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Abstract
Background

Hypertrophic cardiomyopathy (HCM) is a heterogeneously inherited cardiac disorder with unclear
biological pathogenesis. This study aims to identify the key modules and genes involved in the
development of HCM.

Methods

Using weighted gene co-expression network analysis (WGCNA) algorithm, we constructed integrative co-
expression networks for the two large sample HCM datasets separately. After selecting clinically
signi�cant modules with the same clinical trait, functional enrichment analysis was performed to detect
their common pathways. Based on the intramodular connectivity (IC), the shared hub genes were
generated, validated, and further explored in gene set enrichment analysis (GSEA).

Results

The orange and pink modules in GSE141910, the green and brown modules in GSE36961 were mostly
related to HCM. Functional enrichment analysis suggested that HCM might exhibit enhanced processes
including remodeling of extracellular matrix, activation of abnormal protein signaling, aggregation of
calcium ion, and organization of cytoskeleton. SMOC2, COL16A1, RASL11B, TUBA3D, IL18R1 were
de�ned as real hub genes due to their top IC values, signi�cantly different expression levels, and excellent
diagnostic performance in both datasets. Moreover, GSEA analysis demonstrated that pathways of the
�ve hub genes were mainly involved in neuroactive ligand-receptor interaction, ECM-receptor interaction,
Hedgehog signaling pathway.

Conclusion

Our study provides more comprehensive insights into the molecular mechanisms of HCM, identi�es �ve
hub genes as candidate biomarkers for HCM, which might be theoretically feasible for targeted therapy
against HCM.

Background
Hypertrophic cardiomyopathy (HCM) is one of the most common cardiovascular genetic diseases
featured by unexplained left ventricular hypertrophy and heterogeneous clinical phenotype which can be
presented as asymptomatic, atrial �brillation, syncope, heart failure, or even sudden death(1, 2). Despite
the effective treatment and a favorable overall prognosis, HCM still remains a growing public health
challenge affecting approximately 1 in 500 of the general population(3, 4). Genetic studies demonstrated
that HCM is inherited in an autosomal dominant pattern with mutations in genes encoding sarcomere
proteins. Genetic testing panels identi�ed more than 1500 mutations in at least 29 genes(5). Some of the
mutations have been reported to be pathogenic, pathogenicity is uncertain in others since they are not
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easily distinguishable(6). In addition to the novel pharmacotherapies and minimally-invasive procedures,
recent years also witnessed the emergence of gene-directed approaches which hold great therapeutic
potential, including germline editing, high-�delity gene repair, allele-speci�c gene slicing and so on(2).
Identi�cation of key genes and related expression networks in the pathogenesis and development of HCM
was an important prerequisite for successful targeted therapy but remains a critical challenge.

Weighted gene co-expression network analysis (WGCNA) is a powerful bioinformatics analytical strategy
that can be used to investigate gene expression patterns of multiple samples(7). Based on large-scale
gene expression pro�les such as high-throughput microarray or RNAseq dataset, WGCNA algorithm
clusters highly correlated genes into co-expression modules which are considered to possess similar
biological functions(8). Then comprehensive information is gained to evaluate the relationship between
modules of interest and phenotypic traits. Furthermore, genes with highly connected nodes in a module
are usually de�ned as hub genes, which could play crucial roles in the biological process of the module,
or serve as represent representatives of its principal biological functions(9). At present, the application of
WGCNA in the �eld of cardiovascular disease has provided various meaningful perspectives to explore
and analyze them at molecular level(10-12).

In this study, by applying WGCNA, we aimed to identify clinically signi�cant modules and hub genes, and
further explore their functions in HCM. It is hoped that this study will provide novel insights into the
molecular mechanisms of HCM and point out directions for precise treatments.

Results
Co-expression Network Construction

After data preprocessing, 17102, 37846 gene expression values were derived from GSE141910,
GSE36961, respectively. We performed sample clustering to ensure the high quality of network
construction. Finally, 56 samples (28 HCMs and 28 controls) in GSE141910 and 144 samples (105 HCMs
and 39 controls) in GSE36961 were left for the following WGCNA analysis while an outlier was removed
(Fig. 1a). To build scale-free networks, we set the soft threshold β =18 (scale free R2 = 0.971) for
GSE141910, β =18 (scale free R2 = 0.943) for GSE36961 (Fig. 1b). Subsequently, based on the average
linkage hierarchical clustering, genes with similar expression pro�les were assigned to the same module
(Fig. 1c, 1d). The gray module consisted of genes that cannot be clustered into the established modules. 

Identi�cation of Clinically Signi�cant Modules

Here, we identi�ed 20 modules for GSE141910 and 31 modules for GSE36961 (Fig. 2a, 2b). Then, the
correlation between the modules and the clinical traits was calculated. As shown in Fig. 2c, the orange (r
= 0.86, P <0.01) and pink (r = -0.89, P <0.01) modules in GSE141910, the green (r = 0.81, P <0.01) and
brown (r = -0.85, P<0.01) modules in GSE36961, were mostly associated with HCM and were identi�ed as
clinically signi�cant modules. 
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Functional Enrichment Analysis for Genes of Selected Modules

GO biological process (GO-BP) and KEGG enrichment analysis were performed to evaluate the functions
of the four selected modules. Terms of GO-BP in the orange and green modules were combined to screen
out the shared functional mechanisms of the two datasets. Meanwhile, terms of GO-BP in the pink and
brown modules undergone the same processing. Given that relatively few KEGG pathways were enriched,
three main ones of each module were extracted. Results were shown in Fig. 3a and 3b.

Speci�cally, in the orange and green module, the common GO-BP terms were mainly enriched in negative
regulation of myoblast differentiation, extracellular matrix (ECM) organization, extracellular structure
organization, regulation of presynapse organization, positive regulation of Ras protein signal
transduction, regulation of Rho protein signal transduction, regulation of cytosolic calcium ion
concentration, sodium ion transport, actin cytoskeleton organization, actin �lament-based process; the
common KEGG pathway was mainly associated with protein digestion and absorption. Whereas in the
pink and brown module, the shared GO-BP terms were signi�cantly related to positive regulation of
macrophage derived foam cell differentiation, regulation of peroxisome proliferator activated receptor
signaling pathway, macrophage cytokine production, epithelial to mesenchymal transition involved in
endocardial cushion formation, ventricular septum morphogenesis, regulation of T-helper 1 type immune
response, response to prostaglandin, response to fatty acid, positive regulation of reactive oxygen species
metabolic process, ventricular cardiac muscle tissue development; the shared KEGG pathway was mainly
involved in complement and coagulation cascades. These �ndings indicated that HCM patients may
experience some unusual process including remodeling of ECM, activation of abnormal protein signaling,
aggregation of calcium ion, and organization of cytoskeleton. Yet normal controls tended to exhibit more
physiological, metabolic, and immunological functions.

Hub Genes Identi�cation

Since the selected modules were the most highly positive or negative related to HCM in GSE141910 and
GSE36961, we extracted genes of the top 10% intramodular connectivity (IC) as candidate genes.
Additionally, module membership (MM) and gene signi�cance (GS) were calculated to obtain further
insight into the relationships between module genes and HCM. Venn diagrams were performed and the
overlapping genes were de�ned as hub genes. Subsequently, 3 genes in the positive-related modules
(SMOC2, COL16A1, RASL11B), 6 genes in the negative-related modules (TUBA3D, S1PR3, TUBA3E,
IL18R1, FKBP5, MYH6) were identi�ed as hub genes (Fig. 3c and 3d, Table 1).

Validation of Hub Genes

We veri�ed the expression patterns and diagnostic performance of hub genes in both datasets. Firstly, we
established Wilcoxon models to detect the differentially expressed hub genes in HCM patients and
normal controls. As illustrated in Fig. 4a and 4b, the expression levels of positively-related hub genes were
signi�cantly increased in HCM samples, whereas all the negatively-related ones were signi�cantly
downregulated compared to normal samples. Moreover, we built logistic regression models and
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performed receiver operating curve (ROC) analysis to further assess the diagnostic performance of hub
genes. As shown in Fig. 4c, both in GSE141910 and in GSE36961, SMOC2, COL16A1, RASL11B, TUBA3D,
IL18R1 manifested excellent diagnostic value as predictive biomarkers for HCM, thus they were identi�ed
as real hub genes (AUC: 1 and 0.969, 0.906 and 0.922, 0.927 and 0.894, 1 and 0.985, 0.962 and 0.948,
respectively, P < 0.01 or P = 1. Of note, both AUC = 1 and P = 1 indicated this gene was only expressed in
HCM samples).

Gene Set Enrichment Analysis

To further assess the underlying mechanisms for the �ve real hub genes involved in HCM, gene set
enrichment analysis (GSEA) was implemented. The mainly enriched KEGG pathway of each hub gene
was shown in Fig. 5 and Table 2. SMOC2 and RASL11B were mainly involved in the 5 same pathways,
including Hedgehog signaling pathway, Th1 and Th2 cell differentiation, ECM-receptor interaction, Protein
digestion and absorption, Neuroactive ligand-receptor interaction. Whereas TUBA3D tended to be
negative related to these major pathways. In addition, Neuroactive ligand-receptor interaction was also
enriched in COL16A1 and IL18R1. These results suggested that the �ve real hub genes might act
synergistically to a certain extent and played essential roles in HCM. 

Discussion
Despite tremendous advances in the management of HCM, there continues to be a global health burden.
Current treatment strategies remain symptomatic and aim to reduce complications and prevent sudden
cardiac death but are unable to reverse the disease. More targeted therapies are warranted but still
insu�ciency due to the genetic heterogeneity and unclear pathophysiology.

WGCNA method, whose clustering criterion has biological signi�cance, is capable of identifying the
relationships between the modules and disease phenotypes. Of note, the reliability of co-expression
network is enhanced as the sample size grows larger. In the present study, we employed integrative
WGCNA analysis on two large sample datasets downloaded from GEO. We constructed co-expression
networks and detected several clinically signi�cant modules related to the pathogenesis of HCM. Genes
in the selected modules were sent to enrichment analysis and the shared module-trait matched genes
with top 10% IC values were extracted and veri�ed in expression level and ROC analysis. Finally, we
identi�ed 5 real hub genes and investigated their underlying molecular functions.

In the enrichment analysis of the orange module and green module, functional pathways are mainly
associated with ECM, homeostasis of cations and movement of cardiomyocytes, revealing some
pathological processes of HCM. ECM will be discussed in detail later. It is reported that pathogenic
variants in sarcomere protein genes occur in approximately 40%–60% of HCM patients(13), greatly
in�uencing the fundamental contractile units of cardiomyocytes which are composed of thick myosin
and thin actin �laments. Furthermore, accumulating evidence has demonstrated the role of Ca2+ and
Na+ homeostasis in the occurrence and development of HCM. The abnormal Ca2+ signaling pathways
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and alterations in the sensitivity of myo�lament to Ca2+ have been considered as triggers for
arrhythmias. A single-cell level study showed that calcium mishandling was a basic modi�cation for the
pathogenesis of familial HCM and pharmacological retrieval of Ca2+ homeostasis blocked progress of
hypertrophy(14). In addition, increased late Na+ current might be a major contributor to the
electrophysiological disorders of HCM cardiomyocytes, implying potential therapeutic targets of its
inhibitor(15). Therefore, our �ndings illustrate some underlying molecular mechanisms of HCM.

After validation and diagnostic evaluation, SMOC2, COL16A1, RASL11B, TUBA3D, IL18R1 are identi�ed
as real hub genes.

SMOC2 encodes matricellular proteins that belong to secreted proteins of the SPARC family which can
promote matrix assembly thus playing an important role in regulating cell-matrix interactions. Previous
studies demonstrated that SMOC2 knockout or targeted by siRNA exhibited decreased in�ammatory
reaction and attenuated TGF-β1-induced �broblast-to-myo�broblast transition, suppressing the
progression of pulmonary or kidney �brosis(16, 17). Moreover, Laugier et al. indicated that SMOC2 was
upregulated in chronic Chagas disease cardiomyopathy by participating in matrix remodeling and
potentially involved in the in�ammatory damage in heart(18). Thereby, SMOC2, serves as a vital factor
that alters matrix remodeling and in�ammation response, might be a potential therapeutic target for
HCM. 

COL16A1, encoding �bril-associated collagen, is typically considered to regulate �bril-formation and
extracellular matrix organization. It has been suggested that TGF-β behaved as a modulator of collagen
XVI and regulated COL16A1 gene and protein expression through Smad-signaling(19). Particularly,
expression of COL16A1 at mRNA level and protein level was found signi�cantly increased in dilated
cardiomyopathy patients, with TGF-β1 signi�cantly upregulated and related to COL16A1(20). Additionally,
with a similar expression pattern, COL16A1 was associated with left ventricular dysfunction in ischemic
cardiomyopathy patients(21). Thus, COL16A1 may facilitate the development of cardiac �brosis and
remodeling, leading to the pathological process of heart failure in HCM.

RASL11B belongs to the small GTPase family and is highly similar to RAS proteins. RASL11B was
demonstrated to be involved in pathophysiology processes of in�ammation and arteriosclerosis through
TGF-β1 mediated pathways(22). Upregulation of RASL11B was found to inhibit cell growth and induce
apoptosis in lung adenocarcinoma(23). Furthermore, it has been reported that in Huntington's disease,
epigenetic dysregulation might result in the increased susceptibility to transcriptional dysregulation of
RASL11B(24). These studies suggest that RASL11B may be associated with the development of HCM
and offer novel insight into the mechanism studying of HCM. 

TUBA3D belongs to the alpha tubulin family and modulates microtubule cytoskeleton organization.
Mutant in TUBA3D was found to be associated with cardiac arrhythmia in sudden unexpected death in
epilepsy patients(25). And TUBA3D is also linked with cardiovascular disorders, atrial and ventricular
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septal defects commonly reported in Patau Syndrome(26). HCM has been well studied in variants of
sarcomere genes, whereas the role of TUBA3D in HCM needs further exploration.

IL18R1, belonging to the interleukin 1 receptor family, encodes a speci�c cytokine receptor of interleukin
18 (IL18). Generally, IL18 is a proin�ammatory cytokine implicated in the injury of different organs. Tiret
and colleagues revealed that IL18R1 polymorphisms showed no linkage with IL-18 levels, but were linked
with cardiovascular mortality both in single-locus analysis and in haplotype analysis(27). Similarly, it is
reported that polymorphic variants of IL18R1 are associated with high risk of myocardial infarction, and
minor alleles of IL18R1 are related to high risk of occurrence of multifocal atherosclerosis and arterial
hypertension in stable coronary heart disease patients after myocardial infarction(28). Therefore, we
hypothesize that in HCM patients, mutation of IL18R1 might lead to a decrease in its detected expression
level and whether IL18R1 alters the cardiovascular risk of HCM remains to be veri�ed.

Furthermore, GSEA analysis reveals several common pathways of the �ve hub genes. The neuroactive
ligand-receptor interaction pathway has been highly enriched in all real hub genes and shows signi�cant
negative correlations in TUBA3D and IL18R1, which were both downregulated in HCM samples,
suggesting its important role in the pathological process of HCM via altered cell signaling. Proteins
involved in this pathway including calcitonin receptor-like receptor, adrenergic receptor, angiotensin
receptor are closely related to cardiac function(29-31), while the deeper correlation between this pathway
and HCM needs to be further explored. The ECM-receptor interaction pathway, which behaves as speci�c
interactions between cells and ECM that mainly contains glycoproteins, proteoglycans,
glycosaminoglycans and proteases, has been greatly enriched in SMOC2, RASL11B, and TUBA3D. GO
enrichment analysis above also showed great importance of ECM involved in HCM. Previous studies
have well demonstrated that excessive accumulation of ECM impaired cardiac contractile function and
emphasized the role of myocardial �brosis in the morphogenesis and establishment of HCM(32, 33).
Abnormal expression of ECM components like Fibulin-2 and TXNDC5 might augment detrimental
interactions in HCM(34, 35) and HCM-related matrix undermined healthy cardiomyocytes with prolonged
contractions and poor relaxation(36). Additionally, TGF-beta signaling pathway, which is relatively
negative enriched in TUBA3D, participates in pathogenesis and development of HCM. Malgija et al.
indicated that Smad-dependent TGFβ1 pathway was depicted as collagen-gene promoter thus causing
cardiac �brosis(33). Hedgehog signaling pathway, which possesses numerous roles since embryonic
stage and keeps active in the adult, has been enriched in all real hub genes except COL16A1. Hedgehog
signaling pathway was reported to be involved in kidney injury and �brosis, genetic ablation of speci�c
perivascular mesenchymal stem cells that drive this signaling ameliorated heart and kidney �brosis and
maintained ejection fraction in heart failure model(37). Therefore, our study hypothesizes that
abnormally activated Hedgehog signaling pathway is associated with �brosis of HCM, further
investigation into its role in HCM is required. Brie�y, GSEA results correspond to the previous functional
enrichment �ndings of selected modules, con�rming the key pathological role of the up-expressed genes
SMOC2, COL16A1, and RASL11B and the potential risk factor of the down-expressed genes of TUBA3D
and IL18R1 in HCM. Our research might provide promising biomarkers for the occurrence and progression
of HCM.
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Besides, researches have indicated sexual dimorphisms in clinical presentation and prognosis of
HCM(38, 39), but our results do not exhibit a signi�cant correlation in this regard, implicating further
explorations might gain insights on methylated or proteomics level.

The study has several limitations. First, we only chose modules with the highest correlation in the two co-
expression networks for analysis, which might lead to the omission of genes in other highly related
modules. Second, the ROC analysis of hub genes requires tests in other datasets, whereas our attempts
are failed because of the limited sample size of public database. Third, the identi�ed hub genes need to
be validated in experiments with animal models and human samples.

Conclusion
In summary, our study revealed key modules and underlying biological mechanisms of HCM, clari�ed the
expression levels, diagnostic values, and molecular functions of SMOC2, COL16A1, RASL11B, TUBA3D,
IL18R1, thus providing new perspectives on the development and targeted therapy of HCM.

Methods
Data Collection and Procession

The �owchart of this study is shown in Figure 6.We searched the GEO
(http://www.ncbi.nlm.nih.gov/geo/) for high-throughput sequencing data of HCM. Inclusion criteria were
as follows: (1) datasets including HCM patients and healthy controls, (2) samples of human left ventricle
tissues, (3) samples containing total RNA sequence, (4) total sample size was greater than 50. Finally,
Finally, the RNA expression pro�les of GSE141910 and GSE36961 were downloaded for analysis. 

The RNA-seq dataset GSE141910 contained samples from patients with cardiomyopathies and healthy
donors. We extracted the expression pro�ling data of 28 HCM patients and 28 healthy donors. The
microarray dataset GSE36961 included samples from 106 HCM patients and 39 healthy controls. The
batch effect was eliminated using the “SVR” package. GSE141910 and GSE36961 were normalized using
the “limma” package(40). Clinical features including disease status and gender were extracted for
subsequent investigation.

Co-expression Network Construction       

The R package “WGCNA” was applied to construct co-expression networks(7). GSE141910 and
GSE36961 were used to build co-expression networks separately. Pearson’s correlation matrices were
built after evaluating the correlation coe�cients between the sample genes, and outlier genes were
discarded(41). We constructed weighted adjacency matrices using the power formula as follows:

smn= |cor (xm, xn)|β
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Where xm and xn are expression values of gene m and gene n, cor represents the Pearson’s correlation
coe�cient, smn represents the adjacency coe�cient between the two genes, and β means the soft
threshold calculated by network topology analysis. 

Then we generated topological overlap matrix (TOM), which quantitatively evaluated the connectivity of a
gene in the network by comparing the weighted correlation with other genes. Based on the TOM matrix,
we used average linkage hierarchical clustering and the dynamic tree-cutting algorithm to de�ne and
visualize gene modules with similar expression patterns(42). The minimum module size was set as 10
and similar modules were merged with a threshold of 0.25. In addition, modules of highly correlated
genes were visualized with the R software and were further explored to detect their potential role
positions.

Identi�cation of Clinically Signi�cant Modules 

The co-expression module contains genes with high topological overlap similarity. In this study, all
modules were summarized by module eigengenes (MEs), which were considered as the major principal
component of each module, and were used to describe the overall expression level of the given
module(43). MM represented the correlation between individual gene and ME, and was used to describe
the reliability of gene in the module(44). GS was de�ned as the correlation between genes and traits. MM
and GS were calculated to further identify clinically signi�cant modules of each dataset.

Functional Enrichment Analysis

To gather further insight into the potential functional mechanisms of the selected modules, we uploaded
the data into “https://metascape.org/” to conduct the GO and KEGG enrichment analysis(45-47). The cut-
off criterion was set at adjusted P < 0.05. The �ndings were illustrated as bubble charts using the
“ggplot2” R package.

Identi�cation of Hub Genes

Hub genes are de�ned as genes with highly IC values in the module calculated by the WGCNA algorithm
and have been regarded functionally important. The higher the IC, the more considerable its role in the
module, the greater its association with a disease. In this study, we screened out genes with the top 10%
IC values in each module as candidate genes, then candidate genes, which possessed the same clinical
trait from two datasets, were depicted as Venn diagram(48). The overlapped genes were de�ned as hub
genes and were visualized by Cytoscape3.8.2(49). 

Validation of Hub Genes

After extracting the hub genes, the expression level of hub genes in HCM patients and normal controls
was veri�ed in the two datasets by building Wilcoxon regression models using “glmnet” R package.
Moreover, to evaluate the diagnostic performance of hub genes, ROC analysis was conducted by applying
the R package “pROC”(50). Then real hub genes were recognized and sent to GSEA analysis.
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GSEA

In the RNA-seq dataset GSE141910, HCM patients were grouped according to high and low real hub gene
expression levels. GSEA for each real hub gene was performed using R package “clusterpro�ler”(51). The
“c2.cp.kegg.v7.4.symbols.gmt” from Molecular Signatures Database was chosen as reference gene sets.
Terms with adjusted P value of < 0.05 were considered signi�cant. Major KEGG pathways of each gene
were extracted to detect their potential function.

Abbreviations
HCM, Hypertrophic cardiomyopathy; WGCNA, Weighted gene co-expression network analysis; BP,
biological process; ECM, extracellular matrix; IC, intramodular connectivity; MM, Module membership; GS,
Gene signi�cance; ROC, receiver operating curve; GSEA, Gene set enrichment analysis; TOM, topological
overlap matrix; ME, module eigengene.
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Tables
Table 1 Characteristics of shared hub genes in the selected modules

Gene Intramodular connectivity Module membership Gene signi�cance

GSE141910 GSE36961 GSE141910 GSE36961 GSE141910 GSE36961

SMOC2 99.386 8.780 0.919 0.750 0.901 0.707

COL16A1 71.615 6.681 0.788 0.687 0.709 0.609

RASL11B 69.249 9.731 0.849 0.771 0.754 0.698

TUBA3D 36.506 27.587 0.872 0.756 -0.902 -0.822

S1PR3 33.624 32.465 0.885 0.808 -0.892 -0.793

TUBA3E 32.658 31.289 0.841 0.772 -0.895 -0.845

IL18R1 31.438 33.720 0.854 0.810 -0.865 -0.716

FKBP5 28.570 25.688 0.814 0.750 -0.857 -0.754

MYH6 27.311 31.908 0.836 0.812 -0.903 -0.835

 

Table 2 Results of gene set enrichment analysis for real hub genes
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Gene KEGG pathway Enrichment
score

NES Adjust
P

FDR Leading
edge

 

SMOC2 Hedgehog signaling
pathway

0.653 1.946 0.002 0.002 tags=33%,
list=15%,
signal=28%

Th1 and Th2 cell
differentiation

0.547 1.746 0.014 0.011 tags=38%,
list=16%,
signal=32%

ECM-receptor interaction 0.536 1.715 0.024 0.019 tags=29%,
list=9%,
signal=26%

Protein digestion and
absorption

0.529 1.681 0.032 0.025 tags=36%,
list=13%,
signal=31%

Neuroactive ligand-
receptor interaction

0.479 1.683 0.004 0.003 tags=34%,
list=12%,
signal=31%

COL16A1 Type I diabetes mellitus 0.665 2.150 0.001 0.000 tags=76%,
list=27%,
signal=55%

Antigen processing and
presentation

0.492 1.775 0.041 0.035 tags=57%,
list=31%,
signal=39%

Neuroactive ligand-
receptor interaction

0.385 1.592 0.029 0.024 tags=20%,
list=8%,
signal=19%

RASL11B ECM-receptor interaction 0.631 1.968 0.000 0.000 tags=49%,
list=19%,
signal=40%

Protein digestion and
absorption

0.616 1.909 0.002 0.002 tags=40%,
list=13%,
signal=35%

Hedgehog signaling
pathway

0.585 1.710 0.038 0.033 tags=27%,
list=15%,
signal=23%

Th1 and Th2 cell
differentiation

0.548 1.712 0.025 0.022 tags=36%,
list=14%,
signal=31%

Neuroactive ligand-
receptor interaction

0.442 1.509 0.046 0.040 tags=37%,
list=15%,
signal=32%

TUBA3D Hedgehog signaling
pathway

-0.660 -1.977 0.003 0.002 tags=33%,
list=15%,
signal=29%
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Protein digestion and
absorption

-0.575 -1.799 0.010 0.009 tags=42%,
list=14%,
signal=37%

ECM-receptor interaction -0.567 -1.784 0.010 0.009 tags=30%,
list=10%,
signal=27%

TGF-beta signaling
pathway

-0.517 -1.646 0.026 0.022 tags=22%,
list=13%,
signal=19%

Neuroactive ligand-
receptor interaction

-0.494 -1.708 0.003 0.002 tags=35%,
list=11%,
signal=31%

IL18R1 Type I diabetes mellitus -0.642 -1.892 0.022 0.018 tags=64%,
list=15%,
signal=54%

Hedgehog signaling
pathway

-0.582 -1.855 0.017 0.013 tags=31%,
list=13%,
signal=27%

Neuroactive ligand-
receptor interaction

-0.405 -1.553 0.028 0.023 tags=32%,
list=13%,
signal=28%

Figures
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Figure 1

Construction of weighted co-expression networks in the two datasets. (a) Sample clustering to detect
outliers and for GSE141910 (left), GSE36961 (right), and outlier GSM907212 was removed. (b) The soft
threshold power and the scale-free �t index for GSE141910 (left), GSE36961 (right). (c, d) Dendrograms
of GSE141910, GSE36961, respectively.
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Figure 2

Identi�cation of clinically signi�cant modules. (a, b) Correlation heatmaps between modules and clinical
traits for GSE141910, GSE36961, respectively. Each unit contained correlation coe�cient and
corresponding P value). (c) Module membership versus gene signi�cance plot of orang and pink module,
green and brown module, respectively.
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Figure 3

Functional enrichment analysis and detection of hub genes. (a) Shared GO biology processes (the top
ten) and mainly KEGG pathways (the bottom three) for module orange, green. (b) Shared GO biology
processes (the top ten) and mainly KEGG pathways (the bottom three) for pink, and brown. (c) Venn
diagram to detect shared hub genes of orange and green module (left), pink and brown module (right). (d)
Interaction networks in orange, green, pink, and brown module.
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Figure 4

Validation of Hub Genes. (a, b) Differential expression of hub genes in GSE141910, GSE36961,
respectively, *** means P value < 0.001. (c) ROC analysis of corresponding hub genes in GSE141910,
GSE36961, respectively. Abbreviations: AUC, area under the curve; ROC, receiver operating characteristic.
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Figure 5

Gene set enrichment analysis of real hub genes. (a) SMOC2, (b) COL16A1, (c) RASL11B, (d) TUBA3D, (e)
IL18R1.
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Figure 6

Flow diagram of the whole study.


