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Abstract
Background

Tongue squamous cell carcinoma (TSCC) is one of the most common oral squamous cell carcinoma (OSCC) with a
high occurrence and a poor prognosis, yet its molecular mechanisms are largely unknown and novel drug
candidates are needed. The purpose of this study was to construct gene co-expression networks to identify hub
proteins signi�cantly associated with tumor grades and the overall survival (OS) of TSCC patients and provide
potential drug candidates.

Methods

The mRNA-sequencing and clinical data were obtained from The Cancer Genome Atlas (TCGA) dataset. Weighted
gene co-expression network analysis (WGCNA) was used for identifying the co-expression module related to the
tumor grade of TSCC. The hub proteins were selected by the interaction number with other proteins, and their
correlations with prognosis and tumor grades were calculated. Virtual screening of compounds by the hub protein
structures was used to identify the drug candidates.

Results

WGCNA identi�ed ten co-expression modules, in which the brown module consisted of 163 genes was most
signi�cantly correlated with the tumor grade. Six hub genes/proteins (BUB1, CCNB2, CDC6, CDC20, CDK1, and
MCM2) tended to be in the central hub of the network. And higher expression levels of these hub genes were
associated with tumor grades and worse overall survival. Three compounds, targeting hub proteins, demonstrated
high binding a�nities, favorable pharmacologic properties, and low toxicity.

Conclusion

The gene co-expression network-based study could provide additional insight into tumorigenesis and progression of
TSCC, and our study might provide novel drug candidates.

1. Introduction
Oral squamous cell carcinoma (OSCC) represents the eighth most common malignancy in the world, with a poor
prognosis of < 60% patient survival for 5-year survival rates [1]. In 2018, 354,864 new cases of lip and oral cavity
cancer were identi�ed, and 177,384 people died from these types of cancer worldwide [2]. OSCC can occur due to
many etiological factors, but a majority of these cancers are associated with lifestyle risk habits including smoking,
excessive alcohol consumption, and betel quid chewing [3]. The most common subtype of OSCC is tongue
squamous cell carcinoma (TSCC), which is also associated with a poor treatment outcome [4]. TSCC comprises
41% of the OSCC cases and has much more aggressive clinical behaviors and a worse prognosis than other
cancers of the oral cavity, which makes TSCC one of the most lethal cancer types [5, 6].

The conventional approaches for TSCC treatment involve surgery, radiation therapy, and chemotherapy [7].
However, surgical resection will lead to permanent dis�gurement, altered sense of self and debilitating physiological
consequences, substantial functional impairment, and morbidity, while chemo- and radio-therapies result in
signi�cant toxicities, all affecting patient wellbeing and quality of life. Besides, even with combined treatment
involving surgery, radiation, and chemotherapy, the 5-year survival rate is still unsatisfactory [8]. Recently, increased
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expression of PD-1/PD-L1 and induced immune suppression status was reported in TSCC tissues [9]. But,
implementation of immunotherapy could be challenging since the auto-immune side effects, low response rate, and
�nancial cost [10]. Thus, the identi�cation of novel therapeutic targets and potential drug candidates is urgently
needed.

In recent years, microarray technology is widely employed to identify hub genes/proteins and abnormal regulation
pathways of cancers [11]. Through microarray technology, biological function and target genes related to tumor
development may bring to reveal the underlying mechanisms of cancers and identify potential therapeutic targets
[12]. After elucidating and validating fundamental potential therapeutic targets, investigators could further perform
molecular docking to screen small molecular drugs that could combine with selected targets [13]. Virtual screening
and molecular docking were widely applied on drug discovery and design and medicinal chemistry [14]. The binding
sites, binding a�nity, and a series of pharmacological properties could also be calculated by virtual screening
analysis [15]. Therefore, microarray technology combined with virtual screening analysis could accelerate drug
discovery.

In this study, bioinformatics analysis methods were used to analyze gene expression pro�les of TSCC cases from
The Cancer Genome Atlas database (TCGA). Differentially Expressed Genes (DEGs) and their enriched pathways
between tumor and normal control were identi�ed. Subsequently, weighted gene co-expression network analysis
(WGCNA) of DEGs was applied and the gene module related to tumor development (tumor grades) was identi�ed.
Furthermore, survival analysis was applied to screen out hub genes related to overall survival. Next, we applied
molecular docking method to identify three FDA approved drugs, which are novel small molecule inhibitor of hub
proteins, as the potential drug for TSCC.

2. Material And Methods
2.1 Data and Pre-processing and Differentially Expressed Genes (DEGs)

The mRNA-Seq and clinical data from patients with TSCC were obtained from The Cancer Genome Atlas (TCGA)
public data portal (https://cancergenome.nih.gov). The expression data containing 19645 mRNAs from 126 tumor
and 13 adjacent normal tissue samples were selected and further analyzed. ‘edgeR’ [16], the R package designed to
calculate DEGs, was used to identify differentially expressed mRNAs between the tumor and normal samples. The
DEGs with log2Foldchange>1 and P.value<0.05 were considered for subsequent analysis.

2.2 Functional and Pathway Enrichment Analysis of DEGs

The R package of ‘clusterPro�ler’ [17], which is a comprehensive set of functional annotation tools, has been used
for systematic and integrative analysis of large gene lists. In this work, the signi�cant gene ontology (GO) biological
process terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses of DEGs were
performed using ‘clusterPro�ler’ with the threshold of P.value<0.05.

2.3 Weighted Gene Co-expression Network Analysis (WGCNA)

Processed by the R package “WGCNA” [18], a scale-free gene co-expression network on DEGs was constructed. The
clustering analysis was performed based on DEGs expression matrix of 117 tumor samples since 9 outlier tumor
samples were removed. The soft threshold power β was selected in accordance with scale-free topology �tting
indices R2 (>0.9) and mean connectivity for maximizing scale-free topology, maintaining a high average number of
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connections, and eliminating small correlations. A hierarchical clustering dendrogram was plotted with identi�ed
gene modules after setting minModulesize of 60 and mergeCutHeight of 0.25. Genes in a module were thought to
share similar expression patterns. The module eigengene (ME) was the �rst principal component of a module and it
represented the gene expression pro�ling. Module-trait associations were estimated using MEs and clinical-trait to
identify gene modules highly correlated to phenotype.

2.4 Identi�cation hub genes

The Search Tool for the Retrieval of Interacting Genes (STRING) database [19] and Cytoscape software [20] were
utilized to construct PPI (Protein-Protein Interaction) networks on genes from the selected module. PPI networks
from experiments were selected with the cut-off criterion of con�dence score ≥ 0.7. Hub genes, highly
interconnected with other genes in a module, have been shown to be functionally signi�cant [21]. In this study, hub
genes were de�ned by module connectivity, measured by absolute value of degree (>10).

2.5 Survival Analysis of Hub genes

We further assessed whether hub genes were correlated with the overall survival of TSCC patients. Patients were
classi�ed into high or low expression groups based on the median expression level of the genes. We performing
survival analysis using Kapla-Meier curve (K-M curve) method [22]. Log-rank analysis was used to compare two
groups, P.value<0.05 is considered to represent statistical signi�cance.

2.6 Preparation for the virtual screening

The material for virtual screening contains the structures of proteins and ligands. Three-dimensional (3D) structure
of the protein corresponding to the hub gene is crucial for its interaction with other molecules and biological
functions. 3D structures of proteins and their binding sites could be directly obtained from Protein Data Bank (PDB)
dataset. In the current study, FDA approved drugs were selected as the ligands. The FDA approved drugs (a total of
1615 compounds) in the ZINC15 database [23] were downloaded and selected as the resource for potential hits in
our virtual screening.

2.7 Structure-based virtual screening using LibDock

Virtual screening was carried out using the LibDock module of Discovery Studio 2019. LibDock [24] is a rigid-based
docking module and it calculates hotspots for the protein through a grid placed into the binding site and polar
probes. The hotspots are further used to align the ligands to form favorable interactions. The Smart Minimiser
algorithm and CHARMM force �eld were performed for ligand minimization, and all ligand poses were ranked based
on the ligands score.

2.8 ADME (Adsorption, Distribution, Metabolism, and Excretion) Properties and Toxicity Prediction

As a successful small molecular drug, it should not only be active against a target but also possess appropriate
ADME and toxicity properties [25]. Pharmacologic properties of all the 1615 FDA approved drugs were predicted
using the ADME module of Discovery Studio 2019, including aqueous solubility level, blood-brain barrier level,
CYP2D6 binding, hepatotoxicity, human intestinal absorption level, and plasma protein binding properties.

To con�rm the safety of 1615 FDA approved drugs (compounds), different kinds of toxicity indicators including
rodent carcinogenicity, developmental toxicity potential properties, Ames mutagenicity were predicted by using a



Page 5/19

computational method in the TOPKAT module of Discovery Studio 2019.

3. Results
3.1 Differentially Expressed Genes (DEGs) and Enriched pathways

A total of 126 tumor and 13 normal matched samples were included in DEGs analysis. DEGs analysis was
performed using R package ‘edger’ and 3728 genes (1526 upregulated and 2202 downregulated genes) were
identi�ed with P.value<0.05 and log2foldchange>1 as the cutoff criterion (Figure 1A-B). The locations of the 100
DEGs with the lowest P.value were visualized on the human chromosomes using the ‘Rcircos’ package (Figure 1C).
All DEGs were used to identify overrepresented GO terms and KEGG pathways (Table 1). GO analysis results
showed that the most overrepresented GO terms in biological processes were enriched in mitotic nuclear division
and chromosome segregation. In addition, the most enriched GO terms in molecular function and cellular
component were DNA-dependent ATPase activity and chromosomal region, respectively. KEGG results showed that
the most enriched KEGG pathway terms were Cell cycle, DNA replication, p53 signaling pathway, Human T-cell
leukemia virus 1 infection, and Viral carcinogenesis.

3.2 Weighted Gene Co-expression Network Analysis (WGCNA)

After removed the outlier tumor samples, a total of 117 tumor samples were selected to do the WGCNA (Figure
S1A). According to the scale-free topology �tting indices R2 and mean connectivity generated from 3728 DEGs
expressions of 117 samples, threshold soft power β was set to be 5 (Figure 2A-B). All DEGs were submitted to
WGCNA to construct the gene co-expression network and assigned to different modules by clustering dendrogram
trees. We got 10 modules After setting the parameters and the module size were range from 127 to 825 (Figure 2C).
The relationships between clinical-trait and gene modules were presented in Figure 2D. In the WGCNA results, the
brown module showed a signi�cant relationship to tumor grade and contains 263 genes. The genes from the brown
module showed positive correlation with the tumor grade (Figure S1B).

3.3 Identi�cation of protein-protein interactions (PPIs) and hub genes

In addition, PPIs of genes from the brown module were examined using the STRING database. We found that 40
genes formed a complex functional network, indicating that each of them has at least one functionally similar or
interacted gene as the neighbor (Fig. 3). Remarkably, six genes (BUB1, CCNB2, CDC6, CDC20, CDK1, and MCM2)
tended to be in the central hub of the network generated using the STRING database, thereby demonstrating the
importance of these genes. We also evaluated the prognostic signi�cance of six hub genes in patients from TCGA
dataset. The K-M survival analysis revealed that the higher expression levels of BUB1, CCNB2, CDC6, CDC20, CDK1,
and MCM2 were associated with the worse overall survival (Fig. 4A-F). The boxplots demonstrated that these hub
genes were all highly expressed in tumor samples compared with the normal samples (Figure S2). The hub genes
were also positively correlated with the tumor grades (Figure S3). Overall, these results suggested that the hub
genes might play an oncogenic role in TSCC occurrence and development.

3.4 Virtual screening of compounds

The 3D structure of the protein is crucial for its interaction with other molecules and biological functions. In the
current study, the 3D structures of hub proteins (CDC20, CDK1, and MCM2) were obtained from 5LCW, 4YC3, and
6XTX of Protein Data Bank dataset (Fig. 5). The active sites of CDC20, CDK1, and MCM2 were de�ned with
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SER377:HIS380, ALA145:PHE147, and PRO525:GLN531. A total of 1615 FDA approved drugs were taken from the
ZINC15 database. After virtual screening by Libdock, 541, 841, and 1591 drugs were found to be eligible to bind
stably with CDC20, CDK1, and MCM2, respectively. The top 3 drugs with the highest Libdock score of hub proteins
were listed in Table 2.

3.5 Pharmacologic properties of compounds

Pharmacologic properties of all 9 selected compounds in Table 2 were predicted using the ADME module of
Discovery Studio 2019, including aqueous solubility level, blood-brain barrier level, CYP2D6 binding, hepatotoxicity,
human intestinal absorption level, and plasma protein binding properties (Table 3). The aqueous solubility
prediction (de�ned in water at 25°C) indicated that all the compounds were soluble in water. Only 4 compounds
were predicted to be inhibitors with CYP2D6, which was an essential enzyme in drug metabolism. As to
hepatotoxicity, 3 compounds were found to be toxic. For human intestinal absorption, 6 compounds have good
absorption level.

Toxicity results indicated that 3 compounds did not have developmental toxicity potential (Table 4). Considering all
the results in Table 3 and Table 4, ZINC000100052685, ZINC000008214703 and ZINC000085537014 were
identi�ed to be the ideal leading compounds with high Solubility level, non-CYP2D6 inhibitors, less rodent
carcinogenicity, together with Ames mutagenicity, and developmental toxicity potential compared with other
compounds. Therefore, ZINC000100052685, ZINC000008214703, and ZINC000085537014 were con�rmed as safe
drug candidates and selected for the subsequent research.

3.6 Visualization of docking results from Libdock

There are 2 hydrogen bond interactions observed in the complex of ZINC000100052685 with CDC20 (Figure 6A)
and 14 van der Waals interactions offered by Figure 7A. Four hydrogen bond interactions were observed in the
complex of ZINC000008214703 with CDK1 (Figure 6B), as well as 14 van der Waals interactions offered by Figure
7B. Five hydrogen bond interactions were observed in the complex of ZINC000085537014 with MCM2 (Figure 6C),
as well as 14 van der Waals interactions offered by Figure 7C.

4. Discussion
Although surgical treatment, radiotherapy, and chemotherapy are constantly developing, the mortality rate of TSCC
in recent decades is still high [8]. A more in-depth exploration of the molecular mechanisms will help us understand
more about TSCC and �nd better molecular targets for prevention, detection, and treatment. Bioinformatics develop
rapidly in the past 10 years, which is a reliable method for exploring gene expression in disease and �nding
potential molecular targets [26, 27]. This study used computational methods such as bioinformatics analysis and
virtual screening to identify the potential targets and drug candidates for TSCC.

The characteristics are different in the development and metastasis in different locations of HNSCC, which may
lead to inconsistency in the results. To avoid interference, we selected TSCC patients as speci�c subjects in the
present work. Moreover, WGCNA calculates the relationship between genes not based on simple genes counting but
their expression changes, which means results are less �uctuated [18]. Genes with similar expression changes,
carrying common biological processes, are grouped into the same module. Then relationship coe�cients between
gene modules and clinical phenotypes can be calculated. Currently, WGCNA has been widely applied to �nding the
hub genes associated with clinical features in cancers [21].
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In this work, we identi�ed 6 potential gene targets in TSCC: BUB1, CCNB2, CDC6, CDC20, CDK1, and MCM2. BUB1
encodes a serine/threonine-protein kinase that plays a central role in mitosis [28], and BUB1 overexpression induces
tumor formation [29]. In previous studies, CCNB2 was observed to be the hub gene in smoking of head and neck
cancer [30]. Cell division cycle 6 (CDC6) is an essential regulator of DNA replication in eukaryotic cells, deregulation
of CDC6 expression in human cells poses a serious risk of carcinogenesis [31]. Downregulation of CDC6 effectively
inhibited the proliferation of TSCC cells [32]. High CDC20 expression is associated with poor prognosis in oral
squamous cell carcinoma [33]. And the previous study showed that development of speci�c CDC20 inhibitors could
be a novel strategy for the treatment of human cancers [34]. The expression of CDK1 was signi�cantly correlated
with the histological grade of OSCC and the CDK1 protein was over-expressed in recurrent tumors or in those with
lymph node metastasis [35]. Moreover, a signi�cant reduction in the 5-year accumulative survival rate in CDK1
positive cases compared with CDK1 negative cases [35]. CDK1 inhibitor could selectively activate the intrinsic
apoptosis pathway and induce apoptosis in cancer cells rather than in normal cells [36]. Quantitative real-time PCR
analysis showed that MCM2 mRNA expression is signi�cantly higher in tongue SCC than in epithelial dysplasia
[37]. And the knockdown of MCM2 has therapeutic applications in enhancing the e�cacy of chemotherapy in
cancer patients [38].

We have identi�ed three potential inhibitors of hub proteins using high-throughput virtual screening. Three
compounds ZINC000100052685, ZINC000008214703, and ZINC000008214703 bind to the common residues of
the active site cavity of the CDC20, CDK1, and MCM2, respectively. The AMDET properties of three compounds
show favorable pharmacological properties and less toxicity. ZINC000100052685, named as Iloprost, is a synthetic
analogue of prostacyclin that affects platelet aggregation and is used to treat pulmonary arterial hypertension
(PAH) [39]. Iloprost inhibits the invasion of ovarian cancer cells by downregulating matrix metallopeptidase-2
(MMP-2) [40]. ZINC000008214703 (Unoprostone), a prostaglandin analogue, is believed to reduce elevated
intraocular pressure (IOP) and is used to treat Glaucoma [41]. ZINC000085537014 (Cobicistat), marketed under the
name Tybost (formerly GS-9350), is indicated for treating the infection with human immunode�ciency virus (HIV)
[42]. Cobicistat has been used to enhance the e�cacy of anticancer agents [43]. In conclusion, compounds
ZINC000100052685, ZINC000008214703, and ZINC000008214703 were anticipated to be promising drug
candidates for inhibition of TSCC.

5. Conclusion
In summary, by comprehensively analyzing gene expression pro�les of TSCC and adjacent tissues, this study
identi�ed the potential therapeutic targets and drug candidates of TSCC. We found that six hub genes (BUB1,
CCNB2, CDC6, CDC20, CDK1, and MCM2) played crucial roles in TSCC occurrence and development. Our research
explained the pathogenesis of TSCC from the perspective of bioinformatics, and provided novel drug candidates for
TSCC. However, further experimental studies are still required to prove our �ndings and determine the potential
clinical value of these drug candidates.
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Tables
Table 1. Functional and pathway enrichment analysis of DEGs in TSCC. 

ID Term Count P-value

Has:04510 Cell cycle 22 <0.01

Has:04512 DNA replication 7 <0.01

Has:05200 p53 signaling pathway 8 <0.01

Has:05205 Human T-cell leukemia virus 1 infection 9 <0.01

Has:04151 Viral carcinogenesis 8 <0.01

GO_BP:0030198 nuclear division 59 <0.01

GO_BP:0030574 mitotic nuclear division 51 <0.01

GO_BP:0007155 organelle �ssion 60 <0.01

GO_BP:0022617 chromosome segregation 52 <0.01

GO_BP:0030335 sister chromatid segregation 40 <0.01

GO_CC:0070062 chromosomal region 51 <0.01

GO_CC:0031012 chromosome, centromeric region 41 <0.01

GO_CC:0005578 kinetochore 35 <0.01

GO_CC:0016020 condensed chromosome 39 <0.01

GO_CC:0005788 condensed chromosome, centromeric region 32 <0.01

GO_MF:0005178 single-stranded DNA-dependent ATPase activity 7 <0.01

GO_MF:0005201 DNA-dependent ATPase activity 12 <0.01

GO_MF:0005515 microtubule binding 14 <0.01

GO_MF:0004222 catalytic activity, acting on DNA 12 <0.01

GO_MF:0005102 ATPase activity, coupled 14 <0.01

Notes: Top �ve terms were selected according to P-value.
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Abbreviations: DEGs, different expressed genes; TSCC, tongue squamous cell carcinoma; GO, gene ontology; BP,
biological process; CC, cellular component; MF, molecular function.  

Table 2. The Sequence and structures used in obtaining structures of hub proteins

Protein ZincID Libdock
score

Smile

CDC20 ZINC000003799072 116.1 OCc1cc([C@@H](O)CNCCCCCCOCCCCc2ccccc2)ccc1O

CDC20 ZINC000100052685 105.9 CC#CC[C@H](C)[C@@H](O)/C=C/[C@@H]1[C@@H]

(O)C[C@@H]2C/C(=C/CCCC(=O)

OCC(=O)c3ccccc3)C[C@H]21

CDC20 ZINC000003785268 105.6 OCc1cc([C@H](O)CNCCCCCCOCCCCc2ccccc2)ccc1O

CDK1 ZINC000008214703 126.7 CCCCCCCC(=O)CC[C@H]1[C@H](O)C[C@H](O)

[C@@H]1C/C=C\CCCC(=O)O

CDK1 ZINC000021297660 113.4 COc1c(C)c2c(c(O)c1C/C=C(\C)CCC(=O)OCCN1CCOCC1)C(=O)OC2

CDK1 ZINC000000601250 111.8 Clc1ccc(CS[C@H](Cn2ccnc2)c2ccc(Cl)cc2Cl)cc1

MCM2 ZINC000028232755 171.2 CCCCC(=O)OCC(=O)[C@]1(O)Cc2c(O)c3c(c(O)c2

[C@@H](O[C@H]2C[C@H](NC(=O)C(F)(F)F)[C@@H](O)

[C@@H](C)O2)C1)C(=O)c1c(OC)cccc1C3=O

MCM2 ZINC000085537014 166.8 CC(C)c1nc(CN(C)C(=O)N[C@@H](CCN2CCOCC2)C(=O)

N[C@H](CC[C@H](Cc2ccccc2)NC(=O)OCc2cncs2)Cc2ccccc2)cs1

MCM2 ZINC000028639340 161.7 CC[C@@H]([C@H](C)O)n1ncn(-
c2ccc(N3CCN(c4ccc(OC[C@H]5CO[C@@](Cn6cncn6)(c6ccc(F)

cc6F)C5)cc4)CC3)cc2)c1=O

Table 3. Adsorption, distribution, metabolism, and excretion properties of compounds.
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Compounds Solubility
level

BBB
level

CYP2D6 Hepatotoxicity Absorption
level

PPB
level

ZINC000003799072 3 2 1 0 0 1

ZINC000100052685 2 4 0 0 1 1

ZINC000003785268 3 2 1 0 0 1

ZINC000008214703 3 4 0 0 0 1

ZINC000021297660 3 3 0 0 0 1

ZINC000000601250 1 0 1 1 1 1

ZINC000028232755 1 4 0 0 3 0

ZINC000085537014 3 4 1 1 2 0

ZINC000028639340 3 4 0 1 2 1

BBB, blood-brain barrier; CYP2D6, cytochrome P-450 2D6; PPB, plasma protein binding.

Aqueous-solubility level: 0, extremely low; 1, very low, but possible; 2, low; 3, good.

BBB level: 0, very high penetrant; 1, high; 2, medium; 3, low; 4, unde�ned.

CYP2D6 level: 0, noninhibitor; 1, inhibitor.

Hepatotoxicity: 0, nontoxic; 1, toxic.

Human-intestinal absorption level: 0, good; 1, moderate; 2, poor; 3, very poor.

PPB: 0, absorbent weak; 1, absorbent strong.

Table 4. Toxicities of compounds.

Compounds Mouse NTP (Female) Mouse NTP

(Male)

Rat NTP

(Female)

Rat NTP

(Male)

Ames DTP

ZINC000003799072 0 0 0 0 0 1

ZINC000100052685 0 0 0 0 0 0

ZINC000003785268 0 0 0 0 0 1

ZINC000008214703 0 0 0 0 0 0

ZINC000021297660 0 1 0 1 0 1

ZINC000000601250 0 1 0 0 0 1

ZINC000028232755 0 0 0 0 0 1

ZINC000085537014 0 0 0 0 0 0

ZINC000028639340 0 0 0 0 0 1
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NTP, U.S. National Toxicology Program; DTP, developmental toxicity potential.

NTP:0 (noncarcinogen); 1 (carcinogen).

Ames: 0 (nonmutagen); 1 (mutagen).

DTP: 0 (nontoxic); 1 (toxic)

Figures

Figure 1

DEG analysis of TSCC in TCGA database. (a) Volcano Plot visualizing the DEGs. The vertical lines demarcate the
log2Foldchange values while the horizontal line marks a –log10P-value of 0.05. Red represents the upregulated
genes, while green represents the downregulated genes. (b) Heatmap of the DEGs. The right longitudinal axis
showed the clustering information of samples. The samples were mainly divided into two major clusters and these
two clusters were the tumor tissue and adjacent normal tissue. (c) Circos plot showing the distribution in
chromosome and expression change of DEGs (the DEG with the highest P-value). Different color of the short line
represents the upregulation (red) or downregulation (blue) of DEGs. Abbreviation: DEG, different expressed genes;
TSCC, tongue squamous cell carcinoma; TCGA, The Cancer Genome Atlas.
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Figure 2

(a) Analysis of the scale-free �t index for various soft-thresholding powers (β). (b) Analysis of the mean connectivity
for various soft-thresholding powers. In all, 5 was the most �t power value. (c) The cluster dendrogram of TSCC
patients. Each branch in the �gure represents one gene, and every color below represents one co-expression module.
(d) PCC matrix between gene module and clinical characteristics. The PCC values range from -1 to 1 depending on
the strength of the relationship. A positive value indicates that the genes within a particular co-expression module
increase as the clinical trait increases, whereas the opposite is true if the PCC is negative. Abbreviation: WGCNA,
weighted gene co-expression network analysis; TSCC, tongue squamous cell carcinoma; PCC, Pearson Correlation
Coe�cient.
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Figure 3

Protein–protein interaction network of genes in the brown module. The color intensity and the size of nodes were
positively correlated with the degree score.
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Figure 4

Survival analysis of the association between the expression of hub genes and overall survival time in TSCC. a-f:
The Kaplan-Meier survival curve revealed that high BUB1, CCNB2, CDC6, CDC20, CDK1, and MCM2 expression
conferred the worse overall survival in patients with TSCC (P < 0.05). Abbreviation: TSCC, tongue squamous cell
carcinoma.
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Figure 5

3D structures of hub proteins. (a) CDC20; (b) CDK1; (c) MCM2. In the structure of each protein, secondary structures
were represented by colors (β-sheets: red; coil: blue; α helix: brown).

Figure 6

The docking structure of hub proteins and the compounds. (a) ZINC000100052685 with CDC20, (b)
ZINC000008214703 with CDK1, (c) ZINC000085537014 with MCM2. The proteins, compounds, and hydrogen
bonds were colored by blue, red, and yellow color, respectively.

Figure 7

Schematic of intermolecular interaction of the predicted binding modes of (a) ZINC000100052685 with CDC20, (b)
ZINC000008214703 with CDK1, (c) ZINC000085537014 with MCM2.
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