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Background: Chlamydia trachomatis (CT) infection has been identified as an independent predictor of risk of cervical squamous cell
carcinoma and endocervical adenocarcinoma (CESC); however, its prognostic relevance and molecular mechanisms remain poorly
understood. Therefore, we aimed to construct a CESC prognostic model based on genes associated with CT infection.

Methods: Transcriptomic data were obtained from GEO and TCGA databases. Differentially expressed genes (DEGs) were identified
from GSE63514 (24 normal controls, 28 CESE samples) and GSE158814 (2 negative controls, 2 CT-infection HeLa cells).
Overlapping genes were defined as CT-related genes. TCGA-CESC cohort (n = 252) was split into training and validation sets.
Univariate Cox regression was used to screen candidate genes, and then multivariate Cox regression were performed to construct
a prognostic signature and calculate RiskScore. LASSO-Cox regression and bootstrap analysis evaluated model stability. Patients were
stratified by median RiskScore. A nomogram integrating clinical factors and RiskScore was established, followed by evaluation using
calibration curves, receiver operating characteristic, and decision curve analyses. Gene set enrichment analysis, immune infiltration,
and drug sensitivity analyses were performed to explore the biological and therapeutic implications of the high- and low- RiskScore
group.

Results: A total of 31 CT-related CESC genes were identified, among which CSF2RB, LAMA4 and HAL were risk factors, and
CSF2RB was a protective factor. A three-gene prognostic model (LAMA4, CSF2RB, HAL) was developed, showing robust predictive
performance in both training and validation cohorts. Nomogram analysis confirmed that RiskScore, age, and stage were independent
prognostic factors. Functional enrichment revealed that DEGs between the high- and low-risk groups were mainly enriched in
immune-related pathways. Immune infiltration analysis indicated that low-risk patients exhibited higher infiltration of effector immune
cells (e.g. CD4+, B cells, dendritic cells, M1 macrophages), suggesting a more active antitumor immune microenvironment. Drug
sensitivity analysis identified BI-2536, SB505124, and Sepantronium bromide as potential therapeutic agents for high-risk patients.
Conclusion: We established a novel prognostic model for CESC based on CT-related genes in an HPV-positive CESC background,
which provides new insights into CT infection-associated immune regulation in CESC and individualized immunotherapy and targeted
treatment strategies.
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Introduction

Cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC) is the fourth leading cause of cancer-related
mortality among women worldwide.! According to the GLOBOCAN 2022 statistics, there are an estimated 660,000 new
cases and more than 340,000 related deaths annually.? Although the implementation of CESC screening programs and
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human papillomavirus (HPV) vaccination has markedly reduced incidence in certain regions, the incidence and mortality
of CESC remain high in developing countries and resource-limited areas.>*

Persistent HPV infection has been considered the most important factor in the development of CESC.> However,
accumulating evidence suggests that CESC is a multi-factor, multi-stage disease, in which other microbial infections may
also synergistically contribute to tumor occurrence and development.®” Chlamydia trachomatis (CT) is a Gram-negative,
obligate intracellular bacterium and one of the most common sexually transmitted pathogens worldwide.® Previous meta-
analysis has demonstrated that CT infection is significantly associated with the pathogenesis of CESC,” and women co-
infected with CT and HPV exhibit a higher incidence of CESC compared with HPV-negative patients.'® CT infection can
cause epithelial damage and disrupt local immune homeostasis. It impairs antigen presentation through the down-
regulation of MHC class I and II molecules, thereby suppressing CD4" T-cell activation. In parallel, CT can evade
neutrophil extracellular traps and inhibit macrophage activation, enabling resistance to host immune clearance.'’
Moreover, CT-stimulated macrophages produce TNF-a, which can induce apoptosis of neighboring T cells.'?
Collectively, these immune evasion and inflammatory mechanisms contribute to chronic cervical inflammation and
facilitate the persistence of HPV.'*"'* At the genomic level, CT infection has been shown to induce DNA damage in host
cells and inhibit the repair of double-strand breaks, thereby promoting malignant transformation.'>'® These biological
effects are further reflected at the transcriptomic level, as CT infection can significantly alter host gene expression
profiles, including genes involved in inflammation, DNA repair, and cell cycle regulation.'”'® These molecular altera-
tions provide a deeper understanding of how CT infection facilitates the persistence of HPV and its progression to CESC.

Recent advances in high-throughput sequencing technologies and bioinformatics approaches have enabled the
prognostic evaluation of tumors using large-cohort, multi-gene models. In CESC, a number of genetic biomarkers
have been identified, and several gene-based prognostic models have been developed. For instance, Ding et al'? identified
that ZNF695 as a potential prognostic biomarker and immunotherapeutic target in patients with CESC. Zhang et al*
reported CEP78, DOCK?7, DPY19L4, and POM121 as key genes associated with CESC based on computational analyses.

Zeng et al®!

demonstrated that hsa_circ_ 0000021 promotes cervical cancer (CC) progression by regulating the miR-
3940-3p/KPNA2 axis. Furthermore, Du et al established a ferroptosis-related genes signature for prognostic model in
CC,?* while Chen et al constructed a prognostic model based on immune-related long noncoding RNA in CC patient.”
Collectively, these studies have shown promising performance in predicting overall survival (OS) and guiding therapeutic
strategies. However, most existing models are based on general tumor-related or pathway-specific genes, and no studies
have specifically focused on constructing a prognostic model based on CT infection-related genes in CESC, leaving
a significant gap in both research and clinical application.

In this study, we aimed to address this gap by integrating transcriptomic datasets from the Gene Expression Omnibus
(GEO) and the Cancer Genome Atlas (TCGA) databases to identify differentially expressed genes (DEGs) between
CESC and normal tissues. These DEGs were then intersected with those derived from HeLa cell models before and after
CT infection to identify candidate genes associated with CT infection. Subsequently, Cox regression analysis was
performed to construct a prognostic risk model in the TCGA-CESC cohort.

Materials and Methods

Data Source

The R package GEOquery was used to download transcriptomic data from the GEO database. Briefly, the GEO database
was systematically searched using the keywords “Chlamydia trachomatis” and “Cervical cancer”. Specifically, the
GSE63514 database, which includes 24 normal samples and 28 CESC samples, was used to screen DEGs between
human CESC and normal cervical tissues. Meanwhile, GSE158814, containing two HeLa cell samples without CT
infection (negative controls) and two HeLa cell samples collected 20 hours post-infection with CT, was applied to obtain
transcriptomic profiles altered by CT infection in HeLa cells. Transcriptomic and clinical data for CESC were retrieved
from the TCGA database, containing 306 tumor samples, which were used for model construction and validation.
Exclusion criteria: samples with incomplete clinical information, missing survival data, or invalid OS time (< 0). Finally,
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Table | Data Source

Database | Accession/Name | Sample Size (n) | Platform

GEO GSE63514 24Normal, 28CESC GPL570
GSE158814 2NGC, 2CT GPL23227
TCGA TCGA-CESC 252CESC \

Note: NC represents two Hela cell samples without CT infection (negative con-
trols); CT represents Hela cell samples collected 20 hours post-infection with CT.

a total of 252 CESC samples with complete transcriptomic and clinical data were retained for subsequent analyses
(Table 1). A flowchart of the study design is shown in Figure 1.

Identification and Analysis of DEGs

For GSE63514, probe annotation was performed using the GPL570 platform, and the expression values of duplicate
genes were averaged. DEGs were identified using the limma package with the thresholds of p < 0.05 and [log2 fold
change| > 2. For GSE158814, gene annotation was conducted using the Human.GRCh38.p13.annot.tsv.gz file, and DEGs
were identified with the DESeq2 package under the same thresholds (p < 0.05 and [log2 fold change| > 2). Finally, the
intersection of DEGs from GSE63514 and GSE158814 was taken to obtain the overlapping gene set. The two datasets
were jointly analyzed to intersect CT-associated genes and CC-related genes, ensuring that the selected genes were
closely associated with both CT infection and cervical malignancy.

GSE63514 GSE158814
(24Norma| 28CESC (2NC, 2CT)
ﬁ ﬁ

Intersection
genes

TCGA-CESC

Uni/Multi variable
Cox analysis

Prognostic
model

: . Nomogram Immune Drug
[KManaly&s} [ ConstructionJ [ GSEA ] [ infiltration J [ sensitivity ]

Figure | The flow diagram of study design.
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CT-Related Genes RiskScore Model Construction and Validation

The 252 cases in TCGA-CESC cohort were randomly divided into a training set (n = 126) and a validation set (n = 126)
at a 1:1 ratio. In the training set, univariate and multivariate Cox regression analyses were performed to screen the
overlapping genes and identify CT infection-related prognostic genes. The risk score was calculated using the formula:

RiskScore =) i x ExPi

where ExPi represents the mRNA expression level of each overlapping gene, and Bi denotes the regression coefficient
derived from multivariate Cox analysis. To evaluate the stability of the selected prognostic genes, LASSO-Cox
regression and bootstrap analysis were further performed in the test cohort. Based on the median risk score, CESC
patients were stratified into low- and high-risk groups, and Kaplan-Meier survival analysis was conducted to compare OS
between the two groups. Receiver operating characteristic (ROC) curves were further generated to assess the predictive
performance of the model for 1-, 3-, and 5-year outcomes.

Nomogram Construction

Clinical characteristics of CESC patients, including age, stage, and grade, were integrated with the RiskScore. Univariate
and multivariate Cox regression analyses were performed to identify independent prognostic factors of CC. A nomogram
was then constructed based on the RiskScore and other clinicopathological variables using the R package regplot. The
calibration, discrimination, and clinical utility of the nomogram were evaluated using calibration curves, ROC curves,
and decision curve analysis (DCA), respectively.

Gene Set Enrichment Analysis (GSEA)

To investigate the biological pathways associated with differential expression between the high- and low-risk groups
defined by the prognostic RiskScore, GSEA**2° was performed using the C5 gene sets “c5.all.v2025.1.Hs.entrez.gmt”
and C2 gene set “c2.all.v2025.1.Hs.entrez.gmt” downloaded from the MSigDB database (https://www.gsea-msigdb.org/
gsea/msigdb/). DEGs were identified using thresholds of p < 0.05 and |log2 fold change| > 1. GSEA was then conducted

with the following significance criteria: |[Normalized Enrichment Score (NES)| > 1, nominal p-value < 0.05, and false
discovery rate (FDR) g-value < 0.25. For the gene set “c5.all.v2025.1.Hs.entrez.gmt”, the Gene Ontology (GO) results
were categorized into three main functional domains: molecular function (MF), biological process (BP), and cellular
component. The enrichment results were visualized using ridge plots.

Immune Infiltration Analysis

xCell, an ssGSEA-based method, estimates the abundance of 64 cell types in the tumor microenvironment, including
immune, stromal, and epithelial cells, based on gene expression data.’’ To assess the differences in immune cell
infiltration between high- and low-risk groups of TCGA-CESC patients, we performed immune infiltration analysis
using xCell (v1.1.0). The results were visualized using box plots.

Gene-Gene Interaction (GGI) Analysis

GeneMANIA investigates the functions of genes and gene sets. It utilizes a large amount of functional association data to
find other genes related to the input gene set. The data include protein and genetic interactions, pathways, co-expression,
co-localization and protein domain similarity.”® GeneMANIA was used to explore the interaction relationship of
prognostic genes.

Drug Sensitivity Analysis

OncoPredict integrates publicly available cell line drug sensitivity data with corresponding gene expression profiles (eg.,
Genomics of Drug Sensitivity in Cancer, Cancer Therapeutic Response Portal) to construct linear predictive models and
generate drug response predictions. In this study, the GDSC2 dataset within OncoPredict was applied to estimate the drug
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ICs, values for CESC patients.”’ Box plots of drug sensitivity between groups were generated using ggplot2 and other
R packages, and significance was assessed by the Wilcoxon rank-sum test.

Statistical Analysis

All analyses were conducted in R software (version 4.4.2). Kaplan-Meier analysis was used to plot survival curves, and
the Wilcoxon rank-sum test was applied to assess statistical significance. A two-sided p < 0.05 was considered
statistically significant.

Results

Identification of Overlapping DEGs Between CESC and CT Infection in an
HPV-Positive Context

The data from GSE63514 and GSE158814 were well normalized, and a total of 673 DEGs were identified between the
CESC and normal groups, including 343 downregulated and 330 upregulated genes (Figure 2A—C). In the GSE158814
dataset, which was generated from HPV-positive HeLa cells, 1,202 DEGs were identified between the CT-infection and
negative control groups, comprising 214 downregulated and 988 upregulated genes (Figure 2D). These genes represent

CT infection-associated transcriptional alterations under an HPV-positive CC cell background. The intersection of these
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Figure 2 Screening of intersecting genes. (A) Boxplots showing the data quality of GSE63514. Green boxes represent the control group, and purple boxes represent the
experimental group. (B) Volcano plots of GSE63514. Green dots indicate downregulated genes, and purple dots indicate upregulated genes. The top five genes ranked by
|log, fold change| are labeled. (C) Boxplots showing the data quality of GSEI58814. (D) Volcano plots showing significantly altered genes in GSEI58814. Green dots indicate
downregulated genes, and purple dots indicate upregulated genes. The top five genes ranked by |log, fold change| are labeled. (E) Venn diagram showing the intersecting
DEGs between GSE63514 and GSE|58814.

https: 5

International Journal of Women’s Health 2026:18



Wang et al

two datasets yielded 31 overlapping genes associated with both CT-related transcriptional changes infection and CESC
(Figure 2E).

Establishing a Prognostic Model Based on LAMA4, CSF2RB, and HAL

Among the 31 overlapping genes derived from CT infection-associated transcriptional alterations under an HPV-positive
CESC cell background, univariate and multivariate Cox regression analyses (Figure 3A and B) identified three genes
with p < 0.05 in multivariate analysis: LAMA4, CSF2RB, and HAL. Of these, LAMA4 and HAL were identified as risk
factors (HR > 1), whereas CSF2RB acted as a protective factor (HR < 1). A prognostic model was constructed using
these three genes in the training set and validated in the testing set. The risk score calculated as follows: RiskScore =
(LAMA4 % 0.06023) + (CSF2RB x —0.09137) + (HAL x 0.14401). LASSO, Cox regression and bootstrap analysis further
confirmed the robustness of prognostic genes (Table S1 and 2). Kaplan—Meier survival analysis demonstrated significant
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Figure 3 Construction and validation of the prognostic model. Results of univariate (A) and multivariate (B) Cox regression analyses. Green boxes indicate HR > |, and
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differences in both the training and testing sets (p < 0.05), with patients in the high-risk group exhibiting worse survival
compared with the low-risk group (Figure 3C and D). ROC curves showed that the model had good predictive
performance. In the training set, the area under the curve (AUC) values at 1-, 3-, and 5-years were 0.801, 0.741, and
0.766, respectively, indicating good predictive accuracy (Figure 3E). In the test set, the corresponding AUC values were
0.897, 0.636, and 0.622, suggesting an acceptable decline in predictive ability for mid- to long-term survival (Figure 3F).

Construction and Validation of the Nomogram

Univariate and multivariate Cox regression analyses integrating RiskScore with age, stage, and grade were performed
(Table S3). The results showed that RiskScore, age, and stage were independent prognostic factors. Based on these
findings, a nomogram was constructed incorporating RiskScore, age, and stage. The nomogram indicated higher scores to
patients in the high-risk group and those with stage III-IV disease (Figure 4A). Calibration plots in both the training and
testing sets showed good agreement between predicted and observed 1-, 3-, and 5-year OS (Figure 4B and D). The AUC
values of nomogram for predicting 1-, 3-, and 5-year OS were 0.838, 0.720, and 0.793 in the training set, and 0.827,
0.684, and 0.747 in the testing set, respectively (Figure 4C and E). DCA further revealed that the nomogram yielded
higher net benefit at 5 years compared with 1- and 3-year predictions (Figure S1).

Functional Enrichment and GGI Analysis Reveals Key Immune- and Tumor-Related
Pathways

Differential expression analysis between the high- and low-risk groups identified 225 DEGs under the defined screening
criteria. GSEA was performed, and the top five enriched pathways were visualized (Figure 5A and B). For the C5 gene
sets, the top five enriched terms in BP included adaptive immune response, lymphocyte-mediated immunity, collagen
fiber organization, leukocyte-mediated immunity, and immune response-regulating cell surface receptor signaling path-
way (Figure 5A). For the C2 gene sets, the top five enriched pathways were Anastassiou multicancer invasiveness
signature, Mclachlan dental caries up, Wieland up by HBV infection, Zhang FH deficient RCC C1 VS other up, Wallace
prostate cancer race up (Figure 5B). Detailed enrichment results are provided in Tables S4 and S5.

GeneMANIA network analysis (Figure 5C) indicated that the three prognostic genes (HAL, CSF2RB, and LAMA4)
are functionally interconnected with a shared interaction network associated with immune response, extracellular matrix
organization, and metabolic regulation. This suggests that these genes may participate in coordinated biological processes
rather than acting independently.

Immune Infiltration Differences Reveal Potential Immune Regulatory Mechanisms
Immune infiltration analysis demonstrated significant differences in multiple immune cell populations between the high-
and low-risk groups (Figure 5D). Immune-activating cells including T cell subsets (CD4" T cells, CD8" central memory
T cells, Tregs), B cells (B cells, memory B cells, naive B cells), dendritic cells (DCs, pDCs, aDCs), and M1 macrophages
were significantly enriched in the low-risk group, suggesting a potential role in controlling tumor progression. In contrast,
stromal-derived cells such as mesenchymal stem cells (MSCs) and smooth muscle cells were enriched in the high-risk
group, indicating a more immunosuppressive tumor microenvironment. As shown in Figure S2, the ImmuneScore and
MicroenvironmentScore were significantly higher in the low-risk group, reflecting enhanced immune infiltration and
overall microenvironmental activity, which is consistent with better prognosis. No significant difference in StromaScore
was observed between the groups, suggesting comparable stromal content.

Potential Therapeutic Agents for the High-Risk Group

Drug sensitivity analysis revealed that the median ICs,y values of BI-2536 1086, SB505124 1194, and Sepantronium
bromide 1941 were significantly lower in the high-risk group than in the low-risk group (Figure 5E, p < 0.05). These
findings suggest that high-risk patients with CESC may exert increased sensitivity to these agents. Detailed drug
sensitivity data are provided in Table S6.

International Journal of Women’s Health 2026:18 https: 7


https://www.dovepress.com/article/supplementary_file/611743/611743_Supplementary.zip.zip
https://www.dovepress.com/article/supplementary_file/611743/611743_Supplementary.zip.zip
https://www.dovepress.com/article/supplementary_file/611743/611743_Supplementary.zip.zip
https://www.dovepress.com/article/supplementary_file/611743/611743_Supplementary.zip.zip

Wang et al

B =-
-
o |
o
g o |
n o
o
T
&
<
2 o 7
o
o~
o
o |
o
C o
0.75
2
[
o
2
-Fg 0.50
[+
3
2
0.25
0.00

Figure 4 Construction and validation of the nomogram. (A) Nomogram constructed based on RiskScore, age, and stage to predict patient survival probability. (B)
Calibration plots in the training cohorts. (C) ROC curves in the training cohorts. (D) Calibration plots in the test cohorts. (E) ROC curves in the test cohorts.

Points

RiskScore

Stage

20

Low

20 25

40

35

40

60

High
Stage I_Il

45 55 60

80 100

Stage IlI_IV

65 70 75 80 85

Total points M: /\ : . ‘i ~/ : .:

NS
60 80 100 120 140 160 180 200 220 240 260
Pr(time >5)
0.9 0.84 0.7 0.5 0.3 0.1 0.025 0.004
Pr(time > 3)
0.92 0.88 0.8 0.6 0.4 0.15 0.06 0.01
Pr(time > 1)
0.985 0.975 0.96 0.92 0.85 0.75 0.65 0.45
LJLULLLR 0 DR R B L D ‘O_ n T T 17 AT TR llll-llTITTIF
© _|
(=)
XX
g o x|
» o
[e]
g
¥ 3 <«
. 2 I
X . °
’ ~
84
~—— 1-year ~— 1-year
3-year 3-year
5-year S 4. 5-year
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 06 08 1.0
Nomogram-Predicted OS (%) Nomogram-Predicted OS (%)
’— E 1.00 ’7
{ v
0.75
1 ® _]
[
o
H 2
= 050
&
‘ 3
=
JJ 1t 1 year =0 025 \UC at 1 year =
0.00
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

False Positive Rate

False Positive Rate

https:

International Journal of Women’s Health 2026:18



Wang et al

Anastassiou
collagen fiber _ multicancer
organization invasiveness
signature
A value value
immune response o ret2se-7s Mclachlan denta P aasrce-ss
regulating cell surface caries up
receptor signaling pathway 9.373408e-16 4771989e-22
1.874682e-15 9.543977e-22
leukocyte-mediated 2812022¢-15 Wieland up by HBV 1431567021
immunity 374936315 infection 1.908795¢-21
lymphocyte-mediated Zhang FH deficient
immunity RCC C1 VS other up
e Wallace prostate
adaptive immune response cancer race up
-2 -1 0 1 -2 -1 0 1
Risk Group B3 High B3 Low
BI-2536_1086 SB505124_1194 Sepantronium bromide_1941
5 - B
4.
4
£ 3
0.
2
—41
Networks
@ Physical Interactions. 1
Co-expression
Predicted
Co-localization _3
Genete Itractons 0 -84
Path ~ . - . - .
e High Low High Low High Low
D Shared protein domains
kkkk wk RAkR RERR KRR KRR KRR KERE kR KKRE KRR KRR KREE KREE RRGE KRKR RRKR KRR RKKE R RRE KRR % KKK REk Kbk KK RRKE KK KK KK RekE Rk % RkRx
084 Risk Group
B3 High
B3 tow
0.64 5
c : .
i)
£
g
& 044
o
0.2- - -~
..
N B
H H
:
Y
0.04
NN NS
I b°°> K q'oe\ &
RSN N

Figure 5 Functional enrichment and immune infiltration analyses. Gene set enrichment analysis (GSEA) results for the C5 (A) and C2 (B) gene sets. (C) GeneMANIA
network analysis illustrating potential functional interactions among the model-related genes. (D) Immune infiltration analysis between the high- and low-risk groups. Green
and purple boxes represent the high- and low-risk groups, respectively. Cell types with significant intergroup differences (p < 0.05) are showed on the x-axis. (E) Potential
therapeutic agents predicted for the high-risk group.

Note: * p < 0.05, ¥ p < 0.01, ¥* p < 0.001, *** p < 0.0001, ns p = 0.05.
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Discussion

CT infection may synergistically promote the cervical carcinogenesis and enhance HPV E6/E7-mediated
immunosuppression.’® Moreover, CT infection has been identified as an independent predictor of CC risk.*'
Nevertheless, no studies have developed a prognostic model for CESC based on CT infection-related genes in an HPV-
positive CESC background. In this study, we systematically investigated CT infection-related genes in CESC by
integrating transcriptomic data from GEO and TCGA databases, and constructed a novel prognostic model comprising
three genes (LAMA4, CSF2RB, and HAL) associated with CT infection. This model demonstrated stable prognostic
performance in both the training and validation cohorts, and its predictive accuracy was further improved by a nomogram
incorporating age and stage. Furthermore, our findings support the hypothesis that CT infection may contribute to
cervical carcinogenesis and potentially facilitate HPV persistence and malignant transformation through multiple
mechanisms, including chronic inflammation, immune suppression, and genomic instability.

We identified 31 overlapping genes between CT-infected HelLa cells and CESC tissues. Among them, three genes
(LAMA4, CSF2RB, and HAL) were screened through univariate and multivariate Cox regression analysis, and subsequently
incorporated into a prognostic risk model. Notably, LAMA4 and HAL acted as risk factors, whereas CSF2RB served as
a protective factor. Laminin subunit a4 (LAMA4), a member of the laminin family, is an extracellular glycoprotein involved
in regulating cell differentiation, migration, and adhesion.*® Previous studies have demonstrated that LAMA4 promotes the

3334 Which is consistent with

migration, proliferation, and survival of endothelial, blood, and cancer cells in multiple cancers,
our findings that LAMA4 is associated with poor prognosis in CESC. Histidine ammonia-lyase (HAL) is the rate-limiting
enzyme in histidine catabolism and catalyzes the conversion of L-histidine into urocanate and ammonia in the liver and
skin.*> Emerging evidence suggests that HAL is involved in tumor metabolic reprogramming and may contribute to tumor
progression.*® Colony stimulating factor 2 receptor subunit beta (CSF2RB) is the common subunit of the type I cytokine
receptors for granulocyte-macrophage colony-stimulating factor (GM-CSF), interleukin (IL)-3 and IL-5.>” CSF2RB has been
implicated in immune regulation and inflammation responses, and is highly expressed in Treg cells, where it may participate
in antitumor immune responses.® Zhu et al further reported that CSF2RB serves as an important biomarker in lung
adenocarcinoma and may function as a tumor suppressor gene by inhibiting the growth, proliferation, and differentiation
of lung adenocarcinoma cells.*® Collectively, the differential roles of these genes are consistent with their contributions to
tumor progression, thereby supporting their biological relevance and prognostic value in CESC.

Functional enrichment analysis provided mechanistic insights into the molecular underlying prognostic model. GSEA
revealed that DEGs between high- and low-risk groups were significantly associated with immune responses and tumor-
related signaling pathways. Notably, the enrichment of adaptive immune processes and lymphocyte-mediated immunity
in the low-risk group underscores the importance of effective anti-tumor immunity in improving survival.** Consistent
with the GSEA findings, significant differences in immune cell infiltration were observed between the two risk groups.
Low-risk groups exhibited increased infiltration of multiple immune cell populations, including T cell subsets (CD4"
T cells, CD8" central memory T cells, Tregs), B cells (B cells, memory B cells, naive B cells), dendritic cells (DCs,
pDCs, aDCs), and M1 macrophages. These immune cells are well known to play pivotal roles in antitumor immunity.
Previous studies have demonstrated that activated CD4" and CD8" T cells exert potent antitumor effects.*' Cytotoxic
CDS8" T cells act as primary effectors in eliminating pathogens and tumor cells, while CD4" T cells are essential for
sustaining CD8" T-cell responses and preventing their functional exhaustion.**** Treg cells are considered a subset of
T cells with immunosuppressive function.** However, the role of Tregs in cancer procession remains complex and highly
context-dependent. A large meta-analyses suggests that the prognostic significance of FoxP3" Tregs varies across tumor
types and may even correlate with improved survival outcome in certain malignancies.*> Furthermore, increased Tregs
infiltration has paradoxically been associated with improved prognosis in several cancers, highlighting the functional
heterogeneity of these cells.*® Tregs may suppress tumor-promoting inflammation, thereby contributing to improved
prognosis under specific tumor microenvironment conditions.*’ These findings underscore that the prognostic and
functional significance of Tregs should be interpreted with broader immune microenvironment rather than evaluated as
an isolated cell population. In addition, M1-polarized macrophages exhibit antitumor activity through both intrinsic

phagocytic capacity and the promotion of pro-inflammatory immune responses.*® The enrichment of these immune cells
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in the low-risk group suggests a more active antitumor immune response, which may contribute to the favorable
prognosis observed in these patients. In contrast, high-risk patients displayed enrichment of stromal-derived cells,
including mesenchymal stem cells and smooth muscle cells, indicative of a more immunosuppressive tumor
microenvironment.** This immune landscape may partially explain the poorer clinical outcomes observed in high-risk
patients.

Importantly, drug sensitivity analysis revealed potential therapeutic implications. The high-risk group showed lower
predicted ICs, values for BI-2536, SB505124, and Sepantronium bromide, suggesting that increased sensitivity to these agents
in patients with poor prognosis. BI-2536, a Polo-like kinase 1 inhibitor, has demonstrated anti-proliferative activity in cervical
and other cancers.”® SB505124 targets transforming growth factor-beta signaling, which is frequently dysregulated in tumor
immunosuppression.’’ Sepantronium bromide is a survivin inhibitor that can induce apoptosis in cancer cells.*> Collectively,
these findings highlight the potential value of integrating molecular risk stratification with precision therapeutic strategies in
CESC.

Despite these promising findings, several limitations should be acknowledged. First, the CT-related genes were
derived from an in vitro infection model based on HeLa cells. Because HeLa cells are HPV-positive, the transcriptional
response to CT infection may be influenced by an underlying HPV-driven oncogenic background. Therefore, the
identified CT-related genes may reflect host responses in the context of HPV-positive CESC rather than CT-specific
effects alone. Second, the CT-infected cell dataset (GSE158814) included only two infected samples and two control
samples and was limited to a single HeLa cell model, which may limit ability to capture the heterogeneity of CESC
subtypes. Third, HPV infection is a key driver of CESC, and adjusting for HPV status could help mitigate potential
confounding effects. However, complete and reliable HPV status (eg., HPV16/18 positivity or viral load) is not
available in the TCGA-CESC cohort, which is a common limitation of public CESC omics datasets. In addition,
immune cell infiltration was inferred using the xCell algorithm rather than validated through experimental assays.
While xCell is a validated and widely computational approach, in silico estimations cannot fully substitute for
experimental validation. Therefore, further studies incorporating clinical specimens and functional experiments are
required to validate these findings. Finally, the biological functions of LAMA4, CSF2RB, and HAL in CESC remain to
be experimentally validated, particularly regarding their mechanistic roles in CT-HPV co-infection and immune
regulation.

Conclusions

In this study, we constructed and validated a three-gene risk model (LAMA4, CSF2RB, HAL) based on CT
infection-associated transcriptional alterations in CESC. The model demonstrated stable predictive performance
in independent cohorts. A nomogram combining RiskScore with clinical factors further enhanced prognostic
accuracy and clinical applicability. Immune infiltration analyses revealed that differences in tumor immune
microenvironment underlie the prognostic stratification, while drug sensitivity analyses suggested potential ther-
apeutic strategies for high-risk patients. In summary, our findings provide a novel prognostic tool for CESC and
offer additional insights into CT infection-associated molecular and immune-related alterations in CESC, which
may facilitate future studies on individualized prognosis assessment and therapeutic strategies.
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