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Abstract

Oral cancer is a multifaceted disorder marked by the aberrant activity of several genes and
proteins within various cellular networks, which promotes both its emergence and progres-
sion. While Protein—Protein Interaction (PPI) network analysis is gaining traction in disease
studies, the precise pinpointing of central genes and steadfast biomarkers using sophisticated
network topological attributes continues to be a major hurdle. Network edges are essential
communication channels for the dissemination of information. Many current techniques
for identifying hub genes rely on node characteristics; the majority of them treat the edges
identically in unweighted networks. In this paper, computational approaches, particularly
PPI network analysis using a new edge-weighting method for identifying hub genes in PPI
networks by integrating the H-index, neighbourhood information, and clustering coefficient
of connected nodes, are discussed. The proposed approach incorporates neighbourhood char-
acteristics and topological features to improve the identification of hub genes. To evaluate its
performance, the top-ranked genes identified by the proposed method were compared with
those obtained using CytoHubba. Experimental results demonstrate that the proposed method
successfully identifies a set of genes largely consistent with known driver genes associated
with oral cancer.

Keywords: Hub genes, Network topology analysis, Oral cancer, Protein-protein interaction
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1. INTRODUCTION

Oral cancer, mouth cancer, and head and neck cancer are related diseases marked by abnormal cell
growth in the mouth [1, 2]. Oral cancers may originate in any tissue within the oral cavity or may
metastasise from other regions. These malignancies can spread to distant sites. Teratomas and
adenocarcinomas commonly develop in the salivary glands, while lymphomas typically originate
in the tonsils or other lymphoid tissues. Melanomas may arise from pigment-producing cells within
the oral mucosa. About 90% of oral cancers originate in the tissues connecting the mouth and lips
and are classified as squamous cell carcinomas [3]. Oral cancer is one of the most common cancers
worldwide and often has a low survival rate [4]. The most frequent type is Oral Squamous Cell
Carcinoma (OSCC) [5]. The buccal mucosa, tongue, and lower lip are the regions most frequently
affected, with the majority of cases occurring in individuals over fifty years of age [6].

In recent years, finding genes linked to complex diseases has become an important goal. Ex-
perimental methods have helped identify genes with a high risk for certain diseases. However,
because diseases are often complex and gene locations can be hard to pinpoint and due to high costs,
researchers have developed various in silico methods for identifying disease genes [7]. One of the
best biological networks that has recently received much attention is PPI network analysis. This
is an in silico method to identify proteins associated with various diseases. This method presents
useful information about how proteins interact with each other and their roles [8], [9].

Protein-Protein Interaction (PPI) network analysis of cancer has gained the focus of medical and
biological scientists. Through this approach, examination of the interaction between genes that
understand the causes of cancer may help improve patient diagnosis and treatment [10]. In PPI
network analysis, researchers collect and organise disease-related genes into a single structure [11].
By calculating topological properties like degree and centrality, they gain useful insights into how
diseases begin and develop [12]. Selecting certain genes from many candidates can help create a
specific biomarker panel for the disease [13].

Most of the previous studies that determine the potential hub genes use CytoHubba [14], which
uses the Maximal Clique Centrality (MCC) algorithm to calculate the score for each node and
ignores the importance of edge weight. This paper introduces a new way to identify hub genes
using potential edge weights. The main idea is that a node’s influence depends on the importance of
its connected edges. To capture this, we define potential edge weights by combining neighbourhood
and topological indicators for each pair of nodes. Specifically, we use the H-index to measure the
quantity and quality of neighbouring nodes, while neighbourhood information and the clustering
coefficient describe the network’s structure. Experiments on an oral cancer gene network show that
our method produces results similar to the MCC algorithm for identifying hub genes. The main
contributions of this paper are outlined below.

e The suggested approach takes into account how topological and neighbourhood factors af-
fect edges. These many edge features are therefore complementary and progressive, greatly
enhancing the performance.

e Because there are no adjustment parameters in the suggested method, no pre-processing is
needed to find the optimal values, which helps save time.
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e This approach demonstrates high efficiency and strong performance with large, sparse net-
works, as the H-index, neighbourhood information, and clustering coefficient are all com-
putable in linear time.

2. METHOD

2.1 Oral Cancer Datasets and their PPI network

This study uses 208 candidate genes related to oral cancer, which Wahab Khattak [15] identified
with the PolySearch text-mining system. PolySearch facilitates the identification of candidate lists
by extracting information on key biomedical concepts, including genes, proteins, diseases, Single-
Nucleotide Polymorphisms (SNPs), drugs, metabolites, biological routes, and tissues. This process
helps find genes relevant to oral cancer [ 16]. Wahab Khattak searched for genes linked to oral cancer
using keywords such as “Disease with Gene/Protein Association” and “Oral Cancer.” The gene lists
were then checked manually to make sure they were suitable candidates.

STRING database (https://string-db.org/) is used for scanning the protein interactions and con-
structing a PPI network of oral cancer genes with a confidence score greater than four. The resulting
PPI network contains 198 genes and 2059 interactions after removing reduction and self-loops. PPI
network of oral genes is represented as an undirected and unweighted graph G = (V, E), where V
represents genes (vertices) in the network, and E represents the edges (interactions) between oral
genes.

2.2 The Proposed Method

PPI network analysis was an effective method to identify hub genes with clinical significance [17].
In this study, a PPI network of oral cancer is constructed using the STRING database. Subse-
quently, the top-ranked genes with highly connected regions predicted by the proposed method
were extracted as candidate hub oral genes.

genes involved in cancer, particularly cancer driver genes and those causing tumour progression,
tend to be highly connected, or hubs,” in PPI networks [18]. Based on this, a new edge weight
method is proposed to find highly connected hub genes in the PPI network that combines the number
of triangle that the gene make, the H-index of the gene, the clustering coefficient, and the number of
common neighbours between two genes. First, it has been demonstrated that the local measure H-
index strikes a fair balance between Degree Centrality (DC) and coreness [19]. When compared to
DC, the H-index more effectively depicts the neighbourhood characteristics of nodes by integrating
the influence of neighbouring information on the node itself. The largest integer 4 such that a
node has at least 4 neighbours with degree = & is known as the H-index. To put it another way, a
node’s influence depends not just on its degree of connections but also on how well-connected its
neighbours are. In PPI networks, hub genes (highly connected proteins) are closely linked to the
development of high-density, interconnected modules and triangles (Tri) (cliques of three nodes).
Numerous structural and biological elements are responsible for this phenomenon [20]. Third, the
clustering coefficient (CC) in PPI is an essential topological metric that is used in conjunction with
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node degree and centrality metrics to find hub genes. The clustering coefficient quantifies how
closely a hub’s neighbours are related to one another. This means that when a node’s CC is high, it
means that its neighbours are also connected, creating a coherent functional module [21].

Based on the aforementioned considerations, a new potential edge weight is proposed that incorpo-
rates neighbourhood and topological structure data to assess the edge’s significance. The definition
of the possible edge weight W; ; that connect two genes (g;, g;) in PPI is defined in equation(1):

Hindex (i) «Tri (i) N Hindex (j) «Tri (j)
1+CC (i) 1+CC (j)

Wi; = *CN (i) (1)
Here, for each neighbour genes i and j that are linked by an edge. Hindex(i) and Hindex(;) show
the H-index values for gene i and gene j. Tri(i) and Tri(j) give the number of triangles (clique of
three nodes) each gene forms with its neighbours. CC(i) and CC(j) are the clustering coefficients
for the two genes i and j. CN(i, j) is the number of neghbours genes that gene i and gene j share and
it is calculated as shown in Eq. (2).

Ng N Ng

vd (gi) * d(g)

CN(L,j) = 2

Here, (Ng; n Ny ;) represents the set of shared neighbours genes between gi and gj divided by the
aequare root of the multiplying of their degrees, where d(g) indicates the degree of a gene within
the PPI network which represents the number of its neghbours.

For each gene in PPI network, a gene’s influence depends on its connecting edges. The value of a
hub gene comes from the total sum of its potential edges weight. The Hub Value (HV) for gene i is
calculated using Eq. (3).

HY ()= ) Wy 3)

j emi

where I'i denotes the neighbours set of gene i, and W; ; is the potential edge weight of gene i and
its neighbour j as calculated in Eq. (1).

In the last stage, the genes are sorted in decreasing order based on their Hub Value (HV), and the
top genes are thought to be potential genes linked to oral cancer.

Python 3.14 was used to implement the proposed method because of its broad support for sci-
entific computing and graph analysis. Using the NetworkX package (nx), the PPI network was
depicted as an undirected and unweighted graph with nodes representing genes and edges represent-
ing interactions between genes. The clustering coefficient is calculated for all genes in PPI using
nx.clustering(G) and the triangle for all genes is calculated using nx. triangles(G). The peseducode
of proposed method is implemented as following:
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Algorithm 1 The Pseudocode of the Proposed Method

Input: Oral PPI network G(V,E)
Output: Ranked list of oral hub genes

Begin

1. Calculate Clustering Coefficient(G) for all genes in G
2. Calculate TriangleCount(G) for all genes in G

3. Calculate H-index(G) for all genes in G

4. For each edge connect two genes(g;, go) in G:

5. Calculate CN(gy, g2) {Eq. 2}

6. Assig weight to edge(g;, g2) { Eq. 1}

7. For ech gene(g) in G:

8. Calculate HV score of g {Eq. 3}

9. Sort the genes in decreasing order according to HV score
10. Select the top N ranked genes

End

3. RESULTS AND DISCUSSION

The PPI network in this paper is produced by using a number of procedures covered in the Method-
ology section. After that, the hub genes in the PPI network are identified, and an analysis is done to
find key proteins or genes related to oral cancer.

In order to assess the reliability of the approach on mechanisms, the identified hub genes were
compared with those derived from the CytoHubba Maximal Clique Centrality (MCC) algorithm.
TABLE 1 shows the top 50 genes with a high score in MCC and the proposed methods. Comparative
analysis showed considerable overlap between the two methods with respect to identifying major
oncogenic drivers of oral cancer. Eight out of ten ranked genes were concordantly identified by both
approaches, including TP53, AKT1, IL6, EGFR, STAT3, CDHI1, CCND1 and CD44 that together
constitute the molecular basis for Oral Squamous Cell Carcinoma (OSCC) pathogenesis linking
tumour growth with inflammatory signalling-angiogenesis invasion and stemness characteristics
[22], [23], [24]. The remaining two predicted genes are involved in key pathways such as cell
cycle regulation, cell adhesion, and cancer stemness, highlighting their significance in oral cancer
progression [25].

Moreover, comparing the top 20 ranked genes indicates an overlap of about 86% (17 genes) of
their genes (TP53, AKT1, IL6, EGFR, STAT3, CDH1, TGFBI1, CCND1, CD44, FGF2, CDKN2A,
SOX2, KDR, SMAD2, MTOR, SMAD4, PARP1). The remaining genes identified by the MCC
method highlight markers of stemness, angiogenesis, and disease progression (PROM1, MET, TERT),
which are critical for recurrence, metastasis, and therapy resistance in oral cancer. In contrast, the
proposed method identifies genes related to inflammation and immune modulation (TLR4, PTGS2,
ICAM1), important for tumour initiation and adaptation to the microenvironment. Combining
both gene groups into a single signature may offer a more comprehensive approach for diagnosis,
prognosis, and targeted therapy development in oral cancer (TABLE 2).
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Table 1: Top 50 genes predicted by proposed method and CytoHubba(MCC)

CytoHubba (MCC)

Proposed method

TP53, IL6, STAT3, CCND1, CDHI,
EGFR, AKT1, CDKN2A, KDR, CD44,
SMAD4, SOX2, TGFB1, PROMI, MET,
FGF2, SMAD2, MTOR, TERT, PARPI,

TWIST1, KLF4, PIK3CA, SIRTI,
TGFBR2, PTGS2, NES, MAPKI4,
ICAM1, TGFBR1, TLR4, CDK4,
CDKNIB, E2FI, MMPI, CCND2,

CD68, CCL5, KRT19, CXCR2, EGRI1,

TP53, AKTI1, IL6, EGFR, STAT3,
CDHI1, TGFBI, CCND1, CD44,
FGF2, CDKN2A, TLR4, SOX2, KDR,
SMAD2, PTGS2, ICAM1, MTOR,
SMAD4, PARPI, SIRTI, PIK3CA,
MET, KLF4, TERT, CDK4, MAPK14,
TGFBR2, MMPI1, PROMI, CCLS,
CD68, TWIST1, BECNI, TLR2, EGRI,
CDKNIB, E2F1, CCND2, TGFBRI,

TLR2, PTPNI11, DICER1, BECNI, ENG, HSPAS5, NES, SOD2, DICERI,
HSPAS5, TIMP3, LCN2, HMGBI, HMGBI, UBB, CXCR2, TIMP3,
AXIN2 PTPN11
Table 2: The role of predicted genes in each method
Method Genes  Role in Oral Cancer References
MCC method PROMI1 A marker of oral cancer stem cells, linked [26]
to recurrence and therapy resistance
MET Promotes invasion and metastasis in [27]
OSCC via HGF/MET signalling
TERT  Telomerase activation, associated with [28]
the immortalisation of oral cancer cells
Proposed method =~ TLR4  Promotes chronic inflammation and car- [29]
cinogenesis in the oral mucosa
PTGS2  Overexpressed in OSCC, drives inflam- [30]
mation and tumour progression
ICAM1 Adhesion molecule, linked to invasion [31]

and immune evasion in oral cancer

A comparative analysis of the two 50-gene groups shows an 85% overlap, indicating shared roles
in key oncogenic pathways in Oral Squamous Cell Carcinoma (OSCC). Both groups include ma-
jor regulators such as TP53, EGFR, AKT1, MTOR, IL6, STAT3, TGFB1, SMAD2/4, CCND1/2,
CDKN2A, CDH1, CD44, SOX2, PARP1, KLF4, PIK3CA, and SIRT1. These genes control cell cy-
cle progression, PI3K/AKT/mTOR signalling, EGFR-driven proliferation, inflammatory responses,
and stemness, forming the molecular basis of OSCC pathogenesis. The groups differ in their
unique genes: the MCC method includes KRT19, LCN2, and AXIN2, which are associated with
invasion, progression, epithelial transformation, extracellular matrix remodelling, Wnt/3-catenin
signalling, and metastatic potential. These markers are linked to aggressive OSCC, recurrence, and
poor prognosis. In contrast, the proposed method features microenvironmental and stress-response
genes such as ENG, SOD2, and UBB, which highlight processes like angiogenesis, oxidative stress
defence, and protein homeostasis, emphasising adaptation to the tumour microenvironment.
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Table 3: Functional Network Modules and Communication Roles of Integrated Hub Genes in the

Oral Cancer PPI Network
Functional Representative Network Communication Biological
Network Module = Hub Genes Role in the PPI System Significance
in OSCC
Cell-cycle control TP53, Central regulatory nodes Regulation of
module CCNDI, controlling signal propagation and proliferation
CDKN2A, checkpoint synchronisation and apoptosis
CDK4
Growth-factor EGFR, AKT]I, High-connectivity signalling Tumour
signalling module MTOR, routers transmit proliferative growth and
PIK3CA, signals across the network. oncogenic
MET activation
Inflammatory  IL6, STAT3, Inter-module communication Chronic
communication TLR4, PTGS2 mediators coordinating inflammation
module inflammatory signalling cascades and immune
modulation
Stemness and Persistence-associated nodes Cancer
differentiation SOX2, KLF4, supporting network robustness and  stemness and
module PROMI, self-renewal signalling therapeutic
TERT resistance
DNA repair and PARPI, Protective stabilising nodes Genomic
stress-response SIRT1, preserving network integrity under stability and
module DICERI cellular stress stress
adaptation
Angiogenesis and  FGF2, KDR, Peripheral interaction hubs Angiogenesis,
extracellular ICAM1 facilitating intercellular invasion, and
remodelling communication and metastatic metastasis
module dissemination

Integration of the hub genes identified by both the proposed edge-weighted framework and the
CytoHubba (MCC algorithm) produced a comprehensive molecular communication signature rep-
resenting the principal oncogenic network modules involved in oral cancer pathogenesis. The inte-
grated network included central regulatory hubs associated with cell-cycle control (TP53, CCNDI,
CDKN2A, CDK4), growth-factor signalling (EGFR, AKT1, MTOR, PIK3CA, MET), inflamma-
tory communication pathways (IL6, STAT3, TLR4, PTGS2), stemness and differentiation regula-
tion (SOX2, KLF4, PROM1, TERT), DNA repair and stress-response mechanisms (PARP1, SIRT1,
DICER1), and angiogenesis-associated extracellular remodelling (FGF2, KDR, ICAM1). From a
network communication perspective, these genes function as highly connected signalling routers,
inter-module mediators, and stabilising nodes that collectively regulate information propagation,
pathway synchronisation, and molecular coordination within the oral cancer PPI network. In-
tegrated molecular profiling illustrates that Oral Squamous Cell Carcinoma (OSCC) progression
is determined by coordinated interactions of tumour-intrinsic signalling networks, inflammatory
communication cascades and microenvironment-associated regulatory circuits. Together, these
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findings illustrate the power of the proposed topology-aware edge-weighting strategy to identify bio-
logically and computationally meaningful hub genes as an effective systems-level tool for biomarker
discovery, network-based treatment targeting, and precision oncology applications in oral cancer
research (TABLE 3).

Figure 1: (a) MMC KEGG analysis for top 50 genes (b) Proposed method KEGG analysis for top

50 genes
(a) (b)

FDR InGenes _|Pathway Genes Fold Enri PRt FDR nGenes Pathway Genes Fold Enri Pathways (click for details)
19624 15 77 906 Pancreatic cancer 25620 H s 906 Eancrestic cancer
11620 13 76 796 Chronic myeloid leukemia L0 20 =) 6, 25 Chronic myelold leukemla
57623 15 ) 705 AGE-RAGE signaling pathway in diabetic complications 87623 15 9 705 AGE-RAGE signaling pathway in diabetic complications
4.0E15 10 7 64.6 Non-small cell lung cancer 4.0E15 10 72 64.6 Non-small cell lung cancer
6.4E-18 12 87 64.2 Colorectal cancer 4.4E-15 10 B 637 Melanoma
24E15 10 73 637 Melanoma 42616 11 87 58.8 Colorectal cancer
1.2E-15 1 96 53.3 Endocrine resistance 12E15 1 96 533 Endocrine resistance
8.0E-24 17 149 53.1 Gastric cancer 4.2E-21 15 132 529 FoxO signaling pathway
23615 1 102 50.2 Chagas disease 23615 1 102 50.2 Chagas disease
27619 14 132 293 FoxO signaling pathway 5.60E-22 16 149 50 Gastric cancer
9.4E-22 16 157 47.4 Cellular senescence 11€21 16 157 474 Cellular senescence
53623 17 168 47.1 Hepatocellular carcinoma 29621 16 168 243 Hepatocellular carcinoma
1.5€-24 19 203 435 Proteoglycans in cancer 15624 19 203 235 Proteoglycans in cancer
2.1E-16 3 163 371 Hepatitis B 2.2E-16 13 163 371 Hepatitis B
47E-21 17 223 355 Human T-cell leukemia virus 1 infection 1.2E-18 15 194 36 Kaposi sarcoma-associated herpesvirus infection
49617 14 194 36 Kaposi sarcoma-associated herpesvirus infection 42821 17 223 55 Hurten T-coll leukernla virus 1 Infection
8.06-17 N 202 322 Epstein-Barr virus infection 87617 1w 20 322 Epstein-Barr virus infection
9.5E-18 15 24 311 Human cytomegalovirus infection S6E1R T 24 T Human cytomegalovirus infection
34E17 16 311 29 MicroRNAS in cancer SEELT . Bt 3.0 IS SRS I earass
15624 2 529 211 Pathways in cancer A %3 59 = Pathays 1n anices

3.1 The KEGG Pathway Enrichment Analysis

ShinyGO tool (ShinyGO 0.85) is employed for KEGG pathway enrichment analysis to elucidate
the biological importance of each method’s candidate gene collection (50 genes), FIGURE 1. The
methodological improvement attained by the propose methodology is highlighted by the comparison
with MCC method (TABLE 4). The proposed approach showed improved sensitivity by giving
viral infection pathways and endocrine resistance more statistical significance, even though both
approaches consistently identified key oncogenic pathways like pancreatic cancer, stomach can-
cer, and hepatocellular carcinoma. In the case of Oral Squamous Cell Carcinoma (OSCC), where
viral oncogenesis and therapy-resistance pathways are known drivers of disease progression, this
revised priority is especially important. In addition, the proposed approach increases the biological
understanding of immune-modulatory and resistance pathways while also validating the resilience
of canonical cancer modules by capturing these clinically significant processes with more robust
statistical support. This sensitivity makes the method a useful tool for identifying translationally
relevant pathways that could guide treatment plans and the search for biomarkers oral cancer.

3.2 The Advantages and Limitations of The Proposed Approach

A merit of the framework is that it is computationally efficient and scalable. In contrast to many
methods based on machine learning and optimisation, the proposed approach utilises fast topological
measures that can be computed in time proportional to the size of the original data. Combining
H-index values, clustering coefficients, triangle motifs and common-neighbour information allowed
for a compromise between maintaining low-order computational complexity while simultaneously
evaluating both local- and global-network properties. Furthermore, the computational necessity
underpinning the proposed approach is supported by previous successes of similar topology-aware
strategies at efficiently locating influential nodes in much larger complex systems. Therefore,
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Table 4: The summarization of KEGG enrichment according to fold enrichment, total pathway

genes, number of overlapping genes, and False Discovery Rate (FDR)

Aspect KEGG Results of MCC KEGG Results of proposed
method
Top Pathways Pancreatic canser, Pancreatic cancer, hepatocellular

Immune/Viral Pathways

Stress/Resistance Pathways

Fold Enrichment
Broad Cancer Modules

colorectal cancer, gastric
cancer, and hepatocellular
carcinoma
Epstein-Barr,
cytomegalovirus,
HTLV-1, Kaposi sarcoma
virus
AGE-RAGE signaling,
FoxO signaling, cellular
senescence
21-90 range
“Pathways in cancer” (24
genes, FDR 1.5E-24)

carcinoma, gastric cancer, and
melanoma

Same viral pathways, but with
higher prioritization (lower FDR
values)

FoxO signaling, endocrine
resistance, cellular senescence

20-90 range
“Pathways in cancer” (23 genes,
FDR 4.0E-23)

this methodology could be suitable for other cancer-related PPI networks and complex biological
communication systems beyond oral malignancy.

While these findings are exciting, there are several limitations to be considered. First, data so far
have mainly depended on computational topology analysis and public interaction databases without
direct experimentation. Hence, further molecular and functional studies are required to confirm the
biological relevance of these hub genes in OSCC progression. Secondly, STRING-derived interac-
tions can include predicted or context-independent associations that can also lead to false-positive
network edges. Third, while there was good agreement with MCC analysis, the framework should
be evaluated against other network-centrality and machine-learning methods in future studies. In
the future, a combination of transcriptomic, proteomic and clinical survival datasets may further
increase translational relevance for molecular communication modules identified.

4. CONCLUSION

The proposed strategy enables robust identification of hub genes within protein—protein interaction
networks associated with oral cancer. A high degree of concordance with CytoHubba confirms the
reliability of the approach, consistently recovering key oncogenic drivers such as TP53, EGFR,
STAT3, and IL6. Both methods capture the core molecular architecture of the disease, though
each has distinct biases. Specifically, the MCC (Martingale Cox Coefficient) approach focuses
on genes linked to disease progression, whereas the proposed method highlights regulators in the
tissue microenvironment and inflammation. By integrating these gene sets, a unified molecular
signature is produced, which more accurately represents Oral Squamous Cell Carcinoma (OSCC)
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pathogenesis by encompassing changes within the tumour and its environment. Consequently,
this integrated framework provides a stronger foundation for identifying biomarkers and selecting
therapeutic targets in oral cancer.
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