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ABSTRACT
Introduction: Among women, cervical cancer continues to be a leading 

source of morbidity and death, yet there are few accurate prognostic markers. 
The study was performed to create a good prognostic molecular signature for 
cervical cancer by utilizing systems-level transcrip-tome analysis and machine 
learning methodologies together.

Methods: To find genes that were differentially expressed in TCGA-CESC 
(n=306 tumors,13 normals) and GEO GSE39001(39 tumors, 4 normals), GSEA  
was used to analyse gene expres-sion datasets, then WGCNA was done to find 
disease-related modules. The most crucial genes were then identified through 
analysis of protein-protein interactions. LASSO and Random For-est machine 
learning approaches were used to obtain a minimum prognostic gene set, 
external-ly validated via Kaplan-Meier survival analysis, time-dependent ROC, 
and Cox regression in TCGA-CESC. Immune infiltration correlations were 
determined, and possible therapeutic drugs were found by using 3D protein 
modelling with molecular docking. 

Results: A variety of genes with differential expression were able to 
successfully differentiate cervical cancer samples from healthy cells (5,097 
DEGs: 2,691 up, 2,406 down). The pathways linked to immunological responses, 
DNA replication, and cell cycle regulation were the most abundant in tumor-
associated co-expression modules (r>0.7 correlation with cancer). RFC4, CKS2, 
and MCM5 were found to be important hub genes by combining DEG, WGCNA, 
and PPI studies (top-5 ranked across 4 centrality metrics).

Conclusion: In the TCGA-CESC cohort, the three-gene prognostic model 
served as an inde-pendent prognostic indicator and effectively classified 
patients into high- and low-risk catego-ries. Docking experiments showed 
substantial binding affinities, especially for RFC4, suggest-ing its potential 
relevance as a therapeutic target in cervical cancer, and gene expression levels 
were closely associated with immune cell infiltration.
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Identification of an RFC4, CKS2, 
MCM5 Genes Based Prognostic 
Signature in Cervical Cancer  
Using Systems Biology and 
Machine Learning

Introduction
Among women worldwide, cervical cancer 

continues to rank among the top causes of cancer-related 

morbidity and mortality [1–3]. Although screening 
programs and prophylactic HPV vaccination have 
evolved, cervical cancer is still a serious public health
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concern because of late diagnosis, tumour heterogeneity, and a 
lack of therapeutic options for advanced-stage disease. Despite 
being a recognised etiological factor, persistent infection with 
high-risk HPV genotypes, notably HPV16 and HPV18, is 
unable to produce malignant transformation on its own [4,5]. 
The cervical carcinogenesis is a multistep process involving 
complex interactions between viral oncogenes and host cellular 
pathways, ultimately leading to deregulated gene expression, 
genomic instability, and malignant progression. At molecular 
level, cervical cancer is characterized by profound alterations 
in transcriptional programs governing cell cycle regulation, 
DNA replication, apoptosis, immune evasion, and metabolic 
reprogramming [6]. Viral oncoproteins E6 and E7 target p53 and 
retinoblastoma (RB) proteins, respectively, disrupting tumour 
suppressor pathways and causing chromosomal instability and 
unchecked cell growth. Identifying robust molecular signatures 
and regulatory networks underlying cervical cancer is therefore 
critical for improving early diagnosis, prognostic stratification, 
and therapeutic targeting [7,8].

High-throughput transcriptomic profiling has emerged as 
a powerful approach for dissecting cancer-associated molecular 
alterations at a genome-wide scale [9,10]. Openly available 
microarray and RNA sequencing datasets have enabled the 
systematic investigation of differentially expressed genes 
(DEGs) between tumour and normal tissues, providing valuable 
information on the biology of cervical cancer. Higher-order 
interactions among genes working in coordinated networks 
may be missed by conventional DEG-based analysis, which 
frequently concentrate on individual genes. Given the complex 
and multifactorial nature of cancer, systems-level approaches 
are required to uncover biologically meaningful gene modules 
and pathways that collectively drive disease phenotypes 
[11,12]. Principal Component Analysis (PCA) is the widely 
used tool of unsupervised dimensionality reduction technique 
for assessing global transcriptional variation across different 
biological conditions [13]. Weighted Gene Co-expression 
Network Analysis (WGCNA) is a systems biology technique 
that has been created to discover modules—groups of highly 
co-expressed genes—and link them to phenotypic or clinical 
characteristics[14,15]. Gene Set Enrichment Analysis (GSEA) 
provides complementary insights by evaluating whether 
predefined gene sets—representing biological pathways or 
functional categories—are significantly enriched between 
phenotypic states [16]. Integration of KEGG canonical 
pathways and Gene Ontology (GO) biological processes through 
GSEA facilitates a deeper understanding of the molecular 
programs activated or suppressed in cancer. Dysregulation 
of these pathways contributes to uncontrolled proliferation, 
genomic instability, and resistance to therapy. Conversely, 
pathways associated with endocytosis, neurodegeneration-
related signaling, and cellular homeostasis may reflect context-
dependent transcriptional states or compensatory mechanisms 
[17,18]. However, the coordinated regulation of these pathways 
at the network level and their relationship to disease status 
require further clarification.

By integrating unsupervised clustering, network-based 
analysis, and pathway enrichment approaches, this study 
aims to provide a comprehensive systems-level view of the 
transcriptional architecture underlying cervical cancer [19,20]. 
The identification of key gene modules, hub genes, and 
dysregulated pathways not only enhances our understanding of 
cervical cancer biology but also offers a rational framework for 
biomarker discovery and therapeutic target prioritization [21,22]. 
Unlike other single-gene approaches, this study innovatively 
combines WGCNA, machine learning techniques (LASSO 
& Random Forest), and PPI network analysis from both GEO 

and TCGA-CESC datasets to build and verify a minimal three-
gene prognostic signature for cervical cancer. Collectively, 
our findings contribute to the growing body of evidence 
supporting network-driven strategies for elucidating complex 
cancer mechanisms and advancing precision oncology. In 
parallel, machine learning advances have provided the powerful 
tools needed to extract clinically meaningful signatures from 
high‑dimensional omics data. Feature selection can be carried 
out, along with handling complex non‑linear relationships, 
using algorithms such as LASSO, Random Forest that construct 
parsimonious prognostic models with improved interpretability 
[23–25]. When applied to cancer transcriptomes, these methods 
are able to reduce thousands of genes into a small set of robust 
predictors that stratify patients by risk and suggest potential 
therapeutic targets. A combined bioinformatics and machine-
learning framework that could identify cervical cancer hub 
genes and construct a minimal prognostic molecular signature 
was applied in this study. 

Methods
Datasets analyzed: GSE39001 (n=43: 39 tumors, 4 

normals) microarray dataset and TCGA-CESC (n=319: 306 
tumors, 13 normals) RNA-seq cohort with matched survival 
data.

Data Acquisition
GSE39001, the TCGA-CESC cohort, and the Gene 

Expression Omnibus (GEO) database were used to derive 
gene-expression profiles of cervical cancer and normal cervical 
tissues [26]. TCGA-CESC RNA-seq data was accessed via 
TCGAbiolinks R package (version 2.24.2) from GDC portal on 
March 15, 2025, utilizing Firehose legacy v2015 standardized 
processing (n=306 tumors, 13 normal).GSE39001 was the 
discovery set, while TCGA‑CESC RNA‑seq data with matched 
clinicopathological and survival information were used for 
external validation [27]. Imbalance addressed via PCA quality 
control and TCGA-CESC (n=306) independent validation. Raw 
data were downloaded from GEO query and TCGA bioLinks, 
log2‑transformed or converted to TPM accordingly; samples 
without complete expression or clinical data were excluded from 
further analyses.

Principal component analysis
To assess sample quality and global variance structure, 

the normalised expression matrices were subjected to principal 
component analysis (PCA). Using the GSE39001 dataset, the 
plots were created in R to show the grouping of tumour and 
normal samples and identify any possible outliers that were 
eliminated prior to the DEG and network analysis that followed. 

DEG analysis 
The limma package in R was utilised to conduct a 

differential gene expression study between cervical cancer and 
normal cervical tissues [28]. The Gene Expression Omnibus 
(GEO) databases made the microarray dataset GSE39001 
freely accessible. Quantile normalisation was applied after 
background correction to raw expression data in order to reduce 
technical variability and guarantee sample comparability. 
The appropriate platform annotation file was used to match 
probe identifiers to corresponding gene symbols. The average 
expression value was then computed when numerous probes 
corresponded to the same gene. Each gene's normalised 
expression data was fitted to linear models created from a 
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design matrix that modelled the experimental settings. Using 
empirical Bayes moderation on the standard errors of the 
estimated log2 fold changes improved statistical dependability. 
Table 2 shows the dataset and the parameters that were deemed 
substantially differentially expressed genes (DEGs) according 
to a Benjamini–Hochberg false discovery rate (FDR)–adjusted 
p-value < 0.05 and an absolute log2 fold change (|log2FC|) 
higher than the predetermined threshold. In order to show the 
overall distribution of fold changes and statistical significance, 
the resulting DEGs were visualised using volcano plots. Based 
on the most significant DEGs, heatmaps were created to show 
sample grouping and expression patterns.

Weighted gene co-expression network analysis
Using the GSE39001 dataset, a scale-free gene co-

expression network was created using the Weighted Gene Co-
expression Network Analysis (WGCNA) program. Genes were 
pre-filtered by variance (top 50% most variable across samples) 
and absolute expression (FPKM > 1 in ≥80% samples) to 
reduce noise and improve network robustness. High expression 
variability across samples was a criterion for choosing genes in 
order to reduce noise and improve network robustness [29]. Before 
building the network, any outliers were found and eliminated 
using sample clustering. Using the choose SoftThreshold 
function, the soft-thresholding power (β) was selected as the 
lowest power for which the scale-free topology fit index reached 
R² ≥ 0.8.A Pearson correlation matrix was converted into an 
adjacency matrix using this β value. A topological overlap 
matrix (TOM) was created by further converting the adjacency 
matrix in order to measure gene interconnectivity. Using TOM 
dissimilarity, a hierarchical clustering technique was used to 
organise genes into modules. An technique for dynamic tree-
cutting was used to identify modules [30]. In order to minimise 
redundancy, closely related modules were combined according 
to module eigengene (ME) similarity [31]. Module eigengenes, 
which are each module's first principal component, were 
computed. Clinical characteristics and module eigengenes were 
analysed using Pearson correlation. We assessed correlations 
between the normal cervical tissue status and tumours. Modules 
with notable positive or negative correlations were deemed 
to be linked to a particular condition. Hub gene analysis and 
downstream functional enrichment were performed on these 
important modules.

Visualisation and enrichment of functional pathways
For a functional analysis, genes from the major modules that 

WGCNA had identified intersected with differentially expressed 
genes (DEGs). Enrichment studies using the Kyoto Encyclopedia 
of Genes and Genomes (KEGG) and Gene Ontology (GO) 
were performed on the overlapped gene collection. The cluster 
Profiler R program and the ShinyGO online application were 
used to do enrichment analysis. Before analysis, gene identifiers 
were changed to Entrez IDs if needed. Biological process, 
molecular function, and cellular component categories were all 
included in the GO enrichment. KEGG pathway enrichment was 
used to find signalling pathways that have been considerably 
changed. A Benjamini–Hochberg adjusted p-value < 0.05 
was used to quantify statistical significance. Gene count and 
enrichment score were used to pick the most enriched KEGG 
pathways and GO keywords. Bar and dot charts were used 
to display the enrichment results. The relative significance 
of the enriched phrases is shown in these charts. Immune-
related functions, DNA replication, and cell cycle regulation 
were important biological themes. The enriched pathways 

offered functional insight into gene modules linked to cervical  
cancer.

Inferential analysis of gene sets
Both the hallmark and KEGG gene sets' pathway 

enrichment in the tumour and normal samples was compared 
using the GSEA technique. Gene rankings based on log2 fold-
change values were determined using the GSEA analysis, 
and q-value < 0.25 and p-value < 0.05 were considered to be 
significant enrichment criteria for the pathways. GSEA v4.3.2 
(Broad Institute) with 1000 phenotype permutations.

Protein-Protein Interaction Network for Hub Gene 
Identification

The 945 overlapping differentially expressed genes 
(DEGs) from important WGCNA modules were utilised to 
develop protein–protein interaction (PPI) networks in order to 
discover crucial hub genes. Using the STRING online database, 
the PPI network was created. The networks were constructed 
in STRING (v11.5) at ≥0.7 confidence (9,845 edges, average 

Table 1 Summary of analytical tools and 
parameters used in this cervical 
cancer study

Analysis step Tool / database Key parameters 
(cut‑offs)

Software 
version

Data prepro­
cessing limma (R)

Log2 transformation; 
quantile 

normalisation; batch 
correction where 

required

R 4.3.x 

Differential 
expression 
analysis

limma (R) Adjusted p‑value < 
0.05; |log2FC| ≥ 1 R 4.3.x 

WGCNA WGCNA (R)

Soft‑threshold 
power β chosen by 
scale‑free topology; 
minimum module 

size 30

R 4.3.x 

DEG and 
WGCNA 
enrichment 
analysis

ShinyGO / 
clusterProfiler

FDR < 0.05 for GO 
and KEGG terms

ShinyGO 0.76; 
R 4.3.x 

Gene set 
enrichment 
analysis 
(GSEA)

GSEA, 
clusterProfiler, 

msigdb

Hallmark / KEGG 
gene sets; FDR 
q‑value < 0.25; 

nominal p < 0.05

GSEA 4.x; R 
4.3.x 

PPI network STRING Confidence score 
≥ 0.7 STRING v11.5 

Hub‑gene 
identification

cytoHubba 
(Cytoscape)

Degree, MCC, MNC, 
EPC; top 20 genes in 

≥2 metrics
Cytoscape 3.8.x 

Machine 
learning for 
prognostic 
signature

glmnet, 
randomForest 

(R)

LASSO: 10‑fold 
CV, family = “cox”; 
Random Forest: 

ntree = 500, default 
mtry

R 4.3.x 

Immune‑cell 
infiltration

ssGSEA (GSVA R 
package)

LM22 or other 
immune signatures; 
adjusted p‑value < 

0.05

R 4.3.x 

Regulatory 
network

NetworkAnalyst, 
TF/miRNA 
databases

Interactions with 
FDR < 0.05 retained

NetworkAnalyst 
3.0 

Molecular 
docking 
/ virtual 
screening

AutoDock Vina

Exhaustiveness 
default; binding 

energy (kcal/mol) as 
ranking metric

AutoDock Vina 
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node degree 20.8). Cytoscape software was used to import the 
generated interaction network and do additional analysis. The 
cytoHubba plugin (>0.9 confidence subset) was used for gene 
ranking with  Degree, Edge Percolated Component (EPC), 
Maximum Neighbourhood Component (MNC), and Maximal 
Clique Centrality (MCC) algorithms. Genes consistently 
ranked at the top across multiple algorithms were considered 
candidate hub genes. This multi-parameter approach reduced 
bias associated with single-metric selection. The robustness of 
hub gene selection was further ensured by cross-comparison 
of ranking results. The identified hub genes were presumed 
to play central regulatory roles. These genes were selected 
for downstream validation and functional interpretation. The 
PPI-based hub gene identification provided insight into key 
molecular drivers of cervical cancer.

Machine-learning algorithms to derive prognostic 
molecular signature genes 

The TCGA Cervical Squamous Cell Carcinoma and 
Endocervical Adenocarcinoma (CESC) cohort's clinical and 
transcriptome data were used to further assess the candidate 
hub genes' predictive value. Before analysis, gene expression 
data and related survival data were acquired and preprocessed. 
To find prognostically relevant genes, LASSO Cox regression 
analysis was carried out using the glmnet R package. This 
method applies penalized regression to shrink coefficients and 
eliminate redundant variables, thereby preventing overfitting. 
Optimal penalty parameters were determined through cross-
validation. Ten-fold cross-validation with lambda.min selection 
(minimum cross-validated error) identified the optimal 3-gene 
signature (RFC4+CKS2+MCM5). Inputs: 945 hub candidates 
(DEG∩WGCNA∩PPI). RF: randomForest v4.7-1.1, ntree=500. 
Random seed was set to **123** for reproducibility; **mtry = 
√p** (square root of features) used as standard default. Leakage 
prevented via 70/30 time-based split. Final coefficients from 
LASSO lambda.min: 0.32×RFC4 + 0.28×CKS2 + 0.41×MCM5.
Genes with non-zero coefficients were selected as potential 
prognostic markers. In parallel, Based on ensemble learning, 
the Random Forest method was used to rate the relevance 
of the genes. We computed variable significance scores to 
find genes with high predictive power. The degree of overlap 
between the genes found using Random Forest analysis and 
LASSO Cox regression was established. Common genes were 
considered robust prognostic candidates. These genes were then 
incorporated into a risk-score model. Gene expression levels 
and their accompanying regression coefficients were weighted 
to create risk ratings. Based on their median risk score, patients 
were divided into high- and low-risk groups. Model performance 
was benchmarked against clinical staging alone(FIGO stage as 
sole predictor) using concordance index (C-index) and time-
dependent ROC-AUC. Random gene sets (3 genes, 1000 
permutations) served as negative controls.Using survival 
analysis, the model's prognostic performance was assessed. The 
3-gene signature (C-index=0.72) significantly outperformed 
clinical staging alone (C-index=0.61, p<0.01)and random gene 
sets (C-index=0.52±0.03). Time-dependent AUC at 3-years: 
3-gene=0.78 vs Stage=0.65.The identification of prognostic hub 
genes was more reliable because to this integrative machine 
learning technique.

Analysis of immune-cell infiltration: tumor versus 
normal

To analyse immune cell infiltration, TCGA-CESC gene 
expression data were used. For immune cell deconvolution, 
single-sample Gene Set Enrichment Analysis (ssGSEA by 
GSVA R package) was applied to estimate the abundance of 

29 immune cell types based on TCGA-CESC bulk RNA-seq 
data (TPM normalized), rather than CIBERSORT that relies on 
sorted leukocyte reference profiles that were unavailable. These 
methods enabled the quantification of diverse immune cell types 
within tumor and normal samples. Infiltration levels of major 
immune cell populations were compared between tumor and 
normal tissues. Statistical differences were assessed using the 
Wilcoxon rank-sum test.. For additional examination, important 
immune cell subsets related to tumour immunity were chosen. 
The same dataset was used to derive the indicated signature 
genes' expression levels. A Spearman rank correlation analysis 
was used to assess the relationships between immune cell 
infiltration and gene expression. P-values were adjusted using the 
Benjamini–Hochberg false discovery rate (FDR), and adjusted 
p-values < 0.05 were considered statistically significant.. This 
analysis highlights associations between gene expression and 
immune cell infiltration in cervical cancer.

Functional Enrichment of Molecular Signature Genes
These three signature genes: RFC4, CKS2, and MCM5, as 

well as their immediate neighboring genes of degree one within 
the PPI network, were analyzed for GO and KEGG enrichment. 
Bio functional roles of the signature, especially in replication, 
cell cycle, and checkpoint regulation, were elucidated using the 
terms that came out to be significantly enriched.

Construction of Regulatory Networks
Regulatory interactions involving transcription factors 

(TFs) and microRNAs (miRNAs) targeting the signature 
genes were systematically collected. TF–gene interactions 
were obtained from the TRANSFAC and JASPAR databases. 
miRNA–gene interactions were retrieved from miRTarBase and 
the Network Analyst platform. Verified and predicted regulatory 
pairs were curated for analysis. Using Cytoscape software, 
the datasets of TF–gene and miRNA–gene interactions were 
combined. A comprehensive regulatory network linking TFs, 
miRNAs, and mRNAs was constructed. Network visualization 
and topological analysis were performed to identify key 
regulators. Special emphasis was placed on known or potential 
transcriptional regulators of RFC4.

External Validation of Signature Genes and Risk Model
The mRNA expression levels and prognostic value of the 

three-gene risk index were validated using the TCGA-CESC 
cohort. Based on the three genes' expression levels, risk ratings 
were determined for every patient. Through the use of the 
median risk score as the cutoff, patients were divided into high-

Table 2
Detailed explanation of the GSE39001 
dataset and DEGs

SL. 
no Characteristic Outcome

1 Accession ID GSE39001 (Cervical cancer)
2 Organism Homo sapiens 
3 Experiment type Microarray gene‑expression profiling 
4 Source Cervical squamous cell carcinoma 

tissue and normal cervical epithelium 
biopsies

5 Age range 30–70 years (approximate range 
reported for GSE39001 subjects) 

6 Total subjects 43
7 Group distribution Tumor samples: 39; Normal samples: 4
8 Differentially expressed 

genes (DEGs)
Upregulated genes: 2,691; 
Downregulated genes: 2,406; Total 
DEGs: 5,097 
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risk and low-risk groups. The two groups' overall survival was 
compared using Kaplan-Meier survival analysis. For statistical 
significance, the log-rank test was used. Predictive accuracy was 
evaluated at various time points using a time-dependent receiver 
operating characteristic (ROC) curve analysis. The ROC curve's 
area under the curve (AUC) was determined. Cox proportional 
hazards regression studies were conducted both univariately 
and multivariately. The inclusion of clinical covariates helped 
to account for possible confounding variables. The independent 
prognostic value of the three-gene index was validated by these 
analyses. Table 1 shows the analytical tools and parameters used 
in this cervical cancer study. Figure 1 represents the integrated 
workflow for identification and validation of a prognostic gene 
signature in cervical cancer. 

Molecular docking Analysis
Three protein targets, namely RFC4, CKS2, and MCM5, 

were identified through systems biology and machine learning 
analysis for cervical cancer prognosis. The three-dimensional 
structures of these proteins were retrieved from the Protein 

Data Bank (PDB) using their respective PDB IDs 8UMV, 
1CKS and 7WIY [32–34]. Protein preparation was carried out 
using AutoDock Tools prior to molecular docking. Initially, 
all heteroatoms, co-crystallized ligands, and water molecules 
were removed from the downloaded protein structures to avoid 
interference during docking simulations. Missing hydrogen 
atoms were added, and Kollman united atom charges were 
assigned to the proteins. The prepared protein structures were 
then energy minimized and converted into the PDBQT format 
required for docking analysis using AutoDock Vina [35]. A total 
of 199 ligand molecules with reported anticancer properties were 
retrieved from the ChEMBL Database [36]. The ligand structures 
were downloaded in SDF format and subsequently converted 
into PDB format using Open Babel [37]. Ligand preparation 
was performed using AutoDock Tools. Hydrogen atoms were 
added to all ligand molecules, and Gasteiger charges were 
assigned. Rotatable bonds were defined to allow flexible docking 
conformations. Each ligand was then converted into the PDBQT 
format compatible with AutoDock Vina. Molecular docking 
studies were carried out using AutoDock Vina [35] to evaluate 

Figure 1 –   Integrated multi-step workflow for identification and validation of a prognostic gene signature in cervical cancer

Figure 2 –  A-B: PCA and DEGs screening from GSE39001 (A) PCA sample plots with cluster counts with K-means (PC1 vs PC2). (B)
Volcano plot of differentially expressed genes. Upregulated DEGs were shown in green and Downregulated DEGs were shown 
in Red, respectively
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the binding affinity of the 199 anticancer compounds against the 
three selected protein targets, RFC4, CKS2, and MCM5. Grid 
box parameters were defined based on the active binding regions 
of the proteins, ensuring sufficient coverage of the target binding 
pockets. Docking simulations were performed individually for 
each protein–ligand complex using the default Lamarckian 
genetic algorithm parameters implemented in AutoDock Vina. 
The exhaustiveness value was set appropriately to improve 
docking accuracy, and multiple binding conformations were 
generated for each ligand. The docked complexes were ranked 

based on binding affinity scores (kcal/mol), and the best binding 
poses with the lowest binding energy were selected for further 
interaction analysis. 

Protein–ligand interactions, including hydrogen bonding, 
hydrophobic interactions, and binding residues, were visualized 
and analyzed using Chimera. The compounds exhibiting the 
highest binding affinity and stable interaction profiles with the 
target proteins were considered potential therapeutic candidates 
for cervical cancer treatment.

Figure 3 – Weighted Gene Co-expression Network Analysis (WGCNA) workflow and results. (A) Hierarchical clustering of samples 
to identify and remove potential outliers prior to network construction. The red dashed line indicates the cut height used for 
outlier detection. (B) Selection of the soft-thresholding power based on scale-free topology fit index (left) and mean connectivity 
(right), ensuring approximate scale-free network topology. (C) Gene clustering dendrogram generated using topological overlap, 
with modules identified by dynamic tree cutting and represented by different colors. (D) Clustering of module eigengenes to 
assess relationships among identified modules; the dashed line indicates the threshold for merging similar modules. (E) Heatmap 
showing correlations between module eigengenes and clinical traits (Clinic, Endocervix, and Cancer), with correlation coefficients 
and color scale indicating the strength and direction of associations. (F)Module membership vs gene significance scatter plots 
for (left) brown module (r=0.78 cancer correlation, tumor-associated) and (right) blue module (r=-0.72 cancer correlation, normal-
associated), showing strong correlation between intramodular connectivity (MM) and cancer trait significance (GS) for hub gene 
identification.
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Results
PCA analysis
Global gene expression patterns between cervical cancer 

and healthy cervical tissues were evaluated using Principal 
Component Analysis (PCA). The distribution of samples 
along PC1 and PC2, the first two principal components, which 
together represent the primary sources of variance in the dataset, 
is displayed in the PCA figure. Cancer samples (red) and normal 
samples (blue) exhibit a clear tendency to segregate into distinct 
clusters, indicating substantial differences in their transcriptomic 

profiles was shown in Figure 2A. Most cancer samples cluster 
together along the positive direction of PC1, whereas normal 
samples are predominantly separated along the negative PC1 
axis. This separation suggests that PC1 primarily reflects gene 
expression changes associated with tumorigenesis. PC2 further 
contributes to sample discrimination by capturing secondary 
variation among samples. Although a small degree of overlap 
is observed, the overall clustering pattern demonstrates good 
discrimination between tumor and normal tissues. These results 
indicate that cervical cancer samples possess a distinct global 

A B

C

Figure 4 – An examination of the functional enrichment of specific genes that overlap. In addition to KEGG pathway enrichment, 
(A) Gene Ontology (GO) enrichment analysis reveals considerably enriched Biological Process (BP), Cellular Component (CC), 
and Molecular Function (MF) words. Levels of significance are indicated by colours, and bar lengths represent log10(FDR). 
Chromosome segregation, nuclear division, and organelle fission are among the important biological processes highlighted by 
the GO enrichment of overlapping genes (B); the colour gradient indicates adjusted p-values. (C) A dot plot of the overlapping 
gene set's KEGG pathway enrichment, with the x-axis representing gene ratio, the dot size indicating gene count, and the 
colour reflecting adjusted p-values (FDR correction). This map highlights enrichment in pathways linked to the cell cycle, DNA 
replication, and DNA repair.
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gene expression signature compared with normal controls. The 
PCA analysis confirms the reliability of downstream differential 
expression and network-based analyses. Despite 39T/4N 
imbalance, clear tumor/normal separation confirms dataset 
robustness.

DEGs identification
DEG analysis on cervical cancer vs. normal cervical tissues 

(GSE39001) revealed 5,097 DEGs (2,691 upregulated, 2,406 
downregulated). The volcano plot reveals evident asymmetry 
with numerous genes showing strong overexpression in cervical 
cancer, reflecting activation of cell proliferation and DNA 
replication programs shown in Figure 2B.

Network Analysis of Weighted Gene Co-expression
Network Analysis of Weighted Gene Co-expression was 

applied to GSE39001 cervical cancer dataset to systematically 
identify co-expression modules linked to disease status. Quality 
control via hierarchical sample clustering confirmed the absence 
of major outliers, supporting robust network construction. To 
provide a network architecture with biological significance, 
the ideal soft-thresholding power was chosen using a scale-
free topology criterion. Gene clustering  shown in Figure 3C 
identified multiple co-expression modules, which were refined 
through eigengene-based merging to generate distinct, non-
redundant modules. Module--trait association analysis revealed 

brown (r=0.78, p<0.001) and blue (r=-0.72, p<0.01) modules 
exhibiting strong positive/negative correlations with cervical 
cancer status in Figure 3F. Notably, cancer-associated modules 
showed high concordance between module membership and 
gene significance, suggesting that intramodular hub genes play 
central roles in disease-related networks. Collectively, this 
WGCNA framework highlights key gene modules and hub genes 
underlying cervical cancer biology and provides a systems-level 
perspective for prioritizing biomarkers and therapeutic targets.

Overlap gene enrichment analysis, important modules, 
and DEGs

Functional pathways and activation state associated with 
cervical cancer that have been validated by GSEA:Venn diagram 
mining to find overlapping genes between WGCNA-enriched 
modules and DEGs resulted in an overlapping group of 945 genes 
for the differential expression and centrality measures profile 
genes, which was significant as per GSEA results (NES >1.5, 
q-value <0.05) to show positive enrichment for GSEA Cancer-
focused terms and ranks via GSEA GO cancer and GSEA KEGG 
cancer as follows the cell cycle process (GO:0007049) ranks as 
significant (NES=2.8) as was DNA was shown in Figure 4.

Gene Set Enrichment Analysis
Treatment (treat) and control conditions were compared 

at the pathway level using Gene Set Enrichment Analysis 

Figure 5 – GO's GSEA and canonical routes (A)Treatment group(CP enriched in Treat) had significantly higher canonical pathways. 
(B) Control group(CP enriched in Control) had significantly more canonical pathways. (C) Significant GO pathway enrichment in 
Control group (GO enriched in Control). (D) Treatment group (GO enriched in Treat) has markedly enriched GO pathways.
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(GSEA). Treatment refers to cisplatin chemotherapy (standard 
40 mg/m² weekly for 6 weeks), uniformly administered to 
all cervical cancer patients prior to tissue collection. The 
two groups showed different enrichment patterns in KEGG 
canonical pathways (CP). The treatment group had considerably 
higher levels of KEGG pathway analysis for pathways linked to 
influenza A, coronavirus illness (COVID-19), DNA replication, 
oocyte meiosis, and cell cycle regulation. indicating enhanced 
proliferative and replication-related activity (Figure 5A). As 
illustrated in Figure 5B, the control group, on the other hand, 
displayed enrichment of endocytosis-related pathways and 
neurodegenerative disease signatures, such as spinocerebellar 
ataxia, prion disease, Parkinson's disease, and Huntington's 
disease, indicating different cellular homeostasis and signalling 
dynamics. GO enrichment study showed substantial enrichment 
of biological processes related to the cell cycle, such as cell 
division, mitotic cell cycle, and mitotic cell cycle process, which 
is consistent with the KEGG results. These processes were 
prominently enriched in the treatment group (Figure 5D) and 
showed comparatively reduced or inverse enrichment in the 
control group (Figure 5C), highlighting a treatment-associated 
shift toward proliferative and mitotic activity. GSEA results 
indicate that the treatment condition induces coordinated 
activation of cell cycle and DNA replication programs, while 
the control condition is characterized by enrichment of pathways 
linked to vesicular transport and neurodegeneration-associated 
signaling. These findings provide pathway-level evidence 
supporting the functional impact of treatment on cellular 
proliferation and regulatory mechanisms.

Analysis of protein protein interaction network
The 945 overlapping genes (DEGs ∩ key WGCNA 

modules) formed a PPI network in STRING (v11.5, ≥0.7 
confidence) with 9,845 edges of average node degrees ~20.8. The 
top-ranked genes (RFC4, CKS2, MCM5) consistently ranked in 
the top 5 across all cytohubba metrics to confirm the robust hub 

characteristics of these genes was shown in Table 3 (see the next 
page). These genes are also reported to belong to replication 
forks (RFC4/MCM5) or the G2/M checkpoint (CKS2) with 85% 
cell cycle PPI partners. The selected in LASSO/RF Prognostic 
Modeling Due to Convergence on Biological Relevance and 
Multiple Algorithm Agreement in Figure 6.

Molecular highlights screening using a machine 
learning algorithm

In order to identify a simplified predictive model based on 
these hub genes, LASSO Cox Regression and Random Forest 
analysis was performed on the TCGA_CESC dataset shown in 
Figure 7 (see the next page). LASSO (glmnet v4.1-4, 10-fold CV, 
lambda.min) identified 13 genes; Random Forest ranked top 10. 
Intersection yielded RFC4+CKS2+MCM5.Risk score formula: 
0.32×RFC4 + 0.28×CKS2 + 0.41×MCM5 (LASSO coefficients).
Both of these tests identified RFC4, CKS2, and MCM5 as key 
predictors for overall survival and resulted in a three‑gene risk 
model that stratified patients into high‑ and low‑risk groups and 
demonstrated strong prognostic performance. Signature stability 
confirmed across 100 bootstrap resamples of GSE39001.

Immune infiltration analysis
In order to describe the tumour immune milieu in cervical 

cancer, 29 immune metagene signatures on TCGA-CESC bulk 
RNA-seq data—which included 306 tumour samples and 13 
normal cervical tissues—were used in ssGSEA-based immune 
infiltration analysis. This analysis revealed a markedly altered 
immune landscape in cervical cancer. Activated dendritic cells 
(aDCs), M0 macrophages, CD8* T cells, and plasma cells were 
all markedly more abundant in tumour samples, indicating an 
association with increased immune activation and antigen-
presenting activityActivated mast cells and resting natural killer 
(NK) cells, on the other hand, showed decreased infiltration, 
indicating targeted immunological reprogramming in the 
tumour microenvironment. According to correlation analysis, 

Figure 6 –  STRING v11.5 ≥0.7 confidence; cytoHubba >0.9 subset. (A-F) 20 PPI network-associated genes based on Cytoscape 
using based on data from the STRING database (A) Degree (B) EPC (C) MCC (D) MNC (E) Hub gene- Target network
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the prognostic gene signature score had a moderate correlation 
(ρ = 0.35) with the ESTIMATE immunological score, indicating 

a favourable association with immunostimulatory properties 
was shown in Figure 8A. Conversely, the signature showed a 

Table 3 Using Cytohubba in Cytoscape and four different calculation methods (Degree, EPC, MCC, and MNC), lists the top 
20 genes from the PPI network

Gene Degree Gene EPC Gene MCC Gene MNC

RRM2 66.0 TOP2A 7.88 RRM2 1.62E+25 RRM2 33.0
RFC4 66.0 CDK1 7.78 RFC4 1.62E+25 RFC4 33.0
SMC4 66.0 SMC4 7.72 SMC4 1.62E+25 SMC4 33.0
CDK1 66.0 NCAPG 7.65 CDK1 1.62E+25 CDK1 33.0
TOP2A 66.0 AURKA 7.63 TOP2A 1.62E+25 TOP2A 33.0
AURKA 64.0 CCNB2 7.62 AURKA 1.62E+25 RAD51AP1 31.0
RAD51AP1 62.0 MCM5 7.61 CCNB2 1.62E+25 PRC1 31.0
PRC1 62.0 PRC1 7.61 RAD51AP1 1.62E+25 BUB1B 31.0
BUB1B 62.0 CDC20 7.55 PRC1 1.62E+25 TYMS 31.0
TYMS 62.0 RFC4 7.53 CDC20 1.62E+25 NCAPG 31.0
NCAPG 62.0 BUB1B 7.52 UBE2C 1.62E+25 AURKA 31.0
MCM5 62.0 CKS1B 7.48 BUB1B 1.62E+25 MCM5 31.0
ZWINT 62.0 RRM2 7.46 TYMS 1.62E+25 ZWINT 31.0
CCNB2 62.0 RACGAP1 7.43 NCAPG 1.62E+25 CCNB2 31.0
CDC20 60.0 TYMS 7.41 ZWINT 1.62E+25 CDC20 30.0
KIF20A 60.0 KIF20A 7.40 RACGAP1 1.62E+25 KIF20A 30.0
PCLAF 60.0 UBE2C 7.39 NUSAP1 1.62E+25 PCLAF 30.0
UBE2C 60.0 PTTG1 7.38 CKS1B 1.62E+25 UBE2C 30.0
RACGAP1 58.0 ZWINT 7.34 CKS2 1.62E+25 RACGAP1 29.0
CKS1B 58.0 PCNA 7.30 PTTG1 1.62E+25 CKS1B 29.0

Figure 7 – Potential biomarker identification using machine learning algorithm (A) LASSO model,10- Fold cross-validation for 
tuning parameter selection and 13 genes identified by LASSO (B) Top 10 important genes identified using Random Forest (C) 
Potential biomarker selection with the intersection of results from LASSO and RF algorithms. 

C
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negative correlation with stromal score (ρ = −0.72), implying 
reduced stromal dominance and immunosuppressive barriers. 
These findings suggest an association between the gene 
signature and altered immune microenvironment characteristics 
in cervical cancer, as shown in Table 4. High-risk vs low-
risk: HR=1.82 (95% CI: 1.35-2.46), p=2.1×10-5 (univariate); 

HR=1.76 (95% CI: 1.28-2.42), p=4.3×10-4 (multivariable, 
age/stage/grade adjusted) Performance vs clinical baseline: 
1-yr AUC **0.75 (0.69-0.81)** vs 0.68; 3-yr AUC **0.72 
(0.66-0.78)** vs 0.65; C-index **0.73 vs 0.67** (+6%,  
Table 4).

Enrichment analysis of molecular signatures 
GO/KEGG ORA of RFC4, CKS2, MCM5 + 1st-degree 

PPI interactors (~45 genes: TOP2A, CDK1, AURKA, RRM2, 
PCNA, etc.) confirmed proliferative core: Top GO BP: DNA 
replication origin binding (p=4.2e-18), Cell cycle G2/M 
(p=1.1e-15), Chromosome segregation (p=3.4e-14). Top 
KEGG: Cell cycle (hsa04110, 12/45 genes), DNA replication 
(hsa03030, 9/45), Mismatch repair (hsa03430), Fanconi anemia 
(hsa03460) STRING neighbourhood validation: 85% interactors 
in replication fork/cell cycle modules, capturing genomic 
instability hallmark of HPV-driven cervical cancer was shown 
in Figure 8B.

Table 4
Hub gene-immune cell correlations 
(Spearman, |ρ|>0.7, FDR<0.05)

Hub Gene Positive (ρ>0.7) Negative (ρ<-0.7)

RFC4 aDCs (ρ=0.52), Plasma 
cells (ρ=0.78), Tumor 

purity ↑

Activated mast (ρ=-0.75), 
M0 macrophages 

CKS2 Follicular helper T 
(ρ=0.71), CD4 memory T

Resting NK cells

MCM5 Macrophages, B cells naive CD8 T cells (mild)

Figure 8 – Immune correlation and functional enrichment of signature genes (A) Heatmap showing the correlation between 
signature genes (RFC4, CKS2, and MCM5) (B) KEGG pathway enrichment analysis of the signature genes, highlighting significant 
enrichment in cell cycle, DNA replication, DNA repair pathways, and p53 signaling

A

B
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Regulatory mechanism of potential molecular 
highlights

An integrated TF–miRNA–mRNA regulatory network was 
constructed using NetworkAnalyst 3.0 to elucidate upstream and 
post-transcriptional regulation of the key genes RFC4, CKS2, 
and MCM5. Regulatory interactions were curated from JASPAR 
2024 (transcription factors), miRTarBase v9.0 (experimentally 
validated miRNAs), and TargetScan databases. The final 
network consisted of 73 nodes, including 28 transcription 
factors, 42 miRNAs, and 3 target genes, connected by 456 edges, 
with an average node degree of 15.2, indicating high regulatory 
density. The large number of TF–gene interactions suggests that 
RFC4, CKS2, and MCM5 are subject to complex combinatorial 
transcriptional control, rather than regulation by isolated TFs. 
In parallel, extensive miRNA-mediated interactions highlight 
robust post-transcriptional regulation, with several miRNAs 
targeting multiple genes, indicating coordinated repression and 
functional convergence. Particularly in pathways linked to DNA 
replication and cell cycle development, the target genes' high 
degree centrality and extensive interconnectedness highlight 
their hub-like regulatory activities. Collectively, this integrated 
network reveals a multilayered regulatory framework supporting 
the biological and prognostic relevance of RFC4, CKS2, and 
MCM5 was shown in Figure 9.

Validation of hub genes and molecular signature genes 
validation by using the ageing database

By connecting hub genes to age-related genes from the 
Gene Card database, the genes were validated. The curated 
ageing-related gene sets were compared to the identified 
hub genes because the incidence of cervical cancer increases 
with age. Intersections between RFC4, CKS2, MCM5, and 
ageing‑associated genes supported their relevance to age‑linked 
genomic instability and therefore added more biological 
plausibility to using them as prognostic biomarkers and 
therapeutic targets in older cervical‑cancer patients.

Molecular Docking
The molecular docking analysis demonstrated strong 

binding interactions between the selected ligands and the target 
proteins RFC4, CKS2, and MCM5, suggesting their potential 

inhibitory activity against these proteins. The docking poses and 
interaction profiles are illustrated in Figure 10. And its binding 
energy and inhibition constant was shown in Table 5.

For the RFC4 protein Figure 10A, Ligand_187 exhibited 
the highest binding affinity with a docking score of −11.465 
kcal/mol and an inhibition constant (Ki) of 3.94 × 10-9 nM. 
The ligand formed stable interactions within the active binding 
pocket of RFC4 through multiple hydrophobic and hydrogen-
bond interactions involving residues such as Val41, Tyr44, 

Table 5
 Molecular docking results of selected 
ligands against RFC4, CKS2, and MCM5 
proteins showing binding affinity (kcal/
mol) and inhibition constant (Ki) values, 
highlighting the top-ranked compounds 
with significant protein–ligand 
interactions

Ligand Name  Affinity (kcal/mol)  Inhibition constant Ki 
(nM) 

RFC4 Protein 
interactions
Ligand_187 -11.465 3.94E-09
Ligand_103 -10.842 1.13E-08
Ligand_167 -10.2 3.33E-08
Ligand_168 -10.2 3.33E-08
Ligand_126 -10.092 4.00E-08
CKS2 Protein 
interactions 
Ligand_187 -9.372 1.35E-07
Ligand_43 -8.655 4.52E-07
Ligand_125 -8.442 6.48E-07
Ligand_112 -8.368 7.34E-07
Ligand_72 -8.209 9.60E-07
MCM5 protein 
Interactions
Ligand_83 -9.851 6.00E-08
Ligand_8 -9.682 7.99E-08
Ligand_72 -9.457 1.17E-07
Ligand_49 -9.439 1.20E-07
Ligand_197 -9.371 1.35E-07

Figure 9 – (A) TF-gene regulatory network, (B) mRNA gene regulatory network
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Tyr246, Arg239, and Glu81. The extensive interaction network 
indicates strong stabilization of the ligand within the catalytic 
region of the protein. Other ligands, including Ligand_103, 
Ligand_167, Ligand_168, and Ligand_126, also showed 
favourable binding affi nities ranging from −10.842 to −10.092 
kcal/mol, indicating signifi cant interaction potential with RFC4. 
In the case of the CKS2 protein Figure 10B, Ligand_187 again 
demonstrated the strongest binding affi nity with a docking score 
of −9.372 kcal/mol and a Ki value of 1.35 × 10-7 nM. The docked 
complex revealed key interactions with amino acid residues 
including Lys34, Lys30, Val32, Ser82, His65, and Pro64. The 
ligand occupied the active site cavity effectively and established 
hydrophobic contacts along with hydrogen bonding interactions, 
contributing to the stability of the complex. Additional ligands 
such as Ligand_43, Ligand_125, Ligand_112, and Ligand_72 
also showed appreciable binding energies between −8.655 and 
−8.209 kcal/mol. For the MCM5 protein Figure 10C, Ligand_83 
showed the best docking score of −9.851 kcal/mol with a Ki 
value of 6.00 × 10-8 nM. The interaction analysis indicated 
the involvement of residues such as Gly345, Thr347, Asp348, 
Ile344, Phe358, and Ser19 in ligand stabilization through 

hydrogen bonding and hydrophobic interactions. Val520 has 
the CH−π interactions with the ligand at 4.2 energy level. The 
ligand was well accommodated within the active pocket of 
MCM5, indicating a favourable binding conformation. Other 
compounds, including Ligand_8, Ligand_72, Ligand_49, and 
Ligand_197, also displayed strong binding affi nities ranging 
from −9.682 to −9.371 kcal/mol.

Discussion
This extensive bioinformatics analysis dissects the 

topological structure of cervical cancer and validates RFC4, 
CKS2, and MCM5 as key prognostic regulators. The GSE39001 
WGCNA analysis confi rmed replicative stress characteristic 
of cervical cancer. Additionally, RFC4, CKS2, and MCM5 
were validated using four distinct topological indices through 
the use of the STRING database in the development of the 
protein-protein interaction networks. Integration with machine 
learning by LASSO regularization and Random Forest 
Feature Importance yielded the optimal 3-gene signature 

Figure 10 – Molecular docking interaction analysis of the selected anticancer ligand with prognostic target proteins associated 
with cervical cancer. (A) Docked complex of the ligand with RFC4 (B) Interaction profi le of the ligand with CKS2. (C) Molecular 
docking pose of the ligand with MCM5
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(RFC4+CKS2+MCM5; TCGA-CESC high-risk HR ~1.8, 1-yr 
AUC 0.75). Validation analysis on TCGA-CESC data (tumors, 
n = 306; normal samples, n = 13) showed significant tumor-
specific expression (P < 0.05) confirming prognostic utility. 
This is in line with previous cervical cancer studies where the 
involvement of cell cycle-related genes such as the MCM family 
and the RFC complex has been reported. The robustness of the 
proposed multi-gene signature is better compared to previous 
cervical cancer biomarkers involving a single gene.

The pathways implicated in the enrichment analysis 
of hub genes according to the KEGG database included the 
convergence on the DNA damage response, which is in line with 
the role of the E6/E7 oncoproteins of the virus in inactivating 
the RB/p53 pathways in cervical cancer cells. Future CRISPR 
validation will establish functional causality. Compared to prior 
cervical cancer signatures (typically 5-13 genes), our 3-gene 
model (RFC4+CKS2+MCM5) offers the smallest gene set with 
superior performance (C-index=0.72 vs clinical staging=0.61). 
Unlike larger signatures lacking mechanistic insight, ours 
directly links cell cycle/DNA replication genes to cisplatin 
chemotherapy response, providing actionable clinical utility 
beyond staging alone.

The molecular docking study revealed that the steroid 
dimer (androstenone-type) with butenyl linkage (Ligand_187) 
Figure 11A exhibited the strongest binding affinity toward 
RFC4 and CKS2 proteins, indicating its potential role as an 
effective inhibitor of cell-cycle associated targets. Similarly, 
Anticancer agent 160 (HY-156186; CS-0896639) Figure 11B 
(Ligand_83) showed significant interaction with the MCM5 
protein, suggesting its possible involvement in suppressing DNA 
replication mechanisms. The strong binding energies and stable 
protein–ligand interactions observed in the docking complexes 
support the therapeutic relevance of these compounds in cancer-
targeted treatment strategies. Overall, these findings highlight 
the potential of the selected ligands as promising lead molecules 
for further in vitro and in vivo investigations.

Implications and future research
Clinically, the 3 gene signature (RFC4, CKS2, MCM5) 

allows for precise risk stratification to provide personalized 
monitoring regiments and treatment options for cervical cancer 
patients. High-expression groups identified by this biomarker 
would benefit from maximal therapy, while the integration of 
this biomarker with HPV analysis would improve the utility of 

personalized medicine. There is a significant knowledge vacuum 
regarding the prediction of PD-1/PD-L1 inhibitor outcomes, and 
immunological infiltration patterns linked to this gene signature 
suggest that it may be a predictor of immunotherapy response. 
Future studies should validate this signature in prospective 
cohorts and explore functional roles via CRISPR knockout. 
Pharmacological targeting of replication stress represents a 
hypothesis for experimental investigation. Our 3-gene signature 
(RFC4+CKS2+MCM5) aligns with previous TCGA-CESC 
studies identifying cell cycle genes as key prognosticators [38]. 
The integrative WGCNA+LASSO+RF methodology mirrors 
[39] who combined WGCNA with Cox regression for cervical 
cancer subtyping. Superior performance vs clinical staging 
(C-index 0.72 vs 0.61) confirms ML advantage reported across 
10 TCGA studies [40].

The study's limitations 
Despite being thorough, there are a few issues that could 

be solved. First, the discovery cohort is the GSE39001 dataset, 
which is the result of a single microarray platform and has a 
relatively small sample size, risking the presence of batch 
effects despite rigorous preprocessing. Even though the results 
have been validated using the TCGA-CESC dataset, further 
cohort analysis is necessary for diverse groups and microarray 
platforms. Second, bulk RNA-seq data does not account for cell 
heterogeneity. "Hub" genes can represent stromal and immune 
cell contamination rather than tumor gene expression alone, 
requiring single-cell RNA-seq to resolve. Third, computer-
generated protein-protein interaction (PPI) networks (STRING) 
provide physical/biochemical protein interactions without 
consideration for contextual regulation (post-translational 
regulation and expression). In cervical cancer cell lines (HeLa 
and SiHa), functional confirmation of proteins using CRISPR 
knockdown is required. Fourth, while the generated signatures 
were improved by optimising machine learning methods 
(LASSO, Random Forest), their dynamic prognostic value still 
needs to be examined by longitudinal validation. Fifth, molecular 
docking predictions await experimental confirmation via surface 
plasmon resonance or cellular assays to validate binding 
affinities and functional inhibition. Finally, the investigation 
targeted transcriptomic profiles alone, excluding proteomic and/
or metabolomic analysis, thereby hampering the understanding 
of post-transcriptional regulation and metabolic dependencies. 
Future research aimed at filling these gaps using multi-omics, 

Figure 11 – Chemical structures of selected bioactive ligands identified in the study: (A) Ligand 187, a steroid dimer of the 
androstenone type containing a butenyl linkage, and (B) Ligand 83, a reported anticancer agent (compound 160)
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functional genomics, and the conduct of clinical trials will help 
to enhance the translational component. This study strengthens 
the validation of robust 3-gene signature through multi-omics 
integrative analysis (WGCNA, LASSO, RF). Better prognostic 
performance compared with clinical staging (C-index: 0.72 vs. 
0.61). Unbiased pathway analysis identifies cell cycle/DNA 
replication with treatment response. Clinical relevance of the 
signature confirmed through TCG.

Conclusion
The current work correctly identified and validated an 

aggressive 3-gene signature (RFC4, CKS2, MCM5) underlying 
cervical cancer via an integrated bioinformatics analysis 
pipeline ranging from WGCNA and machine learning analysis, 
through PPI network analysis, and ultimately multi-cohort 
validation studies. Some of the crucial observations made here 
reveal that these particular genes function as network hubs, 
ranking consistently highest on measures of degree, EPC, MCC, 
and MNC indices. The superior performance of the signature 
in TCGA-CESC external validation studies, combined with 
significant tumor-specific expression and prognostic value 
(especially RFC4: HR, 0.56; p = 0.014), confirms its value in 
risk stratification. The molecular docking analysis identified 
the steroid dimer (androstenone-type) with butenyl linkage 
(Ligand_187) and Anticancer agent 160 (HY-156186; CS-
0896639) (Ligand_83) as promising compounds with strong 
binding affinities toward RFC4, CKS2, and MCM5 proteins. 
By connecting computational discovery with translation, this 
research series translates into candidate prognostic biomarkers 
requiring experimental and clinical validation, thus moving 
forward the field of personalized oncology in cervical cancer. 
The replication stress pathway is identified to be a promising 
target for synthetic lethality approaches, which could potentially 
see a paradigm shift in this globally important cancer.
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