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Background: Head and neck cancer (HNC) is one of the most prevalent and challenging diseases affecting 
a large population worldwide. Functional genomics can help understand the disease, but expressed gene
therapy is uncertain. The study sought to identify specific genetic mutations and protein expression pro-
files in HNC.
Results: We ranked IFNG, SULF1, and OAS3 as three HNC-related genes (p < 0.05) based on the data min-
ing. N-acetyleglucosamine-6-sulfatase activity, arylsulfatase, 2,5-oligoadenylate synthetase activity, 
interferon-gamma receptor binding, and other essential biological processes were all significantly corre-
lated with the gene ontology (GO) terms. Nucleotide excision repair pathways, RNA polymerase-I tran-
scription start and termination, RNA polymerase-II promoter escape, pyrimidine biosynthesis, and
interferon-gamma signaling were all linked in the pathway enrichment. OAS1, IFIT1, CD4, STAT3,
NFKBIA, RIPK1, SLCO5A1, and others are functionally connected to the co-expressed genes, while
COL3A1 and SCEL are indirectly linked. Compared to controls, the quantitative PCR (qPCR) of these genes
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showed a significant two-fold change (FC) expression (2−DDC 
T ) pattern of SULF1 (FC ≤ 1.2), OAS3 (FC ≤ 0.13), 

and IFNG (FC ≤ 0.12) compared to reference gene GAPDH (FC = 1). Pathophysiological cancer development is
associated with up- and downregulated expression of these genes. The study found that personalized med-
icine can improve HNC treatment by adapting medication to each patient’s tumor’s molecular traits.
Conclusions: A substantial correlation between the pathophysiology of HNC and the IFNG, SULF1, and 
OAS3 genes is found. This research could expedite the progress of drug discovery and aid in modifying
HNC’s treatment approaches.

© 2026 The Authors. Published by Elsevier Inc. on behalf of Pontificia Universidad Católica de Valparaíso. 
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).
1. Introductio n

Head and neck cancer (HNC) is one of the most prevalent malig-
nant diseases [1,2], and it is the fifth largest cause of death globally
[3]. It accounts for 30% of all cancer-related mortality. HNC is not a 
localized cancer, and there are various types depending on the
location of its origin. It is a multifactorial disease [4] associated 
with multiple risk factors. There are various contributing factors 
to the disease, including consumption of smoking or smokeless
tobacco, which is a known risk factor for the condition as men-
tioned earlier [5]. Any abnormalities could raise the risk of a num-
ber of illnesses, including cancer. The most significant risk factors 
for HNC are psychological variables, primarily long-term tobacco 
use, alcoholism, and Epstein-Barr virus or human papillomavirus 
infection. Because these substances have the potential to harm 
DNA, cells need to activate the proper pathways in order to operate 
properly. Genomic instability is a characteristic of cancer cells that 
is linked to enhance a higher potential for DNA damage deposition.
Numerous researches have evaluated the relationship between
polymorphisms in DNA repair genes and a higher probability of
head and neck cancer. So, patient’s culture and risk factors have
an impact on how polymorphisms in genes that repair DNA con-
tribute to the liability to HNC. These genetic variants need to be
further identified [6]. In low-income countries, the lifestyle and 
addictive behavior of betel use, gutka use, and beverages play a
substantial role in disease etiology [7]. Another risk factor is a 
familial history of cancer that makes HNC vulnerable [8]. The com-
putational study correlations and patterns that can be used to 
make predictions using methods that were developed to identify 
tumor cases. AlphaFold, an artificial intelligence tool from Google 
DeepMind, can show changes in DNA and forecast protein struc-
tures. Sequencing technologies, particularly next-generation
sequencing (NGS), have been extensively employed in clinical
and scientific applications [9]. This application offers information 
about possible illness risks and forecasts how genetic alterations 
may impact the protein environment. Other programs, like Deep-
Mind’s AlphaMissense, are being used to predict genetic illnesses. 
Using techniques like a thorough analysis of genetic variations 
and precise interpretation, modern automated programs seek to 
provide precise facts about mutations that cause disease. These 
procedures are crucial for figuring out the prevalence of specific ill-
nesses using early identification and preventative techniques.
Additionally, these procedures assist physicians in assessing the
severity of the illness, choosing the best course of action for each
patient, and enhancing patient outcomes. In order to effectively
and efficiently evaluate disease, doctors and other healthcare pro-
fessionals need to be able assess genetic risks [10]. Chemothera-
peutic and targeted drugs, such as 5-fluorouracil and platinum 
analogs, are currently the primary approaches used to increase
the effectiveness of radiotherapy [6,7]. Yet a number of pre-
clinical and clinical research studies indicated that these
2

chemotherapy agents were not more effective than radioactive
therapy alone [8,9]. Targeted drugs are attracting significant recog-
nition as alternative radioactive substances because of their nota-
ble effectiveness, accurate administration, and minimal adverse
reactions [11]. Although therapeutic options have been improved,
the prognosis remains dismal [12]. Genetic variations are associ-
ated with regulatory control factors, including DNA-repairing 
genes, cell cycle, aging, and cell death. Non-repaired DNA results 
in mutations of genes and genomic instabilities leading to HNC. 
Various studies have shown the importance of many genes in can-
cer progression and development. Most genes implicated in HNC
are reported to be significant therapeutic targets, but their interac-
tions and the complexities involved in developing effective thera-
pies remain poorly understood [4]. 

Molecular dynamics simulation and drug molecular docking are 
examples of traditional molecular design techniques that operate 
by closely examining the mapping of structures to molecular prop-
erties. These kinds of trial-and-error-based molecular design tech-
niques are frequently expensive and ineffective. On the other hand, 
by mapping attributes to structures, the inverse design of mole-
cules infers molecules by prespecifying the properties of target 
molecules. Recent methodologies for studying the substantial role 
of functional genes in HNC have identified a regulatory role in cell 
cycles. However, the functional annotation of these genes is not 
fully understood, and there is a scientific gap between genetics
and clinical outcomes, and therefore, the scientists are working
to fix these challenges. Predicting important features from the
functional level can successfully lessen the negative impacts of
heterogeneity and produce more repeatable and comprehensible
biomarkers. Genes typically interact with one another as functional
modules to play synergistic roles. Pathways comprise a specific
number of molecules whose interactions will realize particular
activities, and they can reflect biological processes in cells, such
as biological metabolism, signal transmission, and growth cycle
[13]. It is observed that the SULF1 polymorphism is associated with 
a variety of malignancies, including breast cancer, pancreatic carci-
noma, and renal cancer. It implies that abnormalities of this gene 
are substantially more common in cancer pathophysiology. Simi-
larly, abnormal expression of OAS3 and GTF2H4, regulatory and
DNA-repairing genes, is linked to a variety of cancer types, includ-
ing sarcomas, colorectal carcinogenesis, and breast cancer [14,15]. 
IFNG is another vital gene that is an anti-proliferative, antiviral, and 
anti-tumor effector, and its abnormalities are related to TSC2
angiomyolipoma, a renal modifier of hepatitis C virus [16]. Other 
genes, including DUT and EVER1, play an important part in the 
nucleic acid metabolic pathways affecting DNA replication and
are linked to a variety of cancers.

To determine HNC’s genetic etiology, real-time quantitative PCR 
(RT-qPCR) was used to compare patient and control expression 
patterns. This approach is effective for expression profiling and 
studying the association with the HNC. 2−DDCT is a significant
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application for calculating relative gene expression in qPCR analysis. 
This method is still effective for assessing the differential expression
of transcripts between several patients by directly measuring the
threshold cycle (CT).

This system-level framework using biological networks may 
help to identify crucial etiological molecular entities of cancer. 
The goal of this study is to examine (1) the functional association 
of various genes in cancer, (2) phenomics to reactomic-level anal-
ysis, and (3) differential analysis and expression profiling among
cases and controls. These outcomes will help to understand the
genetic basis of the disease and to change the therapeutic options
for head and neck cancer.

2. Materials and methods

2.1. Ethical approval

We collected blood samples of 100 individuals with an equal 
number of controls and cases from the Multan Institute of Nuclear 
Medicine and Radiotherapy, Multan (MINAR). The informed con-
sent from individuals (cases and controls) was obtained for exper-
imentation. This study was carried out in accordance with the Code 
of Ethics of the World Medical Association for experiments involv-
ing humans. Samples were obtained based on inclusion and exclu-
sion criteria, and the study was approved by the Research Ethics
Committee of the Institute of Molecular Biology and Biotechnology,
Bahauddin Zakariya University, Multan, with notification No.
IMBB/02/2021.

2.2. Inclusion and exclusion criteria

A number of 200 individuals were included in this study data-
set. The Pakistani patients were assessed through a retroactive 
analysis of medical records from a collaborating institute. The 
included variables in this study were demographic, clinical, and 
biochemical markers related to the risk assessment of cancer. Each 
individual was assigned a unique patient ID that served as a unique 
identifier. Age (recorded in years ≥18) and Gender (categorized as 
Male or Female) provided essential demographic information. Dur-
ing patient interviews, lifestyle factors like smoking (Yes/No) and 
alcohol intake (Yes/No), as well as family history of cancer (Fam-
ily_History, binary: Yes/No) were self-reported. Clinical biomark-
ers included hemoglobin levels (g/dL), WBC_Count (white blood
cell count, ×10/L), liver function tests (ALT and AST, enzymes sug-
gesting hepatic damage), and AFP_Level (alpha-fetoprotein, a
tumor marker). Clinically validated by histological or imaging con-
firmation, the goal variable, Cancer_Risk, was a binary outcome
(0 = Low risk, 1 = High risk). Consistency was guaranteed by data
preparation, which used mode imputation for categorical variables
and median imputation for numerical variables to fill in missing
values. Prior to data collection, ethical approval and patient con-
sent were acquired, guaranteeing adherence to institutional review
board procedures [17]. Similarly, the healthy individuals with no 
previous family history of cancer were included as controls and 
signed the consent form. The cases with multiple types of cancers,
previous family history of cardiovascular diseases, and non-agreed
cases were excluded.

2.3. Data mining

The genes were selected based on their strong connectio n with
HNC and 5% allele frequency [16]. Data mining is critical in 
medico-biological and biomedical research investigatio ns for
extracting relevant and important informational facts [18]. This 
3

evaluation study was performed to find important genes. All genes 
collected from various datasets and databanks were curated and 
altered using the DAVID program to obtain their gene symbol, 
name, and UniProt IDs. To assess the functional role and annotation
of selected genes, the CTD (Comparative Toxicogenomic Database),
OMIM (Online Mendelian Inheritance in Man), MeSH, and PubMed
databases were used [19]. 

2.4. Mutation analysis

The human genome has several single-nucleotide variations 
(SNVs). Single-nucleotide mutations cause almost 21% of amino 
acid changes at various protein locations (post-translational mod-
ifications), which handle pathogenesis, including cancer. Chemical 
changes to amino acids can influence the activity of proteins. The 
Active Driver, an online database, was utilized to analyze and 
assess alterations in genes relevant to HNC. We examined the nee-
dle plot, which provides a visual assessment of the site of mutation,
frequency of mutation, and functionality of all changes detected in
our genes. Protein sequences were analyzed for possible disor-
dered regions, as well as posttranslational modification (PTM).
The report illustrates the impact of related mutations and alter-
ations, while the visualization evaluates pin location with gene
and protein sequences. It offers a graphic representation of every
gene alteration’s location, frequency, and function.

2.5. Gene ontology and pathway enrichment analysis

Gene Ontology (GO) was analyzed to express the important sig-
naling for the biomolecular activities of selected genes and their 
cellular mechanisms to investigate the biomolecular processes 
responsible for the upregulation or downregulation of obtained
expressed genes. The KEGG pathway and the DAVID tools were
used to study enriched pathways and genetic annotation [20].  To
identify the significant GO terms of all DEGs, the false discovery 
rate (FDR) as a cut-off parameter of genes was set at <0.05, p-
value ≤ 0.05.

2.6. Protein-protein interaction analysis

Protein-protein interactions (PPIs) are important to overview
the biological networks [21]. PPI shows that each protein interacts 
with one or more proteins, either directly or indirectly, that are 
linked to molecular activities. It creates biological networks that 
depict changed activity in either normal or pathological situations. 
In our analysis, the top-ranked HNC-related genes’ protein–protein
interactions (PPIs) were examined using the STRING database ver-
sion 11.0, and a network of interactions was constructed to high-
light the important gene signatures functionally connected with
the HNC [22]. The protein network was built using neighborhood 
scoring with a high confidence score (> 0.99) [23]. The annotated 
keywords (<0.05) were observed in this study.

2.7. Co-expression a nalysis

Co-expression analysis helps to understand the co-regulation 
and co-expression of genes. This analysis reveals the interactions 
of source proteins with other molecular functions, showing expres-
sion patterns. In this pattern, the networks are versatile for inquis-
itive diseases and correlate at the transcript level. The STRING 
database was used to study the co-expression of SULF1, OAS3, 
and IFNG genes. Co-expression showed (confidence score > 0.99) 
the significant genes and their signatures directly or indirectly
interrelating to the target genes.
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2.8. Toxicogenomic analysis

Toxicogenomics is the use of genetic data to forecast the effects 
of toxicants on specific genomic transcriptions, which aids in the 
medication development process. A comparative toxicogenomic 
database (CTD) was utilized to conduct a toxicogenomic study to 
investigate the interaction of toxicants with target genes. These 
data were used to examine genome-to-chemical-to-phenome cor-
relations to deduce the functioning of biological pathways and sig-
naling mechanisms that contribute to illness development and are
regulated by environmental exposures. This allows for a better
grasp of information relating to gene-protein chemical and illness
connections, which exposes specific gene activity or expression-
related gene-disease associations [24]. 

2.9. RNA extraction and quantification

A 200 ll sample of blood was taken in a microfuge tube, and 
100 ll of lysis buffer was added to it. Initially, it was vortexed 
for 15 s and chilled on ice for 10 min (vortexed twice in a 10-
min incubation). Then, it was centrifuged at 4500 rpm for 1 min, 
and the supernatant was wasted without disturbing the pellets. 
We resuspended the pellet in 600 ll lysis buffer, vortexed it again, 
and centrifuged it at 4500 rpm for 1 min. The supernatant was dis-
carded, and this process was repeated until we got a white pellet. 
One ml triazole was added to it and dissolved by pipetting. These 
pellets were incubated for 10 min at room temperature, followed 
by the addition and mixing of 200 ll chloroform. This mixture 
was incubated again for 2–5 min at room temperature and later 
on, centrifuged at 12000 rpm for 15–17 min at 4°C. An upper aque-
ous layer was shifted to a pre-chilled new tube. Isopropanol was
added in an equal ratio, and tubes were incubated on ice for
10 min. It was centrifuged at 4°C and 12000 rpm for 10 min. The
supernatant was cast off, and the pellets were washed with
100 ll of 75% ethanol. It was centrifuged at 7500 rpm for 5 min
at 4°C, followed by air drying and dissolution of the pellet in
40 ll of RNA-free water, and finally, the extracted RNA was stored
at −80°C with the help of RNA stabilizer. Later on, quantification of
RNA was made at 260, 280, and 320 nm using a Nanodrop (model:
Skanit RE 4.1, Thermo Scientific, Waltham, MA, USA).

2.10. cDNA synthesis

Using a cDNA synthesis kit (Vivantis cDSK01-050), the RNA was 
used to synthesize cDNA according to standard guidelines. The 
RNA primer genes were combined with 10 ll of the previously pro-
duced mix of cDNA synthesis. After centrifugation at 12000 rpm for 
60 min, RNA samples were placed in an incubator at 40°C. To stop 
the process, the tubes containing the mixture were then incubated
for five minutes at 85°C. Finally, the tubes were placed on ice to
chill them for about 5 min before being centrifuged under the same
circumstances. The cDNA was synthesized and immediately uti-
lized for further investigation.

2.11. Quantitative Real-Time PCR (qRT-PCR) analysis

RNA quantification offers the level of cDNA synthesis. At the 
wavelength of 260:280, ratios between 1.5 and 2.7 show good-
quality RNA with 800–1250 ng/ml quantity. Using the relative 
2-DDCT approach, the gene expression patterns of the HNC-related 
genes SULF1, IFNG, and OAS3 were examined and evaluated. 
Through absolute quantification, a CT (threshold cycle) value was
obtained, signifying the quality and the authentic significance of
its manifestation. An online server, Primer Bank, was used to
design the HNC-related primers of the HNC-related genes. The
cDNA was synthesized and was directly used for further investiga-
4

tions [25]. For validation of HNC-related genes, qPCR was com-
pleted using MIC-PCR (Bio Molecular Systems, Australia) under 
standard conditions. An ultimate 20 ll volume of the reaction mix-
ture was made using 4 ll of cDNA (1:10), 5 ll of the SYBR Green 
master mix, and 0.5 ll of each gene-specific forward and reverse 
primer. This volume was confirmed with RNAs free of water, and 
the reaction mixture’s conformation remained constant for both 
the genes and the reference genes. The expressions of the reference 
and examination genes were measured using a two-step qPCR pro-
cess, with the GAPDH gene serving as a housekeeping or internal 
reference gene. The comparative level of expression of each gene 
was computed with reference to GAPDH as keeping the standard 
value ‘‘1.” The standard cycling conditions for qPCR were denatura-
tion at 95°C for 15 min, 40 cycles of 95°C for 15 s, 57°C for 20 s, and 
72°C for 20 s. The basic extension was performed for 10 min at 
72°C. To determine the compensatory properties of double-
stranded DNA during heating and to observe the intensity of absor-
bance, the qPCR results were examined using the melting curve
graph. The median (average) CT values were determined for the
internal reference gene and the genes linked to HNC. CT is the log
value converted to a relative quantity. The relative 2−DDC

T method
was used to compute and evaluate the comparative expressions of
the HNC-related genes after DCT (delta threshold) for the genes
being studied using the internal reference gene. The DCT of the tar-
geted gene and reference gene (GAPDH) was calculated. The DDCT

(delta–delta threshold value) specifies the difference between the
expression level of the HNC-related genes and the internal reference
gene. Finally, 2−DDC

T was evaluated, representing the fold difference
of the expression of targeted genes from the control. We calculated
the total association of these genes to express the comprehensive
expression levels. The hierarchical cluster of genes showed the
expression pattern using the online one-matrix CIMminer tool [26]. 

2.12. Statistical analysis

SAM software was used to conduct the statistical analysis, and 
the results were presented as standard errors and standard
deviations.
3. Results 

3.1. Data mining and selection of genes

The text mining helped curate significantly associated HNC 
genes. For functional annotation, cross-verifications, and shortlist-
ing of these genes, we used the DAVID tools, Comparative Toxi-
cogenomic Database (CTD), OMIM (Online Mendelian Inheritance
in Man), MeSH, and PubMed databases [19]. Candidate genes were 
selected based on >5% allele frequency and significant association
of genes with HNC (p < 0.05) (Fig. 1).

3.2. Mutation a nalysis

This analysis suggests that these mutations might interfere with 
methylation activities, which are crucial for controlling the con-
nections and functions of proteins. IFNG had four post-
translational modification (PTM) spots with 33 frequent transfor-
mations at the negative strand of chromosome 12, coding 166 pro-
tein deposits, showing 9.04% of the expected disordered region. 
The visualization of the mutation plot exhibited IFNG isoforms’ 
direct mutation influences between 48 and 120 with reference 
amino acid (AA) residues N (ASN) on both sites and mutated amino 
acid residues K (LYS) and T (THR), respectively. Motif-changing 
mutation impact on 122 with reference AA residue S (SER) and
mutated AA residue (LEU), proximal mutation impact on 75 with

move_f0005
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Fig. 1. Data mining and cross-analysis of HNC-related genes using different
databases.
reference AA residue F (PHE) and mutated AA residue L (LEU), and 
similarly distal mutations impact on 44, 86, 88, 115, and 126 with 
reference AA residue D (ASP), S (SER), F (PHE), and L (LEU) and 
mutated AA residue Y (TYR), N (ASN), I (ILE), and F (PHE), respec-
tively. The mutation site of IFNG at position N48S confined ‘N’ 
amino acid residues enriched with an N-glycosylation, glycosyla-
tion, and phosphorylation direct mutation impact. IFNG N120T 
contained N residues with N-glycosylation, glycosylation, and N-
glycosylation; glycosylation motif-changing mutation affects a 
protein’s 120 position. The IFNG mutation at location F75L resulted 
in restricted S amino acid deposits that were amplified by a 
phosphorylation-proximal mutation effect. Phosphorylation-distal 
mutation imprints were observed as S clusters (serine residues) 
in the D86Y variant, spanning 92 protein sites. However, OAS3 
showed 2.39% of the expected confused area on the positive strand
of chromosome 12 with 26 PTM sites and 205 recurrent mutations
coding 1087 protein deposits. The mutation plot visualization
showed the proximal mutation effects of OAS3 isoforms between
373 and 451, 460, and 1691 sites with reference amino acid (AA)
remainders N (ASN), H (HIS), G (GLY), and L (LEU) and mutated
amino acid remainders K (LYS), Y (TYR), V (VAL), and I (ILE), respec-
tively. Distal mutation impression on 461, 464, 802, 814, and 966
with reference AA residue S (SER), R, G, R, and L and mutated AA
L (LEU), Q (GLN), D (ASP), H. The mutation site of OAS3 at position
S461L confined the S amino acid cluster enriched with a phospho-
rylation and K residue with ubiquitination distal mutation impact
(Fig. 2) and I (ILE), respectively. The mutation site of OAS3 at loca-
tion L691I confined K amino acid deposits supplemented with 
sumoylation proximal mutation impression. OAS3 N373K confined 
S deposits with phosphorylation and K with ubiquitination muta-
tion impressions at the 369 and 370 locations of the protein. The
mutation site of OAS3 at position S461L confined the S amino acid
cluster enriched with a phosphorylation and a K residue with ubiq-
uitination distal mutation impact (Fig. 2).

3.3. Gene ontology and pathway enrichment analysis

GO and KEGG pathway enrichment analyses were carried out 
using DAVID to examine the biological classification of genes.
Changes in genes’ biological processes were primarily ‘‘enriched”
according to GO analysis results.

The gene ontology of HNC-related genes presented significantly 
improved terms. We annotated HNC-related genes with known 
cellular components, biological processes, and molecular functions.
It was observed that HNC-related genes remained tangled in other
5

biological processes like responses in immunity against the virus, 
production of encouraging regulation factor of tumor necrosis, 
defense response to the virus, and apoptotic processes. Their cellu-
lar components were found in the extracellular space. Cytokine 
was associated with the molecular functions of genes having ligase, 
hydrolase, catalytic, and transcriptional activities. The role of the 
selected genes in biological pathways was predicted in DNA repli-
cation, immune response, energy metabolism, and regulation of
nucleotides. The pathway enrichment showed their role in inter-
feron gamma signaling, pyrimidine biosynthesis, initiation and ter-
mination of RNA polymerase I transcription, formation of early
elongation complex, RNA polymerase II, and nucleotide excision
repair pathways (Fig. 3). In enrichment analysis, it was observed 
that HNC genes are linked with other functional pathways, includ-
ing hepatitis, influenza A, and herpes simplex virus pathological 
pathways; metabolic and catabolic processes; mRNA processing;
signal transduction; intracellular transport; protein transport;
and other essential biological activities that are all directly and
indirectly related to SULF1, IFNG, and OAS3 (p < 0.05).

3.4. Protein-protein interaction network analysis

A complex interaction network with multiple interaction pat-
terns was produced by the STRING evaluation of all the aforemen-
tioned genes.

It was predicted that these molecules have direct or indirect 
functional associations. The PPI network confined nodes (each 
node indicates specific proteins) and the edges. The network dis-
played the genes having enriched co-expression (PPI enrichment, 
p < 1.0) and functional association with different genes. OAS3 has 
a direct association with ADAR, which is an adenosine deaminase 
specific to double-stranded RNA that catalyzes the hydrolytic con-
version of adenosine to inosine in dsRNA, also known as RNA edit-
ing. Changing the codon sequence can disrupt gene expression and 
functions in several ways, including mRNA translation. Therefore, 
the sequence of amino acids is changed, and consequently, the 
functional proteins are dysregulated. DDX5 is a receptor that has 
an antiviral innate immune response and senses cytoplasmic 
nucleic acids of the virus. It activates a downstream signaling cas-
cade, producing type I interferons. With viral RNAs, it forms a 
ribonucleoprotein complex. SP100, which is a nuclear autoantigen. 
In collaboration with PML, which is a tumor suppressor and is a 
major fundamental of the PML bodies, it is a subnuclear organelle 
involved in several biological processes, such as cell proliferation, 
cell differentiation, and apoptosis. In some circumstances, it func-
tions as a coactivator in the transcription of ETS1 and ETS2. 
Guanylate-binding protein-1 has antiviral activity against the 
influenza virus and hydrolyzes GTP to GMP in two consecutive 
cleavage events. It provides a wide range of host protection against 
several pathogenic groups by bringing antimicrobial peptides to 
autophagolysosomes and encouraging oxidative death. OAS3, PIGR, 
STAT2, HLAE, ROHA, and CXCR4 are directly associated with IFNG, 
while EGRF is an epidermal growth factor receptor. It is an EGF 
family receptor of tyrosine kinase-binding ligands that initiates 
many signaling channels to convert extracellular signals into 
appropriate cellular responses. IL1B, interleukin-1 beta, is a strong 
pro-inflammatory cytokine. It is involved in the activation of T-
cells and cytokine production, activation of B-cells, production of 
antibodies, production of collagen, and proliferation of fibroblasts. 
It promotes T-cell differentiation and induces the synthesis of IFNG 
from T-helper 1 (Th1) cells. IRF5 is an interferon regulatory factor-5
and a transcription factor that contributes to the activation of IFNA
and IFNB interferons and inflammatory cytokines in response to
viral infection. It belongs to the IRF gene family that contributes
to head and neck cancer. SULF1 has a functional association with
POSTN and periostin and induces cell attachment and adhesion of
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Fig. 2. Analysis of mutation of HNC-related genes representing post-translational modifications with significant cut-off values. It represents the important sites of the protein
that are disordered and contribute to a pathophysiological role and development of the disease.
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Fig. 3. Gene Ontology and enrichment analysis using DAVID tools.
the cell. It increases BMP1 integration in the fibronectin matrix of 
connective tissues and consequently activates lysyl oxidase LOX 
proteolytically. SCEL, sciellin, functions in the protein’s assembly 
in the cornified envelope. SYNPO, or synaptopodin, is a protein that 
is actin-associated and alters the movement and structure of 
spines and renal podocyte foot procedures dependent on actin. It 
seems to be crucial for the development of spinal apparatuses, 
which are involved in synaptic plasticity, and EXT2, Exostosin-2, 
glycosyltransferase is mandatory for the heparan-sulfate biosyn-
thesis. The EXT2 is a tumor suppressor and is compulsory for the
exosomal release of SDCBP, CD63, and syndecan. It is well recog-
nized that certain genes, such as HRAS, CCND1, and CDKN2A, are
responsible for cell cycle progression and apoptosis, linked to can-
cer. This implies that mutations in these genes may interfere with
its interactions with the hub genes, which may result in unregu-
lated cell proliferation, indicative of cancer.

These variations in these functional interactions may lead to the 
development of head and neck cancer (Fig. 4).

3.5. Co-expression analysis

The genes were used to further investigate their expression and 
their correlation pattern in order to confirm our findings.

IFNG is associated with macrophage activation and has antipro-
liferative and immunoregulation functions. This gene is associated 
with IFNGR2 for binding a receptor of the induction of interferon. 
This ligand binding activates the JAK/STAT signaling pathway and
has a significant function in the IFN-gamma pathway. This path-
way is important for cellular responses to infectious agents. Simi-
larly, interleukin-1 beta is an inflammatory cytokine, and it
7

induces prostaglandin synthesis, activation of T-cells, neutrophil 
influx, production of cytokine and antibody, and proliferation of
fibroblasts.

SULF1 has arylsulfatase activity, which is highly specific 
endoglucosamine-6-sulfatase activity. It binds to SLCO5A1 and 
belongs to the 5A1 family of organic anion transporters and is a 
solute carrier. It is involved in the assembly and regulation of pro-
teins. It also plays a part in other biological functions, such as gene 
regulation, cell proliferation, differentiation, and cell death. It syn-
thesizes a 2′-5′-oligoadenylates dimer from ATP, which formerly
binds to the inactive ribonuclease that leads to its dimerization
and subsequently its activation. The activation of RNase degrades
the cellular as well as viral RNA (Fig. 5).

3.6. Toxicogenomic analysis

The CTD provides information about chemicals, chemical phe-
notypes, gene ontology, and chemical-disease associations. The 
search for genes related to HNC was based on the CAS number of
each individual carcinogenic and inference network.

In this network, HNC-associated expressed genes were investi-
gated for their activity and expression associated with different 
environmental chemicals. The activity and expression of these 
genes are increased or decreased. This variable expression of gene 
activity at different cellular events can affect the co-treatment 
expression of different genes, leading to the incidence of the dis-
ease. It was discovered that different genes with the same chemical 
exposure may show different reactivity. We observed that targeted 
genes could respond and be transcribed differently to various tox-
icants. We found that silicon dioxide, valproic acid, and bisphenol
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Fig. 4. Protein-protein network interaction indicates the interaction of source proteins with target proteins. Each node represents the protein, and edges show the
interactions.
are highly toxic and dysregulate the SULF1 expression. Similarly, 
nitric oxide has a high level of toxicity to IFNG and OAS3 expression 
patterns. OAS3 expression profile is more susceptible to 
lipopolysaccharide, while tetrachlorobenzodioxin is a common
toxicant to IFNG, OAS3, and SULF1. We studied that some drugs,
including reversitol, inomysin, picric acid, cisplatin, cyclosporin,
cadmium chloride, atrazine, and aflatoxin, are moderately toxic
(Fig. 6).

3.7. RT-qPCR analysis and expression profiling

The RT-qPCR is reliable in limiting the resulting product from 
exhibiting a higher fluorescence signal. We performed expression 
profiling to identify the changes happening in the expression of 
genes that are correlated with HNC. We extracted the total RNA 
of selected genes by triazole extraction of serial dilutions from 
fresh blood and analyzed the expression profiles of genes in dupli-
cates among cases and controls. To classify targeted genes that
showed differential expression among the healthy and cases in a
significant method, we used the SAM software, which calculates
false discovery rates (FDRs) and a threshold (D) for statistical sig-
nificance and fold-change. By using a highly substantial threshold
of a median, estimated at less than 1%. Two-dimensional hierarchi-
8

cal clustering using the CIMminor tool was performed to study the 
expression profiles among samples. The relative expression 
showed that SULF1 is downregulated, while OAS3 and IFNG are 
upregulated at two-fold change levels (2−DDC 

T ) that were significant 
compared to controls. These expressed genes were irrationally
expressed and are involved in disease development and progression.
In our analysis, we studied and quantified the expression profiles of
these genes among cases and controls. We observed significant
changes and aberrant expression in cases compared to controls. In
Fig. 7, we identified that IFNG and OAS3 have differential expression 
and are substantially overregulated compared to control, while 
SULF1 is downregulated. Cluster analysis was used to examine the 
gene expression patterns of the two categories (the control group
and patients) that had noticeable expression patterns. The expres-
sion of samples is shown in the image as columns, and the genes
with different expression patterns are shown as rows (Fig. 8). We 
observed that the maximum number of the samples of IFNG, SULF1, 
and OAS3 genes showed differential expression patterns compared to 
the controls. These genes that are expressed either contribute to the 
same physiological role or have a related biological function. Genes
with increased expression levels were grouped into clusters, and in
many samples, we identified significant clusters characterized by
distinct expression patterns (fold change ≥ 2 and p < 0.05).

move_f0030
move_f0035
move_f0040


J. Khawar, J. Guo, S. Akhtar et al. Electronic Journal of Biotechnology 80 (2026) 100705

Fig. 5. The STRING database generated a co-expression network of proteins based on the neighborhood scoring with a > 0.99 confidence score. Proteins are represented by
nodes and interactions by edges.
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Fig. 6. Toxicogenomic analysis shows the interactions of various toxicants with 
HNC-related genes, presenting how such chemicals would affect the genetic
transcription.

Fig. 7. Quantitative real-time PCR shows the normal and aberrant expression levels 
of HNC-related genes among diseased and control on the fold change base of gene
expression.
4. Discussion 

Patients’ lives and health are seriously threatened by head and 
neck cancer. Although the exact cause of stomach cancer is still 
unknown, a number of factors, such as nutrition, lifestyle, environ-
mental factors, and genetic susceptibility, are thought to have a 
role. HNC frequently has non-specific early clinical signs. Most 
patients are dependent on conservative therapy by the time their
symptoms become severe. Although the evaluation criteria for
solid tumors are commonly used to evaluate the effectiveness of
anticancer medications, they may not accurately predict prognosis.
Therefore, improved efficacy evaluation and prognosis prediction
require the identification of more trustworthy tumor markers to
better measure tumor existence and growth [27]. Bioinformatics
10
has undergone a revolution thanks to machine learning, a potent 
artificial intelligence technology that makes it possible to create 
complex models that can analyze large datasets and reveal com-
plex patterns. Numerous review research publications have 
addressed the use of bioinformatics in the detection of various can-
cers, including lung, breast, liver, oral, brain, and ovarian [5,6]. 
Numerous sectors and fields of study have changed as a result of 
the quick development of algorithms, computing power, and data 
volume and velocity. By leveraging the data gathered to make 
these adjustments and better adapt to their new customer 
demands, this can help firms get ready for these changes. Automo-
tive, banking, healthcare, and manufacturing are just a few of the 
indus tries that can greatly benefit from improved and expedited
data synthesis [7]. Deep learning has emerged as one of the most 
important and effective machine learning techniques in recent 
years. This has improved the state-of-the-art performance of 
numerous machine learning tasks and enabled the advancement
of numerous disciplines [28]. This study investigates the expres-
sion and functional enrichment of genes associated with head 
and neck cancer. We found OAS3, SULF1, and IFNG are identified 
as potential biological targets or biomarkers of HNC through bioin-
formatics analyses and real-time expression studies. Differential 
expression of these genes was examined between healthy and dis-
eased individuals; expression profiling showed obvious differences 
between the two groups. Some genes were upregulated while 
others were downregulated. The dysregulated expression of these 
genes affected various physiological activities, including cancer 
pathways such as immune response, DNA repair mechanism, oxi-
dation, metabolism, and signaling. Our analysis also identified 
s ome interacting genes, such as SP100 and STAT6, as possible ther-
apeutic drug targets that interact with our genes [29]. These genes 
encode drug-metabolizing enzymes that carry chemically induced 
inherent mutations and play an important role in cell differ entia-
tion and growth [30,31]. Analysis of human proteomic data is 
based on post-translational modifications (PTMs), which are 
important regulators of protein functions and signaling pathways; 
therefore, they help interpret deleterious missense mutations by 
analyzing inter-individual genetic variations [32]. The studied 
genes are reported to contribute to various types of cancers or 
cancer-associated pathways in the literature. Interferon-gamma 
(IFNG) is a precursor gene that encodes a soluble cytokine that 
belongs to the type II interferon class. These innate and adaptive 
immune cells of immune system secrete this encoded protein. This 
is a homodimer of a dynamic protein that ligates to the interferon-
gamma receptors that trigger cellular defenses against microbial 
and infectious diseases. If this gene is mutated, it will have an 
amplifi ed vulnerability to viral, parasitic, and bacterial infections
and several autoimmune diseases [33]. The IFNG protein has a high 
association with an elevated risk of tumors in the breast, lungs, 
stomach adenocarcinoma, head and neck carcinoma, and many 
other types. It was reported previously that there is a significant 
correlation between SULF1 and BRCA, as high SULF1 expression in 
tissues may promote tumor growth and metastasis. Some 
researchers have proposed that inhib iting SULF1 may target tumor
cells by down-regulating the RTK pathway [34]. Increased levels of 
secretion of SULF1 enhance the modification of the extracellular 
matrix in the tumor environment, resulting in the development 
of tumors in the adjacent host cells [35]. Similarly, OAS3 is 2-5-
oligoadenylate synthase 3 gene that encodes for an enzyme incor-
porated in the 2,5-oligoadenylate synthase family. The interferons 
induce this enzyme, and it catalyzes the 2,5 oligomers of adenosine 
for binding and stimulation of RNase L. This enzyme family plays a 
substantial role in inhibiting cellular pro tein synthesis and resis-
tance against viral infections [34]. The OAS3 enzyme is majorly 
associated with a great risk of tumors in the rectum, liver, lungs, 
head and neck carcinoma, and many other types [36,37]. The
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Fig. 8. Heat map of hierarchical cluster analysis representing the expression profiles of differentially expressed genes (IFNG, OAS3, and SULF1). The columns represent the
sample numbers, and the rows represent the differentially expressed genes.
OAS3 expression was positively interrelated with 47 genes that are
immune checkpoints in most cancer types [38].

In recent studies, protein networks help to curate the functional 
proteins and hub genes in identifying biomarkers involved in
tumorigenesis, prognosis, and drug resistance [39,40]. The PPI net-
work plays a vital role in the association of these genes with dis-
ease. The predicted associated gene may have a pivotal role in
the metabolism of xenobiotics, progression of tumors, cell cycle
suppression, alcoholism, and microRNA signaling pathway [41]. 
Integrating protein into a human protein–protein interaction net-
work discovered important aspects of hubs and cancer-related pro-
teins. It is difficult to find the comparative position of a specific 
protein in an extremely complicated PPI network. To measure 
the comparative location of specific proteins in the complex net-
work, we computed the connectivity distance between the nodes. 
This information connects a protein with other important proteins. 
This expressed the strong interrelation with one another, repre-
senting a general agreement between different proteins. We
obtained three HNC genes by constructing a PPI network compris-
ing PIGR, HLAE, IRF5, STAT2, IL1B, IRF9, IRF3, SP100, GBP1, ADAR,
XAF1, CXCL9, POSTN, SYNPO, and many others. Most of them are
associated with tumorigenesis and the progression of cancer
patients, such as POSTN [42], PIGR [43], IRF3, ADAR [44], and STAT2
[45]. 

The results of gene ontology showed that these genes were 
involved in similar biological processes. In these annotations, IFNG,
SULF1, and OAS3 were mainly enriched in biological processes that
11
prevent viral genome replication and regulate the immune system 
and apoptotic and necrosis regulation pathways. Proteins encoded 
by OAS family genes activate RNase, which degrades viral mRNA
and inhibits viral protein synthesis [46,47,48,49]. We observed that 
high expression of the OAS gene family as a defense strategy in 
response to virus infection may then induce cell proliferation, 
which leads to the HNC development. Diagnostic strategies are get-
ting attention for analyzing the effect of different toxicants in can-
cer risk assessments [50]. Recent advancements in toxicogenomic 
analyses have facilitated new opportunities for the assessment of 
cancer risk. Incorporating the interaction of chemical gene has 
exposed different environmental chemical exposures to the devel-
opment of disease. The toxicogenom ic analysis facilitates revealing
the mechanism between the chemical and the related gene prod-
ucts and the effect of this interaction on human diseases that are
influenced by environmental exposure [51,52]. 

RT-qPCR is gaining worth at the molecular level for genetic 
assessments, and by using this technique, we quantitatively evalu-
ated the expression profile of these genes (IFNG, SULF1, and OAS3). 
We found that two genes, IFNG and OAS3, were overexpressed and 
SULF1 was downregulated. Some studies showed that IFNG is 
down-regulated in HNC and other cancers. It has been validated 
in the previous inve stigations that TNF-a and IFN-c are downregu-
lated compared to controls [53,54]. SULF1 is downregulated with 
HNC, and similarly in other studies, the parallel pattern of expres-
sions is observed [55,56]. A study showed that SULF1 is involved in 
the proliferation’s inhibition and invasion of esophageal squamous
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cell carcinoma (HNC) via regulation of the heparin-binding growth
factor signaling pathways [57]. Many diseases, including autoim-
mune disorders [58], HNC, other cancers [59], viral diseases
[60,61], and persistent infections, are linked to the OAS gene
family.

5. Conclusion s

Our integrative framework showed potential therapeutic tar-
gets of cancer that could reveal genotype-to-phenotype associa-
tions. We found a significant correlation between SULF1, OAS3, 
and IFNG genes with HNC. RT-qPCR analysis and expression profil-
ing of these genes provide system-level analysis showing the
pathological role of these genes. These genes could be potential
biological targets or biomarkers and can be helpful in upgrading
therapeutic strategies.
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