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ABSTRACT

Background: Heart failure (HF) is a complex clinical syndrome and a leading cause of 
hospitalization and mortality worldwide, with significantly increasing mortality rates 
over time. Dilated cardiomyopathy (DCM) and hypertrophic cardiomyopathy (HCM) are 
2 major myocardial diseases that can lead to progressive HF. Dilated cardiomyopathy is 
characterized by left ventricular dilation and systolic dysfunction, while HCM primarily 
presents with left ventricular wall thickening; both are closely associated with mutations 
in genes encoding cardiac sarcomere contractile proteins and exhibit genetic heteroge-
neity. Although previous studies have revealed alterations in transcription and protein 
expression in failing hearts, it may have neglected molecular changes in less frequent cell 
types.

Methods: The overlapping differentially expressed genes (DEGs) that overlapped 
between datasets GSE141910 and GSE249925 were identified, and a functional enrich-
ment analysis was carried out. Overlapping genes in LASSO, SVM-RFE, and the key 
module in Weighted Gene Co-expression Network Analysis were seen as potentially sig-
nificant. The receiver operating characteristic (ROC) curve was utilized to assess their 
potential for prognostic stratification. Immune cell infiltration was evaluated with cell-
type identification by estimating relative subsets of RNA (CIBERSORT), and the findings 
were validated using the GSE165303 and GSE36961 datasets. Finally, the JASPAR data-
base was utilized to predict potential transcription factors governing these key genes.

Results: One hundred eighty-three overlapping DEGs were identified in HCM and DCM, 
and the functional enrichment analysis revealed they were closely related to the inflam-
matory and immune response. The genes FRZB, FNDC1, and SMOC2 were identified as 
potentially crucial, with ROC curves suggesting their potential utility for risk stratifica-
tion in both test and validation datasets. The analysis using CIBERSORT revealed a rela-
tionship between immune cells that infiltrate and important potential genes. Secreted 
protein acidic and rich in cysteine-related modular calccium -binding protein 2 (SPARC-
SMOC2) was identified as a hub gene with potential utility for patient stratification. 
Estrogen receptor 1 (ESR1) showed the strongest likelihood to be the regulator.

Conclusion: The research aimed at thoroughly understanding the pathogenesis of HCM 
and DCM. Discovering SMOC2 could help in understanding the shared mechanisms of HF, 
potentially serving as therapeutic targets in the future.

Keywords: Bioinformatics, DCM, HCM, machine learning, potential crucial genes

INTRODUCTION

Heart failure (HF) is a clinical condition characterized by structural and functional 
myocardial defects, leading to elevated intracardiac pressures and insufficient 
cardiac output at rest and during physical activity.1-3 It is estimated that 64.3 mil-
lion people worldwide are living with HF, with 1, 2, 5, and 10-year mortality rates 
of approximately 87%, 73%, 57%, and 35%, respectively.4-6 Heart failure is a diverse 
clinical syndrome and a primary cause of hospitalizations and fatalities.7,8

Dilated cardiomyopathy (DCM) is characterized by left ventricular (LV) dilation 
and impaired systolic function, typically with preserved LV wall thickness.9 This 
condition leads to progressive HF, declining contractility, and an increased risk of 
ventricular and supraventricular arrhythmias, conduction system abnormalities, 
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thromboembolism, and sudden cardiac or HF-related 
death.10,11 As a common and largely irreversible form of 
myocardial disease, approximately 20%-35% of DCM cases 
are familial, showing incomplete and age-dependent pen-
etrance and have been linked to over 20 genetic loci.12,13 
Although genetically heterogeneous, DCM is most com-
monly inherited in an autosomal dominant manner.14,15 Many 
of the mutated genes associated with autosomal domi-
nant DCM encode sarcomeric contractile proteins—such as 
α-cardiac actin, α-tropomyosin, cardiac troponins T, I, and C, 
β-, and α-myosin heavy chains, and myosin-binding protein 
C—which are also implicated in hypertrophic cardiomyopa-
thy (HCM).16

Conversely, HCM is a heterogeneous disorder defined by LV 
wall thickening, often caused by mutations in sarcomeric 
protein genes.17-19 Hypertrophic cardiomyopathy is 1 of the 
most prevalent inherited cardiomyopathies and is typically 
inherited in an autosomal dominant pattern.20 It arises from 
diverse mutations in genes encoding cardiac sarcomere con-
tractile proteins.21 To date, 11 genes have been associated 
with HCM, most frequently β-myosin heavy chain—the first 
identified—and myosin-binding protein C.22 This genetic 
diversity is accompanied by substantial intragenic hetero-
geneity, with over 400 distinct mutations identified.23,24 The 
phenotypic variability of HCM is attributed not only to the 
specific disease-causing mutation but also to modifier genes 
and environmental influences.19

Given the complex etiology of HF, integrating molecular 
phenotyping with detailed clinical phenotypic data holds 
promise for uncovering key insights into disease mecha-
nisms.25-27 For instance, tissue-level analyses of RNA and 
protein expression have revealed disease-specific tran-
scriptional signatures in cardiomyopathies.28-31 While earlier 
studies have documented alterations in transcriptional and 
protein profiles in failing myocardium, many may have over-
looked subtle yet significant molecular changes within less 
abundant cell populations.

In this study, gene expression profiles for DCM and HCM were 
sourced from the Gene Expression Omnibus (GEO) database. 
Potential key genes common to both conditions were subse-
quently identified through the application of Weighted Gene 
Co-expression Network Analysis (WGCNA) and machine 
learning techniques. The findings were then validated using 
independent datasets. The overarching objective was to 
enhance understanding of the transcriptional diversity 
of the human heart in both healthy and diseased states, 

thereby identifying novel therapeutic targets and biomark-
ers for prognostic stratification in HF.

METHODS

Data Acquisition and Analysis
The GEO database was utilized to search for datasets using 
“HCM” and “DCM” as keywords, aiming to collect gene 
expression profiles and clinical data on diseases. The selec-
tion criteria are the following: (1) The organism must be 
Homo sapiens; (2) the tissue must originate from myocardial 
tissue; (3) the datasets should include both a disease group 
and a healthy control group; and (4) there must be more than 
15 samples for WGCNA.

In the end, datasets GSE141910 and GSE249925 were utilized 
for analysis, while GSE165303 and GSE36961 were employed 
to verify the findings. Initially, data was downloaded from 
the GEO database.32 Subsequently, low-expression probes 
across all samples were filtered out. The dataset was then 
subjected to log2 transformation, followed by inter-array 
normalization using the normalizeBetweenArrays func-
tion within the limma package.33 Thereafter, limma vooma 
(variance-modelling at the observational level) was applied 
to estimate the mean–variance relationship and calculate 
appropriate observation-level weights. For probe annota-
tion, probes mapping to multiple genes were excluded. When 
multiple probes corresponded to a single gene, only the probe 
with the maximum signal intensity was retained. Each data-
set was analyzed independently. Overlapping genes that 
showed consistent directional changes across both datasets 
were retained as robust signatures.

Screening for Genes with Differential Expression
Using the “Limma” R package, differentially expressed 
genes (DEGs) were identified in the HCM and DCM datasets, 
with |Log2 fold change|≥1 and P value < .05 as the cut-off 
criteria. Genes that experienced simultaneous upregulation 
or downregulation in both datasets were labeled as overlap-
ping. Principal Component Analysis (PCA) and Venn plots 
were applied to visualize the clustering of sample groups and 
the overlapping DEGs.

Functional Enrichment Analysis
To gain a deeper understanding of the roles of the overlap-
ping genes, a functional enrichment analysis was performed. 
To convert Identity Documents (IDs) in molecular lists, the 
“Org. Hs. eg. Db” R package was applied. The “clusterPro-
filer” R package was used to perform enrichment analysis 
for Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathways.34 The “ggplot2” R package 
was used to create visual representations of the enrichment 
analysis results, focusing on the biological process (BP) in GO 
enrichment analysis. To explore biological pathways, KEGG 
pathway enrichment analysis was utilized. The cluster con-
ducted functional enrichment analysis to examine gene bio-
logical functions and pathways. P value < .05 was regarded 
as the cut-off criterion.

An enrichment analysis of Reactome pathways was con-
ducted by comparing cell types and diseases using 2 distinct 
approaches. Initially, a Gene Set Enrichment Analysis (GSEA) 

HIGHLIGHTS
•	A total of 183 common differentially expressed genes 

were identified in both hypertrophic and dilated 
cardiomyopathy.

•	SMOC2 was characterized as a central hub gene with 
strong diagnostic value.

•	ESR1 was proposed as a potential transcriptional regu-
lator of SMOC2.



Anatol J Cardiol 2026; XX(X): 1-12 � Li and Zhang. Identifying Common Genes in Cardiomyopathies via ML

3

analysis was excuted utilizing fgsea v1.16.044 on gene sets 
containing more than 15 but fewer than 500 genes. Utilizing 
CellBender count data, genes were ranked based on the 
t-statistic from the differential expression test and subse-
quently evaluated for enrichment in Reactome pathways 
from MsigDB. Secondly, ReactomePA was utilized to con-
duct a hypergeometric enrichment test to highlight signifi-
cant changes. Genes with a Benjamini–Hochberg adjusted 
P-value less than .01 were selected based on CellRanger and 
CellBender counts and were split into upregulated or down-
regulated categories for the specified cell type. Taking into 
account the number of differentially expressed genes, this 
second technique permits us to underscore more extreme 
differential expression results and also offers a control for 
substantial differences between CellBender and CellRanger 
tests. Pathways that were enriched in both tests, with a 
Benjamini–Hochberg corrected 2-sided P-value of less 
than .05 for fgsea and a 1-sided P-value of less than .05 for 
ReactomePA, and showed consistent directionality, were 
deemed robust results.

Analysis of Gene Co-expression Networks Using Weighted 
Methods
The WGCNA analysis was conducted using the “WGCNA” 
R package. First, the expression matrix was obtained, and 
the 5000 genes with the greatest variability, as determined 
by the standard deviation of their expression data, were 
selected for analysis.35,36 The fitted index, which showed a 
positive correlation, and the average connectivity, which 
showed a negative correlation, were plotted using a power 
scatter plot. To create a scale-free network, β = 9 was con-
sidered the best soft-power value. R2 > 0.8 was employed 
to determine the topological relationship of a scale-free 
network. Genes were clustered into modules based on their 
expression similarity using topological overlap matrix analy-
sis. Highly interconnected gene clusters were established 
with a minimum module size of 30. Pearson correlation anal-
ysis was employed to explore the link between module traits 
and clinical features. In conclusion, genes with significance 
and module significance values greater than 0.8 were identi-
fied as hub genes in the modules.37

Employing Machine Learning to Discover Important Genes
LASSO and SVM-RFE, 2 machine learning techniques, were 
employed alongside WGCNA to identify important genes. 
The LASSO regression model aims to prevent overfitting by 
using L1 regularization to shrink the variable regression coef-
ficients through a penalty function. The “glmnet” package 
in R was utilized for LASSO. Cross-validation plots were then 
created with Nfolds set to 10. SVM-RFE is a machine learning 
technique that automates and speeds up variable selection. 
The R packages “E1071,” “kernlab,” and “caret” were used for 
SVM-RFE. The genes were output after identifying the point 
with the lowest cross-validation error.

Measuring the Reliability of Diagnostic Conclusions
The “pROC” package is used to perform the receiver oper-
ating characteristic curve (ROC), also referred to as the 
sensitivity curve, by computing sensitivity and specificity 
at various cut-off points in a continuous variable. The area 

under the curve (AUC) was computed to demonstrate the 
diagnostic reliability of key genes on both the test and vali-
dation datasets. Ranging from 0 to 1, the AUC value reflects 
diagnostic confidence, with higher values indicating more 
certainty.

Immune Infiltration Analysis
Using the principle of linear support vector regression, 
CIBERSORT (https://​cibersor​t.stanfo​rd.edu) analyzes and 
deconvolves the expression matrix of human immune cell 
subtypes. This technique offers a collection of gene expres-
sion values across 22 types of immune cells using a pre-pro-
cessed reference dataset.38 The current research set 1000 
permutations as the default signature matrix, employing the 
“ggplot2” R package for visualization. Differences in immune 
cell infiltration between disease and control were depicted 
using heatmaps and violin plots. Afterward, the correla-
tion between infiltrating immune cells and potential critical 
genes was determined through Spearman correlation analy-
sis, where P-values under .05 were considered statistically 
significant. For genes associated with 3 or more infiltrating 
immune cells, lollipop graphs were used for visualization; 
otherwise, a correlation scatter plot was preferred.

Analysis of Gene Expression Specific to Cell Types
The most common cell types, including cardiomyocytes, 
fibroblasts, endothelial cells, pericytes, macrophages, 
Vascular Smooth Muscle Cells (VSMCs), and lymphocytes, 
underwent a targeted sub-clustering analysis. Clustering 
followed the global map approach, adjusting n_neighbors 
to 10 in sc.pp.neighbors to better reflect local structure. 
Furthermore, before calculating PCA, the percentage of 
mitochondrial reads and total Unique Molecular Identifier 
(UMI) counts per nucleus were removed. Leiden cluster-
ing for each cell type was conducted at resolutions ranging 
from 0.1 to 1.0, increasing by 0.1. Clustering was stopped and 
the earlier resolution was kept when a sub-cluster appeared 
without any marker genes having an AUC greater than 0.6. 
For VSMCs, these criteria were modified to demand at least 
2 genes with an AUC over 0.6 to prevent excessive clustering. 
Marker genes were computed using a method analogous to 
that of the global cluster analysis. To identify marker genes, 
more relaxed criteria were applied, necessitating that the 
gene be expressed in at least 15% of nuclei within the tar-
get sub-cluster, have an AUC over 0.55, a positive log fold-
change, and an False Discovery Rate (FDR)-adjusted 2-sided 
P-value below .01. As previously described, single-cell 
Comoositional Date-Analysis (scCODA) was used for com-
position analysis to identify subpopulations with different 
abundances in disease conditions. Using sc.tl.score_genes_
cell_cycle() with default settings, the nuclei of macrophages 
were evaluated for their cell-cycle profiles.

Prediction of Transcription Factor
The University of California,Santa Cruz (UCSC) genome 
browser (http://g​enome.uc​sc.edu/) was utilized to predict 
transcription factors (TFs) for the hub gene. Following this, 
correlation analyses involving the potential TFs and the tar-
geted hub gene were performed in GSE165303 and GSE36961. 
Transcription factors that had correlation coefficient values 

https://cibersort.stanford.edu
http://genome.ucsc.edu/
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greater than 0.6, indicating a strong positive correlation, 
were chosen. To validate the relationship between the cho-
sen TFs and the hub gene, multiple binding sites for the hub 
gene were forecasted using JASPAR (http://j​aspar.ge​nereg.
ne​t/).

RESULTS

The overall analytical workflow is summarized in Figure 1. 
Principal Component Analysis demonstrated clear separa-
tion between disease samples (DCM and HCM) and healthy 
controls, confirming distinct transcriptomic profiles 
(Figures 2A, B). Differential expression analysis identi-
fied 417 DEGs in DCM (GSE141910) and 899 DEGs in HCM 
(GSE249925) (Figures 2C, D). Intersection of DEGs from both 
datasets identified 183 overlapping genes, including 94 com-
monly upregulated and 89 commonly downregulated genes 
(Figures 2E, F).

Gene Ontology enrichment analysis revealed that the 183 
overlapping genes were predominantly involved in inflam-
matory responses (acute inflammatory response, myeloid 
cell activation) and immune regulation (Figure 2G). Kyoto 
Encyclopedia of Genes and Genomes and reactome path-
way analyses further identified enrichment in TGF-beta 
signaling, extracellular matrix (ECM) organization, collagen 
trimerization, and ECM proteoglycans—processes central 
to cardiac fibrosis and remodeling (Figures 2H and I). These 
findings point to shared pathological mechanisms—inflam-
mation and fibrosis—that drive disease progression in both 
HCM and DCM.

The gene clustering dendrogram revealed that the WGCNA 
analysis identified 5 distinct modules within the GSE141910 
dataset, with each module represented by a unique color 
(Figure 3A). Notably, the grey module exhibited the most sig-
nificant positive correlation with DCM (r = 0.92, P < 1e-134), 

leading to the selection of 868 hub genes from this module 
for further analysis (Figures 3B, C).

LASSO regression identified 31 candidate genes, while SVM-
RFE selected 48 genes (Figures 3D, E). The intersection of 
genes from both algorithms and WGCNA hub genes yielded 
3 key genes: FRZB, FNDC1, and SMOC2 (Figure 3F). The AUC 
values for FRZB, FNDC1, and SMOC2 were 0.981, 0.989, and 
0.989 in GSE141910, and 0.972, 0.964, and 0.988 in GSE249925, 
respectively (Figures 3G, H). Receiver operating characteris-
tic analysis suggested the potential utility of these genes for 
patient stratification.

The heatmap displays the relative proportions of 22 immune 
cell types in DCM compared to control samples (Figure 4A). 
Violin plots depict the distributional differences of immune 
cells between the DCM and control groups (Figure 4B). In 
DCM samples, 11 immune cell types exhibited significant dif-
ferences relative to controls. Specifically, the proportions 
of naïve B cells, M0 macrophages, M1 macrophages, resting 
mast cells, monocytes, plasma cells, CD8 T cells, and gamma 
delta T cells were significantly elevated. Conversely, the pro-
portions of eosinophils, M2 macrophages, and resting mem-
ory CD4 T cells were reduced, demonstrating a negative 
correlation. Additionally, in DCM samples, FRZB, SMOC2, 
and FNDC1 all showed significant positive correlations with 
M1 macrophages (Figures 4C-E).

The heatmap illustrates the relative proportions of 22 
immune cell types in HCM versus control samples (Figure 5A). 
Violin plots depict the distributional differences of immune 
cells between the HCM and control groups (Figure 5B). In 
the HCM samples, 9 immune cell types exhibited significant 
differences relative to controls: the proportions of naïve B 
cells, resting mast cells, activated NK cells, resting NK cells, 
and CD8 T cells were significantly elevated. Conversely, the 
proportions of activated mast cells, monocytes, neutrophils, 

Figure 1.  Workflow of process in this study.

http://jaspar.genereg.net/
http://jaspar.genereg.net/
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and resting CD4 memory T cells were reduced, demonstrat-
ing a negative correlation. Within the HCM samples, the 
genes FRZB, FNDC1, and SMOC2 were found to be closely 
associated with immune cells. Specifically, FRZB showed 
correlations with 5 immune cell types, including resting mast 
cells and CD8 T cells (Figure 5C). FNDC1 was correlated with 
5 immune cell types, such as resting NK cells and CD8 T cells 
(Figure 5D). SMOC2 exhibited positive correlations with rest-
ing mast cells and CD8 T cells, while showing negative corre-
lations with activated mast cells and neutrophils (Figure 5E). 
Of note, these 3 hub genes did not exhibit disease-specific 
expression patterns capable of distinguishing HCM from 
DCM, consistent with their role as shared molecular markers 
of the failing heart.

To further validate the findings, external datasets 
GSE165303 and GSE36961 were analyzed. The analysis 
revealed that in both validation datasets, the expression 

levels of FRZB, FNDC1, and SMOC2 were significantly ele-
vated in DCM and HCM compared to controls (Figures 6A, C). 
Receiver operating characteristic curves further suggested 
the potential utility of these genes for patient stratification 
in the validation datasets (Figures 6B, D). Single-cell analy-
sis using dataset SCP1303 revealed pronounced expression 
of SMOC2 in activated fibroblasts and epicardial cells in 
HCM and DCM. Fibroblasts and epicardial cells are intri-
cately linked with myocardial fibrosis, a critical pathological 
hallmark of both HCM and DCM. To elucidate the upstream 
regulatory mechanisms of SMOC2, upstream transcrip-
tional regulators were predicted. Utilizing the UCSC data-
base, it was predicted that the expression of 6 transcription 
factors—ESR1, ZNF610, GLIS1, DMC1, and E2F1—was sig-
nificantly positively correlated with SMOC2. To enhance 
the validation of the regulatory interactions between 
these transcription factors and SMOC2, the JASPAR data-
base was utilized to predict their binding motifs. The 

Figure 2.  DEGs in GSE141910 and GSE249925. (A) The 2-dimensional PCA cluster diagram in GSE141910. (B) The 2-dimensional 
PCA cluster diagram in GSE249925. (C) The volcano plot of DEGs in GSE141910. (D) The volcano plot of DEGs in GSE249925. (E) The 
common up-regulated DEGs in GSE141910 and GSE249925. (F) The common down-regulated DEGs in GSE141910 and GSE249925. 
(G) The biological process (BP) of GO enrichment analysis of common DEGs shared in GSE141910 and GSE249925. (H) The KEGG 
pathway enrichment analysis of common DEGs shared in GSE141910 and GSE249925. (I) Enriched Reactome pathway analysis of 
common DEGs shared in GSE141910 and GSE249925. BP, biological process; DEGs, differentially expressed genes; GO, gene 
ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PCA, principal component analysis.
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motif with the highest score for ZNF610 was identified as 
MA1713.1 and MA1713.2, characterized by a core binding 
sequence of TATTACTAATA. For E2F1, the motif with the 
highest score was MA0024.2, also featuring the binding 
sequence TATTACTAATA. In the case of ESR1, the highest-
scoring motif was MA0112.4, with a binding sequence of 
AATTTCACAAAAA.

DISCUSSION

Hypertrophic cardiomyopathy and DCM represent the 2 
most prevalent and significant primary cardiomyopathies 
associated with the progression to HF.39-42 Hypertrophic 
cardiomyopathy and DCM follow divergent paths toward 
HF. Dilated cardiomyopathy arises from progressive systolic 

Figure  3.  Identification of potential crucial genes by WGCNA, LASSO, and SVM-RFE. (A) The cluster dendrogram of genes in 
GSE141910. (B) Relationships between modules and clinical traits in GSE141910. (C) The relationship between module membership 
and gene significance in the grey module. (D) SVM-RFE algorithm for screening key genes in DEGs. (E) LASSO algorithm for 
determining key genes in DEGs. (F) Venn diagram to show the overlap of genes obtained using WGCNA, LASSO, and SVM-RFE. 
(G). ROC curve evaluating the potential of 3 hub genes for patient stratification in GSE141910. (H) ROC curve evaluating the 
potential of 3 hub genes for patient stratification in GSE249925. DEGs, differentially expressed genes; ROC, receiver operating 
characteristic; WGCNA, weighted gene co-expression network analysis.
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pump failure. Conversely, HCM is fundamentally a disease of 
impaired diastolic filling and compliance; its path to reduced 
cardiac output is primarily through decreased ventricular 
preload or outflow obstruction, not intrinsic pump weakness. 
It is noteworthy that in advanced HCM, a “burned-out” phe-
notype with systolic dysfunction may emerge, converging 
hemodynamically with DCM. Thus, despite different primary 
lesions, a deficit in effective cardiac output represents a 
common final pathway in both conditions.43,44 The resultant 
deficit in cardiac output activates canonical compensatory 
pathways. These include (1) enhanced sympathetic nervous 
system activity, which leads to an increased heart rate and 
a temporary improvement in myocardial contractility7,45; 

and (2) activation of the Renin–Angiotensin–Aldosterone 
System, which promotes water and sodium retention 
(thereby increasing blood volume) and vasoconstriction (in 
an effort to maintain blood pressure).46,47 While these com-
pensatory mechanisms may offer short-term benefits, they 
become deleterious over the long term. Activation of the 
RAAS augments the heart’s volume load, resulting in further 
dilation or increased wall stress. Continuous sympathetic 
activation elevates heart rate and myocardial oxygen con-
sumption and may precipitate arrhythmias.18,48 Together, 
these factors accelerate myocardial injury and functional 
deterioration, establishing a vicious cycle that culminates in 
overt HF.

Figure 4.  Immune infiltration analysis of crucial genes in DCM. (A) The heatmap of immune cell infiltration between DCM and 
controls. (B) The violin plot to show the different distribution of each immune cell between DCM and controls in GSE141910. (C) 
Correlation between FRZB and Macrophages M1. (D) Correlation between SMOC2 and Macrophages M1. (E) Correlation between 
FNDC1 and Macrophages M1. DCM, dilated cardiomyopathy. * P < .05, ** P < .01, *** P < .001, **** P < .0001.
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Three central genes—FRZB, FNDC1, and SMOC2—were 
identified as consistently dysregulated in both HCM and 
DCM. These genes may serve as prognostic biomarkers 
rather than diagnostic tools to replace established clinical 
imaging modalities. However, further prospective validation 
is needed.

Importantly, these 3 hub genes do not differentiate HCM from 
DCM. Instead, they represent a shared molecular signature of 
the failing heart, reflecting convergent pathophysiological 

processes—particularly fibrosis and maladaptive remodel-
ing—that mediate the progression of both diseases to a final 
common pathway of HF.

SMOC2 is a constituent of the cysteine-rich acidic secretory 
protein (SPARC) family, known for its role in matricellular 
functions.49 Structurally, SMOC2 comprises an extracellular 
calcium-binding (EC) domain and a characteristic domain 
containing 10 cysteines.50,51 Functionally, SMOC2 modu-
lates cell-matrix interactions and influences the activity of 

Figure 5.  Immune infiltration analysis of crucial genes in HCM. (A) The heatmap of immune cell infiltration between HCM and 
controls. (B) The violin plot to show the different distribution of each immune cell between HCM and controls in GSE249925. (C) 
Correlation between FRZB and infiltrating immune cells. (D) Correlation between FNDC1 and infiltrating immune cells. (E) 
Correlation between SMOC2 and infiltrating immune cells. HCM, hypertrophic cardiomyopathy. * P < .05, ** P < .01, *** P < .001, 
**** P < .0001.
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vascular growth factors through its interactions with matrix 
proteins, cell surface receptors, cytokines, proteases, and 
other effector molecules.52,53 This protein has been identi-
fied as a potential biomarker for HF, and therapeutic strate-
gies targeting SMOC2 may offer promising avenues for the 
treatment of cardiac diseases. For instance, research by Wilk 
et al32 demonstrated significant differences in SMOC2 mRNA 
expression between non-HF and right HF groups in patients 
with pulmonary arterial hypertension (PAH) and in left/
right ventricular samples from patients post-left ventricular 

assist device (LVAD) implantation, suggesting SMOC2 as a 
viable target for HF treatment. Moreover, elevated plasma 
levels of SMOC2 in clinical patients have been associated 
with an increased risk of rehospitalization in HF patients.53 
Plasma SMOC2 levels correlate with the severity and pro-
gression of HF, serving as a reliable predictor of rehospital-
ization risk.53 Mechanistically, experimental studies suggest 
that METTL3 enhances the m6A methylation of SMOC2 
mRNA, thereby increasing its stability. This post-transcrip-
tional regulation promotes cardiac fibroblast proliferation 

Figure 6.  Validation of potential crucial genes and prediction of potential regulators. (A) The volcano plot of DEGs in GSE165303. 
(B) ROC curve evaluating the potential of 3 hub genes for patient stratification in GSE165303. (C) The volcano plot of DEGs in 
GSE36961. (D) ROC curve evaluating the potential of 3 hub genes for patient stratification in GSE36961. (E) Cell type-specific 
expression of FRZB, FNDC1, and SMOC2 in Control, HCM, and DCM samples. (F) The orange nodes in the circle represent 6 
transcription factors regulating SMOC2. (G) Binding sites of 3 predicted transcription factors using JASPAR database. DCM, 
dilated cardiomyopathy; DEGs, differentially expressed genes; HCM, hypertrophic cardiomyopathy; ROC, receiver operating 
characteristic. 
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and differentiation—a process central to fibrotic remodeling 
in both HCM and DCM.50 Emerging evidence further impli-
cates SMOC2 in pathological cardiac remodeling through 
both fibrotic and inflammatory pathways. SMOC2 binds 
to integrin αvβ5 on cardiac fibroblasts, inhibiting the LKB1/
AMPKα/FOXO3 pathway, which impairs antioxidant defense, 
enhances lipid peroxidation, and promotes inflammation 
and fibrosis. These findings position SMOC2 as a key media-
tor of maladaptive myocardial remodeling.54

FRZB has been identified as a potential HF marker. In a 
chronic animal model of repaired Tetralogy of Fallot (TOF), 
transcriptomic analyses revealed significant dysregulation 
of FRZB in ventricular tissues, pointing to its involvement in 
ventricular remodeling and cardiac failure.55 In the context 
of hypertrophic cardiomyopathy, integrated bioinformat-
ics analyses have identified FRZB as a hub gene in the key 
module showing high positive correlation with HCM, with 
functional enrichment analyses revealing that extracellular 
matrix, fibrosis, and neurohormone pathways play impor-
tant roles.56 These findings suggest that FRZB may contrib-
ute to the pathogenesis of both HCM and DCM.

FNDC1 (also known as AGS8) is an ischemia-inducible gene 
that promotes cardiomyocyte apoptosis under hypoxic stress 
by interacting with Gβγ subunits and connexin 43 (CX43), 
leading to increased cell permeability.57-59 In HCM and DCM, 
where chronic ischemia and remodeling may occur, FNDC1 
may contribute to disease progression through its pro-apop-
totic effects.

While the integrated bioinformatics approach has identified 
convergent molecular features, several limitations should 
be acknowledged. First, this study is based on retrospective 
analysis of tissue transcriptomic data. The immune cell infil-
tration and transcription factor predictions, while insightful, 
remain computational inferences derived from gene expres-
sion patterns and lack direct experimental corroboration. 
Future studies employing single-cell RNA sequencing, spatial 
transcriptomics, or flow cytometry on cardiac tissue would 
be invaluable to validate and spatially resolve the immune 
landscape that have been predicted. Second, the predicted 
regulatory relationships between transcription factors and 
the core genes require functional validation using techniques 
such as chromatin immunoprecipitation, luciferase reporter 
assays, or genetic manipulation in relevant cellular or animal 
models. Lastly, the prognostic and therapeutic potential of 
SMOC2 needs to be prospectively validated in larger, multi-
center cohorts and experimental models of cardiomyopathy.

In summary, through bioinformatics approaches, SMOC2 has 
been identified and validated as a pivotal gene implicated 
in both HCM and DCM. SMOC2 appears to play a significant 
role in the pathogenesis and progression of these conditions, 
indicating a shared underlying mechanism. This gene mer-
its further investigation and holds potential as a prognostic 
biomarker.

CONCLUSION

In conclusion, this study aimed to achieve a comprehen-
sive understanding of the pathogenesis of HCM and DCM, 

with the potential to elucidate mechanisms underlying HF. 
Utilizing machine learning and integrated bioinformatics 
methodologies, SMOC2 was identified as a potential key 
gene. SMOC2 contributes to the understanding of shared 
mechanisms between HCM and DCM and holds promise 
as a prognostic biomarker and prospective therapeutic 
target.
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