
Vol.:(0123456789)1 3

3 Biotech (2021) 11:215 
https://doi.org/10.1007/s13205-021-02737-4

ORIGINAL ARTICLE

Integrated analysis and identification of nine‑gene signature 
associated to oral squamous cell carcinoma pathogenesis

Monika Yadav1 · Dibyabhaba Pradhan2 · Rana P. Singh1 

Received: 4 January 2021 / Accepted: 10 March 2021 / Published online: 14 April 2021 
© King Abdulaziz City for Science and Technology 2021

Abstract
Oral squamous cell carcinoma (OSCC) is one of the leading cancers with poor disease survival rate. Herein, we explored 
molecular basis, in silico identification and in vitro verification of genes associated with OSCC. Five gene expression series 
including, GSE30784, GSE13601, GSE9844, GSE23558 and GSE37991 were screened for differentially expressed genes 
(DEGs). Gene Ontology and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were enriched by cluster Pro-
filer. Further, protein–protein interaction network was analysed and hub genes were verified. A total of 6476 (up-regulated: 
2848; down-regulated: 3628) DEGs were identified among OSCC patients and healthy controls. Gene Ontology analysis 
indicated DEGs enrichment in cellular motility, invasion and adhesion processes. KEGG analysis revealed enrichment of 
PI3K-Akt signalling, focal adhesion and regulation of actin cytoskeleton pathways. Subsequently, nine DEGs including APP, 
EHMT1, ACACB, PCNA, PLAU, FST, HMGA2, LAMC2 and SPP1 were correlated with TCGA expression data along with 
significant association towards patient’s survival, recognized as hub genes. This dysregulated mRNA signature of genes was 
validated in two OSCC cell lines with an anti-cancer agent, fisetin. Fisetin inhibited the expression of APP, EHMT1, PCNA, 
PLAU, FST, HMGA2, LAMC2, SPP1 and upregulated the expression of ACACB gene which were associated with growth 
inhibition of both the OSCC cell lines. The regulatory effect of fisetin supported crucial role of nine hub genes identified in 
OSCC. This study signified that hub genes and pathways might influence the aggressiveness of OSCC. Thus, the proposed 
hub genes could be potential diagnostic biomarker and drug targets for OSCC.

Keywords  Gene expression profiling · Oral squamous cell carcinoma · Biomarkers · Hub genes · Survival analysis · 
Cytoscape

Introduction

Oral squamous cell carcinoma (OSCC), one of the most 
perverse type of head and neck cancer, accounts for about 
354,864 new cases and 177,384 deaths worldwide every 
year. It is also a very frequent cancer in Southern Asia and 
Pacific Islands, and is the primary reason of cancer-related 
deaths in India and Sri Lanka amongst men (Bray et al. 
2018). Customary behaviours like smoking, alcohol con-
sumption, tobacco and betel nut chewing along with human 
papillomavirus infections are the key etiological factors 

implicated in the rise of OSCC (Nagao and Warnakulas-
uriya 2020). Despite the significant advancement of current 
therapeutics strategies, the overall disease survival rate still 
remains less than 65% (Siegel et al. 2019). Unfortunately, 
the management of patients with OSCC has not changed dra-
matically either, mostly due to lack of awareness for preven-
tion and early diagnostic failures. Furthermore, the relapsing 
and metastatic nature of the disease accounts for poor prog-
nosis and remains major hurdle for disease improvement. 
Therefore, it is extremely crucial to identify the promising 
early diagnostic and prognostic biomarkers that may assist 
to elucidate the underlying molecular mechanism of OSCC 
and simultaneously improve the clinical therapeutics.

In this context, microarray and high-throughput sequenc-
ing platforms emerged as promising tools to measure the 
differential expression level of genes between disease and 
healthy samples. Expression profiles from these platforms 
have been submitted to several database repositories, Gene 
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Expression Omnibus (GEO) for example, is widely used 
database for screening cancer biomarkers and drug target 
discovery (Petryszak et al. 2014). Several, microarray-based 
gene expression profiles have been successfully performed to 
explore the differential expressed genes (DEGs) connected to 
OSCC. However, clinical translation of these findings to pre-
dict reliable biomarkers is perplexed due to variation among 
studies such as sample size, sample processing, tumor stage, 
ethnicity and types of platform and the analytical algorithms. 
Ding et al. (2018) studied two microarray datasets to iden-
tify pathogenic genes associated with OSCC. Zhong et al. 
(2019) explored several expression profiles and identified 
five extracellular matrix-associated genes as therapeutic 
target in Oral and tongue squamous cell carcinoma. Wang 
et al. (2020b) reported six genes with prognostic signifi-
cance in OSCC. Though, such trend of transcriptome profile 
re-analysis provides new insight into disease pathogenesis 
but exhibits variations in terms of identified DEG’s and eth-
nicity as result of sample heterogeneity (Yuan et al. 2020). 
Thus, independent analysis of selected gene expression 
profiles with subsequent integration of DEGs across study 
type (microarray and RNAseq) may help in identifying the 
universal markers concordant across multiple OSCC studies 
with increased confidence and clinical applicability. In pre-
sent study, 5 gene expression profiles of OSCC containing 
291 tumor and 128 normal samples were screened for DEGs 
analysis. Further, functional annotations were enriched via 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway databases. Subsequently, result-
ing DEGs were integrated with protein–protein interaction 
(PPI) network and clustering module analysis. Potential 
DEGs were then correlated with TCGA level 3 RNA seq 
data to identify high confidence hub genes primarily driv-
ing OSCC pathogenesis. The impact of dysregulated tran-
scriptome signature of hub genes could be verified among 
pre- and post-drug treatment, to confirm the consequences 
of dysregulation. The adverse effects associated with cur-
rent treatment regimens for OSCC, necessitate the use of an 
alternate approach such as natural agents for chemopreven-
tion with better safety, efficacy, ease of availability, afford-
ability, potential to overcome resistance to other traditional 
therapies and anticancer drugs (Choudhari et al. 2020). Fise-
tin, a bioactive small molecule, shown anti-cancer effects in 
various epithelial cancers (Sabarwal et al. 2017; Liang et al. 
2020), therefore, was used to evaluate the expression pattern 
of altered vital genes in human OSCC cells. Overall, the dif-
ferential expression signature of identified hub genes may 
provide a novel insight on early diagnosis and prognosis of 
OSCC by serving as promising biomarkers/druggable target.

Materials and methods

Gene expression profile datasets

Five human OSCC gene expression profiles, GSE30784, 
GSE13601, GSE9844, GSE23558 and GSE37991 were 
accessed from NCBI-Gene Expression Omnibus (http://​
www.​ncbi.​nlm.​nih.​gov/​geo/) (Barrett et al. 2013). All five 
datasets were selected on basis of following criteria: Search 
term “OSCC”, Organism “Homo sapiens”, Experiment type 
“Expression profiles by array”, No. of samples “ > 20”, Sam-
ples “human oral tissue samples and healthy control sam-
ples”. These datasets were produced through diverse micro-
array platforms (Agilent, Affymetrix and Illumina) based 
on RNA samples extracted from oral cancer and normal 
tissues. The expression profile GSE23558, with 27 tumour 
(T) and five normal (N) oral tissue samples, is deposited 
by Advanced Centre for Treatment Research and Educa-
tion in Cancer, India (Ambatipudi et al. 2012). GSE30784 
(T = 167, N = 45), GSE13601 (T = 31, N = 26) and GSE9844 
(T = 26, N = 12) are submitted by research groups from USA 
(Chen et al. 2008; Ye et al. 2008; Estilo et al. 2009), while 
GSE37991 (T = 40, N = 40) is contributed from Taiwan (Lee 
et al. 2015).

Screening and functional enrichment analysis 
of DEGs

The five transcriptome profiles were normalized by robust 
multi-array average method and probe level data were anno-
tated to gene symbol. For a particular gene with several cor-
responding probes, the mean expression value of all probes 
was considered as the final expression value. Subsequently, 
differential gene expression analysis between tumour and 
normal groups for each transcriptome profile was accom-
plished through GEO2R tool, which is developed based on 
limma Bioconductor package. Genes with Benjamini and 
Hochberg false discovery rate (FDR) ≤ 0.05 and |log fold 
change|≥ 1 were considered as differentially expressed (Sun 
et al. 2017). Differentially expressed genes (DEGs) in OSCC 
were graphically represented using R v3.4.3. The biologi-
cal processes, molecular functions, cellular components 
and metabolic pathways cognated with these DEGs were 
enriched with cluster Profiler (Aggarwal et al. 2017).

PPI network construction and high confidence node 
gene prediction

Genes differentially expressed in five transcriptome 
profiles were used for protein–protein interaction (PPI) 
data mining from STRING database. PPI probabilities 
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(confidence score) among genes were computationally 
predicted by STRING based on gene neighbourhood, gene 
fusion, co-expression, co-occurrence, programmed text 
mining, annotations from curated databases and experi-
mental evidences. A threshold confidence score ≥ 0.4 was 
set as cut off to retrieve interacting partners in the String 
App plugin of Cytoscape v3.6.1 (Cline et al. 2007). The 
reference organism in the String plugin was set to Homo 
sapiens. Network topology indices of the constructed 
interactome were computed using CytoHubba (Lin et al. 
2008). The tool provides 12 parameters including degree, 
edge percolated component, maximum neighborhood com-
ponent, density of maximum neighborhood component, 
maximal clique centrality, clustering coefficient, bottle-
neck, eccentricity, closeness, radiality, betweenness, and 
stress. These parameters are being used for identification 
of hub genes from protein–protein interaction networks. 
The degree distribution of all nodes in the network may 
help to explain number of first-degree interacting partner 
a gene has in the PPI network. The centrality indices are 
computed based on shortest path and are lying on the com-
munication paths such as to control the information flow 
in the network. Degree, centrality indices and MCC alone 
or together are mostly used for hub gene prediction. The 
top 50 genes ranked via each of the 12 built-in central-
ity indices were listed out and genes featured in at least 
six centrality indices were considered as high confidence 
nodes in the PPI network (Yang et al. 2018b).

Identification of functional modules in OSCC

Modules in the PPI network were detected using MCODE 
(Bader and Hogue 2003). Gene ontology and pathway 
enrichment analysis of modules were carried out to gain 
insights on core biological processes and pathways involved 
in OSCC. These enrichments were achieved using STRING 
functional enrichments at a threshold FDR ≤ 0.05.

Verification of hub gene expression and survival 
analysis

Concordances of expression signature and prognostic sig-
nificance of common genes from all five studies, high con-
fidence nodes from PPI network were evaluated by mapping 
to TCGA level 3 RNA-seq data through UALCAN (http://​
ualcan.​path.​uab.​edu) (Chandrashekar et al. 2017). Genes 
showing positive correlation in both expression as well as 
survival data were validated as hub genes for OSCC. The 
UALCAN tool is also used to monitor the association of hub 
gene expression with other clinical features (tumor stages 
and ethnicity).

Hub genes—disease association analysis

The hub genes observed to play potential role in the sur-
vival of OSCC patients, were annotated for their asso-
ciation with gene ontology terms, pathways and diseases. 
ClueGo, a Cytoscape plug-in with kappa statistics was used 
for deciphering dynamic functional enrichment networks 
of hub genes (Bindea et al. 2009). DisGeNET, prioritizes 
genotype–phenotype connections centred on curated genetic 
variations associated to human diseases from GWAS, animal 
studies and scientific literature, was used for gene–disease 
associations (Piñero et al. 2020).

Cell lines and materials

Human oral squamous cell carcinoma UM-SCC-22B and 
Cal33 cells were used in the study. Dulbecco’s Modified 
Eagle Medium (DMEM, Gibco, ThermoFisher Scientific, 
India), supplemented with penicillin and streptomycin, and 
fetal bovine serum (FBS, Gibco, ThermoFisher Scientific, 
India) to a final concentration of 10% were used for culturing 
of cells. Fisetin was purchased from Sigma-Aldrich (Sigma-
Aldrich, India). Stock solutions of fisetin were prepared in 
dimethyl sulfoxide (DMSO) and stored at − 20 °C.

MTT assay

The assay depends on the reduction of MTT [3-(4,5- 
dimethylthiazolyl)-2,5-diphenyl-tetrazolium bromide] into 
blue formazan product via mitochondrial dehydrogenase 
enzymes, and hence reflects the viable cell numbers or cyto-
toxicity (Sabarwal et al. 2017). Cells were seeded at a den-
sity of 10,000 cells/well in a 96-well plate and then treated 
with DMSO (vehicle control) or fisetin (5–100 µM) for 48 h. 
At the end of the treatment time, the media was aspirated 
and 100 µl of freshly prepared MTT solution (5 mg/ml) was 
added into each well followed by 4 h incubation at 37 °C. 
The media was carefully removed after incubation period, 
and the formazan crystals were solubilized in 100 µl DMSO/
well. Absorbance was measured at 570 nm in Thermo Scien-
tific Varioskan Flash Spectral Scanning Multimode Reader.

Reverse transcriptase‑PCR analysis of hub genes

Cells were cultured to 70–80% confluency and were treated 
with fisetin (25 and 50 µM) in 10% serum supplemented 
DMEM for 24 h. Total RNA was subjected to cDNA syn-
thesis. Standard PCR reactions were performed using gene-
specific primers (Supplementary Material 1). PCR prod-
ucts were visualized by agarose gel electrophoresis and 
imaged under low-intensity UV in Gel Doc system (Applied 
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Biosystems). The relative expression of PCR result was nor-
malized against GAPDH and analysed using ImageJ soft-
ware (NIH, Bethesda, MD).

Results

Screening of DEGs in OSCC

Five OSCC gene expression profiles were screened for 
implementing integrative analysis to recognize differentially 
expressed genes (DEGs) in disease condition (Fig. 1). The 
primary screening of expression profiles represented 291 
tumor and 128 normal samples. Discrete gene expression 
profile based analysis via GEO2R and subsequent merg-
ing by taking union of five series exhibited 6613 dysregu-
lated genes. Among these, 137 genes were observed to be 
potentially misidentified (i.e. could not be categorized into 
up-regulated or down-regulated groups) among GEO series 
and were excluded from further analysis. The final list of 
DEGs constituted 6476 DEGs, of which 2848 genes were 
up-regulated and 3628 genes were down-regulated (Fig. 2a). 
The top 10 up-regulated DEGs were MMP1, MMP3, CA9, 
MMP10, INHBA, SPP1, MMP13, PTHLH, CXCL10 and 
CXCL11. Conversely, the top 10 down-regulated DEGs 
revealed KRT76, TMPRSS11B, LOR, FDCSP, MAL, 
TGM3, ODAM, CRNN, FAM3B and KRT4. Integration 
of expression profiles also revealed that a subgroup of 77 
genes was differentially expressed across all five datasets, of 
these; 39 were up-regulated while 38 were down-regulated 
(Fig. 2b). These common DEGs also perceived six genes viz. 
MMP1, MMP3, MMP10, SPP1, KRT4 and MAL from the 
list of top 20 dysregulated genes.

Functional enrichment analysis of DEGs

The entire sets of 6476 DEGs were enriched for their 
involvement in biological processes, molecular functions, 
cellular components and metabolic pathways. Mapping of 
up-regulated and down-regulated genes with various GO 
categories resulted in the enrichment of 1481 biological pro-
cesses (BP), 154 molecular functions (MF) and 154 cellular 
components (CC). The observed ontology categories pro-
mote favourable ambience for developing malignant tumour 
in oral tissue. For instance, positive regulation of locomo-
tion, cellular component movement, cell motility, cell migra-
tion, angiogenesis, leukocyte migration, muscle contraction, 
cell-substrate adhesion, extracellular matrix and structure 
organization are among the top enriched biological processes 
(Fig. 3a). Top MF included cell adhesion molecule binding, 
receptor regulator activity, actin binding, receptor ligand 
activity, sulfur compound binding, glycosaminoglycan bind-
ing, heparin binding, actin filament binding, integrin binding 

and structural constituent of muscle (Fig. 3b). Similarly, the 
top CCs involved actin cytoskeleton, proteinaceous extra-
cellular matrix, cell–cell junction, endoplasmic reticulum 
lumen, contractile fibre part, myofibril, basolateral plasma 
membrane, sarcomere and extracellular matrix component 
(Fig. 3c).

Further, complete set of DEGs were mapped to the 
KEGG (Kyoto Encyclopedia of Genes and Genomes) data-
base terms. The statistical cut-off criterion FDR ≤ 0.05 
acknowledged 89 over-represented pathways. Significantly 
high percentage of DEGs were found to be involved in 
PI3K-Akt signalling pathway, focal adhesion, regulation 
of actin cytoskeleton, transcriptional misregulation in 
cancer, systemic lupus erythematosus, cell cycle, ECM-
receptor interaction, chemical carcinogenesis, drug metabo-
lism—cytochrome P450 and metabolism of xenobiotics by 
cytochrome P450 (Fig. 3d). It signifies that the observed 
dysregulation in 6476 genes could potentially induce malig-
nancy in oral tissue. Moreover, enrichment of 77 common 
DEGs were also detected to be over represented in pathways 
allied to cancer initiation and progression.

Identification of high confidence nodes from the PPI 
network

As the top upregulated and down-regulated genes could 
play important role in disease pathogenesis, but quantum of 
expression in disease condition is not sufficient to establish 
them as vital gene. Therefore, the 6476 DEGs were mapped 
with PPI connectivity data for construction of comprehen-
sive network comprising of 5941 nodes and 108,618 edges. 
The PPI data of DEGs were reflexion of their co-occur-
rence, co-expression, fusion, neighbourhood and/or func-
tional interactions. It signifies DEGs with higher centrality 
indices in the PPI network were likely to have significant 
impact on function of its interacting partners as well as their 
corresponding biological processes and pathways. Degree, 
betweeness and closeness have been the prevalent centrality 
indices of choice while gauging significant genes from the 
network. However, alongside these three parameters, other 
nine centrality indices being calculated by cytohubba are 
also shown to be imperative in prediction of high confidence 
nodes in the PPI network. In view of this, we have computed 
12 centrality indices for the PPI network. The concatenated 
list of fifty top ranked genes computed through each cen-
trality indices was screened. It was observed that 38 genes 
featured in the list were predicted as potential DEGs by at 
least 6 indices. Therefore, these 38 genes were selected as 
high confidence nodes in the PPI network of 5941 OSCC 
dysregulated transcripts (Fig. 3e).

The entire PPI network was also analysed to detect 
major functional modules enriched in OSCC. Top three 
modules were selected for subsequent analysis. Module 



3 Biotech (2021) 11:215	

1 3

Page 5 of 15  215

Fig. 1   A schematic representation of systematic workflow employed in this study
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Fig. 2   Screening and identification of DEGs a Venn diagram and 
volcano plot exhibiting DEGs in five GEO series, x-axis in volcano 
plot represents log fold change while y-axis represents negative log 
of adj P value. Each dot symbolizes single gene, genes in green col-

our showed significant (|log FC|≥ 1 and adjusted P ≤ 0.05) while the 
genes illustrated in orange, red and black colour did not achieve sig-
nificance. b Heat map of 77 common genes across all five studies 
(including 39 up-regulated and 38 down-regulated genes)
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1 comprised of 241 genes with NBPWR1 as seed gene. 
Module 2 represented a network of 72 genes with AGTR1 
as seed while that of module 3 was described with 183 

genes with PAICS as seed (Suppl. Material 2). Cell cycle, 
gap junction, and platelet activation genes were enriched 
in all top three modules.

Fig. 3   Gene ontology and pathway enrichment analysis of DEGs a biological process; b molecular function; c cellular component; d metabolic 
pathways enriched in OSCC and e protein–protein interaction network of 38 potential hub genes
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Verification of hub gene expression and survival 
analysis

Expression signature as well as prognostic significance of 
115 DEGs (77 genes differentially expressed among all five 
studies and 38 high confidence nodes detected from PPI 
network) was verified with TCGA level 3 RNA-seq data. 
Genes correlating with both TCGA expression and patients’ 
survival data were considered as hub genes and substan-
tiated for other clinical features. Expressions of 65 genes 
(~ 56%) were in line with our observations made through 
five selected OSCC microarray gene expression profiles. It 
underscores, the 115 DEGs are most likely to play major 
role in OSCC. Subsequent, TCGA data analysis revealed 
that nine genes, namely, APP, EHMT1, ACACB, PCNA, 
PLAU, FST, HMGA2, LAMC2, and SPP1 correlated favour-
ably with TCGA expression data (Fig. 4) and also signifi-
cantly associated with worse overall survival for OSCC 
patients (Fig. 5a); hence, considered as hub genes. From 
the identified hub genes, PLAU, FST, HMGA2, LAMC2, 
SPP1 were emanated as differentially expressed in all five 
gene expression profiles. These five genes would be useful 
for common biomarker/target discovery. Further analysis of 
other clinical features showed that the differential expres-
sion signature of nine hub genes was positively connected 
with all tumor stages; however, no significant difference was 
observed between individual stages, indicating hub genes 
dysregulation is an early incident in OSCC development. 
Similarly, analysis of identified hub genes among different 
races/ethnicity confirmed that dysregulated signature of all 
nine hub genes could be used as universal biomarkers among 
all races/ethnic groups (Fig. 4). All these results together, 
validate the role of hub genes in OSCC pathogenesis.

Disease association and functional analysis of hub 
genes

The nine hub genes linked with worst survival were sub-
jected to functional enrichment and disease gene associa-
tion analysis. ClueGo enrichment analysis revealed that 
hub genes significantly associated with several functions 
and pathways vital for cancer initiation and progression 
(Fig. 5b, c). Subsequently, seven genes viz. HMGA2, APP, 
PLAU, PCNA, SPP1, FST and ACACB were reported to be 
associated with OSCC along with other subtypes of HNSCC 
(Fig. 5d); however, their functional relevance in other sub-
types need further exploration.

Fisetin inhibits cell viability of OSCC Cal33 
and UM‑SCC‑22B cells

The anticancer effect of fisetin was assessed on human oral 
squamous cell carcinoma (OSCC) Cal33 and UM-SCC-22B 

cells by MTT assay (Fig. 6a). Fisetin (5-100 µM) treatment 
for 48 h decreased the cell viability by 10–60% (P ≤ 0.05) 
in Cal33 cells. In UM-SCC-22B cells, fisetin (10–100 µM) 
treatment resulted in 13–66% (P ≤ 0.05) decrease in cell via-
bility. Overall, fisetin exhibited a dose-dependent decrease 
in cell viability of OSCC cells, suggesting for its anticancer 
potential against human oral cancer cells.

Fisetin modulates the expression of hub genes 
identified in silico

To confirm the influence of dysregulated signature of hub 
genes in disease condition, the mRNA expression levels 
were checked by reverse transcriptase-PCR after fisetin (25 
and 50 µM) treatment of human oral squamous cell carci-
noma UM-SCC-22B and Cal33 cells. It was observed that 
fisetin treatment resulted in decreased expression of FST, 
PLAU, LAMC2, APP, HMGA2, SPP1, PCNA and EHMT1 
genes while the expression of ACACB gene was increased 
in both OSCC cell lines. The effect was more prominent 
at 50 µM concentration of fisetin (Fig. 6b). The regulating 
effect of fisetin on identified genes further strengthen our 
in silico observations by confirming their role as potential 
biomarkers or likely targets for OSCC. Moreover, it also 
draws attention towards the need for exploring the pivotal 
anti-cancer role of fisetin in OSCC.

Discussion

Though significant progress has been made in current 
treatment methods, OSCC remains one of the most preva-
lent cancers worldwide with increasing number of deaths. 
The primary causes ascribed to OSCC growth are lack of 
early diagnostic means, high metastatic tendency and drug 
resistance (Choi et al. 2019). Therefore, exploration of reli-
able early diagnostic and prognostic biomarkers of OSCC 
is urgently needed. In recent decades, with the increasing 
knowledge of bioinformatics tools, databases pertaining 
to microarray and high throughput sequencing data have 
emerged as a comprehensive resources to study association 
of altered gene expression in the disease (Altman 2016). In 
this regards, several microarray gene expression profiles 
have been explored in OSCC; however, the knowledge of 
precise molecular mechanisms underlying the progression 
is still not understood completely. In the current study, five 
gene expression profiles were selected for DEGs analysis 
among oral cavity cancer and normal control samples by a 
series of systematic bioinformatics approaches. A total of 
6476 (2848 up-regulated and 3628 down-regulated) DEGs 
were identified in OSCC. Fold change analysis of DEGs 
unveiled MMP1 as highly up-regulated gene and KRT76 
as most down-regulated gene. This immense change in 
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Fig. 4   Boxplot representing relative expression of nine hub genes in OSCC patients and healthy tissue samples, stratified based on races and 
tumor stages. *P < 0.05; **P < 0.01; ***P < 0.001
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the expression pattern of these two genes is suggestive of 
their concrete contribution in tumor driving events such 
as key role in initial cleavage of the extracellular matrix 
(Stott-Miller et al. 2011) and potential association with 
hyperproliferation (Ambatipudi et al. 2013), respectively. 
A subgroup of 77 DEGs identified in all five studies from 
different regions is likely to hold significance in genesis 
of OSCC and might be prioritized for common biomarker 
detection among different races.

GO enrichment analysis specified that the DEGs aids in 
the discrepancy of cellular motility (Stuelten et al. 2018), 
invasion and adhesion (Lyons and Jones 2007) which are 
critical parameters involved in the metastatic progression 
of oral cancer cells and the major cause of patient’s death. 
Similarly, pathway analysis confirmed frequent dysregu-
lation in PI3K-Akt signalling, focal adhesion and regula-
tion of actin cytoskeleton pathways. PI3K-Akt signalling 
pathway is considered as a master regulator of normal 
physiological processes such as cell proliferation, survival, 
metabolism and apoptosis. However, hyper-activation of 
this pathway has been significantly correlated with growth, 
survival, metastatic potential and therapeutic resistance 
across various human cancers (Yang et al. 2019; Hou et al. 
2020). Dysregulation of focal adhesion perceived among 
DEGs is indicative of cellular invasion and metastasis of 
head and neck squamous cell carcinomas via regulation 
of matrix metalloproteinase expression (Chiu et al. 2016). 
Accumulating evidences suggest that altered activity of 
actin cytoskeletal proteins also stimulate tumorigenic 
development. For example, RHOAY42C gain of function 
mutation promotes focal adhesion kinase activation which 
further mediate PI3K/AKT-β-catenin and YAP activity to 
drive invasion and metastasis in diffuse gastric cancer 
(Zhang et al. 2020). Thus, both GO and pathway enrich-
ments suggest involvement of the DEGs in migratory and 
invasive events of cancer development. Subsequently, 
integration of gene expression pattern with PPI network 
and cytohubba revealed 38 potential DEGs. Furthermore, 
top three significant clustering modules were enriched in 
cell cycle, gap junction and platelet activation pathways 
which also constitute vital components in OSCC. A list 
of 115 potential DEGs was then correlated for expression 
and prognostic value with transcriptome data from TCGA, 
revealed nine genes (APP, EHMT1, ACACB, PCNA, 
PLAU, FST, HMGA2, LAMC2, and SPP1) positively 

correlated with differential expression in OSCC patients 
and significantly associated with worse overall survival. 
Therefore, these nine DEGs were regarded as high confi-
dence hub genes.

APP, a cell membrane protein, was identified to regu-
late MAPK pathway for increasing growth, migration 
and invasion in breast cancer cells (Wu et al. 2020a) and 
chemotherapeutic drugs resistance, cell survival in hepa-
tocellular carcinoma (Wu et al. 2020b). EHMT1 was found 
to be over expressed in gastric cancer (Yang et al. 2018a) 
and acute lymphoblastic leukemia (Silva-Carvalho et al. 
2020). On the other side, down-regulation of ACACB, a 
fatty acid synthesis gene with malonyl-CoA production 
facilitates direct inhibition of carnitine-palmitoyl-CoA 
transferase I and hence fatty acid oxidation, is consist-
ent with its association to one of the hallmarks of cancer 
i.e.; reprogramming of energy metabolism (Camarda et al. 
2016; Klintman et al. 2016). Zhou et al. (2018) reported 
significant correlation between high PCNA expression and 
poor colorectal cancer prognosis. PLAU is a key serine 
protease, well reported for involvement in fibrin disso-
lution, extracellular matrix degradation, EMT, invasion, 
metastasis, angiogenesis and immune escape of tumor 
cells (He et al. 2012; Zhao et al. 2020). PLAU involve-
ment with transcriptional misregulation in cancer pathway 
is suggestive of its dominating role in cancer progression. 
Elevated serum FST level was associated with histologi-
cal types, tumor progression and disease recurrence in 
lung cancer (Zhang et al. 2018). Another study by Janik 
et al., also supported that high serum FST levels influences 
angiogenesis and disease outcome in thymic epithelial 
tumors (Janik et al. 2019). HMGA2 is a chromatin-asso-
ciated protein, usually expressed during embryonic stem 
cells development and remains absent in normal somatic 
cells. Interestingly, HMGA2 dysregulation stimulate its re-
expression in several tumors and was found to be related 
with cell survival; cell cycle regulation, EMT process, 
drug resistance and decreased patient survival (Xu et al. 
2018, p. 2; Naghizadeh et  al. 2019). In present study, 
differential expression of LAMC2 and SPP1 genes was 
found to be involved in both PI3K-Akt signalling and focal 
adhesion pathways. The laminin component LAMC2, was 
associated with various tumor growth and development 
processes. Wang et al. (2020a, p. 2) reported that overex-
pression of LAMC2 modulates microenvironment acidifi-
cation to initiate EMT in pancreatic cancer cells through 
Akt/NHE1 signaling. Similarly, SPP1 silencing inhibited 
ovarian cancer progression by impeding ITGβ1/FAK/AKT 
signalling pathway, confirming its role in carcinogenesis 
(Zeng et  al. 2018). Subsequent, tumor stage analysis 
showed hub genes dysregulation is an early event in OSCC 
progression. Since, ethnic differences can also contribute 
for tumor heterogeneity, to remove such disparities hub 

Fig. 5   a Survival analysis of nine hub genes showing positive cor-
relation with TCGA RNA-seq data. The red lines in survival plot 
indicate patients with high gene expression while blue lines indicate 
patients with a low/medium gene expression; b biological processes 
network of nine hub genes and their interacting partners; c metabolic 
pathways enriched for extended interactome by ClueGO and d anno-
tation of nine hub genes for disease gene association network by Dis-
GeNET

◂
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Fig. 6   a Effect of fisetin on cell viability in OSCC Cal33 and UM-
SCC-22B cells. Cells were seeded and treated with DMSO (control) 
or fisetin (5–100  µM) in DMSO. After treatment hours, cells were 
processed for MTT assay and absorbance was taken at 570 nm. b The 

anti-cancer effect of fisetin on expression analysis of hub genes in 
OSCC Cal33 and UM-SCC-22B cells by reverse transcriptase-PCR. 
*P < 0.05; **P < 0.01; ***P < 0.001. The P value was determined by 
comparing each treatment with control group
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genes were verified for patient’s race/ethinicity analysis 
which disclosed dysregulated signature of identified hub 
genes across all three races (Caucasian, African-amercian 
and Asian). It confirmed significance of nine hub genes as 
universal biomarker for OSCC. Also emphasizes that nine 
genes could serve as both early diagnostic and universal 
prognostic biomarker for OSCC. To further validate the 
impact in disease state, hub genes were targeted with anti-
cancer agent. Herein, we used fisetin as an anti-cancer 
agent for abrogating the burden of OSCC by addressing 
hub genes. Fisetin is a dietary flavonoid mostly found in 
fruits and vegetables and has been shown to target multi-
ple cancerous traits such as cell survival, apoptotic eva-
sion, neo-angiogenesis, invasion and metastasis with no 
or minimal effects over normal cells (Park et al. 2019; Li 
et al. 2020). We observed anti-cancer effect of fisetin in 
OSCC cells by cell viability assay. Fisetin dose-depend-
ently regulate the expression of most of all nine hub genes 
in OSCC cell lines in favour of its anticancer efficacy; 
however, FST, HMGA2, PCNA and ACACB genes altered 
mostly in response to fisetin treatment and the effect was 
more noticeable at higher doses of fisetin. Thus, reverse 
transcriptase-PCR results verified our bioinformatics anal-
ysis by confirming the prospective application of nine gene 
signature in OSCC diagnosis and target discovery. Never-
theless, our study is based on public dataset and validation 
in OSCC cell line, the results required further validation in 
large scale patient cohorts prior to its translational use at 
the point of care. Overall, we believe that altered expres-
sion and pathways represented by these nine genes would 
be of significant interest in pathogenesis and metastasis 
of OSCC.

In conclusion, our bioinformatics approach identified 
hub genes and key pathways that would serve as intriguing 
candidates for early detection and treatment for OSCC.
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