
276

Introduction

The outlook for cervical cancer is influenced by va-
rious elements, such as the stage of the cancer at the time 
of diagnosis (1). Per the National Cancer Institute, the 
5-year relative survival rate for early-stage cervical cancer 
is 91-92% (2). However, if diagnosed after spreading to 
nearby tissues, organs, or lymph nodes, the rate decreases 
to 57-59% (3). The FigureO stage (including the extent of 
disease spread and lymph node involvement) is conside-
red the most important prognostic factor in cervical cancer 
survival (4). While early-stage cervical cancer treatment 
can achieve a clinical cure, advanced cervical cancer has 
a poor prognosis. Identifying Hub genes related to cervi-
cal cancer progression is valuable for early diagnosis, dis-
covering new treatments, and improving patient survival 
and prognosis.There have been several recent studies that 
have used bioinformatics analysis and gene expression 
profiling to identify key genes and pathways involved in 
the development of cervical cancer (5-9). For instance, a 
BMC Cancer study utilized bioinformatics analysis to dis-
cover key genes and pathways involved in cervical cancer 
progression (10). The study identified 476 DEGs enriched 

in 22 biological processes, 16 cellular components, and 
9 molecular functions. Another study found 7 modules 
with 76 hub genes, with enrichment analysis revealing 
increased genes related to cell cycle, DNA replication, and 
p53 signaling (11). The study. While several studies have 
shed light on the dysregulated pathways and potential bio-
markers, there still exist several gaps that warrant further 
investigation.

In this study, we analyzed mRNA expression data from 
GEO and TCGA databases using differential gene expres-
sion analysis. We conducted functional annotation and 
pathway analysis of core genes, identified hub genes, and 
verified their expression levels and prognostic value. This 
will pave the way for future research and potentially lead 
to the development of more effective diagnostic and thera-
peutic strategies for cervical cancer.

Materials and Methods

Data Acquisition
Transcriptomic data and clinical information of cervical 

squamous cell carcinoma (CESC) patients were obtained 
from the Gene Expression Omnibus (GEO) database. The 
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dataset GSE9750, which includes data from 66 samples, 
including 33 primary tumors, 9 cell lines, and 24 normal 
cervical epithelium samples, was utilized for the analysis.

Differential Gene Expression Screening
GEO dataset GSE9750 was taken as the study subject. 

The criteria utilized for screening DEGs involved setting 
a log2|FC| > 1 and adjusted p < 0.05. The results were 
illustrated through a Venn diagram to depict the overlap 
between different conditions, and gene expression patterns 
were visualized using the R software package "heatmap". 
Additionally, volcano plots representing the significance 
of differential expression were generated using the R pac-
kage "volcanoes".

Functional Enrichment Analysis of differentially ex-
pressed genes (DEGs)

Firstly, the DEGs identified in the previous step were 
subjected to Gene Ontology (GO) analysis, which involved 
annotating the genes based on their biological processes, 
molecular functions, and cellular components. The GO 
analysis was carried out using online platforms Database 
for Annotation, Visualization, and Integrated Discovery 
(DAVID). Subsequently, pathway enrichment analysis 
was performed utilizing pathway databases Kyoto Ency-
clopedia of Genes and Genomes (KEGG) and Reactome. 
The statistical significance of enrichment was assessed 
using hypergeometric tests to identify pathways that were 
overrepresented among the DEGs.

Protein-Protein Interaction (PPI) Network Analysis
DEGs were mapped onto existing PPI databases 

STRING to establish a comprehensive network of physi-
cal protein interactions. Subsequently, Cytoscape was em-
ployed to visualize and analyze the complex network. The 
generated PPI network allowed for the identification of 
densely connected regions and clusters of interacting pro-
teins. A heatmap was utilized to illustrate the expression 
patterns of hub genes in different samples or conditions. 
The molecular Complex Detection (MCODE) algorithm 
was used to identify densely connected subnetworks with 
distinct colors. Top hub genes were identified from ran-
king using the Diffusion State Distance Matrix (DMNC) 
method, which is based on their network centralities.

Gene Set Enrichment Analysis (GSEA)
The functional significance of DEGs was analyzed 

using GSEA (version 4.1.0), with pathway exploration 
conducted using the MSIGDB database (http://software.
broadinstitute.org/gsea/msigdb) (12). For the enrichment 
analysis, the standard weighted enrichment method was 
utilized. A random combination was performed 1000 
times, and an FDR of less than 0.25, an absolute NES va-
lue greater than 1, and an NOM p-value of less than 0.05 
were deemed to signify significant enrichment.

LASSO Analysis and Prognostic Gene Signature Deve-
lopment

To develop a robust prognostic gene signature, LASSO 
(Least Absolute Shrinkage and Selection Operator) ana-
lysis was employed as a feature selection method. The 
"glmnet" package in R was employed to perform LASSO 
regression. To identify the most suitable lambda value, k-
fold cross-validation was conducted using the cv.glmnet 

function. The "timeROC" package was used to evaluate 
the predictive accuracy of the signature by constructing re-
ceiver operating characteristic (ROC) curves. Risk Score 
= ∑ (n, i) Xi × Yi (X: coefficient, Y: expression level).

The Prognostic Values of the Oxidative Stress-Related 
DEGs

To identify genes that play a role in the prognosis of 
cervical cancer patients, we searched The Cancer Genome 
Atlas (https://portal.gdc.cancer.gov/) for relevant prognos-
tic and clinicopathological data. Using the R packages 
survminer and survival, we screened for genes related to 
prognosis. Kaplan-Meier survival analysis was then em-
ployed to assess the impact of these genes on overall survi-
val (OS) in cervical cancer patients. A p-value of less than 
0.05 was used as the criterion for significance.

Verification of Prognosis-Related DEGs Expression
To verify the protein expression of DEGs in normal and 

tumor tissues, we analyzed data from TCGA cervical can-
cer dataset. This dataset provides comprehensive genomic 
and clinical data for a large cohort of cervical cancer pa-
tients, including gene expression profiles and correspon-
ding clinical information. The gene expression data were 
generated using microarray technology, and the clinical 
information included T stage, M stage, histologic grade, 
histologic type, overall survival (OS) status, clinical stage, 
and menopause status. Student’s t-tests and ANOVA were 
utilized to compare the expression levels.

Results

Transcriptomic Profiling and Sample Quality Assess-
ment in Cervical Cancer
A transcriptomic analysis was performed using the 
GSE9750 dataset to investigate differential gene expres-
sion in cervical cancer. A total of 12, 549 genes from 66 
samples were included in the analysis. The PCA plot dis-
played a clear separation of points between the reference 
group (blue) and the test group (red), indicating distinct 
differences based on the analyzed variables (Figure 1A). 
This observation confirmed reliable data quality and ef-
fective sample stratification. In volcano plot, applying a 
threshold of |Log2 (Fold Change) | > 1 and p.adj < 0.05, a 
total of 1633 genes were filtered and considered for sub-
sequent analysis (Figure. 1B). The expression patterns of 
the top 40 DEGs were examined using a heatmap (Figure. 
1C). Furthermore, the box and whisker plot displayed a 
consistent and comparable distribution of normalized va-
lues between the sample groups, with overlapping boxes 
and similar median values indicating an effective normali-
zation process that adjusted gene expression levels across 
samples, resulting in a reliable and standardized dataset 
for further analysis (Figure.1D).

Detection and Enrichment Analysis of Prognosis-Rela-
ted Genes

The Volcano plot displayed the differential gene expres-
sion results for 33, 148 diagnosis-related genes (Figure. 
2A), of which 3, 488 genes were highlighted and ranked 
based on their differential expressions (Figure. 2B). The 
Venn plot intersection revealed the overlap and unique-
ness of gene sets between GSE9750 and prognosis-related 
genes, with 1, 290 genes unique to GSE9750, 1, 562 genes 
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gesting their involvement in DNA synthesis and keratini-
zation, respectively (Figure. 3A-E). Additionally, "REAC-
TOME_DNA_REPLICATION" showed moderate enrich-
ment (NES=2.696). A ridge plot visualized the enrichment 
scores for various cell cycle-related terms, illustrating 
their relative significance (Figure. 3F).

PPI Network Analysis and Hub Gene Identification in 
Cervical Cancer

An enrichment heatmap was generated showcasing 
the ranking of terms related to biological processes and 
pathways. Based on these findings, the majority of pro-
teins were found to be involved in the following processes: 
mitotic cell cycle, cell cycle regulation, transitions in the 
cell cycle phases, and positive modulation of cell cycle 
progression (Figure. 4A). PPI network comprised 193 
nodes (proteins) and 2530 edges (protein interactions). 
The network was visualized with different colors, indica-
ting distinct clusters (MCODE1 to MCODE11) within the 
network (Figure. 4B). The PPI network was then enriched 

unique to prognosis, and 343 genes shared between both 
datasets (Figure. 2C). The bar plot illustrated the enrich-
ment analysis results, presenting the ranking of terms and 
pathways based on their significance represented by -log10 
(P value). The top-ranked terms and pathways included 
mitotic nuclear division (BP), nuclear division (BP), orga-
nelle fission (BP), Cell cycle (KEGG), and chromosomal 
region (CC) (Figure. 2D). The gene-concept network ana-
lysis highlighted the most prominent concepts based on 
gene counts. Among them, organelle fission demonstrates 
the highest gene count with 43 genes, followed closely by 
nuclear division (42 genes), mitotic nuclear division (35 
genes), chromosomal region (29 genes), and spindle (28 
genes) (Figure. 2E). The dot plot presented the GeneRa-
tio rankings for the top concepts. The concepts were listed 
in descending order as follows: organelle fission, nuclear 
division, Cell cycle, mitotic nuclear division, and chromo-
somal region (Figure. 2F). By digging comprehensive in-
sights into the analysis results, the Z-score ranking reveals 
the following top-ranked concepts, listed in descending 
order: nuclear division, chromosomal region, organelle 
fission, spindle, and mitotic nuclear division (Figure. 2G-
2I). 

Cell Cycle-Related Pathways Enriched in GSEA Ana-
lysis

Enrichment analysis using GSEA revealed several cell 
cycle-related pathways with significant enrichment scores. 
The pathways "REACTOME_CELL_CYCLE" and 
"REACTOME_CELL_CYCLE_MITOTIC" exhibited 
high enrichment scores (NES=4.178 and NES=4.021, 
respectively), indicating their crucial involvement in 
cell cycle progression. "REACTOME_CELL_CYCLE_
CHECKPOINTS" demonstrated a significant enrichment 
score (NES=3.199), emphasizing its role in regulating 
the progression of the cell cycle. The pathway "REAC-
TOME_MITOTIC_G1_PHASE_AND_G1_S_TRAN-
SITION" displayed moderate enrichment (NES=2.859), 
while "REACTOME_SYNTHESIS_OF_DNA" and 
"REACTOME_FORMATION_OF_THE_CORNIFIED_
ENVELOPE" exhibited distinct enrichment scores, sug-

Figure 1. Differential genes in GSE9750. (A) PCA plot. (B) Volcano 
plot. (C) Heatmap. (D) Box-and-whisker plot.

Figure 2. Detection and enrichment analysis of prognostic-related 
genes. (A) Volcano plot. (B) Difference ranking diagram. (C) Venn 
plot intersection. (D) Bar plot. (E) Gene-Concept Network. (F) Dot 
plot. (G-I) A visual form of the results after GO and KEGG analysis 
combined with logFC enrichment analysis.

Figure 3. GSEA results of differential gene sets. (A-E) classical plots. 
(F) Ridge plot.
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with MCODE analysis, with each node representing a 
protein, and the different colors representing distinct clus-
ters or subnetworks of proteins based on their functional 
associations (Figure. 4C). Among them, specific GO terms 
were color-coded to represent distinct biological pro-
cesses, such as mitotic cell cycle, cell cycle phase transi-
tion, and positive regulation of cell cycle process (Figure. 
4D). Hub genes were identified within PPI network using 
DMNC method and Cytoscape software. The top 10 hub 
genes in the network, namely HJURP, CDC25C, NCAPH, 
OIP5, CDC25A, DTL, DLGAP5, CENPF, ASPM, and 
CDCA3, were identified as key regulators in cervical can-
cer (Figure. 4E).

Prognostic Model Development and Performance Eva-
luation

DEGs associated with prognosis were subjected to 
Lasso regression to avoid overfitting and identify a robust 
prognostic model (Figure. 5A-C). Ultimately, 12 DEGs, 
including RETN, DMPK, TLE6, TLE5, C19orf53, AS-
F1B, PPP6R1, MED26, RASAL3, ILVBL, ZNF419, and 
SYDE1, were selected as crucial predictors for the model. 
Subsequently, employing the aforementioned formula, 
a personalized risk score was computed for each UCEC 
patient. Patients were then categorized into high- and low-
risk subgroups based on their risk scores. The prognostic 
model demonstrated favorable predictive accuracy, with 
area under the curve (AUC) values of 0.739 (RASAL3), 
0.707 (MED26), 0.947 (SYDE1), 0.878 (PPP6R1), 0.778 
(TLE5), 0.929 (DMPK), and 0.797 (ZNF419), respecti-
vely, for predicting overall survival (Figure. 5D-J). The 
seven-gene risk model emerged as a powerful tool for 

accurately forecasting the prognosis of cervical cancer 
patients.

Differential Expression Patterns of DEGs across Va-
rious Clinical Parameters and Outcomes in Cervical 
Cancer Patients.

Notably, distinct expression patterns were observed for 
C19orf53 and DMPK concerning the T stage (Figure. 6A), 
with C19orf53 showing higher expression in T1 compared 
to T2, T3, and T4, while DMPK exhibited the opposite 
trend. Regarding the M stage (Figure. 6B), C19orf53 and 
ILVBL displayed higher expression levels in M1 com-
pared to M0 and MX. Histologic grade analysis (Figure. 
6C) indicated lower expression of SYDE1, TLE6, and 
C19orf53 in G1 and G2 grades compared to G3 and G4 

Figure 4. Metascape and cytoscape visualization for hub gene. (A) 
Gene lists. (B-C) Enrichment analysis of the PPI network using 
MCODE analysis, with color distinction. (D) Color-coded represen-
tation of specific GO terms related to biological processes in the PPI 
network. (E) Hub genes in the PPI network were identified using the 
DMNC method.

Figure 5. LASSO screening prognostic genes and ROC test. (A) Vi-
sualization of prognosis lasso coefficient Statistics corresponding to 
each lambda value in the screening process of lasso coefficient. (B) 
Visualization of variation of the variable coefficient by the trajectory 
of prognosis lasso variable. (C) The risk factor diagram shows the 
trend of the prognosis model and included variables. (D-J) ROC chart 
to test the accuracy of prediction.

Figure 6. Significance of the screened genes in various clinical in-
dexes. (A) T stage analysis. (B) M stage analysis. (C) Histologic grade 
analysis. (D) Histologic type analysis. (E) Overall Survival (OS) ana-
lysis. (F) Clinical stage analysis. (G) Menopause status analysis.
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grades. Moreover, histologic type analysis (Figure. 6D) 
revealed differences in the expression of SYDE1, TLE6, 
RASAL3, and DMPK between patients who were alive 
and those who had passed away (Figure. 6E). Additionally, 
the clinical stage (Figure. 6F) showed higher expression 
in Stage I compared to Stage II, Stage III, and Stage IV. 
Lastly, menopause status analysis (Figure. 6G) indicated 
differential expression in postmenopausal and perimeno-
pausal patients for ILVBL, PPP6R1, and TLE6. These fin-
dings underscored the potential prognostic and diagnostic 
significance of the identified DEGs in cervical cancer.

Discussion

Cervical cancer, a common type of cancer among wo-
men, is characterized by complex interactions between 
various factors and genetic variations that contribute to 
its multi-stage development (13). Gaining insight into the 
molecular mechanisms behind cervical cancer is essen-
tial for improving treatment and early detection. Using 
microarray technology, a high-throughput method (14), 
we examined gene expression profiles in cervical cancer 
using the original dataset GSE9750, identifying 12, 549 
differentially expressed genes (DEGs) between cancerous 
cervical tissue and normal samples. Among these, 1633 
DEGs with fold changes exceeding 1 were selected for 
further comprehensive bioinformatics analysis, providing 
valuable insights into potential molecular targets for future 
research and therapeutic interventions.

The enrichment analysis highlighted significant terms 
and pathways, including mitotic nuclear division, nuclear 
division, organelle fission, Cell cycle, and chromosomal 
region, with key genes such as EDN3, NEK2, AURKA, 
and CDCA8. These findings align with existing research, 
where AURKA's highest expression during G2/M phase 
of the cell cycle and its role in regulating Polo Like Kinase 
1 (PLK1) have been well-documented in cervical cancer 
(15), Moreover, CDCA8's significant negative correlation 
with 5-year overall survival further supports its relevance 
as a prognostic marker (16, 17).

GSEA analysis yielded significant enrichment of pa-
thways such as cell cycle, DNA replication, and epithelial 
cell differentiation, which are pivotal in cancer develop-
ment and underscore their potential as therapeutic targets 
(18). Notably, NEK2, AURKA, FOXM1, CDCA8, and 
CDC25A were identified as key genes associated with 
these pathways, aligning with previous research findings. 
For instance, NEK2, a serine/threonine kinase involved in 
mitosis, has been linked to chromosome instability, tumor 
progression, and metastasis in cervical cancer (19). Addi-
tionally, the downregulation of CDC25A in ME180 and 
C33A cells has been shown to impede cell proliferation, 
arrest cell cycle progression, and induce cell apoptosis 
(20).

The construction of a PPI network gained insights into 
the functional interactions among the identified DEGs. 
Through this network analysis, we identified critical sub-
networks and hub genes that appear to play central roles in 
the network. These hub genes, such as HJURP, CDC25C, 
NCAPH, OIP5, CDC25A, DTL, DLGAP5, CENPF, 
ASPM and CDCA3, have been associated with cell divi-
sion, DNA replication, and cell cycle regulation, indica-
ting their importance in cervical carcinogenesis. Despite 
what is mentioned above (20), it has been evident that 

changes in the expression of CDC25C are closely related 
to tumorigenesis and tumor development and can be used 
as a potential target for cancer treatment (21). All these 
findings solidify our results.

LASSO regression analysis was conducted to identify 
a prognostic gene signature based on the DEGs. This gene 
signature, including RETN, DMPK, TLE6, and others, was 
able to accurately predict the overall survival of cervical 
cancer patients. Additionally, the gene signature showed 
significant differences in expression levels between va-
rious clinical characteristics strictly related to prognosis, 
such as T stage, M stage, histological grade, histological 
type, overall survival, clinical stage, and menopause sta-
tus (1, 22, 23), further confirming its potential clinical 
relevance. These findings deepen our understanding of the 
molecular heterogeneity in cervical cancer and may help 
tailor personalized treatment strategies.

Overall, our integrative bioinformatics analysis has 
provided valuable insights into the molecular landscape of 
cervical cancer. The identified DEGs, enriched pathways, 
hub genes, and prognostic gene signature hold great pro-
mise for further research and potential clinical appli-
cations. However, further experimental validation and 
functional studies are necessary to confirm the biological 
significance of these findings and translate them into cli-
nical practice. Our study lays the groundwork for future 
investigations and highlights the importance of bioinfor-
matics approaches in deciphering complex diseases like 
cervical cancer. 
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