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Background: Ischemic cardiomyopathy (ICM) significantly contributes to global disease burden, while the role of ferroptosis in ICM
remains underexplored.

Methods: We identified differentially expressed ferroptosis-related genes (DEFRGs) by analyzing the GSE57338 dataset and cross-
referencing with FerrDb. Consensus clustering was then used to identify ferroptosis-associated clusters within the ICM samples.
A ferroptosis-specific predictive signature was developed using the least absolute shrinkage and selection operator (LASSO) method
and validated with the GSE5406 dataset. Additionally, quantitative real-time PCR (qQRT-PCR) experiments were performed to validate
the 11 feature genes in a rat ICM model.

Results: We identified 15 DEFRGs in GSE57338, which distinguished two patient clusters with distinct ferroptosis gene expression,
pathway enrichment profiles, and metabolic characteristics. All DEFRGs were upregulated in cluster 2. Potential therapeutic targets
were also identified for different ICM patient clusters. The 11-gene predictive signature (TXNRD1, STEAP3, STAT3, SCL2A1,
PLIN2, NQO1, NNMT, IL33, ENPP2, ARRDC3, ALOXS) showed robust predictive power in both training and validation sets. High-
risk patients exhibited increased infiltration of CD8+ T cells, CD4+ naive T cells, MO/M1 macrophages, and resting mast cells, along
with significant enrichment in epithelial mesenchymal transition and interferon responses. Low-risk patients had higher infiltration of
regulatory T cells and monocytes. Results of qPCR analysis confirmed the bioinformatic analysis, validating the expression of the 11
feature genes in the rat ICM model.

Conclusion: We identified two ferroptosis-related clusters in ICM patients and developed a predictive signature based on ferroptosis-
related genes. Our findings highlight the importance of ferroptosis in ICM and offer new insights for its diagnosis and treatment.
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Introduction
Heart disease is the leading cause of death worldwide. Ischemic cardiomyopathy (ICM), primarily attributed to coronary
artery disease, stands as the most prevalent form of heart disease.' Recent advancements in the management of cardiovascular
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risk factors and acute coronary syndromes have led to improved survival rates among patients with coronary artery disease.
Nevertheless, this has also resulted in a substantial number of individuals, specifically 15.5 million patients in the United
States, being affected by ICM. Ischemic cardiomyopathy (ICM) is a disease characterized by high risk and fatality, exhibiting
a mortality rate of approximately 62.5% after a follow-up period of 9.8 years, despite the implementation of guideline-directed
optimal medical therapy.” The depletion of terminally differentiated, fully functional cardiomyocytes plays a pivotal role in the
progression of this cardiomyopathy, which is associated with a grim prognosis. Extensive research has been conducted to
investigate the intricate involvement of various forms of regulated cell death including apoptosis, necroptosis, pyroptosis, and
autophagy in the pathogenesis of ischemic cardiomyopathy.® Nevertheless, the role of ferroptosis in ischemic cardiomyopathy
is underrecognized, and its importance is underestimated, requiring further exploration.

Ferroptosis is a newly identified iron-dependent regulated cell death that can be provoked by iron overload. Trivalent iron
produced by the Fenton reaction initiates lipoxygenase, or the inhibition of System x- by extracellular glutamate overload
inhibits GPX4, ultimately leading to the failure of lipid peroxidation inhibition.* Recent studies provide evidence for the
significant role of ferroptosis in both the ischemic and reperfusion stages of myocardial injury.>® Iron, possessing redox
properties that contribute to the generation of free radicals, serves as a crucial molecular and metabolic catalyst for ferroptosis.
Iron deposition in the peri-infarct myocardium of STEMI patients is a risk factor for post-infarction inflammatory response
and adverse left ventricular remodeling. Currently, the most effective approach to address ischemic injury of the myocardium
involves restoring blood flow, a process commonly referred to as reperfusion. However, it is worth noting that reperfusion
itself can give rise to ischemia/reperfusion injury, which contributes to approximately 50% of the final myocardial infarct
area.” During ischemia and the initial stages of reperfusion, there is an elevation in iron deposition and reactive oxygen species
(ROS) within cardiomyocytes located in close proximity to the infarcted region. This indicates that ferroptosis takes
a significant part in the loss of cardiomyocytes during this process. Ferroptosis inhibitors, such as ferrostatin-1 and iron
chelation, ameliorate heart failure induced by acute and chronic I/R in mice.®

As previously discussed, due to the substantial influence of ferroptosis in different phases of myocardial ischemia, the
manipulation of ferroptosis process has the potential to function as a comprehensive approach for hindering or slowing
down the initiation and advancement of ischemic cardiomyopathy (ICM).

The objective of this study was to delineate distinct functional clusters in patients diagnosed with ischemic cardiomyo-
pathy (ICM) and to establish a predictive signature through an extensive analysis of ferroptosis-related genes (FRGs). We
conducted a comprehensive examination of differentially expressed FRGs (DEFRGs) in ICM patients utilizing both FerrDb
and GEO databases. By utilizing consensus clustering analysis based on DEFRGs, we successfully categorized ICM patients
into two distinct clusters with unique molecular profiles. Furthermore, we developed a robust predictive model for ICM using
DEFRGs, which was subsequently validated externally. Noteworthy is the fact that this study represents the first instance of
patient classification and predictive signature construction for ICM based on FRG expression profiles.

Materials and Methods

Data Acquisition and Differential Expression Analysis
Datasets from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo) that contain human

ICM and controlled myocardial sample expression profiles were retrieved. The two largest datasets, GSE57338 and
GSES5406, were selected as the training and validation sets, respectively, with GSE57338 encompassing 95 ICM and 136
control samples, and GSE5406 comprising 108 ICM and 16 control samples.”'° Gene probes were converted into gene
symbols based on annotation data from GPL11532 and GPL96, respectively.

CEL files for GSE57338 were obtained from the GEO database and then subjected to background correction,
quantile normalization, and summarization using the robust multi-chip average (RMA) function in the oligo
package.'' Batch effects between samples were corrected using the Combat function in the SVA package, and the
correction results were verified using principal component analysis.'> The limma algorithm was employed to
analyze differentially expressed genes (DEGs) with | log(fold change) | > 0.5 and FDR-adjusted p < 0.05."°
A total of 259 FRGs, including drivers, suppressors, and markers, were sourced from the FerrDb database, which

6798 e Journal of Inflammation Research 2024:17

Dove!


http://www.ncbi.nlm.nih.gov/geo
https://www.dovepress.com
https://www.dovepress.com

Dove Guo et al

is the world’s first comprehensive repository dedicated to FRGs.'* DEFRGs were defined as the intersection between
DEGs and FRGs.

Functional Enrichment Analysis

We used the “clusterProfiler” R package to conduct functional enrichment analyses of Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) to elucidate the functions of DEFRGs.'> GO enrichment analysis of the
DEFRGs was carried out to identify and categorize enriched biological processes (BP), cellular components (CC), and
molecular functions (MF). Prediction of involved signaling pathways was carried out using KEGG enrichment analysis.
Determination of significance for enrichment was based on a P-value < 0.05. Scatter plots and chord diagrams were
accomplished using the ggplot2 package (version 3.3.6) in the R software.

Construction of Transcription Factor Network and LncRNA-miRNA-mRNA Network
The downstream targets or upstream regulatory factors in DEFRG, along with their regulatory directions, were obtained
from the TRRUST database. The visualization of the regulatory network was accomplished using Cytoscape software
(version 3.9.1). The ceRNA regulatory network can unveil the crosstalk between protein-coding transcripts and
non-coding transcripts, revealing novel therapeutic targets. Based on DEFRG, miRNAs of DEFRG were selected
using the miRtarBase, miRDB, and StarBase databases. The intersection of predictions from these three databases
served as potential candidate miRNAs. Furthermore, candidate miRNAs were intersected with data from the StarBase
and LncACTdb databases to filter potential candidate IncRNAs. Finally, the IncRNA-miRNA-mRNA regulatory network
was constructed.

Consensus Clustering Analysis

Firstly, we extracted the DEFRGs from the transcriptome data of GSE57338. Subsequently, we performed consensus
clustering analysis using the ConsensusClusterPlus package in R. The analysis involved 1000 repetitions with the
Euclidean distance metric and the PAM (Partitioning Around Medoids) clustering algorithm. To determine the
optimal number of clusters, we meticulously examined the Cumulative Distribution Function (CDF) curve generated
by ConsensusClusterPlus, aiming to identify the most suitable grouping for disease samples. Next, we applied the
clustering results to the samples, segregating them into distinct groups. To further validate the clustering effective-
ness, we conducted Principal Component Analysis (PCA) on the sample data for dimensionality reduction. We then
created a scatter plot to visually demonstrate the consistency of the clustering results. This analytical approach
allowed us to identify sample groups with similar expression patterns of DEFRG in ICM samples. Following this,
we categorized the samples based on clusters and subsequently analyzed the differential expression of FRGs
between these clusters. We set the threshold criteria as a log2-fold change greater than 0.5 and an adjusted
p-value less than 0.05. We generated a differential expression heatmap for the FRGs, providing a visual representa-
tion of their expression patterns across clusters. Additionally, we created box plots to further illustrate the
distribution of FRG expression levels within each cluster. This comprehensive analysis allowed us to discern
significant expression differences among the clusters, shedding light on potential molecular mechanisms underlying

this phenomenon.

Differential Gene Expression and Enrichment Analysis Between Clusters

To assess the correlation between clusters and specific biological processes, we conducted differential gene expression
analysis by utilizing the R package limma with threshold [log2FC| > 0.5 and adjusted p < 0.05. Subsequently, an
interaction network of GO terms and KEGG terms was constructed using the Cytoscape ClueGO plugin. To evaluate the
metabolic characteristics between ferroptosis subtypes, the R package GSVA was utilized to evaluate enrichment scores
for metabolism-related biological processes or pathways.
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Construction and Verification of Predictive Signature for ICM

Based on the DEFRGs between disease and normal samples, the ICM predictive signature was constructed using the least
absolute shrinkage and selection operator (LASSO) regression analysis implemented in the “glmnet” package. The risk
score of the ICM predictive signature was calculated based on the coefficients (B) as follows:

Risk Score = i Pi x yi
i=0

The risk score for each sample was computed, and all samples were stratified into high-risk and low-risk groups based
on the median risk score. Differential expression of DEFRGs between high- and low-risk groups was compared and
visualized using a heatmap. Receiver Operating Characteristic (ROC) curves were generated based on the risk scores of
patients in the GSE57338 dataset, and the area under the curve (AUC) was calculated to evaluate predictive performance.
To further validate the robustness of the model, the GSE5406 dataset was employed for external validation, assessing the
model’s ability to discriminate between normal and ICM patients based on risk scores.

Differential Gene Expression and GSEA Enrichment Analysis Between High- and
Low-Risk Subgroups

Differential gene expression analysis between high- and low-risk groups, including ferroptosis-related genes, was
conducted using the “limma” package with threshold [log2FC| > 0.5 and adj.p < 0.05. Subsequently, GSEA (Gene Set
Enrichment Analysis) was employed to investigate the distinct biological processes and signaling pathways between
these groups. The results were visualized using either the “gseaplot2” package or the GSEA software.

Estimation of Immune Infiltration

CIBERSORT facilitates the estimation of immune cell infiltrations, providing a valuable means to comprehensively assess the
cellular composition of complex tissues. This method has been validated through in silico simulations and cytometry
immunophenotyping. In our study, CIBERSORT was applied to the dataset to estimate the proportions of infiltrated cells.
Subsequently, we conducted an analysis to discern differences in infiltrated cells between high-risk and low-risk groups.
Notably, cells exhibiting a p-value < 0.05 were considered statistically significant in our investigation.

Rat ICM Model Establishment and Validation

In accordance with NIH Guidelines for the Care and Use of Experimental Animals, all animal studies were approved by
Fuwai Hospital’s Experimental Animal Ethics Committee. Animals were randomly assigned to two groups: the Sham group
and the ICM group. Anesthesia was induced by injecting pentobarbital sodium (50 mg/kg) intraperitoneally into male SD
rats weighing 200-220 g before surgery. As previously mentioned, the left anterior descending coronary artery was ligated
to induce ICM."'® Sham rats underwent identical procedures except they were not ligated at the left anterior descending
coronary artery. Postoperative analgesia was provided with ibuprofen for a week following the surgery.'”

The Vevo 2200 system was used to perform transthoracic two-dimensional M-mode echocardiography to evaluate
cardiac function at the baseline (3 days after MI) and at endpoint (8 weeks after MI). Left ventricular wall thickness and
left ventricular inner diameter were measured in systole and diastole. Left ventricular ejection fraction (LVEF), fractional
shortening (FS), left ventricular end-diastolic volume (LVEDV), and left ventricular end-systolic volume (LVESV) at
baseline and endpoint were calculated. Rats with left ventricular ejection fraction (LVEF) above 60% at 3 days after AMI
were excluded from the study.

Histological Analysis

After endpoint echocardiography measurements were recorded, animals were anesthetized with isoflurane for heart
harvesting. After 48 hours of fixing in 4% paraformaldehyde, the hearts were embedded in paraffin, and serially cut into
5 um-thick sections. Infarct size and collagen area in left ventricle was quantified using Masson’s Trichrome stain and
Sirius Red stain.
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Quantitative Real-Time-Polymerase Chain Reaction (qQRT-PCR)

Trizol reagent (Life Technologies) was utilized to extract total RNA from heart tissues. Reverse transcription of mRNAs
was performed using the PrimeScript™ 1st Strand cDNA Synthesis Kit from Takara. PowerUp™ SYBR™ Green Master
Mix (Applied Biosystem) was used for conducting all quantitative real-time PCR tests on a QuantStudio 3 Real-Time
PCR system (Applied Biosystem). The mRNA level of the gene was normalized to GAPDH using the comparative
2742Ct methods. Sangon Biotech synthesized all mRNA primer sequences and all sequences were listed in

Supplementary Table 1.

Results

Identification and Functional Annotation of DEFRGs in ICM

Figure 1 displays the depicted flow chart for this study. To identify differentially expressed genes (DEGs) of ischemic
cardiomyopathy, we performed differential expression analysis in GSE57338 gene set which comprising of 95 failing
hearts (ischemic cardiomyopathy group) and 136 normal cardiac tissues (control group). Afterward, we discovered 412
differentially expressed genes (DEGs) with |log(fold change) | > 0.5, FDR adjusted p < 0.05 (Supplementary Table 2).
The FerrDb database yielded a total of 259 FRGs, with 237 FRGs being present in the microarray data of GSE57338.
DEFRGs were determined as the genes shared by both DEGs and FRGs. As a result, we discovered a total of 15
DEFRGs, with 4 upregulation and 11 downregulation (Figure 2A and B). The upregulated genes include ARRDC3, IL33,

GSE57338
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analysis
Ferroptosis-
reIatFeRdG KEGG pathway
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validation signature for ICM
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Figure | The schematic workflow of this study.
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Figure 2 Differential expression analysis and functional enrichment analysis of DEFRGs. (A) The volcano plot illustrating the log2 (fold change) and adjusted P values of
differentially expressed FRGs (DEFRGs), with labeled gene symbols. (B) The heatmap displaying the expression levels of DEFRGs between the ICM group and the control
group. (C) GO enrichment analysis revealing the biological processes associated with DEFRGs. (D) The chord diagram presenting the KEGG pathway analysis for DEFRGs.

ENPP2, and RGS4, while the downregulated genes include PLIN2, TXNRD1, ARNTL, LPCAT3, STAT3, STEAP3,
SLC2A1, NQO1, NNMT, CYBB, and ALOXS5 (Figure 2A and B). In order to explore the possibly significant roles of
DEFRGs, BP, and KEGG pathway analysis was performed. The GO analyses showed that DEFRGs were linked to
cellular reactions to chemical stress, regulation of angiogenesis, and control of blood vessel development (Figure 2C).
Furthermore, DEFRGs were significantly enriched in the HIF-1 signaling pathway, cellular necroptosis, and the
adipocytokine signaling pathway according to the KEGG analysis (Figure 2D).

DERG Transcription Factor Regulatory Network and LncRNA-miRNA-mRNA Network
Dysfunction in transcription regulators and their corresponding targets can result in diseases, and exploring the interac-
tions between transcription regulators and targets can aid in comprehending the regulatory connections underlying the
intricate characteristics of ischemic cardiomyopathy. Hence, we aimed to study the regulatory network of transcription
factors in DEFRGs. The TRRUST database is a compilation of transcription factor regulatory networks supported by
experimental evidence.'® In the transcription factor regulatory network of DEFRGs predicted by the TRRUST database,
the orange nodes represent DEFRGs, while the blue nodes represent transcription factors that interact with DEFRGs
(Figure 3A). Evidence of interactions between DEFRGs and transcription factors was also demonstrated (activation or
repression or unknown) (Figure 3A). We also construct the LncRNA-miRNA-mRNA (DEFRGQG) regulatory network in
order to explore the interaction between protein coding transcripts and non-coding transcripts and then identify potential
therapeutic targets. As shown in Figure 3B, the LncRNA-miRNA-mRNA network contains 14 IncRNA, 49 miRNA, and
14 mRNA.
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Figure 3 Establishment of the transcription factor regulatory network and the IncRNA-miRNA-mRNA network using |5 identified DEFRGs. (A) The transcription factor
regulatory network of DEFRGs was constructed using data sourced from the TRRUST database. Interactions between transcription factors and their targets were depicted
using green lines (representing repression) or purple lines (representing activation) or gray lines (representing unknown). (B) The Sankey diagram depicting the IncRNA-
miRNA-mRNA network.

Identification of Patient Clusters Based on Heterogeneously Expressed FRGs

Next, we performed consensus clustering of ischemic cardiomyopathy samples based on the DEFRGs in the GSE57338.
Results shown that the clustering had the best stability when k = 2 (Figure 4A and B). With k equal to 2, the cumulative
distribution function plot showed the least amount of variation (Figure 4B), while the consensus matrix heatmap revealed
well-defined boundaries (Figure 4A). Therefore, we classified the ischemic cardiomyopathy samples into two clusters.
The clusters exhibited notable differences in the expression patterns, as revealed by the principal component analysis
(PCA) (Figure 4C). Heatmap of gene expression revealed the differential expression characteristics of ferroptosis-related
genes between clusters (Figure 4D). As shown in Figure 4D, all differentially expressed genes were significantly up-

regulated in cluster 2.

Functional Enrichment Analysis of Clusters
Next, we investigated whether each cluster exhibited distinct functional features. Based on all significantly differentially
expressed genes among two clusters (Supplementary Table 3), GO and KEGG enrichment analysis were carried out using

the ClueGO plugin of Cytoscape software. GO results showed that these genes were closely associated with icosanoid
biosynthetic process, cardiac muscle tissue growth, regulation of chemokine production, and so on (Figure 5A). As for
KEGG analysis, major pathways in which differentially expressed genes enriched were arachidonic acid metabolism,
NF-kappa B signaling pathway, ECM-receptor interactions signaling pathways (Figure 5B).

Next, we analyzed the enriched metabolic-related KEGG pathways utilizing the “GSVA” R package, and the results
indicated that these two clusters exhibited distinct metabolism signatures. Purine metabolism, pyrimidine metabolism,
tryptophan metabolism, fatty acid metabolism, and glycerophospholipid metabolism were upregulated in cluster 1, while
cluster 2 had a higher score in the metabolism of xenobiotics by cytochrome P450 pathway, ether lipid metabolism,

arachidonic and metabolism, and linoleic acid metabolism (Figure 5C).
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Figure 4 Consensus clustering analysis stratified patients into two clusters based on DEFRGs (A) Consensus matrix of ICM samples when k = 2. (B) Consensus CDF curve
when k = 2-5. (C) Principal component analysis (PCA) showing distinct expression patterns of these two clusters. (D) Heatmap showing FRGs expression level between
2 clusters. ***p < 0.0001. ***p < 0.001. *p < 0.01.

Identification of Pivotal Candidate Drugs

Differential expressed genes between clusters were filtered using the “limma” package with criteria of |log2FC| > 0.5 and
adj.p < 0.05. Interactions between differential expressed genes were analyzed using the STRING database (Figure 6A).
Subsequently, the top 10 interacting genes were obtained using the MCC algorithm in the CytoHubba plugin in
Cytoscape (Figure 6B). Then, the top 10 genes were utilized to find potential drugs based on gene-drug interactions in
the DGIdb database. Among the top 10 genes, C3AR3, CD86, CSFIR, CYBB, ITGB2, PTPRC, and TLR4 had
interactions with drugs in the DGldb database, and the remaining three genes had no interactions with drugs in the
database (Figure 6C). These drugs are likely to be potential target therapeutic methods for the two patient clusters.

Construction and Validation of the ICM Predictive Signature

Aforementioned results demonstrated that there was a strong correlation between ferroptosis and ICM. Based on the DEFRGs
between the ICM group and the control group, we attempted to develop a robust predictive signature for the ICM. The LASSO
regression analysis screened TXNRD1, STEAP3, STAT3, SCL2A1, PLIN2, NQO1, NNMT, IL33, ENPP2, ARRDC3, and
ALOXS5 as candidate genes of the ICM predictive signature, with the coefficients of —0.8187, —2.2434, —1.649, —0.1579,
—0.9917, —0.5021, —0.7222, 0.487, 0.8844, 3.6806, and —0.3952, respectively (Figure 7A—C). Next, the risk score of each
patient was calculated using this ICM predictive signature, and patients were divided into high-risk or low-risk groups based
on the median risk score. Using receiver operating characteristic (ROC) curves, the signature was evaluated for predictive
efficiency, and we found that the AUC of ROC curve in the training set were 0.9937 (Figure 7D-F). To further validate the
robustness, we utilized the GSE5406 as the validation set and the AUC in the validation set was 0.9282 (Figure 7G-1). Thus,

a ferroptosis-based ICM predictive signature was successfully developed.
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Functional Annotation and Correlation of the Signature with Ferroptosis

By exploring differences between signaling pathways or biological process in high-risk and low-risk groups, we can find
crucial signaling pathways correlated to the ICM and uncover potential targeted therapeutic approaches. Results of the
GO analysis showed that extracellular matrix organization, collagen-containing extracellular matrix, and extracellular
matrix structural constituent were enriched in high-risk groups (Figure 8A—C). In addition, there are also distinct
differences in signaling pathways between the high-risk and low-risk groups. The epithelial mesenchymal transition,
interferon alpha response, and interferon gamma response were found to be enriched in high-risk samples (Figure 8E).
The infiltration percentages of 22 subpopulations of immune cells in the high-risk and low-risk groups were examined
using the CIBERSORT algorithm. Furthermore, as depicted in Figure 9A, there were notable variations in the relative
ratios of seven immune cell subcategories between the two groups. CD8+ T cells (p = 0.002), CD4+ naive T cells
(p = 0.027), MO macrophages (p = 0.009), M1 macrophages (p = 0.00006), and resting mast cells (p = 0.000056) were
upregulated in high-risk group, while regulatory T cells (p = 0.026), monocytes (p = 0.022) were upregulated in low-risk
groups (Figure 9A). Furthermore, we found that the expression of FRGs was significantly different between the high-risk
and low-risk groups. Compared to low-risk group, LPACT3, STAT3, STEAP3, PLIN2, TXNRDI1, SLC2A1, ALOXS5,
RGS4, CDKNI1A, ARNTL were downregulated in high-risk groups, while ARRDC3, SLC40A1, ENPP2, 1L33, CXCL2
were upregulated (Figure 9B).

ICM Rat Model Construction and Feature Genes Validation
In the ICM and sham groups, LVEF, LVFS, LVEDYV, and LVESV were determined by M-mode ultrasonography
following surgery. The ICM group had significantly lower LVFS and LVEF as well as higher LVEDV and LVESV as
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Figure 8 Association of the model with involved function. (A—D) GSEA showing the involved function of high-risk and low-risk groups in terms of the biological processes
(A), cellular components (B) and molecular functions (C) and Hallmark signaling pathway (D). Terms with p < 0.05 and FDR q < 0.25 were considered statistically significant.

compared to the sham group (Figure 10A and B, Supplementary Table 4). In addition, histological analysis showed that

the infarct size and collagen area were markedly higher in the ICM group (Figure 10C—F and Supplementary Table 4),

indicating the successful establishment of an ICM rat model. mRNA expression levels of genes of ICM predictive
signature were validated in ICM hearts. Results shown that TXNRD1, STEAP3, STAT3, SCL2A1, PLIN2, NQOI,
NNMT, and ALOXS were significantly down-regulated in the ICM group, while ARRDC3, ENPP2, and IL33 were
notably upregulated (Figure 10G and Supplementary Table 5).

Discussion

Heart failure (HF) is a global disease with increasing morbidity that poses a significant threat to human health.'’
Ischemic heart disease is the most common cause of HF with decreased ejection fraction as well as the most important
factor leading to the increasing global incidence rate of HF.?>*' The mechanism of ischemic heart disease leading to
heart failure is the development of left ventricular systolic dysfunction, usually caused by previous acute myocardial
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Figure 9 Association of the model with immune cell infiltration and ferroptosis. (A) Differences of immune cell infiltration between low-risk and high-risk groups, estimated
by the CIBERSORT algorithm. (B) Gene expression of ferroptosis related genes between low-risk and high-risk groups. ****p < 0.0001. **p < 0.0l. *p < 0.05.

infarction, or a hidden process of gradual decline in systolic function in the absence of acute coronary syndrome.
Ischemic cardiomyopathy (ICM) is commonly employed to describe the condition of heart failure caused by the
combination of notable impairment in left ventricular systolic function and severe coronary artery disease.”*** Despite
the continuous innovation and improvement of effective treatment methods, the prognosis of heart failure remains
unsatisfactory.>*?* The high energy metabolism and iron dependence of the heart make heart tissue more vulnerable to
ferroptosis.?® It has been reported that chronic heart failure was commonly associated with iron deficiency.?’*® In the
development and occurrence of heart failure due to several conditions, such as myocardial infarction or cardiomyopathy,
ferritin deposition is thought to play an important pathophysiology role.® Therefore, the understanding of mechanisms of
ferroptosis is essential to exploration of treatments for heart failure.
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Figure 10 ICM rat model construction and feature genes validation. (A) Representative echocardiography images of sham group and ICM group 8 weeks after the cardiac
surgery. (B) Comparison of LVEF, LVFS, LVEDV and LVESV in the two groups (n=7). (C and E) Representative images of heart cross-sections stained with Masson’s trichrome
staining (C) and Sirius Red staining (E) 8 weeks after MI. Scale bar = 2000 um. (D and F) Quantification of infarct size in (C and D) and collagen area in (E and F) (n=7).
(G) mRNA expression levels of || feature genes of ICM predictive signature in cardiac tissues (n=6). All data are presented as mean+SEM. Statistical analysis was performed
with using Student’s t test. ****p < 0.0001. **p < 0.001. **p < 0.01. *p < 0.05.

Ferroptosis was recognized as an iron-dependent form of cell death, which differs from other forms of regulated cell death,
such as necrosis, apoptosis, or autophagy and has distinct morphology, biochemistry, genetics, and immunology.**=° Both
increased lipid reactive oxygen species (ROS) and iron accumulation are crucial for controlling the ferroptosis process.’® We
found that all DEFRGs in ischemic cardiomyopathy significantly enriched in positive regulation of inflammatory factor
production, regulation of angiogenesis, and HIF-1 signaling pathways. HIF-1 participates in the regulation of angiogenesis and
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plays a critical protective role in the pathophysiology of ischemic heart disease.’’ Regulation of angiogenesis in ischemic
myocardium is a critical process of post-ischemic cardiac repair.> It was reported that HIF-1 signaling pathways played a role in
ferroptosis under hypoxia conditions.*®> Angiogenesis also correlated to inhibition of ferroptosis.**>® These results imply that
DEFRGs participate in the progression of ischemic cardiomyopathy. Furthermore, several ncRNAs, including miRNAs and
IncRNAs, have been shown to be key regulators of ferroptosis.’” As a result, they play a role in ferroptosis by regulating the
metabolisms of iron, ROS, and ferroptosis-related amino acids.*® Thus, the transcription factor regulatory network and IncRNA-
miRNA-mRNA network which we constructed providing potential candidate biomarkers related to ischemic cardiomyopathy.

Consensus clustering is an unsupervised approach to identify subtypes based on gene expression profiles.” In this
study, to identify clusters of ischemic cardiomyopathy associated with the ferroptosis process, we established two clusters
of ischemic cardiomyopathy based on ferroptosis gene expression. We explored the ferroptosis gene expression profile,
functional characteristics, and metabolism features of each cluster. The results showed that each cluster exhibited specific
ferroptosis and metabolism features. There is a significant difference in the expression of FRG between the two clusters.
And differentially expressed FRGs were all highly-expressed in cluster 2. Most of these genes and their role in
ferroptosis or cardiovascular disease have been reported in previous studies. Higher levels of TLR4, NOX4, ALOXS,
SAT1, PTGS2, CYBB have been reported related to induction and promotion of ferroptosis.***’ Elevated levels of
TGFBRI can promote cardiac fibrosis after myocardial infarction.*® NCF2 were higher in STEMI patients than that in
stable CAD patients, suggesting that NCF2 may be associated with more severe disease states as well as higher levels of
inflammation.*” RGS4 were also found to be involved in cardiac fibrosis.’® Inhibition of CYBB may be involved in the
reduction of myocardial infarct size as well as restoration of cardiac function after myocardial ischemia-reperfusion
injury,”" implying higher level of CYBB may be associated with worse outcomes. Elevated AKR1C3 suggests possible
acute myocardial infarction and may be a diagnostic marker for acute myocardial infarction.>® It seems that most of the
FRG highly expressed in cluster 2 are associated with higher levels of ferroptosis as well as malignant progression of
heart disease. Furthermore, GSVA results showed that differential expression genes between two clusters are enriched in
the NF-kB pathway, indicating that there may be distinct discrepancy in inflammation levels between clusters.

In light of the close association between ischemic cardiomyopathy and ferroptosis, we developed a ferroptosis-related
model for predicting ischemic cardiomyopathy. The model demonstrated resilience in forecasting ischemic cardiomyopathy in
both the training and validation sets. In high-risk patients, our findings indicated enriched inflammatory signaling pathway
such as interferon alpha response and interferon gamma response. For immune cell infiltration analysis, we found increased
infiltration of M0 macrophages, M1 macrophages, CD8+ T lymphocytes, CD4+ T naive cells, and resting mast cells, while
lower infiltration of Treg cells and monocytes were exhibited in high-risk patients. Previous studies have reported that the
aggravation of CD8'T cell infiltration may contribute to adverse left ventricular remodeling after myocardial infarction.>®
Myocardial infarction patients with elevated cytotoxic CD8"CD57" T cells have poor prognoses.>* Also, CD4+ T-cells were
reported to be participating in aggravating ischemia-reperfusion injury.>> Higher levels of M1 macrophages infiltration were
identified to be associated with ventricular dysfunction.>® Previous studies have reported that MI patients were related to lower
levels of Treg cells and decreased circulating Treg cells were associated with a higher MI risk.’”*® Thus, our findings of
immune cell infiltration indicated that individuals with elevated risks of ischemic cardiomyopathy might encounter increased

inflammation infiltration and exhibit poorer prognosis.

Limitations

There are several noteworthy limitations to consider in this study. Firstly, while the predictive model based on
ferroptosis-related genes showed promising results, its application in a clinical setting would benefit from integrating
gene signatures with clinical factors such as patient demographics, comorbidities, and other biomarkers. This integration
would likely enhance the model’s predictive accuracy and clinical utility. Secondly, the model requires further validation
using more datasets and clinical samples to assess its robustness and ensure its applicability across different patient
populations.
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Conclusion

In the present study, a total of 15 differentially expressed functional regulatory genes (DEFRGs) were identified in the
context of ischemic cardiomyopathy. Also, a transcription factor regulatory network and a IncRNA-miRNA-mRNA
network were constructed based on these DEFRGs. Additionally, we stratified ICM patients into two clusters based on
DEFRGs with distinct expression patterns and explored corresponding potential drug. In addition, through the utilization
of bioinformatics analysis, we constructed an ICM predictive signature containing 11 DEFRGs and ROC curve
effectively illustrated their strong efficacy. Furthermore, the validation in an ICM rat model confirmed the 11 feature
genes, supporting their potential as predictive signature for ICM diagnosis. Thus, these results provided an insight into
characterization of ferroptosis in the ICM.
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