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ABSTRACT. The purpose of our study was to identify molecular 
pathways altered during the pathogenesis of hypertrophic 
cardiomyopathy (HCM) based on data from the STRING protein-
protein interaction (PPI) database and the REACTOME pathway 
database. Identification of differentially expressed genes (DEGs) was 
carried out, followed by construction of a targeted network and selection 
of hub genes in this network. PPI pairs in each pathway were extracted, 
and altered pathways were identified when the said pathway differed 
from common interactions within the targeted network with a P value 
of less than 0.05. These altered pathways were further validated based 
on enrichment of hub genes in pathways within the targeted network. 
Through this method, we identified 1085 DEGs. The DEGs were 
inputted into the STRING database, and the resulting targeted network 
was composed of 3631 interactions. Based on the selection criteria, 
30 significantly changed pathways were screened in total. Among 
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these, the top five pathways were found to be involved in immune 
modulation, signal transduction, hemostasis, and G protein-coupled 
receptor signaling. Similarly, enrichment in hub gene interactions was 
also found in members within the altered pathways, including those 
involved in the innate immune system, the immune system, and signal 
transduction pathways. These altered pathways are important for 
understanding the underlying mechanisms of HCM, and can be used 
for clinical application of treatments in the future.
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INTRODUCTION

Hypertrophic cardiomyopathy (HCM), characterized by heterogeneous phenotypes as 
well as genetic abnormalities, is a prevalent and familial cardiac disorder that can lead to sudden 
death (Maron, 2002; Seidman and Seidman, 2011). Approximately 1 of 4 patients with HCM 
demonstrates obstruction in the left ventricular outflow tract (Maron et al., 2003). It has been 
accepted that genetic variants and changes to certain molecular pathways may lead to HCM. 
To date, many genes and pathways resulting in sarcomeric mutations have been identified. 
These mutations may lead to myocyte hypertrophy and electrophysiological abnormalities that 
contribute to HCM. For example, more than 60% of genetic mutations in HCM patients occur 
in MYH7, MYL2, and MYBPC3, which have been shown to be sarcomeric genes (Efthimiadis et 
al., 2014; Roma-Rodrigues and Fernandes, 2014). Lin and Yun (2015) suggested that activation 
of the hypoxia-inducible factor pathway by hypoxia-inducible factor 2α is associated with 
HCM. Moreover, defects in the mitochondrial heme biosynthetic pathway have been shown to 
play important roles in early-onset fatal HCM (Antonicka et al., 2003). However, the potential 
mechanisms underlying the pathology of HCM are not fully understood. Efforts to elucidate 
the mechanisms of HCM have yielded paradoxical results. Thus, there is an urgent need to 
understand the molecular mechanism involved in HCM, and identification of altered pathways 
during disease onset may lead to greater understanding of HCM pathogenesis.

Pathway analysis is a bioinformatic tool used to screen abnormal pathways or modules 
in order to gain insights into the role of genes and proteins in disease pathogenesis (Glazko 
and Emmert-Streib, 2009). While this method can be used to reduce disease complexity, it 
is hard to fully interpret disease mechanisms using a single molecular method. Currently, 
network-based analysis has become more powerful in exploring disease mechanisms (Bradley 
et al., 2008). Recently, protein-protein interaction (PPI) networks, gene interaction networks, 
and transcriptome networks have proven to be effective in characterizing cellular processes in 
various diseases (Chen et al., 2013; Zhu et al., 2014; Zhang et al., 2015). PPI network analysis 
differs from pathway analysis in that it uses comprehensive networks to gain system-level 
biological meanings (Wu and Chen, 2009). To achieve biochemical functions, a combination 
of protein complexes and signaling pathways are needed (Wu et al., 2014). A pathway 
association network is a special form of “functional crosstalk networks” constructed from 
significant PPIs (Wu and Chen, 2012). Pathway association networks have been successfully 
used to study complex diseases, including cancer (Edelman et al., 2008) and Alzheimer’s 
disease (Liu et al., 2010). These are various databases such as the search tool for the retrieval 
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of interacting genes (STRING) (Franceschini et al., 2013) and REACTOME (Matthews et al., 
2009), which provide data on PPIs and biological pathways.

Here, we present a novel approach to select altered pathways in HCM patients based 
on a combination of PPI and pathway information. The specific steps include identification 
of differentially expressed genes (DEGs), construction of targeted network, extraction of PPI 
pairs in each pathway, selection of altered pathways, and validation. The altered pathways 
were validated based on pathway enrichment of hub genes in the targeted network. A flowchart 
of this novel method used to predict altered biological pathways is presented in Figure 1.

Figure 1. Flowchart for predicting altered pathways between hypertrophic cardiomyopathy patients and healthy 
controls.

MATERIAL AND METHODS

Data collection

The transcription profile of HCM patients and healthy controls (Accession No. 
E-GEOD-36961) was downloaded from the EMBL-EBI database (Hebl et al., 2012). In our 
study, gene microarray analysis was performed on heart tissues from 106 HCM patients (54 
males and 52 females, mean age at myectomy: 40.5 ± 20.2 years) and 39 healthy donors 
serving as controls. Assays were carried out using the A-GEOD-15389 platform of Illumina 
HumanHT-12 v3 Expression BeadChip.

Data preprocessing and DEG selection

The measured expression profiles were transformed into expression values using the 
robust multi-array average normalization approach (Parmigiani et al., 2003), and results were 
analyzed with R statistical package in the Bioconductor software. This processing included 
the following successive steps: background correction, quantile normalization of probe levels, 
and computation of expression measures by means of median polish analysis.
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For transcriptome profiling of HCM patients, the SAM package was utilized to identify 
DEGs. Briefly, the SAMR function of the SAM package was used to identify statistically 
significant gene expression. Each gene was given a score based on its change in expression 
when compared with its standard deviation. Genes with scores higher than the pre-determined 
limiting value were proposed to be potentially significant. The percentage of falsely positives 
relative to the significant genes was called the false discovery rate. To increase the stringency 
of our gene expression analysis, delta values were computed using SAMR. DEGs in HCM 
were screened according to the delta cut-off value of 5.37.

Construction of targeted network

STRING is an online database and provides free access to experimental and predicted 
gene interactions (Szklarczyk et al., 2011). In the current study, the identified DEGs were 
inputted into the STRING database to obtain a network of corresponding proteins known as 
the “targeted network”.

Identification of PPIs in each pathway

All PPIs in humans were downloaded from the STRING database. This ensemble 
of PPIs included 787,896 interactions. The REACTOME database includes extensive 
information on interconnecting pathways in Homo sapiens and many reference species, such 
as those generated by the genome projects (Croft, 2013). A total of 1675 human pathways 
were extracted from this database. Of note, pathways with gene set sizes of less than 1 were 
filtered out. Overall, 1639 pathways remained. Based on the genes contained in each pathway, 
human-specific PPIs in each pathway were extracted from ensemble PPIs.

Identification of altered pathways

In our study, we identified altered pathways based on the following two steps. First, 
similarity between interactions of targeted network and each pathway was measured. This was 
determined as the size of the common interaction labeled count (i), where count (i) was the 
number of common interactions between targeted network and each pathway, and i was the 
ith pathway. Second, random networks and P values were generated. Specifically, the DEGs 
identified (count = A) were used to construct all possible PPI pairs [B = A x (A-1) / 2]. We 
generated 1000 random networks with the same size of interactions for the targeted network 
from B PPI pairs. Intersection of interactions between random network and each pathway 
were calculated. In light of these, the P value of each pathway was computed based on the 
following formula:

P value = sum [count (ij) > count (i)] / 1000

where count (ij) was the number of common interactions between random networks and each 
pathway, i represented the ith pathway, and j denoted random times. The significantly changed 
pathways were screened with these thresholds: interactions > 15 and a P value < 0.05.
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Identification of hub genes in targeted networks and selection of pathways related 
with hub genes

The topological centralities, including the local scale (degree) and the global scale 
(between-ness, closeness, and stress), were extensively utilized in network analysis. Of these, 
degree is a simple and evident measure, which was identified as the number of links between 
a node with its neighboring nodes (Otte and Rousseau, 2002). In the present study, we studied 
the degree distribution of genes. Nodes with ≥39 degrees were proposed to be hub genes.

Sub-networks composed of hub genes and their corresponding interactions were 
extracted from the targeted network. The intersection of interactions between the sub-network 
and each pathway was calculated and defined as count (i), where count (i) was the number of 
common interactions between the sub-network and the ith pathway.

RESULTS

Identification of DEGs and construction of targeted network

We identified 1085 DEGs that were down-regulated, based on the delta cut-off value 
of 5.37. These 1085 DEGs were inputted into the STRING database. The targeted network was 
visualized, and involved 3631 interactions. In order to clearly present the targeted network, we 
selected interactions with combined scores of not less than 0.7 to construct the network. As shown 
in Figure 2, a total of 1399 interactions and 547 nodes were chosen to construct the network.

Figure 2. Targeted network composed of differentially expressed genes with combined edge scores of no less 
than 0.7. A. Whole targeted network, including 547 nodes and 1399 interactions. B. Magnified image of the target 
network. The nodes symbolize genes, pink nodes represent hub genes, and gene-gene interactions are represented 
by interconnecting lines.
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Identification of altered pathways

In our study, 1085 DEGs were used to construct all possible PPI pairs (588,070). We 
generated 1000 random networks with 3631 interactions from the 588,070 PPI pairs. The 
intersections of interactions between random network and each pathway were obtained. The 
P value of each pathway was computed and ranked in descending order. We identified 310 
pathways with P value < 0.05. Intriguingly, most of the P values approximated to zero or were 
equal to zero. Due to the similarity in P values of these 310 pathways, interaction count may 
be another parameter that can be used to estimate the significance of pathways. Based on the 
common interactions between targeted network and our selection criteria, 30 significantly 
changed pathways were screened, as shown in Table 1. Among these, the top five significant 
pathways were found to be involved in the innate immune system, the overall immune system, 
signal transduction, hemostasis, and GPCR signaling.

Table 1. Disrupted pathways based on intersection >15 and P < 0.05.

Pathway Counts of common interactions between targeted network and each pathway 
Innate immune system 80 
Immune system 76 
Signal transduction 48 
Hemostasis 47 
Signaling by GPCR 40 
Disease 38 
GPCR downstream signaling 36 
Adaptive immune system 33 
Signaling by NGF 31 
Cell cycle 29 
NGF signaling via TRKA from the plasma membrane 24 
Fc epsilon receptor signaling 21 
Developmental biology 20 
Mitotic G1-G1/S phases 20 
Signaling by Rho GTPases 20 
Signaling by SCF-KIT 20 
Signaling by PDGF 19 
Activated TLR4 signaling 18 
Diseases of signal transduction 18 
Signaling by EGFR 18 
Toll like receptor 4 cascade 18 
Toll-like receptors cascades 18 
Transmembrane transport of small molecules 18 
Downstream signal transduction 17 
Metabolism 17 
Axon guidance 16 
DAP12 interactions 16 
DAP12 signaling 16 
Metabolism of proteins 16 
Signaling by ERBB4 16 

 

Selection of hub genes in targeted network and pathways related with hub genes

Among the 547 nodes in the targeted network, a total of 20 nodes with >39 degrees 
were identified, as depicted in Table 2. These included MYC (degree = 96), FOS (degree = 88), 
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STAT3 (degree = 83), CCND1 (degree = 73), and ACTB (degree = 71).
Sub-networks composed of hub genes and their corresponding interactions were 

extracted from the targeted network. Based on the intersection of interactions between sub-
network and each pathway, a total of 19 pathways were identified, as exhibited in Table 3. 
We found that these genes were involved in the immune system, innate immune system, 
NGF signaling, disease, and signal transduction. Based on these results, the innate immune 
system, immune system, and signal transduction pathways may play important roles in the 
pathogenesis of HCM.

Table 3. Disrupted pathways identified based on intersection ≥15.

Pathway Counts of common interactions between sub-network and each pathway 
Immune system 48 
Innate immune system 48 
Signaling by NGF 27 
Disease 26 
Signal transduction 26 
NGF signaling via TRKA from the plasma membrane 22 
Hemostasis 20 
Adaptive immune system 19 
Signaling by SCF-KIT 19 
Fc epsilon receptor signaling 18 
Diseases of signal transduction 17 
Signaling by PDGF 17 
Cell cycle 16 
Downstream signal transduction 16 
Mitotic G1-G1/S phases 16 
DAP12 interactions 15 
DAP12 signaling 15 
Signaling by EGFR 15 
Signaling by ERBB4 15 

 

Table 2. Hub genes in the targeted network with more than 40 degrees.

Gene ID Gene symbol Degree 
90 MYC 96 
82 FOS 88 
92 STAT3 83 
125 CCND1 73 
266 ACTB 71 
136 GRB2 63 
81 JAK2 62 
135 ABL1 59 
93 RAC2 54 
122 MMP9 52 
167 PTPN11 51 
169 MAPK13 51 
310 PIK3R1 51 
104 CDKN1A 50 
119 PPARG 50 
166 LYN 47 
164 PDGFRB 45 
89 ITGAM 44 
694 SKY 44 
130 MYD88 39 
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DISCUSSION

In order to gain greater insights into the molecular mechanisms of HCM, altered 
pathways were identified based on integrated data from PPI and human pathway information. 
Our results demonstrated that a total of 1085 DEGs were selected. Moreover, altered pathways 
were found to belong to the innate immune system, the overall immune system, and signal 
transduction pathways.

The immune system protects the host from invading pathogens and promotes tissue 
growth and repair during development and tissue injury. Regulatory T cells are found in the 
cardiac tissue and play important roles in modulating immune responses (Saxena et al., 2014). 
Kuusisto et al. (2012) demonstrated that CD3+ T cells were present in HCM patients, but were 
lacking in healthy subjects, suggesting that inflammation due to infiltrating immune cells is 
associated with HCM. Toll-like receptor 4 (TLR4) is a trans-membrane immune protein, and 
is present in almost all human immune and cardiac cells. It is associated with activation of 
inflammatory cytokines such as tumor necrosis factor-α (TNF-α) and interleukin-6 (IL-6) 
(Kuusisto et al., 2012). Importantly, TNF-α and IL-6 can lead to the development of myocyte 
hypertrophy and fibrosis (Nian et al., 2004). As previously reported, myocardial fibrosis is 
a distinguishing feature of HCM (Elliott and McKenna, 2004). It has been proposed that 
activation of the innate immune system is a potential trigger for cardiomyopathy via cytokine 
activation (O’Neill and Bowie, 2007). In the present study, using a combination of PPI and 
pathway information, we were able to identify the specific pathways that differed between 
HCM patients and healthy controls. We found that pathways of the innate immune system 
were altered in HCM patients. This information can be used to expand our understanding 
on the pathophysiology of HCM. To the best of our knowledge, cardiac hypertrophy is a 
primary response to adapt to increased hemodynamic workload (Mondry and Swynghedauw, 
1995). Mechanical stress is the main trigger that can induce the growth response in the 
overloaded myocardium. The MAPK signal transduction pathway is activated in response 
to most hypertrophy-associated stimuli (Molkentin and Dorn, 2001). Activation of MAPK 
signaling then induces downstream NF-κB signaling, which leads to recruitment of pro-
inflammatory cell and release of pro-inflammatory cytokines in the myocardium (Nian et 
al., 2004; Leychenko et al., 2011). This can result in myocardial fibrosis. Similarly, NF-κB 
activation also mediates VEGF secretion in response to mechanical stretch stresses in the heart 
(Leychenko et al., 2011). VEGF is a growth factor that has been associated with hypertrophy 
of cardiomyocytes (Seko et al., 1999; Ruwhof and van der Laarse, 2000). The JAK/STAT 
pathway is a cytokine-activated signal transduction pathway that mediates the transduction 
of stress signals from the plasma membrane to the nucleus. In the heart, these stress signals 
are transduced by IL-6-type cytokines such as IL-6, IL-11, and leukemia inhibitory factor via 
glycoprotein 130, which predominantly activates STAT3 (Fischer and Hilfiker-Kleiner, 2007). 
STAT proteins, part of the JAK-STAT pathway, mediates the expression of genes encoding 
proteins involved in inflammation and extracellular matrix composition (Hilfiker-Kleiner 
et al., 2004). Of note, extracellular matrix composition accumulation is the basis of cellular 
fibrosis, which is a common characteristic in a variety of heart disorders including HCM and 
dilated cardiomyopathy (Khan and Sheppard, 2006). In light of these results, it is expected that 
signal transduction pathways are closely associated with HCM. Therefore, therapies directed 
at these altered signaling pathways may potentially alter the progression of HCM.

Although we were able to isolate several significant pathways in HCM, our study 
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was subjected to several limitations. The current study only employed bioinformatic tools 
to identify altered pathways during HCM pathogenesis, and our results require verification. 
Therefore, further experiments need to be carried out in order to validate our results and further 
explore the molecular mechanisms of HCM.

In conclusion, we identified altered biological pathways in the innate immune 
system, immune system, and signal transduction process in HCM patients. These results are 
important for understanding the underlying mechanisms of HCM and for clinical application 
of therapeutic strategies in the future.
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