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Background: Dilated cardiomyopathy (DCM) is a severe cardiac condition characterized by ventricular dilation and impaired systolic
function, leading to heart failure and sudden death. Current treatments have limited efficacy in reversing disease progression. Recent
research suggests that disulfidptosis, a novel cell death mechanism, may play a role in DCM pathogenesis, though its specific
involvement remains unclear.

Methods: This study utilized multiple GEO datasets to analyze the expression of 24 disulfidptosis-related genes (DiGs) in DCM
patients and healthy controls. Differential expression analysis and consensus clustering were used to classify DCM patients into
subgroups based on DiGs expression profiles. A predictive model was constructed using four machine learning methods, and its
performance was validated with independent datasets. A ceRNA regulatory network was established, and in vivo experiments were
conducted using a DCM mouse model to validate key findings.

Results: Nineteen DiGs were differentially expressed between DCM and controls. Consensus clustering divided DCM patients into
two subtypes with distinct immune profiles. The support vector machine (SVM) model demonstrated superior diagnostic performance
(AUC = 0.983), identifying ACTN4, MYH10, TLN1, DSTN, and NCKAP1 as core predictors. In vivo validation confirmed their
expression changes in myocardial tissue. Single-cell RNA-seq further revealed increased fibroblast and macrophage infiltration in
DCM, along with enrichment of fibrotic and immune pathways. Quercetin and resveratrol were predicted as potential drugs targeting
these core genes.

Conclusion: This study demonstrates that ACTN4, MYH10, TLN1, DSTN, and NCKAPI1 play significant roles in the pathogenesis
of DCM, influencing immune cell infiltration and metabolic homeostasis. Quercetin and resveratrol were identified as potential
therapeutic agents, offering new directions for DCM treatment.
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Introduction

Dilated cardiomyopathy (DCM) is a type of cardiomyopathy characterized by dilation of the left or both ventricles and
impaired systolic function, without other organic heart diseases such as hypertension, valvular disease, or coronary artery
disease." Its etiology is complex, including genetic factors, infections, toxin exposure, and autoimmune abnormalities.”
DCM is a significant cause of heart failure and sudden death, and its global incidence is influenced by geographical and

racial differences.®* Clinically, it presents as progressive heart failure symptoms such as fatigue, dyspnea, and
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palpitations; severe cases may develop cardiogenic shock and life-threatening arrhythmias.’ Current treatment mainly
focuses on improving cardiac function and preventing complications, including ACE inhibitors, -blockers, aldosterone
antagonists, and SGLT2 inhibitors." Patients with left ventricular ejection fraction below 35% are recommended for
implantable cardioverter-defibrillator (ICD) placement, and heart transplantation may be considered for patients with
end-stage heart failure." Despite the availability of various treatment options, the reversal of disease progression remains
limited, necessitating further research into the etiology and pathogenesis of DCM to develop more effective therapeutic
strategies.

Research has indicated that DCM is closely related to various cell death mechanisms, including apoptosis,
autophagy, ferroptosis, and pyroptosis.®'® These mechanisms collectively lead to cardiomyocyte injury, ventricular
remodeling, and cardiac dysfunction, impacting disease progression and prognosis. Disulfidptosis is a recently
identified form of cell death mediated by the SLC7A11 gene, primarily through the abnormal accumulation of
intracellular cysteine, resulting in the formation of disulfide compounds, which trigger oxidative stress and cell
death.'"'? This mechanism is particularly pronounced under glucose-deficient conditions, as the depletion of
NADPH further exacerbates disulfide stress."? Currently, disulfidptosis has been found to be involved in the pathogen-
esis of cancer and ischemic stroke,'*'* but its specific role in cardiovascular diseases, especially in DCM, remains
unclear. Although there is no direct evidence of disulfidptosis involvement in DCM, there are indirect connections
between the two in several aspects. First, cardiomyocytes in DCM patients are often subjected to oxidative stress
damage, and disulfidptosis also induces cell death through oxidative stress mechanisms. Secondly, the inflammatory
response commonly seen in DCM is closely related to disulfidptosis, which regulates immune responses through
inflammatory signaling pathways such as TNF, potentially exacerbating inflammatory damage in DCM.'* Additionally,
DCM patients often have myocardial energy metabolism disorders, and disulfidptosis is activated under metabolic
disorder conditions, suggesting that it may influence the pathological process of DCM through metabolic imbalance.
Disulfidptosis may indirectly contribute to the pathogenesis of DCM through oxidative stress, inflammatory responses,
and metabolic imbalance.'® Thus, further investigation of its specific role in cardiomyocytes could offer new
perspectives and therapeutic targets for DCM.

Machine learning, which identifies patterns for prediction and classification, has been increasingly applied in medical
research. It mainly includes methods such as supervised learning, unsupervised learning, and reinforcement learning,
which can extract useful information from large and complex datasets. In disease diagnosis, machine learning can
integrate clinical data and gene expression information to improve the accuracy of disease risk prediction and classifica-
tion. For example, in ischemic stroke research, researchers have used algorithms such as LASSO, random forest, and
support vector machines to identify key genes associated with disulfidptosis and construct a model to predict stroke
risk.'* Moreover, machine learning also plays an important role in the discovery of biomarkers. By analyzing multi-
dimensional omics data, such as genes, proteins, and metabolites, machine learning can identify disease-related
biomarkers, providing new insights for early diagnosis and personalized treatment. For example, in cancer and
cardiovascular disease research, machine learning is used to identify potential disease biomarkers that contribute to
more precise disease management and therapeutic strategies.'> Overall, machine learning provides new tools for medical
research through data-driven approaches, bringing revolutionary advancements in disease diagnosis, risk assessment, and
personalized treatment.

In this study, we used the Gene Expression Omnibus (GEO) database to analyze the differences in DiGs expression
between the normal group and DCM patients. Based on the expression of DiGs, we classified DCM patients into two
clusters and compared the DiGs between these clusters. Furthermore, we developed a prediction model, identified core
DiGs by evaluating four machine learning methods, and validated the performance of the prediction model using external
datasets. We constructed a CeRNA regulatory network based on core DiGs, identified potential therapeutic drugs
targeting these core DiGs using the CTD database, and explored the relationship between core DiGs and immune cells
using different immune cell infiltration algorithms. Finally, we validated the core DiGs through in vivo experiments. Our
aim is to use bioinformatics techniques to identify the role of DiGs in the pathogenesis and progression of DCM,

providing new targets and diagnostic markers for subsequent DCM treatment.
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Materials and Methods

Data Source

The datasets GSE141910,' GSE57338,'” GSE19303,'® GSE116250,"” and GSE165303 were retrieved from the GEO
database (Supplementary Table 1).>° Using the sva package in R 4.3.3, batch correction was performed on the GSE57338
and GSE141910 datasets, which were then combined to create a training set consisting of 297 control and 256 DCM
samples.”! The GSE19303, GSE116250, and GSE165303 datasets were utilized as validation sets (Figure 1).

Selection of Differentially Expressed DiGs

Differentially expressed DiGs were identified by selecting 24 genes reported in previous studies.'''? Differential
expression analysis between DCM and control samples was performed using the limma package in R. A moderated
t-test was applied, and p-values were adjusted for multiple comparisons using the Benjamini-Hochberg method to control
the false discovery rate (FDR). Genes with an adjusted p-value (FDR) < 0.05 were considered statistically significant.

The results were visualized using heatmaps generated with the pheatmap package.*>**

Cluster Analysis Based on Differentially Expressed DiGs
Cluster analysis was performed using ConsensusClusterPlus on the DiGs in the training set. Subsequently, the training
dataset was evaluated with Gene Set Variation Analysis (GSVA).**

Construction of a Predictive Model Utilizing Various Machine Learning Methods
The models included an extreme gradient boosting (XGB) model,** support vector machine (SVM),?® random forest (RF),?’
and generalized linear model (GLM).?® The DALEX package was utilized to visualize the residual distributions across the
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Figure | The study design.
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four machine-learning models. The optimal model was selected, and the top five genes were identified as core diagnostic
markers. The performance of the models was evaluated by visualizing the Area Under the Curve (AUC) of the Receiver
Operating Characteristic (ROC) curves using the “pROC” R package.

Nomogram Construction and Validation

To validate and enhance the applicability of the prediction model, a nomogram incorporating five key predictors (DSTN,
ACTN4, MYH10, NCKAPI1, and TLN1) was constructed using the “RMS” R package. Each predictor was assigned
a score based on its regression coefficient, and the “total score” of the patient was calculated by summing these scores to
predict the risk of prognosis or the probability of event occurrence. The calibration curve was used to assess the
consistency between the predicted values of the model and the actual incidence, and decision curve analysis (DCA) was
employed to evaluate the clinical utility of the nomogram, thereby validating the reliability of the model.

Analysis of Immune Cell Infiltration in DCM

Multiple algorithms, including MCPcounter, and CIBERSORT, were employed to comprehensively analyze the expres-
sion data of model genes and the infiltration levels of different immune cells. Specifically, the CIBERSORT algorithm
quantitatively evaluates 22 types of immune cells for each sample using a deconvolution method based on Monte Carlo
sampling and calculates the corresponding p-value for each sample. When p < 0.05, the results are considered statistically
significant, indicating the accuracy and reliability of the deconvolution analysis in the samples. This algorithm ensures
that the total proportion of all immune cell types in each sample is 1, meaning that the sum of the standardized
proportions of all cell types equals 100%.%

CeRNA Network Construction

The interactions between miRNA and mRNA were systematically predicted by integrating data from multiple databases.
TargetScan, miRDB, and miRanda databases were used to validate and filter the binding sites and regulatory relationships
between target miRNAs and mRNAs. The SpongeScan database was used to predict interactions between miRNAs and
IncRNAs to identify potential competitive binding targets. Next, all validated miRNA-mRNA and miRNA-IncRNA
interaction data were integrated and used to construct a ceRNA network of IncRNA-miRNA-mRNA using Cytoscape
software (3.7.2).

Prediction of Candidate Drugs and Molecular Docking Analysis

The Comparative Toxicogenomics Database (CTD) was used to predict interactions between targets and candidate drugs.
Each core gene was input into the CTD to retrieve associated candidate compounds. A drug-gene interaction network
was constructed using Cytoscape (version 3.7.2), and representative candidate small-molecule drugs targeting the core
genes were selected for molecular docking validation. Protein structures were obtained from the Protein Data Bank
(PDB) or the AlphaFold database, and small-molecule structures were downloaded from the PubChem database and
subjected to energy minimization. Molecular docking analysis was performed using AutoDock Vina. After docking,
PyMOL and Discovery Studio were used to visualize the binding conformations and analyze hydrogen bonding,
hydrophobic interactions, and binding pocket characteristics. All binding energies were expressed in kcal/mol to evaluate
the binding affinity between the drug and the target.

Animal

We purchased 8-week-old male C57BL/6J mice from the Animal Center of Suzhou University Medical College, Jiangsu
Province (SYXK 2021-0065). All experimental procedures were approved by the Animal Ethics Committee of Suzhou
University (Approval No. 202408 A0374) and conducted in strict accordance with the “Guidelines of the Chinese Animal
Research Council” and the “Animal Care Guidelines” to minimize animal suffering. The mice were housed in well-
ventilated rooms under controlled conditions: a temperature of 22+2°C, humidity of 55+5%, a 12-hour light/dark cycle,
and ad libitum access to food and water. The mice were acclimatized for one week with standard laboratory chow and
had a body weight range of 20-25g at the start of the experiment. After acclimatization, the mice were randomly assigned
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to a control group (n=6) and a DCM group (n=6). The DCM group received intraperitoneal injections of doxorubicin
(DOX) at 5 mg/kg every 7 days to induce the DCM model, a widely used method for inducing dilated cardiomyopathy in
rodents. Echocardiographic assessment was conducted after four weekly doses of DOX. Prior to euthanasia, the mice
were anesthetized with 2% isoflurane and euthanized by cervical dislocation, following ethical guidelines to ensure
minimal discomfort.>

Chemicals and Materials

Sodium pentobarbital (Siasia Reagent, China), Antibodies: ACTN4 (Proteintech, 19096-1-AP, China), DSTN (affinity,
DF15268, China), NCKAP1 (Proteintech, 12140-1-AP, China), MYH10 (Proteintech, 19673-1-AP, China), TLNI1
(Proteintech, 14168-1-AP, China), B-actin (Proteintech, 19673-1-AP, China), goat anti-rabbit I[gG (HRP Conjugate)
(CST, 14708, USA) and goat anti-mouse IgG (HRP Conjugate) (CST, 14709, USA).

Echocardiographic Assessment of Cardiac Function

Mice were anesthetized with 3% isoflurane (Baxter International, USA) and cardiac function was assessed using
a cardiac ultrasound imaging system (FUJIFILM VisualSonics, Canada). The probe was placed on the left chest of the
mouse to obtain long-axis images of the left ventricle, and parameters such as left ventricular ejection fraction (LVEF),
left ventricular fractional shortening (LVFS), and left ventricular end-diastolic diameter (LVEDD) were measured. The
measurement results for each parameter were averaged over three consecutive cardiac cycles.

Histopathological Analysis of Myocardial Tissue

After extraction, mouse heart tissues were immediately fixed in 4% paraformaldehyde for 24 hours at room temperature.
The fixed tissues were then dehydrated through a graded ethanol series (70%, 80%, 90%, 95%, and 100%), cleared in
xylene, and embedded in paraffin blocks. Consecutive sections with a thickness of 4-5 um were obtained using a rotary
microtome and mounted onto glass slides.

Hematoxylin and eosin (HE) staining was performed to assess general myocardial structure and cellular morphology.
Briefly, tissue sections were deparaffinized, rehydrated through descending ethanol gradients, stained with hematoxylin
for nuclear visualization, differentiated in acidic alcohol, followed by eosin staining to label cytoplasmic components.
Morphological alterations such as cardiomyocyte disarray, nuclear condensation, and inflammatory infiltration were
observed under a light microscope.

Masson’s trichrome staining was used to evaluate myocardial fibrosis. After deparaffinization and rehydration,
sections were incubated with Weigert’s iron hematoxylin to stain nuclei, followed by treatment with acid fuchsin—
ponceau solution and phosphomolybdic—phosphotungstic acid, and finally stained with aniline blue to label collagen
fibers.

In addition, immunohistochemical (IHC) staining was carried out to detect the expression of target proteins. After
antigen retrieval and blocking of endogenous peroxidase activity, tissue sections were incubated overnight at 4 °C with
primary antibodies against ACTN4 (1:500), TNLI1 (1:500), DSTN (1:500), MYH10 (1:200), and NCKAP1 (1:500).
Following incubation with appropriate HRP-conjugated secondary antibodies, DAB substrate was used for color
development. Hematoxylin was used for counterstaining. Positive staining of target proteins was visualized and photo-
graphed under an optical microscope.

Detection of Key Disulfidptosis Protein Expression Levels in Myocardial Tissue

Total protein was extracted from the myocardial tissue homogenate, followed by quantification and denaturation. Proteins
were separated by SDS-PAGE electrophoresis and transferred onto a PVDF membrane. The membrane was blocked with
5% skim milk at room temperature for 1 hour, followed by the addition of primary antibodies. Including ACTN4
(1:1000), TLN1 (1:1000), DSTN (1:1000), MYH10 (1:1000), and NCKAP1 (1:1000), the membrane was incubated
overnight on a shaker at 4°C. The next day, the membrane was washed three times with TBST buffer, 10 minutes each
time. Secondary antibodies were incubated at room temperature for 1 hour, followed by three additional washes with
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TBST (10 minutes each). Finally, protein bands were detected using the Amersham Imager 600 (GE Healthcare Life
Sciences, USA) imaging system. The bands were quantified using ImagelJ software.

Single-Cell RNA-Seq (scRNA-Seq) Analysis
We analyzed the single-cell RNA sequencing dataset GSE183852 from the GEO database using the Seurat package in

R.*! To ensure data quality, low-quality cells with fewer than 200 or more than 10,000 detected genes, or with over 10%
mitochondrial gene content, were filtered out. After removing batch effects using the Harmony package, the data were
normalized and the top 2,000 highly variable genes were selected. Dimensionality reduction was then performed using
principal component analysis (PCA), and visualization was achieved with TSNE.*? Clustering was conducted using the
Louvain algorithm, and specific marker genes for each subpopulation were identified using the FindAllMarkers function.
Cell type annotation was automatically performed using the SingleR package and manually curated based on the
CellMarker 2.0 database.** Visualization analysis was further conducted using SCP and other R packages.

Analysis of the Association Between Core Gene Expression and Cardiac Functional

Parameters

Expression profiles and corresponding clinical data of DCM patients were extracted from the GSE19303 dataset. Core
gene expression levels were matched with echocardiographic parameters, specifically LVEF and LVEDD. Spearman rank
correlation analysis was performed to evaluate the associations between gene expression and cardiac functional para-
meters. Scatter plots with fitted regression lines and marginal histograms were used to visualize the correlations.

Statistical Methods
Statistical analyses were performed using GraphPad Prism 9.0, and data are presented as mean + standard deviation. An
independent samples #-test was conducted, with *p < 0.05, **p < 0.01, and ns indicating non-significance.

Results

DiGs Expression and Immune Infiltration Analysis in DCM Patients

We generated the training dataset by merging the genes detected in GSE57338 and GSE141910 and removing batch
effects (Figure 2A). The locations of Copy Number Variation (CNV) changes for the 24 DiGs across 23 chromosomes
(Figure 2B). We analyzed the expression profiles of the 24 DiGs in DCM and control samples using the combined
dataset. Comparative analysis indicated elevated expression levels of GYS1, NDUFS1, NDUFA11, NUBPL, ACTN4,
MYHI10, and PDLIMI1, along with decreased expression of SLC7A11, NCKAP1, SLC3A2, RNP1, ACTB, CD2AP,
CAPZB, DSTN, IQGAP1, MYL6, TLN1, and OXSM (Figure 2C and D). Interaction analysis of the 19 DiGs showed
a significant positive correlation between NDUFS1 and NUBPL (R = 0.75), and a negative correlation between MYL6
and NDUFS1 (R = —0.75) (Figure 2E).

|dentification of DCM Disulfidptosis Cluster

To further elucidate the expression patterns of DiGs in DCM, consensus clustering analysis was performed on 19
differentially expressed genes. The results showed that the consensus index fluctuated stably within the range of 0.2 to
0.6 (Figures 3A and B, Supplementary Figure 1). When the number of clusters (k) varied between 2 and 9, there was

a significant difference in the area under the cumulative distribution function (CDF) curve between different cluster
numbers (k and k-1) (Figure 3C). A higher consistency score (> 0.9) was observed only when k = 2 (Figure 3D). Based
on the consensus matrix heatmap analysis, 243 patients were divided into two distinct subgroups: cluster 1 (n = 177) and
cluster 2 (n = 66) (Figure 3E). Visualization of the clustering results using the t-distributed stochastic neighbor
embedding (t-SNE) method revealed significant differences between the two clusters (Figure 3F). Specifically, cluster
1 exhibited high expressions of SLC7A11, NDUFS1, NUBPL, NCKAP1, CD2AP, DSTN, IQGAP1, MYH10, and TLNI,
while cluster 2 displayed high expressions of GYS1, NDUFA11, SLC3A2, RPN1, ACTB, CAPZB, MYL6, and PDLIM1
(Figure 3G).
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Figure 2 Differential expression and interaction analysis of disulfidptosis-related genes (DiGs) in dilated cardiomyopathy (DCM) patients. (A) Principal component analysis
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Figure 3 Consensus clustering and differential expression analysis of DiGs in DCM patients. (A) Consensus matrix heatmap showing the optimal clustering of DCM patients
into two clusters (k = 2). (B) Cumulative distribution function (CDF) curves for different numbers of clusters (k = 2 to 9) based on consensus clustering. (C) Delta area plot
showing the relative change in area under the CDF curve for k = 2 to 9, indicating k = 2 as the optimal number of clusters. (D) Bar plot of the cluster consensus score for
different k values, demonstrating stable clustering at k = 2. (E) Principal component analysis (PCA) plot showing the separation between Cluster | (Cl, green) and Cluster 2
(C2, Orange) based on DiGs expression. (F) Boxplot comparing the expression levels of 24 DiGs between Cluster | (Cl, green) and Cluster 2 (C2, orange). Significant
differences are marked with asterisks (**p < 0.01, ***p < 0.001). (G) Heatmap of the 19 differentially expressed DiGs between CI| and C2.

Machine Learning Model Construction

The SVM model exhibited minimal residual variation (Figure 4A and B), the top 10 significant variables for each model
were identified based on root mean squared error (RMSE) (Figure 4C). Furthermore, we conducted 5-fold cross-
validation and plotted ROC curves to evaluate the diagnostic performance of these algorithms. The SVM model achieved
the highest AUC score (SVM: AUC = 0.983; RF: AUC = 0.969; XGB: AUC = 0.964; GLM: AUC = 0.981; Figure 4D),
highlighting its superior ability to differentiate patients across various clusters. For subsequent analyses, the top five
variables—ACTN4, TLN1, DSTN, MYH10, and NCKAP1—were selected from the SVM model as critical predictors.
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Validation of the Predictive Performance of the SVM Model for DCM

We developed a nomogram to assess the predictive performance of the SVM model using data from 256 DCM cases
(Figure 5A). To evaluate the accuracy of the nomogram, calibration curves and DCA were utilized. The DCA highlighted
the high predictive accuracy of the nomogram, offering substantial support for clinical decision-making (Figure 5B). The
calibration curve indicated a minimal discrepancy between the observed and predicted risks within the DCM cohort
(Figure 5C). The predictive capability of the core biomarkers was further validated using independent datasets, namely
GSE19303, GSE116250, and GSE165303. The ROC curves confirmed the robustness of the predictive model incorpor-
ating the five core markers, yielding AUCs of 0.911 (GSE19303, Figures SD-E), 0.954 (GSE116250, Figures 5F and G),
and 0.972 (GSE165303, Figures SH and I). These results underscore the effectiveness of our diagnostic model in
distinguishing DCM patients from healthy individuals.

CeRNA Network Establishment

This network consisted of 239 nodes, including 5 core diagnostic markers, 57 miRNAs, and 177 IncRNAs, intercon-
nected by 337 interactions (Figure 6). Within this network, 78 IncRNAs were identified to competitively bind with Actn4
mRNA, mediated by 16 miRNAs, among which IncRNA LINCO01043 concurrently targets both hsa-miR-221-5p and hsa-
miR-218-1-3p. In addition, 36 IncRNAs were found to interact with Myhl0 mRNA, regulated by various miRNAs.
Furthermore, 48 IncRNAs were shown to target Dstn mRNA, influenced by hsa-miR-136-5p, hsa-miR-892a, hsa-miR
-335-3p, hsa-miR-2909, hsa-miR-186-5p, hsa-miR-671-5p, hsa-miR-140-3p, and hsa-miR-1236-3p. Additionally, 64
IncRNAs were identified to target Nckap! mRNA through multiple miRNAs. Moreover, 31 IncRNAs were observed
to regulate 7/n/ mRNA, mediated by a variety of miRNAs, including hsa-miR-20a-3p, hsa-miR-326, hsa-miR-193b-5p,
hsa-miR-1207-5p, hsa-miR-92a-1-5p, hsa-miR-491-5p, hsa-miR-432-5p, and hsa-miR-15b-3p.

Prediction of Targeted Drugs

A drug prediction network comprising 315 nodes and 550 edges was constructed, consisting of the five core diagnostic
genes and 333 predicted drugs (Figure 7A). Drug testing revealed that Resveratrol (D000077185) and Quercetin
(D011794) exhibited simultaneous interactions with all five core diagnostic markers. Molecular docking studies were
conducted with the core targets, resulting in an average binding energy of —7.19 kcal/mol (Figure 7B, Supplementary
Figure 2, Supplementary Table 2).

DiGs are Related to Immune Function in DCM Patients

Significant negative correlations were observed between core DiGs and immune cell subsets including NK cells,
neutrophils, and macrophages, and a significant positive correlation with Endothelial cells and Fibroblasts
(Figure 8A). The CIBERSORT algorithm was utilized to analyze the variations in the proportions of 22 immune cell
types, focusing on macrophages, NK cells, B cells, and T cells (Supplementary Figure 3A and B). Correlation analysis

further indicated the presence of disulfidptosis in regulatory macrophages, T cells, activated NK cells, and M2 macro-
phages (Figure 8B—F). Additionally, a comparative analysis of immune cell infiltration between the two clusters revealed
significantly higher levels of NK cells, CD8+ T cells, CD4+ T cells, and M1 macrophages in cluster 2 (Supplementary
Figure 4 and 5).

Using GSVA, we identified cluster-specific DEGs revealing distinct functional disparities. Cluster 2 showed upregu-
lation in pathways such as the neurotrophin signaling pathway, insulin signaling pathway, and TGF-f signaling pathway.
Conversely, cluster 1 displayed heightened activity in the cardiac muscle contraction pathway (Supplementary Figure 6).

Further functional enrichment analysis highlighted unique biological processes associated with each cluster. Cluster 1
was predominantly enriched in processes related to free ubiquitin chain polymerization and T cell proliferation. In
contrast, cluster 2 was enriched in pathways including carbohydrate transport, regulation of autophagy, and negative
regulation of cellular response to vascular endothelial growth factor stimulus (Supplementary Figure 7).
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Figure 5 Validation and performance evaluation of the predictive model for DCM using independent datasets. (A) Nomogram integrating five core genes (ACTN4,
NCKAPI, TLNI, MYHI0, DSTN) to predict DCM risk. (B) Decision curve analysis (DCA) assessing the clinical utility of the model. (C) Calibration curve comparing
predicted probabilities with actual outcomes. (D and E) ROC curves for the predictive model and individual core genes using the GSE19303 dataset. (F and G) ROC curves
for the predictive model and individual core genes using the GSEI 16250 dataset. (H and I) ROC curves for the predictive model and individual core genes using the
GSE165303 dataset.
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Figure 6 Construction of the ceRNA regulatory network for core DiGs in DCM. The ceRNA network illustrates the interactions between IncRNAs, miRNAs, and mRNAs
associated with five core genes (TLNI, DSTN, ACTN4, MYH10, NCKAPI). Orange nodes represent IncRNAs, green nodes represent miRNAs, and blue nodes represent
mRNAs.

Five DiGs as Diagnostic Markers Were Validated in DCM Animal Model

Validating the bioinformatically identified diagnostic markers in vivo was crucial. To this end, a mouse model of DCM
was established (Figure 9A and B). Notably, IHC analysis revealed a significant upregulation of ACTN4 and MYH10,
alongside a downregulation of TLN1, DSTN, and NCKAP1 in the myocardial infarction region of the DCM group
compared to the control group (Figure 9C). Additionally, WB results corroborated these IHC findings (Figure 9D).

Validation in a Single-Cell Dataset

A total of 48,525 high-quality cardiac cells from the GEO single-cell transcriptomic dataset GSE183852 were included in
our analysis. After batch effects were removed using the Harmony algorithm, linear dimensionality reduction was
performed via principal component analysis (PCA), followed by nonlinear visualization using the tSNE method. Single-
cell clustering was performed using the Louvain algorithm, with cell-type annotations refined via SingleR and validated
against CellMarker 2.0 references (Figure 10A). Further analysis stratified by disease status revealed distinct differences
in cell distribution between the DCM and control groups, suggesting alterations in cellular composition during
myocardial remodeling (Figure 10B). Sample-level hierarchical visualization further validated the consistency and
variability across samples (Figure 10C). Differential expression analysis of marker genes allowed us to generate
a heatmap of cell type-specific genes (Figure 10D). Comparison of cell proportions revealed a significant increase in
fibroblasts and macrophages in the myocardial tissue of DCM patients compared to controls, accompanied by a decrease
in endothelial cells and T cells (Figure 10E). At the whole-tissue level, fibroblasts accounted for 44.8% of the cellular
composition in the DCM group, significantly higher than the 25.3% observed in the control group (Figure 10F). In
addition, we illustrated the expression patterns of key genes related to myocardial structure and cytoskeletal remodeling
(ACTN4, DSTN, MYH10, NCKAP1, TLN1) across cell populations. These genes were primarily enriched in fibroblasts
and certain immune cells, suggesting their potential involvement in structural abnormalities and fibrosis in DCM
myocardial tissue (Figure 10G).

9978 https: Journal of Inflammation Research 2025:18



Bo et al

A
D004178 DO15647
DO0BNB o eag D00B8E2
D020111 oo1sa17 c.g os
oty o o o e e o i e ) B s
C516138 ,’4

mmmf@wwmwwww@wmw

D00753 NS

oot coteso |:‘3 5.94 (’ 5 c.ss |'94 4’65 c‘as c.sa '13(:.”
|:’so :‘15 |:'14 |;'35 [‘08 c‘as c.m ['13 [’38 [’13 ’21 " "2;.

coo.:es (’23 :.os c.zno.zas‘ess 1’47 «‘53 :.92 r'm c'ss

r‘oz c.m 1’79 ’64 :’zz |:'o4 x‘m [’31 1'25 :'90 :’40
<‘s7 (.96 c’:x r'zs I’(ﬂ ’320’400‘237’97 c.74 c.59
C.36 (’ 76 (.92 t.as 6.94 1'37 |'93 1:.53 c.a7 (’ ;
1'47c.z{o.mo‘zmc‘ono‘w.%sl'u r.se c.« c'ze c o E.SQ
c'o7 c.51 r’z1 n.zs 0.43 |‘s1 ‘45 1’55 I.'.BZ <’5o ('71; \ (’

o :
» - A
(s:n 0.7337 j 1’42
Co16096 C016805 / 25 L &
. 2 6“4
0205 o

Do18207 D002994D009151 5584509
D002112

D012969 C°°°72947/

C001824 ///¢504750
5087 010902

18698
D010795

0ggye21 D00B466 = DO00077332 CO153%8
028474

D016190
D005897
D058185 D004113 D000661 D013893
C101816

D002762 D000069286
D002995

Figure 7 Drug-gene interaction network and molecular docking analysis of quercetin with core target proteins in DCM. (A) Drug-gene interaction network for five core
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Figure 9 Histological, echocardiographic, and protein expression analysis of core genes in control and DCM mouse models. (A) Representative images of hematoxylin-eosin
(HE) staining, Masson’s trichrome staining, and echocardiography in control and DCM groups. (B) Echocardiographic assessment of left ventricular ejection fraction (LVEF),
fractional shortening (LVFS), and left ventricular end-diastolic diameter (LVEDD) in control and DCM groups (mean * SD, n=6, **p< 0.01). (C) Immunohistochemical staining
of TLNI, MYH10, NCKAPI, ACTN4, and DSTN in myocardial tissue from control and DCM groups (37.5X). (D) Typical bands of proteins in the Western blot experiment
(mean + SD, n=3, *p< 0.01).

Based on the previously annotated cell types, we further performed functional enrichment analysis of differentially
expressed genes in various cell subpopulations (Supplementary Figure 8). For each cell type, representative marker genes
were selected, and their expression patterns across subclusters were displayed in a heatmap. GO enrichment analysis
revealed distinct biological functions among cell types: fibroblasts were significantly involved in extracellular matrix
organization and collagen fibril formation, which are associated with matrix remodeling. Endothelial cells showed

enrichment in pathways associated with epithelial cell migration and angiogenesis. Macrophages and monocytes were
both enriched in pathways such as regulation of immune response and T cell activation, suggesting their potential roles in
the immune-inflammatory microenvironment of DCM. Regarding KEGG pathway analysis, fibroblasts were significantly
enriched in protein processing and the TGF-B signaling pathway, which are strongly linked to myocardial fibrosis.
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Figure 10 Single-cell transcriptomic analysis of cardiac tissues from DCM and control groups. (A) t-SNE plot showing clustering of 48,525 cardiac cells colored by cell type,
identifying seven distinct cell populations. (B) t-SNE plot of the same cells colored by disease group (DCM vs Control). (C) t-SNE plot colored by individual sample origin.
(D) Heatmap of representative marker genes across cell types. (E) Bar plots comparing the proportions of each cell type between DCM and control groups. (F) Overall
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map, indicating spatial expression patterns.
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Macrophages and monocytes were enriched in inflammatory pathways such as Leishmaniasis and Rheumatoid arthritis.
T cells were enriched in T cell receptor signaling and Th1/Th2 cell differentiation pathways.

Core Genes Exhibit Diverse Correlation Patterns with LVEF and LVEDD

Correlation analysis revealed that TLN1 was significantly positively associated with LVEF (r = 0.34, p = 0.0031), while
MYHI10 showed a significant negative correlation with LVEF (r = —0.40, p = 0.00053). In addition, MYHI10 was
significantly positively correlated with LVEDD (r = 0.29, p = 0.012). No statistically significant correlations were
observed between ACTN4, DSTN, or NCKAPI1 and either LVEF or LVEDD (Supplementary Figure 9).

Discussion

DCM is a heterogeneous cardiomyopathy with diverse etiologies and heart failure as its primary clinical manifestation.
Despite existing treatment options that can alleviate symptoms to some extent, there are still limitations in controlling
disease progression, and the prognosis is poor.' Disulfidptosis, a recently identified form of programmed cell death
triggered by intracellular disulfide accumulation and redox imbalance, has been primarily studied in cancer and
neurological disorders, while its role in cardiovascular diseases remains largely unexplored. However, given the high
energy dependence of cardiomyocytes and the prevalence of mitochondrial dysfunction and metabolic remodeling in
DCM, disulfidptosis may represent a novel death mechanism relevant to disease progression. Therefore, this study aims
to investigate the role of disulfidptosis in DCM, identify novel molecular targets, and offer new directions for therapeutic
intervention.

Our research identified 19 differentially expressed DiGs between control and DCM samples. Functional enrichment
analysis highlighted their involvement in immune processes, particularly in the regulation of macrophages, NK cells, and
B cells. Based on these 19 DiGs, we stratified the samples into two distinct clusters, referred to as cluster 1 and cluster 2.
Cluster 1 demonstrated a higher degree of immune cell infiltration, indicating a more pronounced immune profile
compared to cluster 2. Recent research underscores the pivotal role of the immune system in the pathogenesis and
progression of DCM. Macrophage polarization can mitigate myocardial fibrosis associated with DCM and potentially
reverse ventricular remodeling.>* During the progression of DCM, the activation of B cells, T cells, and NK cells plays
a protective role by inhibiting the maturation and migration of inflammatory cells, thereby modulating local cytokine
levels and attenuating myocardial injury.*>>® In parallel, our analysis uncovered significant differences in immune cell
composition between the two clusters. Future studies should, therefore, focus on elucidating the complex interactions and
underlying mechanisms between DiGs and immune cells in the setting of DCM.

As a multidisciplinary approach, machine learning has the potential to extract valuable insights from complex
datasets. In our study, the SVM-based predictive model demonstrated the highest accuracy, highlighting its effectiveness
in forecasting DCM. The model was developed using five key factors: NCKAP1, TLN1, DSTN, ACTN4, and MYH10.
Research has indicated that TLN1 plays a critical role in DCM by maintaining the connection between cardiomyocytes
and the extracellular matrix. The loss of TLN1 and TLN2 can lead to reduced B-1 integrin levels, damage to the
cardiomyocyte membrane, and eventually DCM and heart failure.*” In DCM, ACTN4 enhances the structural stability of
cardiomyocytes and the connections at intercalated discs by upregulating the expression of non-muscle a-actinin, helping
cells cope with mechanical stress. This acts as a compensatory mechanism for cardiomyocytes under pathological
conditions.>® MYH10 primarily functions in DCM by regulating the expression of contractile proteins in cardiomyocytes.
The expression of MYHI10 is increased in the cardiomyocytes of heart failure patients, which may be associated with
impaired myocardial contractility and ventricular remodeling. However, in the peripheral blood of patients with
idiopathic dilated cardiomyopathy (IDCM), MYH10 expression does not show significant differences, suggesting that
it may have different mechanisms of action in various stages of the disease or tissue types.”> NCKAP1 plays a role in
atherosclerosis and neointimal hyperplasia following vascular injury by regulating the migration and proliferation of
vascular smooth muscle cells. It is a key protein targeted by miRNA-214 and contributes to reversing disease
progression.* DSTN, a member of the actin-depolymerizing factor family, has been relatively understudied in the
context of DCM. However, its known roles in regulating nuclear morphology and the DNA damage response suggest
a potential involvement in DCM pathogenesis. Recent studies have demonstrated that DSTN interacts with SNRK to
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modulate F-actin depolymerization, thereby preserving nuclear integrity in cardiomyocytes and suppressing aberrant
DDR activation.*! Given that nuclear remodeling and genomic instability are hallmark features of DCM progression,
DSTN may contribute to disease development by mediating crosstalk between the cytoskeleton and nuclear architecture.
Under pathological conditions such as chronic mechanical or oxidative stress, dysregulated DSTN expression or function
may exacerbate nuclear stress, chromatin accessibility alterations, and cardiomyocyte apoptosis. Therefore, DSTN
represents a promising regulator of cardiomyocyte homeostasis in DCM and may serve as a potential diagnostic
biomarker and therapeutic target.

The accuracy of the SVM model was validated in the test cohort. Additionally, we constructed a nomogram for DCM
diagnosis based on the expression levels of NCKAPI, DSTN, TLN1, ACTN4, and MYH10. This nomogram exhibited
substantial predictive value, suggesting its potential for clinical application. To further substantiate these findings, we
established a DCM mouse model. WB results demonstrated a significant upregulation of ACTN4 and MYHI10 in
myocardial tissue, whereas DSTN, TLN1, and NCKAP1 showed marked downregulation. Moreover, IHC analysis of
myocardial tissue corroborated these observations. To explore the clinical relevance of the core gene signature, we further
analyzed the correlation between gene expression and echocardiographic measures of cardiac function. Notably, TLN1
and MYH10 demonstrated significant associations with LVEF and LVEDD, supporting their potential role as biomarkers
that reflect both molecular alterations and functional remodeling in DCM. These findings suggest that integrating gene
expression data with imaging phenotypes could enhance disease characterization and stratification. In future work,
multimodal models incorporating transcriptomic, imaging, and clinical features may yield more robust diagnostic tools.

MicroRNA (miRNA) mainly influences cardiomyocyte function and cardiac remodeling in DCM by regulating the
processes of cardiomyocyte proliferation, apoptosis, and fibrosis, and they have potential value as biomarkers and
therapeutic targets.**** The ceRNA network analysis revealed interactions between hsa-miR-1207-5p and the genes
TLN1 and NCKAPI, miR-1207-5p influences vascular remodeling and plaque stability in cardiovascular diseases by
regulating the ADAMTS protein family. Its downregulation is associated with atherosclerosis and unstable angina, which
is potentially valuable for early diagnosis.***> Research indicates that miR-939-5p is downregulated in the serum
exosomes of ischemic heart disease patients, inhibiting NO production by targeting iNOS and affecting angiogenesis,
potentially serving as an important regulator of vascular remodeling during myocardial ischemia.*® Additionally, miR-
939 is a biomarker for poor prognosis in patients with acute heart failure, and its high expression is associated with
ventricular hypertrophy and lower survival rates in heart failure patients.*” MiR-186-5p primarily regulates inflammatory
responses and lipid metabolism in cardiovascular and metabolic diseases. It participates in atherosclerosis formation by
targeting and inhibiting cystathionine y-lyase (CSE), promoting lipid accumulation in macrophages and the secretion of
pro-inflammatory cytokines, it is also associated with patients with unstable angina.***’

We used the CTD database to predict drugs related to core DiGs and found common drugs including quercetin and
resveratrol. Quercetin and resveratrol are natural plant compounds widely found in fruits, vegetables, and red wine, with
various biological activities. Quercetin has antioxidant and anti-inflammatory properties, capable of inhibiting oxidative
stress and endoplasmic reticulum stress, thereby reducing cardiomyocyte damage and fibrosis, improving cardiac
function, and preventing the progression of experimental autoimmune myocarditis (EAM) to DCM.>® Resveratrol has
been shown to promote vasodilation and reduce blood pressure by inducing disulfide bond formation at Cys42 of cGMP-
dependent protein kinase Gla (PKG1a), thereby improving cardiovascular function.>' Although its role in DCM has not
been directly investigated, these findings suggest that resveratrol may exert vascular protective effects under oxidative
stress conditions. Both resveratrol and quercetin exhibit potential therapeutic effects in DCM by attenuating fibrosis and
enhancing cardiac function. Quercetin primarily acts through inhibition of inflammatory and oxidative stress pathways,
whereas resveratrol exerts its effects via modulation of the PKG1a-mediated vascular redox signaling cascade. Through
distinct pathological mechanisms, both compounds may suppress DCM progression and hold promise as novel ther-
apeutic strategies and potential drug targets.

Collectively, our results indicate that structural remodeling and immune activation are intricately linked in the
development of DCM. Fibroblast proliferation and the elevated expression of cytoskeletal remodeling genes (eg,
ACTN4, TLNI, MYHI10) indicate ongoing myocardial fibrosis, which likely impairs myocardial compliance and
contractile performance. Meanwhile, the enrichment of macrophages and monocytes, along with their involvement in
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inflammatory pathways, suggests the presence of a pro-inflammatory microenvironment. These processes may not be
independent but rather form a positive feedback loop: immune cells can secrete profibrotic factors such as TGF-§ to
activate fibroblasts, which in turn produce chemokines that sustain inflammation. Through the integration of scRNA-seq,
machine learning, and regulatory network analysis, we uncovered potential diagnostic markers and unveiled therapeutic
targets involved in the crosstalk between immunity and fibrosis. Future studies should further explore the dynamic
crosstalk between immune cells and fibroblasts to uncover the underlying mechanisms of DCM and promote the
formulation of targeted precision therapies.

However, our study has several limitations. First, additional clinical datasets from DCM patients are needed to further
validate the expression levels and clinical associations of DiGs across broader and more diverse populations. Second,
a comprehensive assessment of the predictive model requires access to detailed clinical parameters, including imaging
indices and longitudinal prognostic data, which were not uniformly available in the included datasets. Third, although
multiple immune deconvolution algorithms were employed, confounding factors such as age and sex could not be
adjusted due to the incomplete metadata within the public GEO cohorts, potentially introducing bias in immune
infiltration estimates. In addition, although a 5-fold cross-validation strategy was used for LASSO model optimization,
a more rigorous nested cross-validation was not implemented due to computational limitations. Nevertheless, the robust
diagnostic performance observed in three independent validation cohorts supports the reliability of the model. Lastly,
increasing the sample size and integrating well-annotated, prospectively collected datasets in future research will be
crucial to improve statistical power, enable multivariable regression analyses, and enhance the translational applicability
of our findings.

Conclusions

This study aims to investigate the role of disulfidptosis in DCM and its potential molecular mechanisms. By integrating
datasets from multiple GEO databases, the study identified 19 differentially expressed DiGs and classified DCM patients
into two distinct immune subtypes based on these genes. A prediction model based on SVM was constructed and
validated using a test set, demonstrating high predictive accuracy. Additionally, a CeRNA regulatory network of core
genes was established, and potential therapeutic drugs related to core DiGs, such as quercetin and resveratrol, were
predicted. Finally, the expression changes of core genes were validated in a DCM animal model, suggesting that core
DiGs may serve as potential targets for DCM diagnosis and treatment.
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