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ABSTRACT: Background: Previous studies combined integrated scRNA-seq with bulk RNA data to screen biomarkers
for cardiomyopathy. This study extended this approach to identify biomarkers specific for hypertrophic cardiomyopathy
(HCM). Methods: Datasets GSE36961, GSE130036, GSE249925 and GSE203274 were analyzed in this study. ScRNA-seq
analysis was employed to identify distinct cell populations. Differentially expression analysis was conducted to screen
vascular endothelial cells (VECs)-related feature genes. After calculating VECs score, WGCNA was used to correlate
gene modules with the VECs score. Key HCM biomarkers were determined using random forest analysis, and LASSO
regression analyses to construct a diagnostic model based on their diagnostic efficacy and differential expression.
Results: Our analysis identified nine distinct cell populations, with VECs accounting for a notably higher proportion
in HCM samples. Genes associated with the VECs were enriched in the pathways related to blood vessel, immunity and
cardiac function. After classifying significant gene modules based on VEC-related genes, a strong correlation between
the blue module and the VECs score was detected. Notably, genes in the blue module were enriched in the pathways
related to metabolism and immune response. Key genes with a high expression in HCM were determined by intersecting
differentially expressed genes (DEGs) in HCM with those in the blue module. Finally, random forest analysis and LASSO
regression analysis identified five central hub genes for the diagnosis of HCM, including Dual Specificity Tyrosine
Phosphorylation Regulated Kinase 1B (DYRK1B), Growth Arrest and DNA Damage Inducible Alpha (GADD45A),
Influenza Virus NS1A Binding Protein (IVNS1ABP), Leiomodin 2 (LMOD2), and Pleckstrin Homology Like Domain
Family B Member 2 (PHLDB2). Conclusion: Collectively, our study discovered novel VEC-related biomarkers for HCM
and comprehensively examined the mechanisms underlying the pathogenesis of HCM.

KEYWORDS: Hypertrophic cardiomyopathy; single-cell RNA sequencing; vascular endothelial cells; biomarker;
WGCNA

1 Introduction
As a frequently diagnosed heart disease, hypertrophic cardiomyopathy (HCM) is traditionally con-

sidered as a monogenic disorder characterized by complex phenotypic and genetic expression [1,2]. The
diagnosis and management of HCM necessitate a multimodal imaging approach, with transthoracic echocar-
diogram (TTE) serving as the primary diagnostic imaging modality for HCM [3]. Additionally, genetic
testing has emerged as a valuable tool for improving our understanding of genotype-phenotype correlations
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in HCM [4]. However, despite significant advancements in deciphering the genetic basis of HCM, the cellular
mechanisms underlying its pathogenesis are not fully understood [5].

The endothelium is a cell layer lining blood vessels that regulates homeostasis, vascular tone, inflam-
mation, and platelet activity [6–8]. Endothelial dysfunction is characterized by altered endothelial functions,
including a range of nonadaptive modifications in functional phenotype that could lead to dysregulation in
diverse processes such as hemostasis and thrombosis, vascular tone and redox balance and inflammation
[9–11]. Vascular endothelial cells (VECs), which form the innermost layer of blood vessels, are crucial for
the development of functional circulatory system and its maintenance and provide paracrine support for
non-vascular cells [12]. For instance, VECs release signaling molecules to modulate the systolic response of
cardiomyocytes [13]. Studies found that VECs influence the occurrence of HCM by releasing and responding
to vascular endothelial growth factors (VEGFs), thereby affecting angiogenesis and interacting with immune
cells [14,15]. Understanding the relationship between VEC-related genes and HCM could provide novel
insights into the pathogenesis of HCM. However, the mechanisms by which VECs contribute to HCM still
remain elusive and require further investigation.

Recent emphasis on population health has underscored the importance of utilizing big data to inform
public health interventions and prevent cardiovascular diseases (CVDs) [16]. In the field of cardiology,
machine learning and big-data analytics are applied to predict individual risk factors for CVD and to support
clinical decision-making through genomic information [17]. Advances in scRNA-seq technology have greatly
contributed to the biomedical researches, allowing not only for the profiling of single-cell transcriptomes, but
also the discovery of novel or rare cell types at single-cell resolution [18,19]. For instance, integrative scRNA-
seq analysis has revealed a disease-relevant vascular cell states and markers in atherosclerosis [18]. Another
scRNA-seq analysis explored the cellular heterogeneity and stem cells of VECs involved in the formation
and hemostasis of blood vessel [20]. A preliminary research applied scRNA-seq to HCM, highlighting the
heterogeneity of cardiomyocytes and the molecular events in HCM [21]. Here, we extended the application of
scRNA-seq to HCM to further investigate the specific roles of VECs in HCM and to discover VEC-relevant
biomarkers, aiming to elucidate the mechanisms underlying the pathogenesis of HCM.

2 Methods

2.1 Data Source and Processing
The datasets GSE36961, GSE130036 and GSE249925 were collected from Gene Expression Omnibus

(GEO). The chip data from these datasets were processed, and the probes were converted to symbols based
on the annotation files. The dataset GSE36961 containing 39 control and 106 HCM samples was designated as
the training set. For the validation datasets, 9 control and 28 HCM samples were obtained from GSE130036,
and the GSE249925 dataset comprised 23 controls and 97 HCM cases.

Another dataset GSE203274 from GEO included 12 control and 2 HCM samples. These samples were
subjected to the scRNA-seq analysis using 10× Genomics on both NextSeq 500 and NovaSeq 6000 systems.

2.2 Single-Cell Analysis
The Seurat object was created using the “CreateSeuratObject” function in the Seurat package [22].

Cells were filtered to include only those with gene counts between 200 and 6000 and mitochondrial
gene content less than 20%. These eligible cells were normalized with the “NormalizeData” function
to adjust for sequencing depth. Subsequently, the 2000 most variable genes were identified using the
“FindVariableFeatures” function for subsequent analyses. After data normalization, principal component
analysis (PCA) was performed to reduce dimensionality using the “RunPCA” function. To remove the
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batch effect, the “RunHarmony” function in the harmony package [23] was utilized with lambda = 0.5 and
max.iter.harmony = 50. Moreover, the first 50 PCs were evaluated using the “ElbowPlot”. Next, clustering
analysis was conducted using the “FindNeighbors” (dims = 1:30) and “FindClusters” (resolution = 0.1)
functions. Then, dimensionality reduction function “RunUMAP” was used for data visualization. Finally,
based on the marker genes provided by the CellMarker2.0 database, the “FindAllMarkers” function was
employed to annotate cell types.

2.3 Identification of VECs-Related Feature Genes
To investigate the heterogeneity in gene expression across cell populations, differential gene expression

was analyzed using the “FindAllMarkers” function (parameters: logfc.threshold = 0.25, min.pct = 0.25 and
only.pos =TRUE). The DEGs in VECs were then intersected with those from both HCM and control samples
to identify the VEC-related feature genes. The feature genes were further subjected to ssGSEA to calculate
the VECs score.

2.4 Identification of Differentially Expressed Genes (DEGs)
The R package “limma” was used to screen DEGs based on the mRNA expression profile data of

GSE36961 under the screening threshold of p < 0.05 and log2
FC
> log2

(1.5).

2.5 Weighted Co-Expression Network Analysis (WGCNA)
WGCNA was employed to identify gene modules related to the characteristic scores of VECs [24].

Firstly, genes with relatively low variances were removed after data preprocessing while retaining only those
with significant variations. Specifically, the median absolute deviation (mad) metric was utilized to screen
genes under a threshold of 0.01 to select the top 75% of genes with the highest variations. Subsequently,
the appropriate soft threshold β was determined by the “pickSoftThreshold” function [25]. Next, a weighted
adjacency matrix was constructed and the topological overlap matrix (TOM) was further calculated. Genes
were clustered by the hierarchical clustering method, with topological dissimilarity (dissTOM) as the
distance metric. To ensure a more refined module segmentation, deepSplit = 2 was set to adjust the clustering
depth. The minimum number of genes in a module was 60 and mergeCutHeight = 0.3 was the cut height
to merge close modules. To analyze the relationship between gene modules and VECs scores, the Module
Eigengene (ME) for each module was first calculated. Then, module-trait correlation analysis was conducted
by calculating Pearson correlation coefficient between each module and VECs scores, with corresponding
p-value computed by the corPvalueStudent function. The relationships were visualized into a heat map
to identify important modules related to the functions of VECs. To gain a deeper understanding of the
characteristics of genes within these modules, Gene Module Membership (MM) and Gene Significance (GS)
and the VECs score were analyzed. The relationship between MM and GS was visualized into a scatter plot.

2.6 Identification of Candidate Biomarkers
The DEGs and module genes were intersected to collect common genes for machine learning analysis.

The “randomForest” function of the randomForest R package was applied to construct a random forest
model [26,27]. The number of variables (mtry) in the binary tree at the specified node and the number of
decision trees (ntree) in the model were determined based on the mean error rate from out-of-bag (OOB)
samples and the relationship between the error of the model and the number of decision tree. A random
forest model was then developed using these variables and the top 10 important genes were identified by
MeandecreaseAccuracy and MeandecreaseGini, respectively.



656 Congenit Heart Dis. 2025;19(6)

The number of key biomarkers were further reduced by LASSO regression analysis. In LASSO analysis,
lambda (λ) is a critical parameter that determines the penalty strength applied to the coefficients. Using the
glmnet R package, the optimal λ value was determined by 10-fold cross-validation analysis (the parameters
nfolds = 10 and family = ‘binomial’) to select key markers [28].

2.7 Construction of a Diagnostic Model
The hub genes related to HCM were identified from the intersection of the results from the random

forest analysis and LASSO regression analysis, serving as the biomarkers in this study. Next, the diagnostic
efficacy and differential expression of each hub gene were analyzed.

2.8 Statistical Analysis
All computational analyses were performed in R software (version 3.6.0). The differences between two

continuous variables were compared with Wilcoxon rank-sum test and the correlation was calculated via the
Spearman method. A p-value < 0.05 signified a statistical significance.

3 Results

3.1 Single-Cell Landscape in HCM
Quality analysis of scRNA-seq data presented a significant improvement after preprocessing than before

(Fig. S1A,B). In addition, the elbow plot of PCA showed that the first 30 PCs accounted for most of the
variances in the dataset (Fig. S1C), therefore these first 30 PCs were used for downstream analyses.

Single-cell clustering and annotation were performed on the normal and HCM samples (total number
= 14). The UMAP plot displayed 9 main cell populations, namely, cardiomyocytes cells, VECs, fibroblast
cells, pericyte cells, macrophage/monocyte cells, stem cells, smooth muscle cells, T cells and neutrophil
cells (Fig. 1A). Comparison on the expression of marker genes demonstrated that CDH5 and CLDN5 were
most prominently expressed in VECs (Fig. 1B,C). Thereafter, we analyzed the proportions of these cell
populations in normal and HCM samples. Notably, cardiomyocytes and VECs constituted a significant
proportion in both sample types (Fig. 1D). The percentage of VECs was relatively higher in HCM samples
than in normal samples (Fig. 1E). Here, we developed the single-cell landscape in HCM and identified nine
major cell populations.

Figure 1: (Continued)
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Figure 1: Single-cell landscape in HCM. (A) UMAP plot showing nine main cell populations based on the HCM and
normal samples. (B) Bubble plot of the expression levels of the marker genes annotating each cell population. (C) Violin
plots of the expression levels of marker genes for nine different subpopulation cell types. (D,E) Percentage of each cell
population in HCM and normal samples
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3.2 Functional Enrichment Analysis and Identification of VEC-Related Feature Genes
To explore the heterogeneous gene expression patterns across the cell populations, differentially

upregulated genes in the cell populations were identified (Fig. 2A). As the percentage of VECs was relatively
higher in HCM samples, pathway enrichment analysis was conducted on the upregulated genes in VECs.
The results (Fig. 2B) showed that these genes were mainly enriched in pathways related to blood vessel (e.g.,
vasculogenesis, VEGF signaling pathway and positive regulation of blood vessel endothelial cell migration),
immunity (e.g., T cell receptor signaling pathway and B cell receptor signaling pathway) and cardiac
processes (e.g., heart morphogenesis, heart development and cardiac atrium morphogenesis).

Figure 2: Functional enrichment analysis and identification of VEC-related feature genes. (A) Differentially upregu-
lated genes in each cell populations. (B) Functional enrichment analysis on the differentially upregulated genes in VECs.
(C) Differentially upregulated genes in VECs of HCM and normal samples. (D) Venn diagram showing the VEC-related
feature genes
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We also analyzed the differentially upregulated genes in VECs between HCM and normal samples
(Fig. 2C) and intersected these genes with the differentially upregulated genes in VECs. As shown in the
Venn diagram, a total of 55 VEC-related feature genes were identified (Fig. 2D). These findings collectively
highlighted the potential role of VEC-related genes in HCM.

3.3 WGCNA to Identify the VECs-Relevant Gene Modules
The VEC-related gene co-expression modules were classified by WGCNA. The sort threshold (β) was

set to 7 to ensure a scale-free network (Fig. 3A). Hierarchical clustering classified a total of 11 relevant gene
modules after merging (Fig. 3B). Correlation analysis showed a noticeably stronger correlation between the
blue module and the VECs score (Fig. 3C,E). The number of genes in each module was calculated and
presented in Fig. 3D. Functional enrichment analysis on the genes in the blue module (Fig. 3F) revealed that
these genes were significantly enriched in pathways related to metabolism (e.g., coenzyme metabolic process,
carboxylic acid catabolic process, and sulfur compound metabolic process) and immunity (e.g., neutrophil
mediated immunity, neutrophil activation and neutrophil activation involved in immune response). These
findings allowed for the identification of the relevant hub DEGs for further analysis.

Figure 3: (Continued)
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Figure 3: WGCNA to identify VECs-relevant gene modules. (A) Process on determining the optimal soft threshold
(β) for WGCNA analysis. (B) Cluster dendrogram in WGCNA analysis. (C) Correlation between the gene modules and
the VECs score (the numbers without the brackets were the correlation coefficient and those within the brackets were
the p-values). (D) The number of genes in each gene modules. (E) The correlation between the blue gene module and
the VECs score. (F) Functional enrichment analysis on genes in the blue module

3.4 Identification of DEGs in HCM
A total of 523 DEGs, including 198 upregulated DEGs and 325 downregulated DEGs, were identified

from the dataset GSE36961 and visualized into a Volcano plot (Fig. 4A). The upregulated DEGs were
intersected with the genes in the blue gene module to obtain 146 common genes (Fig. 4B). The heapmap
showed that the expression of these common genes was upregulated in the HCM samples (Fig. 4C), therefore
these genes were further analyzed to select HCM-specific key genes.

Figure 4: Identification of DEGs in HCM. (A) Volcano plot on the DEGs based on the dataset GSE36961. (B) Venn
diagram on the common DEGs from the upregulated DEGs from the dataset GSE36961 and the genes in the blue
module. (C) Heatmap on the expression levels of the common DEGs

3.5 Identification of Hub Genes via Machine Learning
Random forest analysis was performed on these 146 common genes to select the top 10 genes by

importance using the algorithms “MeandecreaseAccuracy” and “MeandecreaseGini” (Fig. 5A). LASSO
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regression analysis was used to further reduce the number of genes. The minimum binomial deviance was
found when the λ was 14, and accordingly the number of key markers was set to 14 (Fig. 5B). Five common
genes, namely, DYRK1B, GADD45A, IVNS1ABP, LMOD2, and PHLDB2, were found in the intersection of
the results of random forest analyses and LASSO regression analysis (Fig. 5C).

Figure 5: Identification of key genes via machine learning. (A) Top 10 genes identified based on the random forest
analysis. (B) LASSO regression analysis to identify the key genes. (C) Venn diagram showing the common key genes
from the random forest analysis and the LASSO regression analysis
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3.6 Construction and Validation of the Diagnostic Model
Then the diagnostic efficacy of each hub gene was confirmed based on receiver operating characteristics

(ROC) curve and area under the curve (AUC) value. With an AUC all higher than 0.8, the five genes
demonstrated a strong diagnostic performance in the dataset GSE36961 (the training set) (Fig. 6A). The
expression levels of these 5 hub genes in HCM and control samples showed that the five genes were
upregulated in HCM samples (Fig. 6B). Similar results were also observed in the validation set GSE130036
and GSE249925 (Fig. 6C–F). The ROC plots, the sensitivity, specificity and F1 scores confirmed robust
diagnostic capabilities of the five genes in the three datasets (Fig. 7A–C). Therefore, these five hub genes were
verified as therapeutic targets in HCM.

Figure 6: (Continued)
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Figure 6: Construction and validation of the diagnostic model. (A) ROC curve and the AUC value of each of the five
hub genes in the training set GSE36961. (B) Expression level of these hub genes in the HCM and Control tissue in the
training set GSE36961. (C) ROC curve and the AUC value of each of the five hub genes in the validation set GSE130036.
(D) Expression level of these hub genes in the HCM and Control tissue in the training set GSE130036. (E) ROC curve
and the AUC value of each of the 5 hub genes in the validation set GSE249925. (F) Expression level of these hub genes
in the HCM and Control tissue in the training set GSE249925

4 Discussion
In this study, based on the relevant datasets analyzed, we identified VECs as the most abundant key

cell population in HCM samples. The VEC-related genes were mainly enriched in the pathways linked to
blood vessel, immunity and cardiac function. WGCNA was applied to classify VEC-related gene modules.
Subsequently, five high-expressed hub genes in HCM were discovered and used to construct a reliable
diagnostic model. These results collectively highlighted the specificity of VEC-related biomarkers in HCM
and provided the mechanisms underlying the pathogenesis of HCM.

Compared to other cell types, VECs play a significant role in promoting HCM. This study found a
noticeable increase of VECs in HCM, with the DEGs predominantly enriched in vascular-related pathways
such as vasculogenesis, VEGFs signaling pathway, and positive regulation of blood vessel endothelial
cell migration. VEGFs in the heart is a main regulator of cardiac angiogenesis and exert cytoprotective,
antioxidant, and anti-apoptotic effects on cardiomyocytes [29]. In HCM, microvascular dysfunction is an
important pathological feature that precedes myocardial hypertrophy and has a significant impact on the
long-term progression of the disease [30]. Previous research has outlined the transcriptomic profiles of
cardiomyocytes in HCM and highlighted an upregulation of some extracellular matrix-related genes in the
cardiomyocytes in HCM [31]. These evidence supported a significant role of VCMs in HCM. In the current
study, WGCNA identified the blue gene modules as the module having the strongest correlation with VECs,
and the genes in this module were enriched in pathways related to both metabolism and immunity. Metabolic
changes in HCM have been reported, and some metabolomics data revealed an upregulation of pentose
phosphate pathway and oxidative stress markers [32,33]. Further enrichment analysis of the genes specific to
the modules revealed that these genes were mainly enriched in coenzyme metabolic process, carboxylic acid
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catabolic process and sulfur compound metabolic process, showing their involvement in the metabolism in
the heart.

Figure 7: Performance evaluation in 3 datasets. (A) The ROC curve of hub gene expression, the overall predictive
performance of the model reflected by ROC curve and confusion matrix in GSE36961. (B) The ROC curve of hub
gene expression, the overall predictive performance of the model reflected by ROC curve and confusion matrix in
GSE130036. (C) The ROC curve of hub gene expression, and the overall predictive performance of the model reflected
by ROC curve and confusion matrix in GSE249925

Machine learning analyses determined five hub genes (DYRK1B, GADD45A, IVNS1ABP, LMOD2, and
PHLDB2) for HCM. DYRK1B, a member of the dual-specificity tyrosine-regulated kinases family, exhibits
an upregulated expression in the myocardium of HCM patients. DYRK1B interacts with signal transducer
and transcription activator 3 (STAT3) to aggravate cardiac hypertrophy and heart failure [33]. In addition,
DYRK1A, another member of the DYRK family, affects the angiogenic response of VECs by regulating VEGF-
dependent nuclear factor of activated T cells (NFAT) transcription [34]. The close relationship between
DYRK1A and DYRK1B and their high expressions in human tissues [35] suggested a potential link between
DYRK1B and VECs. GADD45A can modulate a variety of cellular processes associated with stress signaling
and injury response [36]. Studies found that in myocardial ischemia-reperfusion injury, GADD45A is high-
expressed in cardiac microvascular endothelial cells where it affects cell functions by regulating the JNK/p38
MAPK and STAT3/VEGF signaling pathways [37,38]. Silencing GADD45A can reduce the apoptosis of
cardiac microvascular endothelial cells and improve the pathological damage of the myocardium [38].
IVNS1ABP is involved in acute myocardial infraction and functions as a neutrophil-derived programmed
cell death marker with prognostic value [39]. As a critical modulator of the thin filament length, LMOD2
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locates near the HCM locus CMH6 on human chromosome 7q3 and promotes the elongation of actin via
polymerization at the pointed ends [40,41]. Some studies have shown that knockout of LMOD2 leads to
abnormally short cardiac thin filaments, leading to dilated cardiomyopathy [42]. LMO2 is expressed in VECs
and plays a crucial role in the early stage of angiogenesis, therefore it can be considered as a marker for
vascular differentiation [43]. PHLDB2 is a protein containing two predicted coiled-coil domains and the
pleckstrin homology domain. Previous studies reported that PHLDB2 has regulatory effects on synaptic
plasticity [44] and affects the occurrence of cancer through vasculogenic mimicry [45]. In our study, a
diagnostic model was successfully constructed using these five hub genes for the early detection and diagnosis
of HCM (AUC > 0.7). However, despite the established correlation between the five key genes and VECs and
their important roles in heart-related diseases, the potential clinical application value of these genes and the
diagnostic model still requires further investigation.

However, several limitations of our study should be acknowledged. Firstly, although potential key genes
were discovered applying bioinformatics analyses, these findings lacked experimental validation. It is equally
necessary to employ techniques such as real-time quantitative PCR (qPCR) and immunohistochemistry.
QPCR can accurately quantify the expression levels of the identified genes in independent tissue samples
derived from HCM patients and healthy controls. By directly comparing the differences in gene expressions,
we can clarify the expression changes of these genes during the disease progression. Meanwhile, immunohis-
tochemistry can visualize the spatial distribution of the proteins encoded by these genes in a complex tissue
microenvironment, providing crucial clues for further exploring their functional localization and potential
pathogenic mechanisms. Secondly, a notable limitation was the absence of clinical trials. This would entail
the recruitment of appropriate patient cohorts, establishment of control groups, and close monitoring of
relevant clinical outcomes. Such trials can assess the accuracy of the diagnostic model in clinical setting.
Furthermore, the sample size of this study was relatively homogeneous. To overcome this, we plan to include
more HCM patient samples with different geographical, age, gender, and ethnic backgrounds to enhance the
generalizability of our findings.

5 Conclusion
To conclude, our study discovered five VEC-related biomarkers in HCM and examined the underlying

mechanisms of the pathogenesis of HCM. Based on the current results, a diagnostic model for HCM was
developed. The current findings not only helped to gain a deeper understanding of the pathological process
of HCM, but also provided important theoretical basis and practical guidance for the development of new
therapeutic targets, early diagnosis, and personalized treatment of HCM. Our results could improve the
prognosis and quality of life of HCM patients in clinical practice and also contribute to the studies of
cardiovascular diseases.
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HCM Hypertrophic cardiomyopathy
TTE Transthoracic echocardiogram
VEC Vascular endothelial cell
VEGF Vascular endothelial growth factor
CVD Cardiovascular disease
scRNA-seq Single-cell RNA sequencing
GEO Gene expression omnibus
PCA Principal component analysis
UMAP Uniform manifold approximation and projection
MM Module Membership
GS Gene Significance
DEGs Differentially expressed genes
ssGSEA Single sample gene set enrichment analysis
WGCNA Weighted co-expression network analysis
Mad Median absolute deviation
TOM Topological overlap matrix
ME Module Eigengene
OOB Out-of-bag
LASSO Least absolute shrinkage and selection operator
DYRK1B Dual Specificity Tyrosine Phosphorylation Regulated Kinase 1B
GADD45A Growth Arrest And DNA Damage Inducible Alpha
IVNS1ABP Influenza Virus NS1A Binding Protein
LMOD2 Leiomodin 2
ROC Receiver operating characteristics
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STAT3 Signal transducer and transcription activator 3
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NFAT Nuclear factor of activated T cells
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