protein-coding genes with a relevance score of ≥ 2. A total of 1,639 MRGs were identified.

Differential gene expression analysis
Subsequently, differential gene expression analysis between the ISR group and the control group in the combined 
dataset was conducted using the R package limma. The criteria for selecting DEGs were |log2 fold change 
(logFC)| > 0.5 and p-value < 0.05. The results of the DEGs were visualized using a volcano plot generated by the 
R package ggplot2. Differentially expressed mitophagy-related genes (DEMRGs) were obtained by intersecting 
DEGs with MRGs, and the results were displayed using Venn diagrams and heatmaps.

Gene ontology (GO) enrichment analysis
To explore the biological functions of DEMRGs, GO enrichment analysis was performed using the R 
package clusterProfiler21. This analysis aimed to reveal the significant enrichment of these genes in biological 
processes (BP), cellular components (CC), and molecular functions (MF). The selection criteria for terms were 
p-value < 0.05, with p-value correction performed using the Benjamini-Hochberg (BH) method.

WGCNA
To identify important modules genes in ISR, WGCNA was conducted using the R package WGCNA22. 
Initially, samples were clustered to remove outliers, and one outlier sample (GSM1167076) was removed. The 
correlation coefficient between any two genes was calculated. Then a scale-free co-expression network was built. 
A hierarchical clustering tree was constructed based on the correlation coefficients between genes. Different 
branches of the clustering tree represented different gene modules, with different colors denoting distinct 
modules. Module significance was subsequently calculated. The top 8000 genes with the highest median absolute 
deviation (MAD) of all genes in the combined dataset were included in the WGCNA. The minimum module 
gene number was set to 40, the optimal soft power was set to 9, and the module merging cut height was set to 
0.25. Modules with p-value < 0.05 were selected, and all genes within these modules were  identified as highly 
related to ISR. Common DEMRGs were obtained by intersecting these genes with DEMRGs.
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Hub gene identification
The Common DEMRGs were selected as candidate genes, and hub genes were identified using three machine 
learning algorithms: Logistic Regression with LASSO (Logistic-LASSO)23, SVM-RFE24, and RF25, based on 
the normalized expression levels of these genes. The objective of the machine learning feature selection was 
to identify key genes that distinguish between ISR and control groups. A portion of the combined dataset was 
selected as the training set, which included the expression levels of DEMRGs and the corresponding ISR/control 
group information. The remaining data were used as the test set to validate and evaluate the performance of the 
diagnostic prediction model we developed. The division of the training and test sets was performed randomly, 
ensuring that both sets were representative and balanced, in order to maintain the accuracy and robustness 
of the model. Logistic-LASSO was performed to reduce model overfitting by adding a penalty term. This was 
implemented using the glmnet26 package with parameters set as set.seed (1) and family = “binomial”. The L1 
penalty for LASSO was selected based on the cross-validation results that minimized the classification error. 
SVM-RFE is an efficient feature selection technique. The e1071 package27 was used to determine the number 
of genes with the highest accuracy and lowest error rate. RF is an algorithm that integrates multiple decision 
trees through ensemble learning, commonly used for classification problems. It was implemented using the 
randomForest package. The criterion for feature importance was IncNodePurity > 0.5, and this value was selected 
to retain features that contributed the most to classification accuracy. Cross-validation (10-fold or 5-fold) was 
performed to optimize the hyperparameters of each machine learning model. The genes identified by these three 
algorithms were overlapped and visualized using Venn diagrams to select the hub genes. The chromosomal 
locations of the hub genes were mapped using the RCircos package28.

Construction and evaluation of nomogram
First, the diagnostic efficiency of the hub genes was assessed by plotting ROC curves and calculating the area 
under the curve (AUC) using the pROC package. An AUC > 0.7 was considered indicative of high diagnostic 
performance. Based on the expression levels of the hub genes in the combined dataset, a nomogram was 
constructed using the rms package in R. The nomogram model evaluates the relationships between variables 
in the predictive model. Subsequently, the diagnostic efficacy, predictive ability, and clinical net benefit at 
different risk thresholds of the nomogram were assessed using ROC curves, calibration curves, and DCA plot, 
respectively, created with the pROC, rms, and ggDCA packages.

Figure 1.  The flowchart of the study. DEGs, differentially expressed genes; MRGs, mitophagy-related genes; 
cMAP, connectivity Map; DEMRGs, differentially expressed mitophagy-related genes; GO, Gene Ontology; 
WGCNA, weighted correlation network analysis; LASSO, least absolute shrinkage and selection operator; 
SVM, Support Vector Machine; GSEA, Gene Set Enrichment Analysis; ssGSEA, single sample Gene Set 
Enrichment Analysis.
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Gene set enrichment analysis (GSEA)
To further investigate the potential roles of the hub genes, GSEA was performed using the clusterProfiler package. 
Samples were divided into high-expression and low-expression groups based on the median expression levels 
of the hub genes, and GSEA was conducted on the differentially expressed genes. The reference gene set used 
was " h.all.v2023.2.Hs.symbols.gmt”. The parameters were set to a minimum of 10 and a maximum of 500 genes, 
with p-value correction performed using the BH method. Pathways were considered significantly enriched if the 
adjusted p-value (P.adj) < 0.05 and the false discovery rate (FDR, q.value) < 0.05.

Immune infiltration analysis
ssGSEA was used to analyze differences in immune cell infiltration between the ISR and control groups. The 
results were visualized using boxplots created with the ggplot2 package. Subsequently, the correlations between 
different immune cells and the hub genes were calculated using the Spearman algorithm, and these relationships 
were visualized using correlation heatmaps and lollipop charts.

Identification of small molecular therapeutic compounds
The connectivity MAP (cMap, https://clue.io/) database29 was utilized to screen and identify small molecules 
associated with ISR. To identify candidate small molecule compounds, the DEGs were introduced into the 
cMAP database for gene set enrichment analysis. The top six compounds with highest negative scores were 
selected as potential therapeutic agents for ISR.

Statistical analysis
All statistical analyses were conducted using R software (version 4.3.3). Comparisons between two groups of 
continuous variables following a normal distribution were performed using the student t-test, while comparisons 
of non-normally distributed variables were conducted using the Wilcoxon rank-sum test. Unless otherwise 
specified, Spearman correlation analysis was used to calculate correlation coefficients between different variables. 
All statistical p-values were two-sided, with p-value < 0.05 considered statistically significant.

Results
Data pretreatment
We downloaded two datasets (GSE46560, and GSE48060) from the GEO database and merged them. Batch 
effects were removed using the combat function from the sva package, followed by normalization with the 
normalizeBetweenArrays function from the limma package. The results showed significant batch effects between 
different datasets in the combined dataset before normalization, leading to dispersed distribution in principal 
component analysis (PCA) diagram (Fig. 2A-B). After normalization, batch effects between different datasets 
were significantly reduced, and the expression distribution of samples became more consistent (Fig. 2C-D). This 
normalization enabled the combined dataset to be used for subsequent integrated analyses.

Identification of DEMRGs
Through differential gene expression analysis between ISR and Control samples in the combined dataset, 169 
DEGs were identified, with 31 upregulated and 138 downregulated in ISR (Fig. 3A). By intersecting these 169 
DEGs with the 1639 MRGs, 23 DEMRGs (with 9 genes upregulated and 14 genes downregulated) were obtained 
(Fig.  3B): GPS1, PPM1G, LRRK2, XIAP, ANKRD13A, SND1, CKB, HSPA6, HSDL2, PPP3CA, LAMP2, 
POLD1, PRKAR1A, KIAA0232, OSBPL11, AMFR, DNAJC3, PKN2, PARK7, TOMM40, SLC12A6, STAM2, 
and RPL36. The detailed parameters of these genes were presented in Supplementary Table S2. These genes may 
play significant roles in the development and progression of ISR. The expression profiles of these genes across 
different samples are shown in the heatmap (Fig. 3C).

GO enrichment analysis
To analyze the biological functions of these 23 DEMRGs, GO enrichment analysis was performed. The 
results showed significant enrichment in several categories. In BP, the DEMRGs were notably enriched in 
phosphorylation, negative regulation of gene expression and negative regulation of endoplasmic reticulum 
stress-induced intrinsic apoptotic signaling pathway. In CC, significant enrichments were found in membrane, 
cytosol, cytoplasm, autolysosome and perinuclear region of cytoplasm. In MF, the DEMRGs were significantly 
enriched in ubiquitin protein ligase binding, kinase activity, ubiquitin-specific protease binding and enzyme 
binding. Detailed pathway information is provided in Supplementary Table S3. The results were presented in 
a bar plot (Fig. 4A). As expected, many of these terms are directly or indirectly involved in the regulation of 
mitophagy. Additionally, the relationships between the genes and their significantly enriched BP and MF terms 
were illustrated using chord diagrams (Fig. 4B-C).

WGCNA
To identify gene modules highly associated with ISR, WGCNA was performed on the combined dataset. By 
setting the scale-free R^2 to 0.85, the optimal soft power was determined to be 9, ensuring the network’s scale-
free topology and high gene connectivity (Fig. 5A). A total of 11 modules were identified (Fig. 5B). Module-trait 
correlation analysis revealed that the brown module was significantly positively correlated with ISR (Fig. 5C), 
suggesting that genes within this module may play critical roles in ISR pathogenesis. By intersecting the genes 
within the brown module with the DEMRGs, 13 Common DEMRGs were identified (Fig. 5D). These genes—
ANKRD13A, DNAJC3, HSDL2, HSPA6, KIAA0232, LAMP2, LRRK2, OSBPL11, PKN2, PPP3CA, PRKAR1A, 
SLC12A6 and STAM2 —were all significantly downregulated in the ISR group compared to the control group 
(all p-value < 0.05, Fig. 5E).
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Hub genes identification
To further identify the feature genes in ISR, three machine learning algorithms were employed. Based on the 
normalized gene expression levels of these 13 common DEMRGs in the combined dataset, a Logistic-LASSO 
model was constructed (Fig. 6A-B), which identified 4 non-zero coefficient genes: LRRK2, ANKRD13A, HSPA6 
and PPP3CA. The Random Forest algorithm was applied next, using IncNodePurity > 0.5 as the selection 
criterion, and 8 Common DEMRGs were identified as feature genes: ANKRD13A, PRKAR1A, OSBPL11, 
DNAJC3, LRRK2, LAMP2, SLC12A6 and HSDL2 (Fig.  6C-D). Subsequently, the SVM-RFE algorithm was 
employed to minimize classification error and maximize accuracy, resulting in the inclusion of 3 common 
DEMRGs: ANKRD13A, PKN2 and LRRK2 (Fig. 6E-F). Traditional classification metrics for each model such 
as accuracy, precision, recall, and F1 score were included in the Supplementary Table S4. The intersection of the 
genes identified by these three algorithms, as illustrated by the Venn diagram, ultimately highlighted LRRK2 and 
ANKRD13A as the feature hub genes for ISR (Fig. 6G). Additionally, the chromosomal locations of these two 
hub genes were mapped (Fig. 6H).

Construction and evaluation of nomogram
First, the biomarker potential of the hub genes LRRK2 and ANKRD13A was assessed by plotting ROC curves. 
The results showed that LRRK2 had an AUC of 0.787 (Fig. 7A), and ANKRD13 had an AUC of 0.755 (Fig. 7B), 
indicating good diagnostic performance for these genes in ISR. Subsequently, a nomogram model was constructed 
based on the expression of LRRK2 and ANKRD13A (Fig. 7C). The model assigns a score to each gene, calculates 
the total score, and predicts the risk of ISR. The ROC curve of the nomogram model demonstrated an AUC of 
0.787, suggesting excellent diagnostic efficiency (Fig. 7D). The calibration curve indicated a high concordance 
between the predicted probabilities and actual outcomes (Fig. 7E). The DCA plot showed a high clinical net 
benefit across different risk thresholds (Fig. 7F). These findings suggest that the model has strong predictive 
power and that the two diagnostic biomarkers play crucial roles in ISR development.

Figure 2.  Data pretreatment. (A) Boxplot illustrating the distribution of gene expression levels in combined 
dataset before batch effect correction and normalization. (B) PCA plot before batch effect correction and 
normalization. (C) Boxplot showing the normalized gene expression levels after batch effect correction of 
combined dataset. (D) PCA plot after batch effect correction and normalization. PCA, Principal component 
analysis.

 

Scientific Reports |        (2024) 14:24137 5| https://doi.org/10.1038/s41598-024-74862-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Single-gene GSEA of hub genes
To investigate the potential mechanisms of the two biomarkers in ISR, GSEA was conducted. LRRK2 was 
predominantly associated with Heme Metabolism, Interferon Alpha Response, Interferon Gamma Response, 
Myc Targets V1 and TNF-α Signaling Via NF-κB (Fig. 8A). ANKRD13A was primarily linked to Androgen 
Response, E2F Targets, Heme Metabolism, Myc Targets V1 and Protein Secretion (Fig. 8B). A comprehensive 
list of pathways related to these genes is provided in Supplementary Table S5. Notably, all of these pathways are 
directly or indirectly involved in immune and inflammatory processes.

Analysis of immune cell infiltration and its correlation with hub genes
To further explore the landscape of immune cell infiltration in ISR and its correlation with Hub genes, we 
conducted a comprehensive investigation using the ssGSEA algorithm to assess the abundance of immune 
cell types across different groups. The results revealed significant differences in the abundance of CD56dim 
natural killer cells, Neutrophils and Plasmacytoid dendritic cell between ISR and control groups, suggesting 
their potential roles in the pathogenesis of ISR (Fig. 9A). A correlation heatmap unveiled complex interactions 
among immune cell types (Fig. 9B). Strong correlations were observed among specific cell types such as activated 
CD4 T cell and central memory CD4 T cell. Analysis of the direct correlations between the expression of the 
two hub genes in ISR samples and various immune cells highlighted intriguing correlations. The lollipop charts 
prominently displayed the relationships between immune cell types and Hub genes (Fig. 9C-D).

Figure 3.  Identification of DEMRGs. (A) Volcano plot of DEGs. Red and blue dots represent significantly 
upregulated and downregulated genes, respectively. (B) Venn diagram showing the overlap between DEGs and 
MRGs. (C) Heatmap of DEMRGs with hierarchical clustering. DEGs, differentially expressed genes; MRGs, 
mitophagy-related genes; DEMRGs, differentially expressed mitophagy-related genes.

 

Scientific Reports |        (2024) 14:24137 6| https://doi.org/10.1038/s41598-024-74862-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Identification of small molecular therapeutic compounds
To predict small molecule compounds capable of reversing gene expression changes in ISR, DEGs from ISR 
and control groups were input into the cMAP database. Varenicline, calyculin, cobalt(II)-chloride, genipin, 
bimatoprost and phorbol-12-myristate-13-acetate (PMA) emerged as the top six compounds with the highest 

Figure 4.  GO Enrichment Analysis. (A) The bar chart shows the significant enrichment of DEMRGs in 
GO terms. (B) The chord diagram illustrates the relationships between DEMRGs and significantly enriched 
BP terms. (C) The chord diagram illustrates the relationships between DEMRGs and significantly enriched 
MF terms. GO, Gene Ontology; DEMRGs, differentially expressed mitophagy-related genes; MF, Molecular 
Function; BP, Biological Process.
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negative scores. Table 1 provides details on these compounds including their name, characterization, and the 
potential mechanisms of ISR modulation.

Discussion
Coronary ISR is a common complication following coronary artery intervention, characterized by complex 
mechanisms involving various cellular and molecular processes that are not fully understood35. Mitophagy, a 
selective autophagic process responsible for mitochondrial degradation, plays a critical role in mitochondrial 

Figure 5.  WGCNA. (A) The curves for the scale-free topology model fit index (left) and mean connectivity 
(right) change with different soft threshold values. (B) The gene clustering dendrogram shows different 
gene modules in distinct colors. (C) The heatmap shows the correlation and significance levels between 
gene modules and the ISR phenotype. (D) Venn diagram of DEGs and brown module genes. (E) Boxplot of 
expression levels for Common DEMRGs genes in the ISR and control groups. WGCNA, weighted correlation 
network analysis; ISR, in-stent restenosis. * p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001.
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Figure 6.  Hub Genes Identification. (A) The Logistic-LASSO model shows the change in regression 
coefficients across different λ values. (B) Cross-validation determines the optimal λ value for the Logistic-
LASSO model. (C) The error curve of the random forest model across different numbers of trees. (D) The 
importance scores of genes in the random forest model (IncNodePurity). (E) The classification error of 
the SVM-RFE method with different numbers of features. (F) The classification accuracy of the SVM-RFE 
method with different numbers of features. (G) The Venn diagram shows the overlap of feature genes selected 
by Logistic-LASSO, Random Forest, and SVM-RFE methods. (H) Chromosomal localization plots for Hub 
MRGs. Logistic-LASSO: Logistic Regression with Least Absolute Shrinkage and Selection Operator; SVM, 
Support Vector Machine; MRGs, mitophagy-related genes.
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quality control and cellular homeostasis maintenance8. Recent studies have linked mitochondrial dysfunction to 
several cardiovascular diseases, including myocardial infarction and heart failure, etc36. However, the expression 
profile and potential biological functions of MRGs in ISR remain unclear. In this study, we identified two 
diagnostic biomarkers for ISR: LRRK2, and ANKRD13A. By combining MRGs with DEGs and using WGCNA 
and machine learning algorithms, we successfully identified these biomarkers. Based on these two hub genes, 

Figure 7.  Construction and Evaluation of Nomogram. (A-B) ROC curves for LRRK2, and ANKRD13A. (C) 
The nomogram model, based on LRRK2, and ANKRD13A genes, predicts the risk score for ISR. (D) ROC 
curve for the nomogram model. (E) The calibration curve for the nomogram model shows the consistency 
between predicted probabilities and actual outcomes. (F) The decision curve analysis of the nomogram model 
evaluates the clinical net benefit at different risk thresholds. ROC, Receiver Operating Characteristic; ISR, in-
stent restenosis.
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we constructed a nomogram model with strong diagnostic performance and analyzed their potential biological 
functions and correlations with immune cell infiltration. Additionally, we identified six small molecule 
compounds that may influence ISR progression.

Previous research on the mechanisms of ISR has primarily focused on traditional pathways such as vascular 
smooth muscle cell proliferation and inflammation. Our study reveals the critical role of mitophagy in ISR. 

Figure 8.  GSEA for hub genes. GSEA analysis for LRRK2 (A) and ANKRD13A (B) in ISR. GSEA, gene set 
enrichment analysis; ISR, in-stent restenosis.
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Figure 9.  Immune Cell Infiltration Analysis. (A) Boxplot of relative abundance of immune cell types in ISR 
and control groups. ns, p-value ≥ 0.05; * p-value < 0.05; ** p-value < 0.01. (B) Heatmap of correlations between 
immune cell types. (C) Lollipop charts for the correlation between various immune cell types and LRRK2. 
(D) Lollipop charts for the correlation between various immune cell types and ANKRD13A. ISR, in-stent 
restenosis.
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Mitophagy is a specialized form of autophagy that involves the processes of mitochondrial damage recognition, 
ubiquitination and sequestration, autophagosome maturation, and degradation37–39. Mitophagy is regulated by 
various pathways, such as the PINK1-Parkin pathway, which identifies damaged mitochondria, and mitophagy 
receptors like FUNDC1, BNIP3, NIX, and BCL2L13, which facilitate the recognition and binding of the 
autophagy-promoting complex to damaged mitochondria40. Our GO enrichment analysis showed that DEMRGs 
were significantly enriched in biological processes including ubiquitin protein ligase binding, ubiquitin-specific 
protease binding, enzyme binding and phosphorylation. These processes are involved in regulating different 
stages of mitophagy40–42, suggesting that DEMRGs might influence ISR development through multiple pathways. 
This finding provides a direction for further investigation into the biological mechanisms of mitophagy in ISR.

Classical machine learning methods such as Logistic-LASSO, SVM-RFE, and RF are widely applied and 
perform well in biomedical data analysis43,44. By integrating these three machine learning algorithms with 
WGCNA, we identified LRRK2, and ANKRD13A as hub MRGs that may serve as potential diagnostic biomarkers 
for ISR. These two genes exhibited significant expression differences between the ISR and control groups, with 
ROC curve demonstrating good diagnostic performance. Furthermore, the nomogram based on these two genes 
showed high predictive accuracy, further confirming their potential as diagnostic markers for ISR. Significant 
progress has been made in the study of circulating mRNA as diagnostic biomarkers, offering advantages such 
as non-invasiveness, easy sample collection, and high reproducibility. These have led to preliminary clinical 
applications in various tumor and non-tumor diseases45–48. With advances in technology, the cost of mRNA 
analysis has significantly decreased and is becoming more affordable, with further reductions expected in the 
future49. LRRK2 and ANKRD13A, as diagnostic biomarkers for ISR, are poised for broader clinical application.

The expressions of LRRK2, and ANKRD13A were significantly downregulated in ISR, suggesting their 
potential inhibitory roles in its pathogenesis. LRRK2 (Leucine-Rich Repeat Kinase 2) is a serine/threonine 
kinase involved in cellular signal transduction, cell cycle regulation, and apoptosis, with gene mutations closely 
linked to neurodegenerative diseases like Parkinson’s disease50. The role of LRRK2 in cellular signaling and 
autophagy has been extensively studied. LRRK2 regulates mitophagy by phosphorylating substrate proteins, 
influencing autophagosome formation and mitochondrial degradation51. Liu et al. suggested that LRRK2 
deficiency prevents cardiac remodeling under pressure overload by enhancing autophagy levels regulated by 
Bcl-2/beclin1 and Rab752, and protects mouse hearts from myocardial infarction damage via the P53/HMGB1 
pathway53. This contrasts with our hypothesis of LRRK2’s protective role, indicating a need for experimental 
validation of LRRK2’s specific role and mechanisms in ISR.

ANKRD13A (ankyrin repeat domain 13a), is a ubiquitin-binding protein, specifically recognizing Lys-63-
linked polyubiquitin chain in protein54. It is well known that ubiquitination is a key regulatory step in mitophagy. 
Lys63-linked polyubiquitin chains play a critical role in PINK1/Parkin-mediated mitophagy55. However, no 
direct studies have yet linked ANKRD13A to mitophagy. Additionally, research directly examining the role 
of ANKRD13A in cardiovascular diseases is extremely limited. Other members of the ANKRD family, such 
as ANKRD1 (also known as cardiac ankyrin repeat protein), have been extensively studied and shown to play 
significant roles in cardiovascular diseases56. This study reveals a correlation between ANKRD13A and ISR, 
suggesting a potential role for ANKRD13A in the pathological process of ISR.

Mitophagy plays a crucial role in the inflammatory response57. Damaged mitochondria release mitochondrial 
DNA (mtDNA) and reactive oxygen species (ROS), both of which can trigger inflammation57. By clearing damaged 
mitochondria, mitophagy serves to mitigate excessive inflammation and maintain cellular homeostasis58. In this 
study, single-gene GSEA analysis revealed that the two hub MRGs (LRRK2, and ANKRD13A) are associated 
with multiple inflammatory pathways, further underscoring the interplay between mitophagy and inflammation. 
For example, LRRK2’s role in TNF-α signaling through NF-κB suggests it may influence chronic inflammatory 
responses, a key contributor to ISR progression59,60. Similarly, ANKRD13A’s association with E2F targets 
implicates it in vascular smooth muscle cell proliferation and migration, processes essential for neointimal 
hyperplasia in ISR61,62. These findings suggest that inflammatory responses play critical roles in ISR development, 
consistent with previous reports63. Moreover, immune cell infiltration analysis revealed significant differences in 
the abundance of CD56dim natural killer cells, Neutrophils and Plasmacytoid dendritic cells between ISR and 
control groups. A strong correlation was observed between hub genes and various immune cells, indicating that 
these hub genes may regulate ISR through a complex interaction between mitophagy, immune response, and 
inflammation. These findings collectively highlight the critical role of inflammatory and immune pathways in 
ISR pathogenesis, providing potential avenues for early diagnosis and therapeutic intervention.

Additionally, through cMAP database, six small molecule compounds were predicted to potentially reverse 
the gene expression changes in ISR: Varenicline, calyculin, cobalt(II)-chloride, genipin, bimatoprost and 

Name Score Description Potential ISR Modulation

Varenicline -99.86 Acetylcholine receptor agonist Effects on broad cardiovascular health 30

Calyculin -99.75 Protein phosphatase inhibitor VSMCs proliferation and migration64

Cobalt(II)-Chloride -99.58 HSP inducer Vascular remodeling 31

Genipin -99.47 Choleretic agent Vascular remodeling 32

Bimatoprost -99.05 Prostanoid receptor agonist Influence on blood flow 33

Phorbol-12-myristate-13-acetate (PMA) -98.8 PKC activator VSMCs proliferation and migration 34

Table 1.  Top six small molecules with the highest negative score identified with DEGs. DEGs, differentially 
expressed genes.
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phorbol-12-myristate-13-acetate (PMA). The regulatory effects of these small molecules on ISR require further 
experimental validation. Varenicline, primarily used as a smoking cessation aid, could potentially mitigate 
cardiovascular risks associated with smoking, offering clinical benefits in ISR patients who smoke30. Bimatoprost, 
a prostaglandin analog, currently treats glaucoma and might influence blood flow velocity33. Cobalt(II)-chloride 
and genipin have been shown to affect vascular remodeling in different disease contexts31,32, suggesting they 
might also regulate ISR through similar mechanisms. Calyculin and phorbol-12-myristate-13-acetate, both 
protease modulators, have demonstrated clear regulatory effects on VSMCs proliferation and migration, which 
are crucial in ISR development34,64. These small molecules, especially those with known effects on vascular 
biology, present promising therapeutic avenues for ISR. Future research should focus on experimentally 
validating their regulatory roles and mechanisms in ISR, potentially leading to their incorporation into clinical 
treatment protocols. By integrating these compounds into experimental designs, researchers can explore their 
potential to not only mitigate ISR progression but also improve patient outcomes post-PCI.

We acknowledge several limitations in our study. First, our analysis relied on publicly available gene expression 
data and lacked validation with additional clinical samples, which limits the identified biomarkers and potential 
mechanisms to a preliminary exploratory stage. Second, although differential RNA expression was identified, 
this does not necessarily reflect changes at the protein level, which is crucial for functional impact. Protein-level 
validation, such as proteomics or Western blot analysis, would be essential to confirm the biological significance 
of the identified hub genes. Third, the diagnostic biomarkers and potential therapeutic targets identified here still 
require extensive experimental research to validate their functions and roles. Lastly, the relatively small sample 
size in this study may introduce some bias, limiting the generalizability of our findings.

Conclusions
This study identified two mitophagy-related biomarkers (LRRK2, and ANKRD13A) for ISR using integrated 
bioinformatics analyses. Based on these hub genes, a nomogram demonstrated excellent diagnostic efficacy 
was constructed. Their potential biological functions and associations with immune cell infiltration were also 
provided. Additionally, six small molecule compounds with potential effects on ISR progression were identified. 
To our knowledge, this study is the first to systematically reveal the expression profile and potential biological 
functions of MRGs in ISR. These findings offer new perspectives for the early diagnosis and precise treatment of 
ISR, and lay a foundation for further exploration of the pathophysiological processes of ISR and the development 
of novel therapeutic strategies. Future research should focus on validating the diagnostic potential of LRRK2 and 
ANKRD13A through clinical samples, investigating their functional roles in ISR development, and exploring the 
efficacy of the identified small-molecule compounds in mitigating ISR progression. These studies will be crucial 
in translating bioinformatics findings into clinical applications, potentially leading to the development of more 
effective treatments for ISR.

Data availability
The datasets used for analysis in this study (GSE46560, and GSE48060) were derived from the GEO database 
(https://www.ncbi.nlm.nih.gov/geo/). The codes presented in the study are publicly available. This data can be 
found here: https://github.com/yeyue0077/bioinformatics.
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