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Integrated bioinformatics, machine
learning, and experimental
validation identify a four-gene
diagnostic signature for cervical
cancer associated with PI3K/AKT
signaling

Hailong Zhang'%®, Luhong Xiel*:¢, Yameng Liu*5, Hanlin Yang!2, Shaoju Min'-2,
Yurong Zhu'+?, Jie Ren®*, Xuehui Li%*?** & Yujie Tan%2**

Early and accurate diagnosis remains a major challenge in cervical cancer management. This study
aimed to identify reliable diagnostic biomarkers for cervical cancer by integrating bioinformatics

and machine learning approaches and to further validate their biological relevance experimentally.
Transcriptomic data from the Gene Expression Omnibus and The Cancer Genome Atlas were analyzed
using differential expression analysis, weighted gene co-expression network analysis, and three
machine learning algorithms to identify core genes. Diagnostic performance was evaluated using
receiver operating characteristic curves and a nomogram model. Functional relevance was explored by
drug sensitivity analysis, ssGSEA, immune infiltration analysis, and single-cell RNA sequencing. RT-
gPCR validation was performed in 10 paired cervical cancer and adjacent normal tissues, while Western
blotting was performed in three paired tissue samples. In vitro validation was conducted using SiHa
and Hela cells. Four genes, CCND1, TRIP13, MYBL2, and GNB4, were identified as potential diagnostic
biomarkers, and the combined model showed superior diagnostic performance compared with any
single gene (AUC=0.989). Treatment with 3-methyladenine altered the expression of these genes,
suggesting their potential association with PI3K/AKT-related pathway activity. Moreover, siRNA-
mediated GNB4 knockdown suppressed cervical cancer cell proliferation and reduced PI3K and AKT
phosphorylation, providing preliminary evidence for the functional involvement of GNB4 in PI3K/AKT
pathway activation. CCND1, TRIP13, MYBL2, and GNB4 may serve as promising diagnostic biomarkers
for cervical cancer. Their dysregulation was associated with PI3K/AKT pathway activity and may reflect
molecular alterations involved in cervical cancer progression. In particular, GNB4 showed potential
diagnostic relevance and preliminary functional significance, suggesting that it may represent a
candidate biomarker and molecular target for further investigation.

Keywords Cervical cancer, Diagnostic biomarkers, Machine learning, PI3K/AKT signaling pathway,
Bioinformatics analysis

Globally, cervical cancer remains a significant threat to women’s health, accounting for approximately 600,000
new diagnoses and more than 300,000 deaths each year, with the highest burden observed in developing
countries!. Although human papillomavirus vaccination and early screening programs have contributed
to a reduction in the overall incidence, most patients are still diagnosed at advanced stages because they do
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not exhibit obvious symptoms during the early stages of the disease. This delay in detection often postpones
treatment and results in poor clinical outcomes®. Moreover, female malignant tumors, including cervical cancer,
breast cancer, and ovarian cancer, still face common clinical challenges, such as tumor heterogeneity, insufficient
early diagnostic accuracy, resistance to conventional therapies, and the lack of robust molecular markers for
individualized treatment decision-making®*. For this reason, improving the sensitivity and specificity of early
diagnosis has become an urgent priority in cervical cancer prevention and management. In current clinical
practice, Papanicolaou smear testing and human papillomavirus screening are commonly used methods.
However, these approaches have certain limitations, including relatively high false-negative rates and limited
specificity, which may lead to misdiagnosis or overtreatment’. With the rapid development of transcriptomics
and high-throughput sequencing technologies, bioinformatics-based gene expression analysis has become a
powerful approach for identifying novel biomarkers for early cancer detection®’.

The formation and progression of tumors involve an extremely complex network of molecular interactions
and a high degree of biological heterogeneity. In recent years, machine learning strategies have attracted
increasing attention in biomarker discovery because they can efficiently handle high-dimensional biomedical
data®. Compared with traditional feature selection methods that mainly rely on differential expression, univariate
statistical testing, or single network-topological parameters, machine learning approaches can capture complex
nonlinear relationships, reduce data dimensionality, and improve the stability and predictive performance of
biomarker screening from high-throughput omics data®®.Support vector machine-recursive feature elimination,
least absolute shrinkage and selection operator regression, and random forest algorithms have proven to be
effective and show strong translational potential in studies of various cancers!®.Recent studies on female
malignant tumors have further demonstrated that machine learning, single-cell analysis, and multi-omics
integration can help identify disease-associated cell populations, molecular subtypes, prognostic signatures, and
potential therapeutic targets, thereby providing new strategies for precision oncology>*’. Long-term infection
with human papillomavirus, disruption of the cell cycle, immune evasion, and metabolic alterations have
been strongly associated with the development of cervical cancer!! Aberrant gene expression has also been
reported to influence tumor biological behavior, therapeutic response, and immunological sensitivity'?. In
addition, advances in single-cell sequencing technologies have enabled detailed characterization of intratumoral
heterogeneity, providing more precise cellular-level evidence for early detection and targeted therapy!>.

This study integrated multiple cervical cancer transcriptomic datasets from the Gene Expression Omnibus
database and applied differential expression analysis, weighted gene co-expression network analysis, and
machine learning approaches to uncover key genes with diagnostic relevance. Functional characteristics were
further investigated through single-sample gene set enrichment analysis, immune infiltration assessment, drug
sensitivity prediction, and single-cell validation. Experimental validation was subsequently performed in clinical
tissues and cervical cancer cell lines. Notably, this study provides the first systematic evidence of elevated GNB4
expression and its potential diagnostic value in cervical cancer. Our findings offer new molecular insights and
candidate biomarkers for early precision diagnosis and personalized treatment of cervical cancer.

Materials and methods

Data sources

Publicly available transcriptome datasets were obtained from the Gene Expression Omnibus (GEO, https://www
.ncbi.nlm.nih.gov/geo/) and The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/). These included
GSE63514 (52 samples comprising 24 cervical cancer tissues and 28 normal tissues; platform GPL570), GSE52903
(72 samples comprising 55 cervical cancer tissues and 17 normal tissues; platform GPL6244), GSE168652 (single-
cell RNA sequencing data from cervical cancer and normal tissues generated using the 10 x Genomics platform),
and TCGA (transcriptomic profiles and clinical information from 306 cervical cancer tissues and 3 normal
cervical tissues). Detailed information on all public datasets used in this study is summarized in Supplementary
Table S1.

Differentially expressed gene analysis

Differentially expressed gene (DEG) analysis was performed using the GSE63514 dataset. The raw expression
matrix was preprocessed in R. Duplicate gene symbols were collapsed by calculating the average expression
value using the avereps function in the limma package. The distribution of expression values across samples
was assessed using boxplots before and after normalization. If the maximum expression value exceeded 50,
log2 transformation was performed using log2(x+1).The expression matrix was then normalized using the
normalizeBetweenArrays function in the limma package.As the differential expression analysis was performed
within a single dataset from the same platform, no cross-platform batch-effect correction was applied at this step.
Differential analysis between cervical cancer tissues and normal tissues was conducted using the limma package.
Linear models were fitted using ImFit, followed by contrast analysis with makeContrasts and empirical Bayes
moderation using eBayes. Genes with |log2fold change| > 1 and adjusted p value <0.05 were considered DEGs.
Heatmaps and volcano plots were generated using the pheatmap and ggplot2 packages, respectively.

Weighted co-expression network analysis (WGCNA)

Weighted gene co-expression network analysis (WGCNA) was performed using the WGCNA package in R.
After removing genes and samples with excessive missing values using the ‘goodSamplesGenes' function,
genes with a mean expression value<0.5 were excluded. The top 5,000 genes with the highest variance in the
GSE63514 dataset were selected for network construction. Candidate soft-thresholding powers from 1 to 20 were
evaluated using the *pickSoftThreshold" function, and a soft-thresholding power of 6 was selected according
to the scale-free topology criterion. An adjacency matrix was constructed and transformed into a topological
overlap matrix (TOM). Gene modules were identified using the dynamic tree cut method with ‘deepSplit=2",
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‘pamRespectsDendro = FALSE", and a minimum module size of 50. Similar modules were merged with a module
eigengene dissimilarity threshold of 0.25. Pearson correlation analysis was then performed between module
eigengenes and clinical traits, and the modules most strongly associated with cervical cancer were selected for
subsequent analysis.

Functional enrichment analysis

Gene Ontology (GO) and KEGG pathway enrichment analyses were carried out using the clusterProfiler package.
Enrichments with an adjusted p-value below 0.05 were deemed significant, and the results were illustrated using
bubble plots.

Protein-protein interaction network construction

Protein-protein interaction (PPI) networks were constructed using the STRING database (version 11.0).
Genes were converted to ENTREZ IDs and mapped to STRING identifiers. Interaction pairs with confidence
scores>0.7 were retained. The networks were visualized using the igraph and ggraph packages. Betweenness
centrality was calculated to identify hub genes, with the cutoff defined as the mean +0.1 x standard deviation.

Machine learning-based gene selection

Machine learning-based feature selection was performed using SVM-RFE, LASSO regression, and random
forest (RF) algorithms based on the GSE63514 training dataset. Candidate genes obtained from the previous
screening steps were used as the input gene set. For SVM-RFE, the e1071, caret, and custom msvmRFE scripts
were used, and 10-fold cross-validation was performed for feature ranking and selection. The SVM-RFE model
was constructed using a linear kernel. LASSO regression was performed using the glmnet package with a
binomial model, alpha=1, nlambda=100, and 10-fold cross-validation. The optimal regularization parameter
was selected according to lambda.min, and genes with non-zero coefficients were retained. RF analysis was
conducted using the randomForest package. An initial RF model was constructed with ntree=350, and the
number of trees corresponding to the minimum error rate was selected to rebuild the final RF model. The mtry
parameter was set according to the default setting of the randomForest package for classification analysis. Gene
importance was ranked according to the importance score. Finally, the overlapping genes identified by SVM-
RFE, LASSO, and RF were defined as key candidate diagnostic genes, and their diagnostic performance was
further evaluated in the independent validation dataset GSE52903.

Co-expression and functional association analysis of diagnostic genes

To explore the potential relationships among the four diagnostic genes, correlation analysis was performed
using the normalized and batch-corrected expression data from GSE63514 and GSE52903. Pearson correlation
coefficients were calculated among CCND1, GNB4, TRIP13, and MYBL2, and the results were visualized as a
correlation matrix. In addition, functional association networks of the four diagnostic genes were explored using
the GeneMANIA database. The network was used to evaluate potential co-expression, physical interaction, co-
localization, pathway, and shared protein domain relationships among the candidate genes and their associated
molecules.

Diagnostic model construction and ROC analysis

Receiver operating characteristic (ROC) curves were generated using the pROC package to evaluate diagnostic
performance. The area under the curve (AUC) was calculated. Individual disease risk prediction was performed
using nomograms constructed with the rms package.Decision curve analysis (DCA) was performed using the
dcurves package in R to evaluate the net benefit of the four-gene diagnostic model across different threshold
probabilities in both the GSE63514 training cohort and the GSE52903 validation cohort.

Drug sensitivity prediction

Drug sensitivity was analyzed using the oncoPredict software based on data from the Genomics of Drug
Sensitivity in Cancer (GDSC) database. Comparisons of IC50 values between the high- and low-expression
groups were performed. Spearman correlation analysis was also conducted to assess the relationships between
gene expression and drug response.

Immune infiltration analysis

The CIBERSORT algorithm was applied to estimate immune cell infiltration based on the LM22 gene signature.
The parameters were set as follows: permutations = 1000 and quantile normalization = TRUE. Only samples with
P <0.05 were included in the analysis. The proportions of immune cells were visualized using stacked bar charts
and boxplots. The Wilcoxon rank-sum test was used to compare differences between groups, while Spearman
correlation analysis was applied to examine the associations between key genes (CCND1, TRIP13, MYBL2, and
GNB4) and the extent of immune cell infiltration in tumor tissues. Cell types with zero variance were excluded.
Correlation results were visualized using heatmaps and linkET network plots.

ssGSEA pathway enrichment analysis

Single-sample gene set enrichment analysis (ssGSEA) was performed using the GSVA package based on the
MSigDB Hallmark gene set (h.all.v7.5.1.symbols.gmt). The parameters were set as kcdf = “Gaussian” and
absRanking=TRUE. Pathway activity scores were correlated with key gene expression using Spearman
correlation analysis and visualized with boxplots and heatmaps.
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Single-cell RNA sequencing analysis

Single-cell RNA sequencing data were processed using the Seurat package, encompassing quality control,
normalization, dimensionality reduction via t-SNE, and clustering. Cell types were annotated based on
established marker genes, and the expression patterns of key genes were examined across the identified cell
populations.To further evaluate epithelial cell heterogeneity, canonical epithelial markers were first examined
in tumor and normal groups. Because very few normal epithelial marker-positive cells were identified in this
dataset, tumor-derived epithelial cells were extracted and subjected to secondary clustering. Marker genes for
each tumor epithelial subcluster were identified using the FindAllMarkers function in Seurat, and the expression
patterns of CCNDI, TRIP13, MYBL2, and GNB4 across tumor epithelial subclusters were visualized using
DotPlot and FeaturePlot analyses.Cell-cell communication analysis was performed using CellChat. Tumor-
derived epithelial cells, lymphocytes, macrophages, and smooth muscle cells were included, whereas cell
populations with very low cell numbers were excluded from the analysis. The CellChat human ligand-receptor
database was used to infer potential intercellular communication networks. Interaction number, interaction
strength, epithelial cell-derived ligand-receptor interactions, incoming and outgoing signaling patterns, and
representative pathway-specific ligand-receptor contributions were visualized to characterize communication
patterns within the cervical cancer tumor microenvironment.

Cell culture

Human cervical cancer cell lines (SiHa and HeLa) were obtained from Procell Life Science & Technology
Co., Ltd., and normal cervical epithelial cells (HCerEpic) were purchased from the Beijing Baina Chuanglian
Biotechnology Institute. Cells were cultured in DMEM supplemented with 10% fetal bovine serum and 1%
penicillin-streptomycin at 37 °C in a humidified incubator with 5% CO,. The culture medium was replaced or
cells were passaged every two days.

siRNA transfection

Small interfering RNAs (siRNAs) targeting GNB4 and the corresponding negative control (si-NC) were
purchased from CHENEN BIOLOGY, Guiyang, China. SiHa and HeLa cells were seeded in 6-well plates and
cultured until they reached 60-70% confluence. Transient transfection was performed using Lipofectamine 3000
(Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s instructions. Briefly, siRNAs and transfection
reagent were separately diluted in Opti-MEM medium and then mixed gently for incubation at room temperature
for 15 min. The complexes were subsequently added to the cells and incubated for 6 h, after which the medium
was replaced with fresh complete culture medium. After 48 h of transfection, cells were collected for subsequent
Western blotting analysis to evaluate knockdown efficiency. The siRNAs with the highest silencing efficiency
were selected for further experiments.Primer sequences are listed in Supplementary Table S2.

Cell proliferation assay

Cell proliferation was assessed using the Cell Counting Kit-8 (CCK-8) assay (Meilunbio, Guiyang, China). After
transfection with GNB4 siRNA or si-NC for 24 h, SiHa and HeLa cells were harvested and seeded into 96-well
plates at a density of 2 x 103-5x 103 cells/well in 100 pL of complete medium. At the indicated time points (0, 24,
48, and 72 h), 10 pL of CCK-8 reagent was added to each well, followed by incubation at 37 °C for 1-2 h. The
absorbance was then measured at 450 nm using a microplate reader. Cell proliferation curves were plotted based
on the optical density values.

Clinical tissue samples

Cervical cancer tissues and matched adjacent normal tissues were collected from patients at the Affiliated Hospital
of Guizhou Medical University (Approval No. 2023-231-01). Written informed consent was obtained from all
participants prior to sample collection. Three tumor tissues and three matched adjacent tissues (approximately
2 cm from the tumor margins) were obtained. All samples were independently evaluated by two experienced
pathologists. Patients who had received chemotherapy, radiotherapy, or hormone therapy prior to surgery were
excluded.

RT-qPCR analysis

Total RNA was isolated using TRIzol reagent, and cDNA synthesis was performed with the PrimeScript RT Kit
(Takara). Quantitative PCR using SYBR Green was carried out under the following cycling conditions: 95 °C for
30 s, then 40 cycles of 95 °C for 5 s and 60 °C for 30 s. GAPDH was used as the internal reference, and relative
expression levels were determined using the 2 22¢ method. Primer sequences are listed in Supplementary Table
S2.

Western blot analysis

Human cervical cancer tissues and adjacent normal tissues were minced and thoroughly ground in liquid
nitrogen, followed by total protein extraction using tissue lysis buffer supplemented with protease inhibitors.
HCerEpic, SiHa, and HeLa cells were collected by trypsinization and lysed in RIPA buffer supplemented with
protease inhibitors. Samples were incubated on ice for 30 min, followed by sonication and centrifugation at
12,000 x g for 15 min at 4 °C. Supernatants were collected, and protein concentrations were measured using
a BCA assay kit (KeyGEN, China). Equal amounts of protein were separated by SDS-PAGE and transferred
onto PVDF membranes. Membranes were blocked with 5% non-fat milk for 2 h and then incubated overnight
at 4 °C with the corresponding primary antibodies listed in Table S3. Following three washes with TBST,
membranes were incubated with HRP-conjugated secondary antibodies at room temperature for 1 h. Protein
bands were detected using enhanced chemiluminescence (ECL) reagents and quantified with Image] software.
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During densitometric analysis, local background signals were subtracted from each band before normalization.
The relative expression levels of total proteins were normalized to GAPDH, whereas phosphorylated proteins
were normalized to their corresponding total proteins. GAPDH was used as the internal control. The PI3K/
AKT pathway inhibitor 3-methyladenine (3-MA, IM0190) was purchased from Beijing Solarbio Science &
Technology Co., Ltd. Detailed antibody information is provided in Table S3.

Statistical analysis

All statistical analyses were performed using R software (version 4.3.1) and GraphPad Prism 9.0. The normality
of continuous variables was assessed using the Shapiro-Wilk test. For normally distributed data, comparisons
between two groups were performed using Student’s t-test, whereas non-normally distributed data were analyzed
using the Wilcoxon rank-sum test. For paired clinical tissue samples, the paired Student’s t-test or Wilcoxon
matched-pairs signed-rank test was used according to data distribution. Comparisons among three or more
groups were performed using one-way ANOVA followed by Tukey’s post hoc test for normally distributed data,
or the Kruskal-Wallis test followed by Dunn’s post hoc test for non-normally distributed data. Correlations were
assessed using Pearson correlation analysis for normally distributed data or Spearman correlation analysis for
non-normally distributed data. Receiver operating characteristic (ROC) analysis was conducted using the pROC
package. Data are presented as mean * standard deviation (SD), and a two-sided p value <0.05 was considered
statistically significant.

Results

Identification of DEGs

The raw expression data were first normalized, and the distribution of gene expression levels before and after
normalization is shown in Fig. 1A and B. After normalization, the distributions across samples were more
consistent compared with the pre-normalization values, indicating that the data quality was adequate for
subsequent analyses. The limma package was used to analyze the normalized expression matrix, with screening
criteria set as [log,fold change| > 1 and p<0.05. In total, 2,669 differentially expressed genes (DEGs) were
identified, including 1,391 upregulated and 1,278 downregulated genes. The heatmap of DEGs (Fig. 1C) revealed
distinct expression patterns between tumor and normal tissues, while the volcano plot (Fig. 1D) illustrated
the overall distribution of significantly dysregulated genes. Notably, some of the upregulated genes included
CDKN2A, SYCP2, and ELM2, whereas SCNN1B and CRISP3 were strongly downregulated in cervical cancer
samples. Gene set enrichment analysis (GSEA) was conducted on the entire expression matrix to investigate
the biological processes associated with the observed gene expression changes. Pathways related to cell cycle
regulation, DNA replication, and histone acetylation-related cancer were enriched in tumor tissues. In contrast,
pathways associated with arachidonic acid metabolism, histidine metabolism, phenylalanine metabolism,
primary bile acid biosynthesis, and sulfur metabolism were significantly downregulated (Fig. 1E and F). These
results suggest that these pathways may play a role in the development of cervical cancer. Overall, this analysis
identified a cluster of key DEGs and their associated biological pathways, providing a solid foundation for
constructing a co-expression network and selecting major candidate genes for further study.

WGCNA and functional enrichment analysis
To identify co-expression gene modules systematically associated with cervical cancer development, the
expression matrix of the GSE63514 dataset was preprocessed, and all genes with a mean FPKM value>0.5
were retained to reduce noise from low-abundance transcripts. Weighted gene co-expression network analysis
(WGCNA) was then applied to construct a gene-based co-expression network related to cervical cancer.

Hierarchical clustering was initially performed to assess sample similarity and detect potential outliers. The
clustering pattern was uniform, and no apparent outliers were observed (Fig. 2A), indicating that the dataset was
suitable for network construction.

Soft-threshold power selection was subsequently conducted to determine the optimal network parameter.
A soft-threshold power of 6 produced a scale-free topology fit index greater than 0.85 and an acceptable mean
connectivity (Fig. 2B). Therefore, a power of 6 was employed for subsequent analyses. This parameter was used
to hierarchically cluster genes and to identify co-expression modules using the dynamic tree cut algorithm. A
total of 17 independent modules were identified, each represented by a distinct color (Fig. 2C). The modules
were then correlated with clinical traits (normal versus cervical cancer), and module-trait relationship heatmaps
were generated (Fig. 2D). The green module showed a strong positive correlation with cervical cancer (r=0.81,
p=3x10"'%), whereas the cyan module demonstrated a strong negative correlation with tumor status (r = -0.66,
p=2x10""), suggesting that these modules may play important regulatory roles in cervical cancer development.
The significantly correlated modules were intersected with the differentially expressed genes, resulting in 776
candidate genes (Fig. 2E). These genes exhibited substantial changes in expression and high network connectivity,
indicating significant biological relevance. Functional enrichment analysis indicated that the overlapping
genes were primarily involved in cancer-related pathways, including cell cycle regulation, cellular senescence,
human papillomavirus infection, and the p53 signaling pathway, according to KEGG analysis (Fig. 2F). Gene
Ontology analysis revealed that these genes mainly participate in organelle fission, chromosome segregation,
nuclear division, and microtubule binding, all of which are processes closely associated with mitosis (Fig. 2G).
Overall, WGCNA successfully identified key gene modules and candidate genes most strongly linked to the
cervical cancer phenotype, providing a solid foundation for subsequent hub gene screening and mechanistic
investigations.
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Fig. 1. Identification and functional enrichment analysis of differentially expressed genes. (A, B) Distribution
of gene expression levels before and after normalization. (C) Heatmap showing differential expression patterns
between tumor and normal tissues. (D) Volcano plot displaying significantly upregulated and downregulated
genes. (E, F) GSEA results illustrating significantly enriched pathways associated with cervical cancer.

Identification of hub diagnostic genes

The next step in examining protein-protein interactions among the intersecting genes and identifying potential
functional hub genes involved constructing a protein-protein interaction (PPI) network based on the STRING
database. The intersecting genes were uploaded to STRING, and interactions with a confidence score>0.7 were
retained. High-confidence interaction data were obtained using the STRINGdb R package. The resulting PPI
network contained 153 nodes and 529 edges, forming a relatively tight structure, which suggests a high degree
of functional coordination among these genes (Fig. 3A). To identify key regulatory nodes within the network,
the betweenness centrality of all genes was calculated. Genes with values exceeding the mean+0.1 standard
deviation were selected as hub gene candidates, resulting in 50 potential hubs. A sub-network of these genes
displayed closer and more interconnected patterns (Fig. 3B), indicating that they play a crucial role in maintaining
molecular network stability and signal transmission related to cervical cancer. To further refine the candidate
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Fig. 2. Identification of key gene modules and functional enrichment analysis based on WGCNA. (A)
Sample clustering dendrogram showing overall sample similarity and the absence of obvious outliers. (B)
Soft-threshold selection analysis, showing scale-free topology fit index (left) and mean connectivity (right),
indicating an optimal power of 6. (C) Gene dendrogram and module assignment identified by dynamic tree
cut, with different colors representing distinct modules. (D) Module-trait relationship heatmap showing
correlations between modules and cervical cancer status, with the green module exhibiting a strong positive
association. (E) Venn diagram showing the overlap between DEGs and genes from key WGCNA modules.
(F) KEGG pathway enrichment analysis of intersecting genes. (G) Gene Ontology enrichment analysis of
intersecting genes.

genes and enhance selection rigor, three machine learning methods with distinct feature-selection processes
were applied: support vector machine-recursive feature elimination (SVM-RFE), least absolute shrinkage and
selection operator (LASSO) regression, and random forest analysis. The highest cross-validation accuracy in
SVM-RFE was achieved using 10 features (Fig. 3C). LASSO regression identified nine genes with non-zero
coefficients at the optimal penalty parameter A (Fig. 3D). Concurrently, random forest analysis selected the top
20 features based on mean decrease in Gini index (Fig. 3E). By integrating the results of these three algorithms,
four common genes CCND1, TRIP13, MYBL2, and GNB4 were consistently identified (Fig. 3F). Their repeated
selection across multiple methods indicates strong stability and reliability. Together, these findings suggest that
CCND1, TRIP13, MYBL2, and GNB4 are promising diagnostic biomarkers and potential molecular classifiers
for cervical cancer.

External validation of diagnostic genes

The expression profiles and diagnostic significance of the four key genes (CCND1, TRIP13, MYBL2, and GNB4)
were further validated using the independent GSE52903 cohort. To explore the potential relationships among
these genes, correlation analysis was performed using the normalized and batch-corrected expression data from
GSE63514 and GSE52903. MYBL2 was positively correlated with TRIP13, whereas CCND1 showed weak or
negative correlations with the other genes (Fig. 4A). GeneMANIA analysis further suggested that the four genes
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Fig. 3. Identification of potential hub diagnostic genes based on PPI network and machine learning
algorithms. (A) Comprehensive PPI network constructed using the STRING database. Nodes represent
proteins, and edges indicate protein-protein interactions. Different colors denote distinct network clusters.

(B) Core PPI subnetwork consisting of 50 hub genes identified based on betweenness centrality. Node color
intensity reflects centrality, and edges represent high-confidence interactions. (C) Feature selection process
using the SVM-RFE algorithm to determine the optimal number of features. (D) Feature selection and optimal
gene identification using LASSO regression. (E) Gene importance ranking determined by random forest
analysis. (F) Venn diagram showing overlapping genes identified by the three machine learning algorithms,
yielding four key candidates.

were directly or indirectly associated with cell-cycle- and proliferation-related genes, including CDK4, CDK6,
RB1, CCNBI, E2F4, and CDKN1A (Supplementary Fig. S1).

Differential expression analysis showed that TRIP13, MYBL2, and GNB4 were upregulated, whereas CCND1
was downregulated in cervical cancer tissues (Fig. 4B). ROC analysis showed that MYBL2 and TRIP13 had
strong diagnostic performance, with AUC values of 0.987 and 0.958, respectively, while CCND1 and GNB4
showed moderate diagnostic performance, with AUC values of 0.768 and 0.732, respectively (Fig. 4C). The four-
gene nomogram model achieved an AUC of 0.989, indicating better diagnostic performance than any individual
gene (Fig. 4D,E). To further assess the diagnostic performance of the four-gene model, additional ROC analyses
were conducted in the GSE63514 training cohort and TCGA-CESC dataset. The nomogram based on CCNDI,
TRIP13, MYBL2, and GNB4 showed excellent discrimination in GSE63514 (Supplementary Fig. S2A-C).
TCGA-CESC was used as an exploratory validation cohort, and a four-gene diagnostic score was calculated
based on gene expression patterns. ROC analysis indicated good discriminatory ability (Supplementary Fig.
$2D). However, because only three normal samples were available in TCGA-CESC, these results should be
interpreted with caution.

Furthermore, decision curve analysis showed that the four-gene model had a higher net benefit than the
treat-all and treat-none strategies in both the GSE63514 training cohort and the GSE52903 validation cohort
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Fig. 4. Diagnostic performance of key genes in cervical cancer. (A) Pearson correlation analysis among
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and cervical cancer tissues. (C) ROC curves evaluating the diagnostic performance of individual genes. (D)
Nomogram model predicting cervical cancer risk based on the four-gene signature. (E) Comparison of ROC
curves and AUC values between single-gene and combined diagnostic models.

(Supplementary Fig. S3). These results suggest that the four-gene model may serve as a potential diagnostic
signature for cervical cancer.

Drug sensitivity and pathway analysis

The associations between the expression levels of CCND1, TRIP13, MYBL2, and GNB4 and the half-maximal
inhibitory concentration (IC50) values of various anticancer drugs were investigated to explore the potential
roles of these key genes in therapeutic response. A significant positive correlation was observed between CCND1
expression and the IC50 of the TAF1 inhibitor TAF1_5496 (R=0.31, p=0.000288) (Fig. 5A), indicating that
samples with lower CCND1 expression may be more sensitive to this inhibitor. In contrast, TRIP13 expression
was significantly and inversely correlated with the IC50 of the Wnt pathway inhibitor WIKI4_1940 (R = -0.52,
p=1.34x10") (Fig. 5B), suggesting that tumors with higher TRIP13 expression are more sensitive to Wnt
pathway inhibition. Similarly, MYBL2 expression showed a negative correlation with the IC50 of the proteasome
inhibitor bortezomib (R = -0.39, p=1.69 x 10~°) (Fig. 5C), and GNB4 expression was negatively associated with
the IC50 of the estrogen receptor degrader fulvestrant (R = -0.40, p=1.75x 10~°) (Fig. 5D). These results suggest
that the expression levels of the key genes may be associated with predicted sensitivity to specific anticancer
agents. However, given that these correlations were weak to moderate and were derived from computational
prediction, these findings should be interpreted as exploratory and require further validation through in vitro
drug treatment experiments.

To further investigate the molecular mechanisms underlying these correlations, single-sample gene set
enrichment analysis (ssGSEA) was performed to assess differences in pathway activities between tumor and
normal tissues. As shown in Fig. 5E, multiple cancer-related signaling pathways were significantly dysregulated
in cervical cancer tissues, with the PI3K/AKT pathway notably upregulated (p<0.01). Correlation analysis
further demonstrated that the expression levels of TRIP13, MYBL2, and GNB4 were positively associated with
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Fig. 5. ssGSEA-based functional and drug sensitivity analysis. (A) Positive correlation between CCND1
expression and sensitivity to the TAF1 inhibitor. (B) Association between TRIP13 expression and sensitivity
to the Wnt pathway inhibitor. (C) Correlation between MYBL2 expression and sensitivity to the proteasome
inhibitor bortezomib. (D) Correlation between GNB4 expression and sensitivity to the estrogen receptor
degrader fulvestrant. (E) Boxplots showing differences in pathway enrichment scores between cervical
cancer and normal tissues. (F) Heatmap illustrating correlations between key gene expression and pathway
enrichment scores, highlighting the PI3K/AKT pathway.

the enrichment scores of the PI3K/AKT pathway (p <0.01) (Fig. 5F), suggesting that these genes may contribute
to cervical cancer progression by regulating cell proliferation, survival, and apoptosis through this pathway.

Immune infiltration analysis
To investigate the potential roles of key biomarkers in the cervical cancer immune microenvironment, the
CIBERSORT algorithm was used to estimate the relative proportions of 22 immune cell types in tumor and
adjacent normal tissues. Differences in immune cell composition between cervical cancer and normal samples
are shown in Fig. 6A. Differential analysis revealed that activated memory CD4" T cells, follicular helper T
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Fig. 6. Immune infiltration analysis. (A) Stacked bar plot showing the proportions of immune cells in cervical
cancer and normal tissues. (B) Comparison of immune cell infiltration between tumor and normal samples.
(C) Correlation heatmap of immune cell subsets. (D) Network visualization showing correlations between key
genes and immune cell infiltration.

cells, y§ T cells, MO macrophages, and M1 macrophages were significantly elevated (p <0.05), whereas resting
memory CD4* T cells, CD8" T cells, and monocytes were significantly reduced (p<0.05) in tumor tissues
(Fig. 6B), suggesting that an imbalance in the immune microenvironment may be closely associated with
cervical cancer progression. Correlation analysis among immune cell subsets revealed statistically significant
associations (Fig. 6C). Notably, activated mast cells exhibited a strong positive correlation with resting natural
killer cells, suggesting that these two cell types may function cooperatively in tumor immunoregulation.
Furthermore, the relationships between key genes (CCNDI, TRIP13, MYBL2, and GNB4) and immune cell
infiltration were evaluated (Fig. 6D). TRIP13 expression was negatively correlated with M1 macrophages and
activated CD4" T cells (p <0.05). In contrast, GNB4 expression was positively correlated with activated mast cells
and y8 T cells, and negatively correlated with resting natural killer cells (p <0.05). Overall, these findings suggest
that the identified key genes may modulate the immune microenvironment in cervical cancer by regulating the
infiltration and activity of specific immune cell subpopulations, thereby contributing to tumor progression. This
evidence further supports their potential as therapeutic targets in immunotherapy.

Single-cell validation
To validate the cellular heterogeneity and expression patterns of the identified diagnostic genes in cervical
cancer, single-cell RNA sequencing data from GSE168652 were systematically analyzed. Visualization using
t-distributed stochastic neighbor embedding (t-SNE) showed distinct distribution patterns between tumor and
normal tissues, suggesting that cellular heterogeneity may play a crucial role in cervical cancer development
(Fig. 7A). Subsequent clustering analysis identified 12 distinct cell subpopulations based on transcription
patterns (right panel of Fig. 7A). Cell types were annotated using known marker genes, including CDH1, CD163,
FCGR2A, COL1A2, CDKN2A, and CD27. The main cell populations comprised epithelial cells, endothelial
cells, smooth muscle cells, fibroblasts, lymphocytes, and macrophages (Fig. 7B-D). The expression profiles
of the most significant diagnostic genes GNB4, TRIP13, MYBL2, and CCNDI1 were subsequently visualized
using single-cell expression distributions (Fig. 7E). It is noteworthy that the three key genes, GNB4, TRIP13,
and MYBL2, were highly enriched in epithelial cell clusters, suggesting their involvement in the pathological
proliferation and differentiation of cervical epithelial cells. In contrast, CCND1 was mostly found in fibroblasts
and partially in epithelial cells, which may indicate its involvement in tumor-stroma interactions and regulation
of the microenvironment.

To further improve the single-cell analysis, epithelial marker expression was first examined in tumor and
normal groups. Epithelial marker-positive cells were mainly distributed in the tumor group, whereas very few
were detected in the normal group (Supplementary Fig. S4A). Therefore, tumor-derived epithelial cells were
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further extracted for subcluster analysis. Six tumor epithelial subclusters were identified, showing distinct
marker gene expression patterns (Supplementary Fig. S4B,C,F). CCND1, TRIP13, MYBL2, and GNB4 displayed
heterogeneous and subcluster-specific expression patterns in tumor epithelial cells (Supplementary Fig. S4D,E).
CellChat analysis was further performed to explore cell-cell communication within the cervical cancer tumor
microenvironment. Active interactions were observed among epithelial cells, lymphocytes, macrophages, and
smooth muscle cells, particularly involving epithelial cells and macrophages (Supplementary Fig. S5A-C).
Epithelial cell-derived ligand-receptor interactions and incoming/outgoing signaling patterns suggested the
involvement of immune- and microenvironment-related pathways, including SPP1, CXCL, MIF, CCL, TGFp,
MHC-I, and MHC-II (Supplementary Fig. S5D-F). Contribution analysis further identified representative
ligand-receptor pairs, such as SPP1-CD44, CXCL16-CXCR6, MIF-(CD74*CXCR4), and MIF-(CD74*CD44)
(Supplementary Fig. S5G-I).

Collectively, the single-cell transcriptomic analysis confirmed the presence of heterogeneous expression
patterns of the key diagnostic genes at the cellular level, indicating that these genes may contribute to cervical
cancer development through cell type-specific regulatory mechanisms. The additional epithelial subcluster and
CellChat analyses further suggest that malignant epithelial cells may interact with immune and stromal-related
components in the cervical cancer microenvironment. These findings provide valuable cellular-level insights for
future mechanistic studies.

Experimental validation of gene expression
In order to confirm the differential expression profiles of the vital diagnostic genes (CCND1, GNB4, TRIP13,
and MYBL2) identified by bioinformatics analysis, clinical specimens and cell lines were used to perform
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Western blotting and RT-qPCR. Western blotting was performed using three paired cervical cancer and adjacent
normal tissue samples, while RT-qPCR validation was expanded to 10 paired clinical tissue samples to improve
the reliability of expression validation. In paired clinical samples, CCNDI expression was lower in cervical
cancer tissues than in adjacent normal tissues, whereas TRIP13, MYBL2, and GNB4 were upregulated in tumor
tissues (Fig. 8A,C-F; p<0.01 or p<0.001). The expanded RT-qPCR results from 10 paired tissue samples further
supported the differential expression patterns of these four genes in cervical cancer.Further evidence from
cervical cancer cell lines (SiHa and HeLa) and normal cervical epithelial cells (HCerEpic) indicated that CCND1
expression in both cancer cell lines was significantly decreased compared to normal cells (Fig. 8B,G; p<0.01
or p<0.001). Conversely, TRIP13 and MYBL2 expression levels were markedly higher in SiHa and HeLa cells
(Fig. 8B,H-I; p<0.01 or p<0.001). GNB4 expression was also significantly increased in HeLa cells (Fig. 8B,]J;
p<0.001). These experimental results are consistent with observations from the bioinformatics analysis, further
confirming that CCND1, GNB4, TRIP13, and MYBL2 are differentially expressed in cervical cancer tissues
and cell lines. Taken together, these findings provide additional experimental evidence supporting the potential
diagnostic relevance of these four genes in cervical cancer.

Effects of PI3K/AKT inhibition on key genes

To examine the regulatory relationship between the key genes and the PI3K/AKT signaling pathway, the cervical
cancer cell lines SiHa and HeLa were treated with the pathway inhibitor 3-methyladenine (3-MA, 50 uM)
for 24 h.The concentration and treatment duration were selected based on previous studies using 3-MA as a
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Fig. 8. Experimental validation of key gene expression in cervical cancer. (A) Protein expression levels of
CCND1, GNB4, TRIP13, and MYBL2 in cervical cancer tissues (C) and adjacent normal tissues (P) detected
by Western blotting. (B) Protein expression levels of CCND1, GNB4, TRIP13, and MYBL2 in cervical cancer
cell lines (SiHa and HeLa) and normal cervical epithelial cells (HCerEpic). (C-F) RT-qPCR analysis of
CCND1, TRIP13, MYBL2, and GNB4 mRNA expression in 10 paired cervical cancer tissues and adjacent
normal tissues. (G-J) mRNA expression levels of CCND1, TRIP13, MYBL2, and GNB4 in cervical cancer cell
lines and normal cervical epithelial cells. For clinical tissue samples, statistical significance was determined
using the Wilcoxon matched-pairs signed-rank test. For cell experiments, data are presented as mean + SD
from three independent experiments, and statistical analysis was performed using the Kruskal-Wallis test
followed by Dunn’s post hoc test. T, tumor tissue; N, adjacent normal tissue. *p <0.05, **p <0.01, ***p <0.001;
ns, not significant.
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PI3K/autophagy inhibitor under similar in vitro conditions!*!°. Subsequently, the expression levels of CCND1,
TRIP13, MYBL2, and GNB4 were assessed using Western blotting and RT-qPCR. In HeLa cells, CCND1 protein
expression significantly increased upon 3-MA treatment, whereas the protein levels of TRIP13, MYBL2, and
GNB4 were markedly reduced. These changes were further confirmed using densitometric analysis (Fig. 9A,B).
In SiHa cells, a similar trend was observed: CCND1 was upregulated, while TRIP13, MYBL2, and GNB4 were
downregulated following 3-MA treatment (Fig. 9C,D). These results suggest that inhibition of PI3K/autophagy-
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Fig. 9. Effects of PI3K/AKT pathway inhibition on key gene expression in SiHa and HeLa cells. (A) Protein
expression levels of CCND1, TRIP13, MYBL2, and GNB4 in HeLa cells following 3-MA treatment. (B)
Quantitative densitometric analysis of protein bands in HeLa cells. (C) Protein expression levels of CCNDI,
TRIP13, MYBL2, and GNB4 in SiHa cells after 3-MA treatment. (D) Quantitative densitometric analysis of
protein bands in SiHa cells. (E) RT-qPCR analysis of mRNA expression levels of key genes in SiHa cells. (F)
RT-qPCR analysis of mRNA expression levels of key genes in HeLa cells. Data are presented as mean + SD from
three independent experiments. Statistical significance was determined using the Mann-Whitney U test for
two-group comparisons. *p <0.05, **p <0.01, ***p <0.001; ns, not significant.
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Fig. 10. Effects of GNB4 knockdown on cervical cancer cell proliferation and PI3K/AKT pathway activation.
(A, B) Western blot analysis and densitometric quantification of GNB4 protein expression in SiHa and HeLa
cells after transfection with three different GNB4 siRNAs. (C, D) CCK-8 assays showing the effects of GNB4
knockdown on the proliferative activity of SiHa and HeLa cells. (E, F) Western blot analysis and densitometric
quantification of GNB4, PI3K, p-PI3K, AKT, p-AKT, and PCNA protein expression in SiHa and HeLa cells
following GNB4 knockdown. Data are presented as mean + SD from three independent experiments. For
comparisons among multiple groups, statistical significance was determined using the Kruskal-Wallis test
followed by Dunn’s post hoc test. For two-group comparisons, the Mann-Whitney U test was used. *p <0.05,
**p<0.01, ***p < 0.001; ns, not significant.

related signaling may be associated with altered expression of the four key genes. RT-qPCR analysis also
confirmed these observations at the transcriptional level. CCND1 mRNA expression was markedly increased,
whereas TRIP13, MYBL2, and GNB4 mRNA levels were substantially decreased in SiHa cells after 3-MA
treatment (Fig. 9E). Similar expression patterns were observed in HeLa cells (Fig. 9F). Taken together, these
findings indicate that the expression of CCND1, TRIP13, MYBL2, and GNB4 may be associated with PI3K/AKT
pathway activity in cervical cancer cells. However, these results do not establish direct regulatory relationships
between the PI3K/AKT pathway and each individual gene. Further gain- or loss-of-function experiments are
needed to clarify whether CCND1, TRIP13, and MYBL2 directly participate in PI3K/AKT-mediated cervical
cancer progression.

GNB4 knockdown suppresses cell proliferation and PI3K/AKT activation

To investigate the biological role of GNB4 in cervical cancer cells, three different siRNAs targeting GNB4 were
transfected into SiHa and HeLa cells, and knockdown efficiency was assessed by Western blotting. In SiHa
cells, all three siRNAs reduced GNB4 protein expression to different extents, with si-GNB4-3 showing the
highest silencing efficiency. In HeLa cells, both si-GNB4-1 and si-GNB4-2 effectively decreased GNB4 protein
expression, among which si-GNB4-2 exhibited more stable knockdown efficiency. These siRNAs were therefore
selected for subsequent experiments (Fig. 10A,B).The CCK-8 assay demonstrated that GNB4 knockdown
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significantly inhibited the proliferative activity of both SiHa and HeLa cells compared with the NC group, and
this inhibitory effect became more pronounced over time, indicating that GNB4 is required for the maintenance
of cervical cancer cell proliferation (Fig. 10C,D).To further explore the underlying mechanism, the expression
of PI3K/AKT pathway-related proteins was examined by Western blotting. As shown in Fig. 10E,F, silencing of
GNB4 markedly decreased the protein levels of p-PI3K, p-AKT, and PCNA in both SiHa and HeLa cells, whereas
the total levels of PI3K and AKT remained largely unchanged. These results suggest that GNB4 knockdown
suppresses cervical cancer cell proliferation, at least in part, by inhibiting PI3K-AKT pathway activation rather
than altering total PI3K or AKT expression.

Discussion

One of the most common cancers of the female reproductive system, with a complex pathogenesis and significant
heterogeneity, cervical cancer remains a major cause of morbidity and reduced quality of life in women'®.
Although overall survival rates have improved over the last several decades, low rates of early detection, poor
responses to therapy, and high risks of recurrence remain important clinical challenges!”. For this reason, there
is a need to identify reliable molecular biomarkers that can facilitate early detection and appropriate treatment
of cervical cancer. With the advent of high-throughput sequencing and microarray technologies, bioinformatics-
based tools have proven extremely useful in the discovery of cancer biomarkers'®. In this study, we systematically
evaluated multiple cervical cancer datasets (GSE63514 and GSE52903) and integrated differential expression
analysis, WGCNA, and machine learning methods. Using this multi-layered approach, the four most valuable
diagnostic biomarkers CCND1, GNB4, TRIP13, and MYBL2 were identified and validated. These biomarkers
performed consistently across independent datasets, indicating their potential clinical relevance for both the
diagnosis and therapeutic targeting of cervical cancer.

CCNDI1 has been identified as one of the predominant diagnostic genes in the present study. Unlike its
typical oncogenic role in most solid tumors, which usually leads to overexpression and induction of cell
growth!®?%, CCND1 was significantly downregulated in cervical cancer. Previous studies have shown that
specific microenvironmental factors or viral infections, including HPV infection, can inhibit the expression
and function of CCND1 through upstream regulatory mechanisms, such as inhibition of the pRb pathway
by E6/E7, which causes cell cycle arrest?!. In addition, CCND1 can undergo alternative splicing to generate
different cyclin D1 isoforms, including cyclin D1a and cyclin D1b, which differ in their C-terminal regions and
may exhibit distinct biological behaviors?>?*. Cyclin D1 is also regulated by post-translational modifications,
particularly phosphorylation-dependent ubiquitination, which affects its stability, degradation, and potentially
its electrophoretic mobility during Western blot analysis?%. Therefore, the atypical CCND1 band migration
observed in a limited number of samples may be related to isoform variation or post-translational modification.
This particular expression pattern may suggest different mechanisms of cell cycle regulation in cervical cancer,
which require further investigation. The TRIP13 and MYBL2 proteins have emerged as key molecules in
cancer research®>?%. Both genes were highly upregulated in cervical cancer samples and cell lines and exhibited
strong diagnostic potential. TRIP13 has been shown in previous studies to promote chromosomal instability
and chemoresistance, thereby enhancing tumor growth and contributing to treatment failure?’. MYBL2 is
closely associated with tumor proliferation and metastatic potential and serves as a poor prognostic indicator
in many cancers?. Additional insights into their roles in drug resistance and immune evasion could provide
novel molecular targets for personalized therapy. It is noteworthy that this study is the first to report the high
expression of GNB4 in cervical cancer. As a member of the G protein beta subunit family, GNB4 participates
in signaling pathways that regulate cell proliferation and migration?. However, its role in cancers, particularly
cervical cancer, remains poorly understood. We propose that GNB4 may serve as a novel biomarker and a
potential therapeutic target.

The potential relationships among CCND1, GNB4, TRIP13, and MYBL2 may partly explain why these genes
formed an effective diagnostic combination. Although the four genes did not all show strong pairwise correlations,
they represented complementary biological processes. CCND1 is closely related to cell-cycle regulation, TRIP13
is associated with chromosomal instability and cell division, MYBL2 participates in proliferation-related
transcriptional regulation, and GNB4 is involved in G-protein-mediated signal transduction. GeneMANIA
analysis further suggested that these genes may be functionally connected through cell-cycle-related networks
involving CDK4, CDK6, RB1, CCNB1, and CDKN1A. Therefore, the four-gene model may capture both shared
and complementary molecular alterations in cervical cancer, which may contribute to its diagnostic performance.
However, these predicted functional associations require further experimental validation.

The tumor microenvironment plays a critical role in cancer development and therapy responses. Growing
evidence suggests a significant influence of immune cell infiltration and tumor-immune interactions on clinical
outcomes®. In our analysis of the immune infiltrate, we demonstrated that several key biomarkers were
significantly correlated with the expression of CD8" T cells, NK cells, and macrophages, suggesting that they may
contribute to remodeling the immune microenvironment. Heterogeneous single-cell transcriptomic profiles
were also observed across different cell populations. Epithelial cells were the primary sites of GNB4, TRIP13,
and MYBL2 expression, indicating their potential involvement in malignant epithelial transformation, whereas
CCNDI1 expression in fibroblasts may suggest a possible role in stromal regulation. Further tumor epithelial
subcluster analysis revealed six distinct malignant epithelial subclusters, and CCND1, TRIP13, MYBL2, and
GNB4 showed heterogeneous and subcluster-specific expression patterns across these subclusters. These findings
suggest that the four candidate genes may reflect different transcriptional states within malignant epithelial
cells rather than uniform expression across all tumor cells. In addition, CellChat analysis indicated active
communication among epithelial cells, lymphocytes, macrophages, and smooth muscle cells, with epithelial
cells and macrophages showing relatively strong interaction activities. Several immune- and microenvironment-
related pathways, including SPP1, CXCL, MIF, CCL, TGFp, MHC-I, and MHC-II, were identified, suggesting
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that malignant epithelial cells may interact with immune and stromal-related components in the cervical
cancer microenvironment. These results further support the cellular heterogeneity and microenvironmental
relevance of the identified diagnostic genes, although further experimental validation is required to clarify
their precise regulatory roles. Regarding translational research, the multi-gene diagnostic model developed in
this study demonstrated potential clinical utility. The combination model was more consistent and accurate
than individual markers, which may help reduce diagnostic bias caused by tumor heterogeneity, an important
consideration for early screening and risk stratification. At present, several biomarkers are commonly used
or investigated in cervical cancer screening, diagnosis, and disease monitoring, including SCC-Ag, HPV E6/
E7 mRNA, and p16/Ki-67. SCC-Ag is mainly used for disease monitoring, therapeutic response evaluation,
and recurrence prediction in patients with cervical squamous cell carcinoma; however, its sensitivity for early
diagnosis is limited®!. HPV E6/E7 mRNA testing reflects transcriptionally active HPV infection and has higher
specificity than HPV DNA testing in identifying clinically relevant lesions*2. p16/Ki-67 dual staining is useful
for triaging HPV-positive or cytologically abnormal women and may reduce unnecessary colposcopy referral
while maintaining good detection performance for high-grade cervical lesions****. Nevertheless, these markers
mainly reflect viral oncogene activity or cell-cycle dysregulation and may not fully capture the transcriptomic
heterogeneity of cervical cancer.Compared with these conventional or clinically investigated markers, the four-
gene model constructed in the present study integrates host-derived transcriptomic alterations associated with
cell-cycle regulation, signal transduction, tumor proliferation, and immune-related features. Therefore, this
model may provide complementary molecular information rather than replacing existing screening strategies.
In particular, it may help improve risk stratification when used together with HPV-based testing, cytology, or
p16/Ki-67 dual staining.In clinical practice, this model may potentially be implemented using platforms such
as RT-qPCR, digital PCR, or multiplex fluorescence assays, which offer advantages in simplicity, reproducibility,
and turnaround time. These approaches are less costly and more feasible for mass screening and primary care
settings than high-throughput sequencing. Furthermore, multi-gene evaluation mitigates the impact of biological
variability and technical error, thereby enhancing clinical validity. However, because the present model has not
yet been directly compared with SCC-Ag, HPV E6/E7 mRNA, or p16/Ki-67 in a prospective clinical cohort, its
clinical superiority cannot be concluded at this stage. Future studies should evaluate the diagnostic performance
and cost-effectiveness of this model in combination with existing clinical markers.

Although the four-gene diagnostic model showed high AUC values in both the GSE63514 training cohort and
the GSE52903 validation cohort, the potential risk of overfitting should be considered. Decision curve analysis
further suggested that the model provided a higher net benefit than the treat-all and treat-none strategies across
awide range of threshold probabilities, supporting its potential clinical usefulness. In addition, TCGA-CESC was
incorporated as an exploratory supplementary validation resource. However, only three normal cervical tissue
samples were available in TCGA-CESC; therefore, the TCGA-CESC-based ROC result should be interpreted
cautiously and cannot replace validation in an independent cohort with sufficient normal controls. Overall,
the four-gene model may represent a complementary molecular tool for cervical cancer diagnosis and risk
assessment, but further validation in larger, multicenter, prospective clinical cohorts is required before clinical
application.

Drug sensitivity analysis further suggested that the expression levels of the key genes may be associated with
predicted responsiveness to specific anticancer agents. In particular, higher TRIP13 and MYBL2 expression
levels were correlated with lower predicted IC50 values of Wnt pathway inhibitors and bortezomib, respectively.
However, these associations were based on computational prediction using oncoPredict and showed weak-to-
moderate correlation strengths. Therefore, these findings should be regarded as preliminary clues for potential
therapeutic sensitivity rather than direct evidence for treatment stratification. Further in vitro drug treatment
experiments and clinical validation are required to confirm their predictive value.

Additionally, ssGSEA analysis revealed that the PI3K/AKT signaling pathway was highly activated in cervical
cancer. This pathway is known to regulate proliferation, invasion, metabolic reprogramming, and drug resistance™®.
In the present study, the expression levels of TRIP13, MYBL2, and GNB4 were positively associated with PI3K/
AKT pathway enrichment scores, suggesting that these genes may be related to PI3K/AKT pathway activity in
cervical cancer. Furthermore, 3-MA treatment altered the expression of CCND1, TRIP13, MYBL2, and GNB4
in both SiHa and HeLa cells, providing preliminary cellular evidence supporting a potential association between
these key genes and PI3K/AKT-related signaling. However, these findings should be interpreted cautiously, as
they do not demonstrate direct regulatory relationships between the PI3K/AKT pathway and each individual
gene.Although the four-gene diagnostic model included CCND1, TRIP13, MYBL2, and GNB4, the functional
experiments in this study mainly focused on GNB4. This design was based on the relatively limited evidence
regarding the role of GNB4 in cervical cancer, together with its elevated expression and potential diagnostic
relevance observed in our bioinformatics and experimental analyses. GNB4 knockdown significantly suppressed
cervical cancer cell proliferation and reduced p-PI3K and p-AKT levels, providing preliminary evidence that
GNB4 may be involved in PI3K/AKT pathway activation. In contrast, CCNDI1, TRIP13, and MYBL2 were
mainly supported by expression validation, pathway association analysis, and 3-MA inhibitor experiments in the
present study. Therefore, their functional roles and direct regulatory relationships with the PI3K/AKT pathway
remain to be further investigated using gain- and loss-of-function experiments. In particular, although CCND1
is a well-known cell-cycle regulator, its downregulated expression pattern and specific biological role in cervical
cancer require additional mechanistic studies.

Despite the comprehensive analyses and experimental validations performed in this study, several limitations
should be noted. First, the clinical sample size was relatively small and requires validation in larger, multicenter
cohorts. Second, the mechanistic investigations were primarily based on bioinformatics predictions and
preliminary experiments. Further studies, including functional assays, animal models, and prospective clinical
trials, are necessary to elucidate the biological roles and therapeutic potential of these genes. In summary, this
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study integrated bioinformatics and machine learning methods to identify and validate CCND1, GNB4, TRIP13,
and MYBL2 as putative biomarkers for cervical cancer. These genes were found to be associated with immune
regulation, drug responsiveness, and tumor progression. The multi-gene diagnostic model demonstrated
high accuracy and reliability, suggesting its potential for practical implementation in early diagnosis and risk
assessment. More extensive future studies, including clinical data, treatment outcomes, and cost-effectiveness
analyses, are warranted to evaluate its real-world clinical applicability and to facilitate the clinical implementation
of these biomarkers.

Data availability

The public datasets analysed during the current study are available from the Gene Expression Omnibus data-
base, including GSE63514, GSE52903 and GSE168652. The TCGA-CESC transcriptomic and clinical data an-
alysed in this study are available from the Genomic Data Commons Data Portal. Drug sensitivity-related data
used for prediction were derived from the Genomics of Drug Sensitivity in Cancer database and processed using
the oncoPredict R package. The experimental data generated during the current study, including RT-qPCR data,
Western blot quantification data and membrane strip images corresponding to the Western blot figures, are
included in this article and its Supplementary Information files. Additional data supporting the findings of this
study are available from the corresponding author upon reasonable request.
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