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Abstract
Background

Hypertrophic cardiomyopathy (HCM) is a prevalent cardiovascular disease characterized as asymmetric
hypertrophy of ventricular muscles. Cardiac morphological abnormality may result in slight or severe
cardiopulmonary symptoms, arrhythmia, heart failure, and even sudden death. Previous studies have
shown that HCM was an inherited disease where sixty percent carry mutations in genes encoding
sarcomere proteins. However, considering heterogeneous phenotype or prognosis, the underlying
mechanisms remain unclear.

Methods

The gene expression pro�les of GSE36961 and GSE160997 were analyzed by ‘limma’ and ‘weighted gene
co-expression network analysis (WGCNA)’ package in R to identify differentially expressed genes (DEGs)
and key modules, respectively. Then, enrichment analysis was performed based on Gene ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway. Protein-protein interaction network was
constructed based on the overlapped genes of DEGs and key modules, and we identi�ed the top 4 hub
genes using ‘cytohubba’ according to inner connectivity.

Results

We identi�ed the red and brown modules as the key modules. Enrichment analysis showed that cellular
divalent inorganic cation homeostasis, collagen−containing extracellular matrix, and actin binding were
signi�cantly enriched. VSIG4, CD163, FCER1G, and LAPTM5 were identi�ed as hub genes.

Conclusions

This study suggested that VSIG4, CD163, FCER1G, and LAPTM5 might be hub genes associated with the
progression of HCM. Further studies are required to elucidate the underlying mechanisms and provide
potential therapeutic targets.

1. Introduction
Hypertrophic cardiomyopathy (HCM) is a common inherited cardiovascular disease with a prevalence of
at least one in 500 (0.2%) in general[1]. Clinical feature is such abnormal cardiac morphology as
unexplained asymmetric left-ventricular hypertrophy indicated by echocardiography or cardiovascular
MRI, leading to arrhythmia, heart failure, and even sudden death in young people. However, the majority
of affected individuals probably remain undiagnosed with normal life expectancy and few substantial
symptoms[2]. Current treatments for HCM follows risk-strati�cation guidelines, including longitudinal
follow-up in asymptomatic patients, pharmacologic treatment, ventricular septal surgery in patients with
out�ow obstruction, ICD implantation for prevention of sudden death in high-risk group, and heart
transplantation in patients with end-stage heart failure[3].
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With the rapid development of automated DNA sequencing technology, pathogenic mutations behind
hypertrophic cardiomyopathy were largely researched over the past 20 years[4, 5]. Genetic studies
showed that HCM was associated with dominant mutations in genes encoding thick and thin contractile
myo�lament protein components of the sarcomere or the adjacent Z-disc[6–9]. However, the molecular
mechanism underlying the pathogenesis of HCM is yet unclear. What’s most ambiguous is unexplained
pathological and phenotypic heterogeneity among individuals. For example, heterogeneity among racial
and ethnic populations make it di�cult to discriminate between pathogenic and nonpathogenic
individuals[10, 11]. Moreover, phenotypic heterogeneity in morphological features such as mitral-valve
enlargement[12, 13], microvascular abnormalities[14], and segmental left-ventricular hypertrophy[15]
results in various clinical charaeteristics, suggesting that HCM phenotype are not determined by a single
gene but by the synergy in a complex network.

Gene co-expression network-based approaches have been widely used in analyzing microarray data,
especially for identifying functional modules[16]. WGCNA (weighted gene co-expression network
analysis) is one of the most useful gene co-expression network-based approaches and has been
conducted to assess the association between gene sets and external sample characteristics by building a
scale-free gene co‐expression network[17]. Thus, we used the WGCNA algorithm to recognize network‐
centric genes in the occurrence and development of HCM.

2. Materials And Methods
2.1 Data collection

The gene expression pro�les of GSE36961 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE36961) and GSE160997 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE160997)
were acquired from the Gene Expression Omnibus (GEO) database. Dataset GSE36961 was performed
based on the platform GPL15389 (Illumina HumanHT-12 V3.0 expression beadchip), which includes 109
surgical myectomy tissue from patients with HCM and 36 normal samples. Series GSE160997 was
performed by GPL11154 (llumina HiSeq 2000 (Homo sapiens), which contains 18 DNA whole-exome
sequencing (WES) data and 23 RNA-seq transcriptome data. We only acquired 23 RNA-seq transcriptome
data which includes 18 anterior septal tissues from HCM patients and 5 left ventricular wall tissues from
healthy controls. Moreover, we also collected clinical information including age, gender, and type for
further analysis.

2.2 Data processing and DEG screening

“LIMMA” package in R was employed to recognize differentially expressed genes (DEGs) between
samples[18]. The probe IDs were converted into gene symbols according to the annotation �le. For
multiple probes mapping to a single gene, the average expression value of all its corresponding probes
was used. To minimize the possible false discovery rate resulted from multiple testing, the adjusted P
value was applied. DEGs were screened with a threshold of adjusted P value < 0.05 and |log2 fold‐change
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(FC)| ≥ 0.5. Furthermore, the DEGs were visualized as a volcano plot and heatmap using ‘ggplot2’ and
‘pheatmap’ package in R.

2.3 Weighted gene co‐expression network analysis (WGCNA)

WGCNA is an algorithm for constructing a co-expression network, which reveals the correlation patterns
across genes and provides the biologically functional interpretations of network modules. We selected
the top 5000 most variant genes in GSE36961 to construct a co-expression network using the ‘WGCNA’
package (version 1.60). After we evaluated the presence of obvious outliers by cluster analysis, the one-
step network construction function was used to construct the co-expression network and identify key
modules. Genes were hierarchically clustered and visualized in a dendrogram. The branches of the tree
with the same color represented one speci�c module with highly correlated genes. Genes coloring gray
were not belonged to any of the modules. Moreover, to identify the signi�cance of each module, we
summarized the module eigengene (ME) based on the �rst principal component of the module
expression, and the Module-trait relationships were assessed according to the correlation between MEs
and clinical traits. Then, we evaluate the correlation strength by module signi�cance (MS), which is the
average absolute gene signi�cance (GS) of all genes within one module. Importantly, the GS value was
determined by the log10-transformation of the P value in the linear regression between expression and
clinical traits. In general, the modules with the highest MS values were considered as the key modules. 

2.4 Enrichment analysis of genes in key modules

To understand the biological meaning of the genes in key modules, we used the ‘clusterPro�ler’ package
in R to perform Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analysis. The GO terms were consisted of 3 components: biological processes (BP),
molecular functions (MF), and cellular components (CC). The biological functions of GO terms and KEGG
charts were enriched with p < 0.05. Aditionally, we used Metascape [19]to further divide genes into a
subset of terms (with a similarity of > 0.3) and visualize the association between terms and pathways,
coloured by cluster ID. Furthermore, DisGeNET[20] and TRRUST [21]database were employed to
respectively perform enrichment analyisis on clinical diseases and transcriptional regulatory networks
level.

2.5 PPI network construction and identi�cation of hub genes

In WGCNA, we de�ned the genes from key modules with |MM| ≥ 0.8 and |GS| ≥ 0.2 as key genes. We
used the online Search Tool for the Retrieval of Interacting Genes (STRING database, Version 10.5,
http://string‐db.org/) to construct a protein‐protein interaction (PPI) network[22]. After overlapping the
DEGs and key genes from WGCNA, we input these genes into STRING database to collect interaction of
target proteins with a medium con�dence score of > 0.4 and constructed a protein-protein interaction
(PPI) network by Cytoscape software (v3.7.2)[23]. Further, we screened out the top 10 genes using the
Cytoscape plug-in software ‘cytoHubba’ based on calculation of degree. After reviewing literature, hub
genes were identi�ed.
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3. Results
3.1 Identi�cation of differentially expressed genes

In GSE36961, 899 genes were found to be differentially expressed between HCM samples and control
samples. We identi�ed 372 up-regulated and 527 down-regulated genes (dataset1). The volcanic diagram
for all genes and the expression heat map of the top 25 DEGs are shown in Figure 1A-B. In GSE160997,
429 genes were up-regulated, and 4350 genes were down-regulated (Figure 1C-D) (dataset2). 

3.2 Weighted co‐expression network construction and key modules identi�cation

With a scale-free network and topological overlaps, a hierarchical clustering tree was created based on
the dynamic hybrid cut (Figure 2A-B). As previously described, the expression values of top 5000 most
variant genes in GSM36961 were analyzed to identify the modules of highly correlated genes. The soft
threshold power was set at 7 (scale-free R2 = 0.98, Figure 2C) to guarantee a scale-free network. Using
WGCNA package in R, the genes with similar patterns of expression were grouped into modules via
hierarchical average linkage clustering (Figure 2D). A total of 15 modules were identi�ed, including black
(191 genes), blue (916 genes), brown (776 genes), cyan (43 genes), green (248 genes), greenyellow (102
genes), grey (317 genes), magenta (143 genes), pink (181 genes), purple (116 genes), red (220 genes),
salmon (50 genes), tan (54 genes), turquoise (1189 genes), and yellow (454 genes). The genes in grey
were not included in any module, so no further analysis was conducted for these genes. The heat map
depicting the TOM of genes is shown in Figure 3-A.

Moreover, the modules were analyzed with clinical traits, including disease status, age, and sex. The gene
signi�cance across modules was shown in Figure 3B-C. The red and brown modules were the two
modules most signi�cantly correlated with HCM, and therefore, these two modules were identi�ed as key
modules accordingly. A total of 220 and 776 genes were included, respectively. In Figure 4A-B, we
illustrated the correlation between module membership and GS in red (correlation coe�cient = 0.78, P =
3e-26) and brown modules (correlation coe�cient = -0.91, P = 5e-56), respectively. 

3.3 Enrichment analysis of key modules

We performed functional enrichment analysis on the red and brown modules based on GO and KEGG
databases. As shown in Figure 4C-D, enriched BPs were mainly involved in cellular divalent inorganic
cation homeostasis, neutrophil mediated immunity, neutrophil degranulation, extracellular structure
organization, and transition metal ion homeostasis. The cellular components (CCs) were mainly enriched
in collagen−containing extracellular matrix and vesicle lumen. Enriched molecular functions (MFs) were
mainly involved in actin binding. KEGG pathway analysis showed that the phagosome and Kaposi
sarcoma−associated herpesvirus infection pathways were the most enriched pathways, followed by
cellular senescence, chemokine signaling pathway, and complement and coagulation cascades.
Metascape Analysis con�rmed that the genes in key modules played a vital role in regulated exocytosis,
and the network of enriched terms is shown Figure 4E.
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Moreover, as shown in Figure 4F, the enrichment analysis in DisGeNET showed that the genes in red and
brown modules were signi�cantly associated with IGA glomerulonephritis, bactria infections, and lupus
nephritis. TRRUST database witnessed multiple transcription factors associated with the genes in key
modules, including SPl1, SP1, RELA, NFκB1, HIF1A and ETS1.

3.4 Identi�cation of hub genes and PPI network

With a threshold of |MM| ≥ 0.8 and |GS| ≥ 0.2, 15 and 86 key genes were identi�ed from the red and
brown modules, respectively. After overlapping the DEGs (dataset1 & dataset2) and key genes, a total of
44 genes were screened out (Figure 5A). Moreover, to explore the mechanisms of these hub genes in the
development of HCM, a PPI network was created (Figure 5-B). CytoHubba revealed the top 10 hub genes
according to calculation of degree connectivity (Figure 5-C). After reviewing literature, 4 hub genes were
identi�ed at last, including V-set and immunoglobulin domain-containing protein 4 (VSIG4), CD163, high
a�nity immunoglobulin epsilon receptor subunit gamma (FCER1G), and Lysosomal-associated
transmembrane protein 5 (LAPTM5). 

4. Discussion
Hypertrophic cardiomyopathy (HCM) is the most common genetic heart disease and associates with
mutations in sarcomeric genes. Nearly half of HCM patients with positive genetic tests would carry
mutations in genes encoding sarcomeric proteins, which were important in regulating cardiomyocyte
contraction and cardiac function[24, 25]. However, variable penetrance and expressivity of HCM patients
(even in the same family) implies that speci�c mechanism behind HCM is complicated and many factors
such as epigenetic modi�ers or environmental in�uences may affect the phenotype, as witnessed by
previous researches.[26, 27]. At present, no treatments have been found to completely stop the
progression and cure the disease. Therefore, it is of great signi�cance to understand etiological
explanations for HCM and explore new effective therapeutic strategies.

In this study, we identi�ed co‐expression genes and possible biological pathways of HCM, aimed to
detect hub genes and facilitate new therapy in the future. We acquired 2 datasets from GEO database
and identi�ed 899 and 4,579 DEGs with R package, respectively. To further research the association
between genes and external clinical features, we selected top 5000 variable genes of GSE36961 to carry
out a WGCNA study. 15 different modules were identi�ed and genes clusterd into the red and brown
module were mostly associated with HCM. Functional enrichment analysis indenti�ed cellular divalent
inorganic cation homeostasis, neutrophil mediated immunity, and neutrophil degranulation to be highly
engaged in the status of HCM. With a threshold of |MM| ≥ 0.8 and |GS| ≥ 0.2, 44 and 86 key genes were
chosen from the red and brown modules, respectively. We later overlapped the DEGs (dataset1 &
dataset2) and key genes. After choosing genes with high connectivity using the Cytoscape plug-in
software ‘cytoHubba’ based on calculation of degree and researching entensive literature, 4 genes
including VSIG4, CD163, FCER1G, and LAPTM5 were �nally identi�ed as hub genes of HCM. 
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The V-set and immunoglobulin domaincontaining protein 4 (VSIG4) is a member of complement receptor
of the immunoglobulin superfamily (CRIg), mainly expressed on macrophages[28]. Association between
VSIG4 and macrophage was largely researched. Jialin Li et al[29] demonstrated that VSIG4 could inhibit
macrophage activation through PI3K/Akt–STAT3 pathway. Xiaoyong Huang et al[30] also veri�ed that
VSIG4 is speci�cally expressed in non-activated macrophages and mediates inhibitory signals to
suppress the transcription of Nlrp3 (Nod-like receptor protein 3), an important in�ammasome engaged in
pathogenesis of various in�ammatory syndromes including cardiovascular disease. Cardiac remodeling
is a major pathological process in the progression of HCM and the role of macrophages in cardiac
remodeling has been largely studied. Sarah Kitz et al compared 18 feline HCM cases to 18 cats without
HCM and suggested that HCM is the consequence of cardiac remodeling processes in which
macrophages were involved by maintaining an in�ammatory and pro�brotic environment[31].
Speci�cally, CCR2+ macrophages are able to produce and secrete substantial proin�ammatory cytokines,
including NLPR3 and IL-1β, to facilitate adverse cardiac remodeling such as hypertrophy, �brosis, and LV
dilation[32]. However, the role of macrophages in cardiac remodeling is not absolute. Take the role of
monocytes and macrophages in �brotic response as an example. ‘Pro-�brotic’ macrophage may alter the
extracellular matrix by producing cytokines (TNF-α, IL-1β, IL-10), chemokines (MCP-1) and growth factors
including TGFβ and PDGF (platelet-derived growth factor) to activate transformation of cardiac
�broblasts into myo�broblasts and therefore promote the �brotic response[33, 34]. On the other hand,
some macrophages, we call them ‘anti-�brotic’ macrophages, could restrain �brosis by removing
apoptotic myo�broblasts and suppressing �broblast activation[35, 36]. In our study, we observed a
decreased expression of VSIG4 in HCM tissue compared to normal heart. 

CD163, also known as the hemoglobin (Hb) scavenger receptor, is a 130-kDa membrane protein with a
short cyto-plasmic tail, a single transmembrane segment, and a large ectodomain[37]. Being a
macrophage-speci�c protein, CD163 is restricted to the monocytic-macrophage linage such as red pulp
macrophages, bone marrow macrophages, and liver macro-phages (Kupffer cells). [38]. CD163 has been
veri�ed to indirectly contribute to atheroprotective and anti-in�ammatory response through scavenging of
the oxidative Hb, stimulation of the heme-oxygenase-1 and production of anti-in�ammatory heme
metabolites[39]. However, apart from its overall anti-in�ammatory function, CD163 could also produce
in�ammatory cytokines, for example TNF-a and IL-4, in in�ammation response. The upregulated
expression of this receptor re�ects the switch of macrophage to activated phenotypes in in�ammation
and thus, a high CD163 expression in macrophages re�ects the activated response of tissues to
in�ammation[40]. Enhanced expression of CD163+ or soluble CD163+ macrophages were detected in
human in�ammatory diseases including chronic cardiovascular disease like atherosclerosis[41], atrial
�brillation[42, 43], and chronic heart failure[44, 45]. Therefore, novel evidence indicated CD163 a potential
in�ammation biomarker and a therapeutic target in a large spectrum of acute and chronic in�ammatory
disorders[46, 47]. Accumulating evidence has suggested the existence of low-grade systemic and local
in�ammation in HCM. Chronic in�ammatory cell in�ltration was observed in the myocardium of patients
with HCM[48, 49]. Lu Fang et al [50] observed an increasing expression of tumor necrosis factor (TNF)-α,
interleukin (IL)-6 and serum amyloid P (SAP) in HCM patients compared to controls and that systemic
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in�ammation is related to the severity of HCM patients, especially regional and diffuse �brosis. They also
suggested that mechanic stress could upregulate NF-κB nuclear positivity in cardiac cells, fueling the
in�ammatory process and transdifferentiation of �broblast to active myo�broblast, the main contributor
of cardiac collagen. To conclude, modifying in�ammation may reduce myocardial �brosis in HCM
patients. 

FCER1G is localized on chromosome 1q23, which encodes the γ subunit of the fragment crystallizable
(Fc) region (Fc R) of immunoglobulin E (IgE). In normal immune fuction of human body, Fc binds to Fc R
of immune cells to recognize and eliminate extraneous antigens via the antigen-antibody binding
reaction. However, such combination may generate adverse effects as it may trigger destructive
in�ammation, immune cell activation, phagocytosis, oxidative burst, and cytokine release under
pathological circumstance[51]. Sandra B. Haudek reported that serum amyloid P (SAP) could prevent
cardiomyopathy in the heart by binding to Fc receptors (FcRs) expressed on monocytes and inhibiting
monocyte-to-�broblast transition. Mice lacking the FcRγ, a common membrane-signaling component of
activating FcRs developed �brosis and cardiac dysfunction when subjected to a murine �brotic
cardiomyopathy model[52]. It was reported that FcRγ-Chain de�ciency reduces the development of diet-
induced obesity[53] and possible mechanism may be antibody-mediated immune responses involved in
the development of insulin resistance. The normal physiological activity of heart requires a large amount
of energy and there is increasing evidence of the link between metabolism and cardiac hypertrophy,
especially oxidation of fatty acid and glucose[54]. Liling Zheng et al [55]found that the ability of energe
utilization was impaired in hypertrophic hearts manifested as reduced fatty acid oxidation rates and
myocardial insulin resistance. Mitochondrial function and cardiac systolic function in hypertrophic hearts
were also disrupted. Owing to possible correlation between metabolic dysfuction and cardiac
hypertrophy, FCER1G may be a target for further research.

Lysosomal-associated protein multispanning transmembrane 5 (LAPTM5), a membrane protein highly
expressed in lymphoid lineage cells, plays a fundamental role in mediating vesicle tra�cking [56].
LAPTM5 was associated with inhibition of T cell receptor (TCR)[57], B cell receptor (BCR)[58], and pre-B
cell receptor (pre-BCR)[59] expression on the cell surface via promotion of lysosomal degradation of
these proteins, indicating its negative regulator in immunization. Moreover, association between LAPTM5
and in�ammation in macrophages was reported by Glowacka WK[60]. LAPTM5 was a positive regulator
of multiple in�ammatory cascades in the activation of macrophages through NF-κB and MAPK pathway
and downstream proin�ammatory cytokine release (IL6, TNF, and IL12). A large number of studies have
been carried on LAPTM5 and human cancer[61, 62], but little on LAPTM5 and cardiovascular disease. In
the future, exploration of LAPTM5 may be targeted as a new direction for research on HCM.

5. Conclusions
This study suggested that VSIG4, CD163, FCER1G, and LAPTM5 might be hub genes associated with the
progression of HCM. Further studies are required to elucidate the underlying mechanisms and provide
novel therapeutic targets.
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Figure 1

Volcano plots and heatmaps of the differential gene expression data between hypertrophic
cardiomyopathy and normal samples from (A-B) GSE36961, (C-D) GSE160997. In the volcano plots, the
red points show up-regulated genes (log2FC ≥ 0.5 and adjusted P value < 0.05), and the blue points
represent down-rftableegulated genes (log2FC ≥ 0.5 and adjusted P value < 0.05). FC: fold‐change.
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Figure 2

Sample clustering and network construction of the weighted co-expressed genes. (A) Clustering
dendrogram of samples from GSE36961. (B) Clustering dendrogram of samples from GSE160997. The
color intensity was proportional to disease status (hypertrophic cardiomyopathy or normal tissue), age,
and sex. (C) Analysis of the scale-free �t index and the mean connectivity for various soft-thresholding
powers. The soft-thresholding power of 7 was selected based on the scale free topology criterion. (D)
Dendrogram clustered based on a dissimilarity measure (1-TOM). Each color below represents one co-
expression module, and every branch stands for one gene.
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Figure 3

Association analysis of modules. (A) Different colors represent different modules, and the density of
yellow in the middle of the �gure represents the connectivity of different modules. There was no
signi�cant dissimilarity of association among different modules, showing high‐degree independence
among these modules. (B) Distribution of gene significance in the modules associated with HCM. The
red and brown modules were the most signi�cantly correlated with disease status. (C) Heatmap of the
correlation between module eigengenes and the disease status, age and sex of HCM.
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Figure 4

Scatter plot of module eigengenes in the (A) red module and (B) brown module. (C-D) Gene ontology and
KEGG pathway enrichment analysis in red and brown modules. The signi�cance of enrichment gradually
increases from blue to red, and the size of the dots indicates the number of genes contained in the
corresponding pathway. (E) The association between genes and pathways visualized by Metascape. (F)
The enrichment analysis of module genes performed in DisGeNET and TRRUST database.
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Figure 5

(A) The venn diagram of key genes from the red and brown modules and DEGs from GSE36961, and
GSE160997. (B) The protein-protein interaction network of the overlapped genes. (C) 5 hub genes
identi�ed by ‘cytoHubba’ according to calculation of degree connectivity.


