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Background: Cervical cancer (CC) ranks among the top causes of cancer-related illness and death in women worldwide. Bacterial 
lipopolysaccharide-related genes (LRGs) contribute to tumor progression and immunosuppression. This study aimed to identify CC 
molecular subtypes based on LRGs and construct a prognostic model to explore patient prognosis and immune features.
Methods: Transcriptomic data and corresponding clinical details for CC patients were obtained from publicly accessible resources 
such as The Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression (GTEx) project. Molecular subtypes were uncovered 
by applying non-negative matrix factorization (NMF) to prognostic LRGs. Significant prognostic genes were identified through Cox 
regression coupled with Shrinkage and Selection Operator (LASSO) analysis to build a risk model, which was then validated using an 
independent dataset from the Gene Expression Omnibus (GEO). RT-qPCR validated gene expression. Differences in prognosis, tumor 
microenvironment (TME), immune status, and tumor mutational burden (TMB) were analyzed between risk groups, and drug 
sensitivity predictions were performed using pRRophetic.
Results: The study successfully identified two molecular subtypes. A prognostic model was developed based on four selected 
genes, with Receiver Operating Characteristic (ROC) curve analysis confirming its robust predictive performance in both the 
training and independent validation datasets. RT-qPCR analysis provided additional verification of the gene expression profiles. The 
low-risk cohort displayed a significantly more favorable outcome, along with increased infiltration of immune cells and enhanced 
immune scores. Furthermore, the signature genes were associated with sensitivity to multiple anticancer drugs, indicating potential 
therapeutic targets.
Conclusion: The risk model based on LRGs effectively predicts survival outcomes and immune characteristics in CC patients, 
providing a novel theoretical foundation for personalized treatment and immunotherapy strategies.

Plain Language Summary:   

(1) In this study, four characteristic genes that can be used as prognostic biomarkers for cervical cancer were identified, namely 
CXCL1, HLA-DRA, POSTN and TGFBI.

(2) The study identified two cervical cancer molecular subtypes associated with bacterial lipopolysaccharide and established 
a prognostic risk model with strong predictive power.

(3) Patients classified as low-risk demonstrate better survival outcomes, increased immune cell infiltration, and greater responsiveness 
to immunotherapy than those in the high-risk group.
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Introduction
Worldwide, cervical cancer (CC) is a prevalent and deadly tumor in women, significantly endangering female health.1 As 
reported by the International Agency for Research on Cancer (IARC), CC is the fourth leading malignancy affecting 
women and is especially common in the 15–44 age group.2 According to the World Health Organization, in 2020, there 
were approximately 604,000 new cases of CC and 342,000 related deaths documented worldwide, with over 85% of 
these occurring in developing nations where healthcare resources are limited.3 This significant geographic variation is 
largely closely related to human papillomavirus (HPV) vaccination rates and the prevalence of CC screening. Despite the 
significant impact of CC screening and human papillomavirus (HPV) vaccination in prevention and early diagnosis, 
outcomes for patients with advanced CC remain poor, with five-year survival rates remains low.4,5 In addition, the 
heterogeneity of tumours and the complex tumour microenvironment (TME) significantly affect the therapeutic efficacy 
of CC, making precision therapy a critical issue to be addressed.6–9 Therefore, a detailed understanding of CC’s 
molecular basis and identification of molecular subtypes and prognostic markers of clinical significance are important 
for achieving individualised precision treatment and improving patient prognosis.

The TME is crucial in the initiation, development, spread, and treatment outcomes of tumors.10–12 The TME 
represents a complex and diverse system made up of tumor cells, immune cells, fibroblasts, vascular endothelial cells, 
and the extracellular matrix.13 Among them, immune cell infiltration and inflammatory response are important factors 
affecting tumour progression and therapeutic efficacy.14–17 It is well known that high-risk HPV infection is a major 
causative factor in the development of CC.18,19 HPV disrupts the tumour suppressor mechanism of host cells through its 
oncogenic proteins, E6 and E7, and promotes aberrant cell proliferation and genomic instability.20–22 In addition, HPV 
infection has been found to modulate the host immune response, suppressing antiviral and anti-tumour immunity, thus 
helping tumour cells evade immune surveillance.23,24 Recently, bacterial lipopolysaccharide (LPS), a key structural 
molecule in Gram-negative bacteria, has been found to have a strong connection with the TME.25–27 For example, LPS 
affects the immune status of the TME by activating pattern recognition receptors such as Toll-like receptor 4 (TLR4), 
which induces the release of inflammatory factors and immune cell activation.28,29 It has been shown that the TLR4/NF- 
κB pathway is up-regulated in CC and is closely associated with tumour cell proliferation, migration and invasion.30,31 

Additionally, bacterial lipopolysaccharide-related genes (LRGs) have been shown to contribute significantly to tumor 
immune escape, influencing therapeutic efficacy and patient survival in multiple tumor forms.32–34 However, the 
expression patterns, specific roles and potential mechanisms of LRGs in CC have not been systematically elucidated. 
Considering that HPV infection may affect the LPS level by altering the local flora composition of the cervix, which in 
turn affects the local immune microenvironment of the cervix, examining the role of LRGs in regulating immunity within 
CC could provide essential theoretical support for advancing immunotherapy development.35,36

This research utilized CC transcriptomic data combined from The Cancer Genome Atlas (TCGA) and the Genotype- 
Tissue Expression (GTEx) databases, combined with LRGs collected from Comparative Toxicogenomics Database 
(CTD), we systematically screened differentially expressed lipopolysaccharide-related genes (DELRGs), identified 
molecular subtypes of CC using non-negative matrix factorisation (NMF) method, and constructed a prognostic risk 
model. The connection between LRGs and the immune landscape of CC and therapeutic response was deeply explored 
through immune infiltration analysis, tumour mutation load (TMB) analysis and drug sensitivity prediction. This research 
offers a novel approach to molecular classification and prognosis evaluation of CC, while also building a foundation for 
personalized immunotherapy development.

Methods
Data Collection
The TCGA database (https://portal.gdc.cancer.gov) was utilized to obtain transcriptomic datasets for cervical cancer 
(CESC), which included mRNA expression profiles from 306 tumor and 3 normal samples, as well as copy number 
variation and clinical information. To ensure the reliability of the survival analyses, samples lacking follow-up survival 
information (eg, overall survival time as well as survival status) or missing key clinical variables (eg, stage, etc.) were 
excluded from subsequent analyses. In addition, 10 healthy cervical transcriptomes from the GTEx database (https:// 
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xenabrowser.net/datapages/) were merged to form a training set. We verified our results using the GSE52903 microarray 
dataset available in the GEO database (https://www.ncbi.nlm.nih.gov/geo/). The keyword “lipopolysaccharide” was used 
to retrieve 6571 LRGs from the CTD (http://ctdbase.org/).

Analysis of LRGs
Batch effect correction of the combined TCGA and GTEx data using the ComBat algorithm. The “edgeR” package was 
employed to perform differential expression analysis, applying criteria of False Discovery Rate (FDR) below 0.05 and an 
absolute log fold change (FC) greater than 2. Following this, an intersection between differentially expressed genes 
(DEGs) and LRGs was performed to pinpoint DELRGs. Functional enrichment of these DELRGs was then assessed 
using the “clusterProfiler” tool. To identify DELRGs with prognostic significance, we excluded patients with survival 
times <30 days and performed univariate Cox regression analyses (p < 0.01). Additionally, the expression levels of gene 
in both normal and tumor tissues were quantified, and their correlations were evaluated.

Molecular Typing Based on DELRGs
NMF clustering was applied to the expression data of prognostically significant DELRGs, with two clusters (k=2) 
determined as the optimal grouping based on higher silhouette coefficient as well as higher dispersion. To evaluate the 
accuracy of subtype classification and its influence on survival outcomes, principal component analysis (PCA) and 
survival analysis were performed. Also, differential analysis of subtypes was performed to identify DEGs between 
subtypes. The functional roles of these genes were examined through pathway enrichment analysis based on the Kyoto 
Encyclopedia of Genes and Genomes (KEGG). Additionally, variations in immune cell infiltration among the subtypes 
were evaluated using ssGSEA, ESTIMATE, and MCP-counter algorithms, alongside a comparison of clinical 
characteristics.

Construction of Prognostic Risk Model
Clinical data and expression data from DEGs were combined and samples with survival < 30 days were excluded. 
Univariate Cox regression identified 23 candidate genes (p < 0.01). To minimize the impact of collinearity, prognostic 
genes were further refined using the Least Absolute Shrinkage and Selection Operator (LASSO) regression via the 
“glmnet” package. Subsequently, a multivariate Cox regression analysis was performed to establish a prognostic risk 
model comprising four genes. Based on their calculated risk scores, patients were stratified into high-risk and low-risk 
groups. The model’s predictive performance was assessed using receiver operating characteristic (ROC) curves at 1, 3, 
and 5 years (AUC), alongside Kaplan-Meier (K-M) survival analysis. Additionally, the model’s validity was confirmed 
using an independent dataset GSE52903.

Enrichment Analysis
To explore the pathway differences between the high-risk and low-risk groups, Gene Set Enrichment Analysis (GSEA, v4.3.2) 
was conducted. Concurrently, differential analysis was performed, and the resulting DEGs were analyzed for functional 
enrichment using the “clusterProfiler” package, which included Gene Ontology (GO) and KEGG pathway analyses.

Nomogram Based on Clinical Information and Risk Score
Univariate and multivariate Cox regression analyses were performed by integrating clinical variables with prognostic 
model risk scores. A nomogram was constructed to estimate patient survival probabilities at 1, 3, and 5 years. Decision 
Curve Analysis (DCA) was used to evaluate the clinical utility of the model, while calibration plots were generated to 
compare predicted outcomes against actual patient prognoses.

Subgroup Analysis Based on Risk Model of Clinicopathological Characteristics
Clinical features of TCGA-CESC patients were analyzed statistically alongside their prognostic risk scores. Patients were 
further stratified based on age, grade, stage, and TNM stage, with K-M survival curves were generated to compare high- 
and low-risk groups within each subgroup.
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Immune Infiltration Analysis and Prediction of Immunotherapy Response
Scores reflecting the infiltration of 29 immune cell subsets and functions were generated using the ssGSEA method. 
Immune cell abundance in different risk groups was further evaluated with CIBERSORT, which also measured the 
expression of immune checkpoint molecules within these groups. Furthermore, the association between the genes 
defining the model signature and immune cell infiltration levels was examined using Pearson correlation analysis. To 
investigate potential differences in immunotherapy responses between patients classified as high-risk and low-risk, 
Immunophenoscore (IPS) data for TCGA-CESC cases were retrieved from The Cancer Immunome Atlas 
(TCIA, https://tcia.at), followed by comparative analysis of these groups. Immunotherapy strategies that inhibit immune 
checkpoints such as PD-1 or PD-L1 have garnered significant attention in recent research.37,38 To evaluate how well risk 
scores predict responses to immunotherapy, we utilized clinical data from patients who received anti-PD-L1 therapy in 
the IMvigor210 cohort, accessed via the “IMvigor210CoreBiologies” R package. The developed model facilitated the 
categorization of samples into high- and low-risk categories, providing a basis to forecast their potential response to 
immunotherapy.

TMB Analysis and Drug Sensitivity Analysis
Mutation data from the TCGA-CESC cohort were used to calculate TMB scores for each sample, followed by Wilcoxon 
tests to compare TMB values between different risk groups. Additionally, the mutation profiles of the top 20 most 
frequently altered genes were summarized separately for each risk group to elucidate potential differences in mutational 
landscapes. To identify novel therapeutic targets and more effective treatments, the half maximal inhibitory concentration 
(IC50) of various agents was estimated using the “pRRophetic” package to predict drug sensitivity. The pRRophetic 
algorithm was based on the publicly available drug sensitivity database Genomics of Drug Sensitivity in Cancer (GDSC), 
which contained gene expression profiles of a wide range of tumour cell lines and experimentally measured IC50 values 
for a wide range of chemotherapeutic agents. Notably, a lower IC50 indicates greater drug efficacy against tumors. The 
CellMiner database (https://discover.nci.nih.gov/cellminer/) was utilized to identify drugs whose sensitivities were 
significantly correlated with the signature genes.

Construction of Regulatory Networks for Characteristic Genes
We utilized miRNet (https://www.mirnet.ca/) and NetworkAnalyst (https://www.networkanalyst.ca/) to identify miRNAs 
and transcription factors (TFs) associated with characteristic genes. The resulting networks were then visualized using 
Cytoscape v3.10.2.

Validation of Target Genes Using Quantitative Reverse Transcription PCR (RT-qPCR)
The human CC cell line SiHa was obtained from the American Type Culture Collection (ATCC, Manassas, VA, USA). 
Total RNA was extracted from these cells using TRIzol reagent (Invitrogen, USA). Subsequently, complementary DNA 
(cDNA) was synthesized from the isolated RNA employing the 5× ALL-IN-One RT Master Mix kit (Applied Biological 
Materials Inc., Canada). RT-qPCR assays were then performed on the ABI 7500 Fast Real-Time PCR System (Applied 
Biosystems, USA) using the TB Green Premix Ex Taq kit (Takara, Dalian, China). GAPDH served as the internal 
reference gene to normalize expression levels. Relative quantification of gene expression was calculated by applying the 
2−ΔΔCt method.39 Detailed primer sequences used for amplification are listed in Table 1.

Statistical Analysis
R software (version 4.4.1) and its relevant packages were employed to conduct the analyses. Differences between the two 
groups were evaluated using Wilcoxon rank-sum tests and Student’s t-tests. Survival outcomes were compared by 
generating K-M curves, with statistical significance determined through the Log rank test. The “timeROC” package was 
utilized to construct ROC curves, while data visualization was primarily carried out with the help of the “ggplot2” 
package. The relationship between the two variables was examined using both Spearman’s rank correlation and Pearson’s 
correlation analyses. The median was used to define the cutoff for subgroup analysis. A threshold of p < 0.05 was 
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considered statistically significant. The p-values were classified into groups as: ****p less than 0.0001; ***between 
0.0001 and 0.001; **between 0.001 and 0.01; *ranging from 0.01 to 0.05; and ns indicating p-values greater than 0.05.

Results
Differential Expression Analysis of LRGs in CC
A total of 1,265 differentially expressed genes (DEGs) were identified, comprising 646 upregulated and 619 down
regulated genes (Figure 1A). Intersection of these DEGs with LRGs resulted in 479 overlapping DELRGs (Figure 1B). 
Subsequent enrichment analyses, including GO (Figure 1C) and KEGG pathway analysis (Figure 1D), were conducted 
on this subset. GO molecular function enrichment revealed that these genes predominantly participate in mediating 
intercellular adhesion and chemokine activity, highlighting their roles in cell-to-cell and cell-to-extracellular matrix 
interactions. GO biological process analysis reveals that these genes play crucial roles in tissue development, preserving 
structural stability, and guiding cell differentiation. Cellular component analysis highlights the association of genes with 
the extracellular matrix and cellular junctions associated with maintaining the structural integrity of tissues, such as 
collagen-containing extracellular matrix and adherens junction. Enrichment analysis of KEGG pathways illuminated their 

Table 1 Detailed Primer Sequences Used in RT-qPCR

Gene Primer Nucleotide Sequences (5’-3’)

CXCL1 Forward: CTGGGATTCACCTCAAGAACATC
Reverse: CAGGGTCAAGGCAAGCCTC

HLA-DRA Forward: GGCGGCTTGAAGAATTTGGAC

Reverse: CACAGGGCTGTTTGTGAGCA
POSTN Forward: GCGAGATCATCAAGCCAGCAGAG

Reverse: TCCAGTCTCCAGGTTGTGTCAGG

TGFBI Forward: ATGACCCTCACCTCTATGTACC
Reverse: CACAGTTCACAGTTACAATCCCA

GAPDH Forward: CTGGGCTACACTGAGCACC
Reverse: AAGTGGTCGTTGAGGGCAATG

Figure 1 Analysis of DEGs in CC and normal groups and functional enrichment of LRGs. (A) Volcano plot of DEGs. (B) Intersection analysis of DEGs and LRGs (479 DELRGs). 
(C) GO enrichment analysis of intersected genes. (D) KEGG enrichment analysis of the intersected genes. (E) Univariate forest plot of prognostic genes (p < 0.01, 27 genes). 
Abbreviations: CC, cellular composition; BP, biological process; MF, molecular function.
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critical roles in dynamic cellular processes, including cell division, senescence, signaling cascades, motility, and 
cytoskeleton control, eg Cell cycle and Cytoskeleton in muscle cells. A univariate Cox regression analysis was performed 
on the DELRGs using a significance cutoff of p < 0.01, which led to the identification of 27 genes associated with 
prognosis (Figure 1E, Supplementary Table S1). The expression analysis revealed that most of these genes were 
upregulated in tumor tissues compared to normal counterparts (see Supplementary Figure S1A). In addition, correlation 
analysis among these genes showed that most of them had a tight co-expression relationship, suggesting a possible 
synergistic role in tumour development (Supplementary Figure S1B).

Subtype Identification and Related Analysis
Using the expression profiles of the 27 prognostic genes identified through univariate Cox analysis, NMF was applied for 
clustering, resulting in two distinct groups (Figure 2A and B). Subsequently, PCA plots were drawn to visualise the 
clustering effect (Figure 2C). The survival analysis demonstrated that individuals in group 1 experienced notably worse 
outcomes than those in group 2 (Figure 2D), suggesting that the two subtypes had different prognostic characteristics. 
Figure 2E demonstrates the differential expression of these 27 prognostic genes in the two subgroups, with approximately 
half of them highly expressed in group1 and the other half in group2. Immune infiltration disparities between the 
subtypes, calculated via ssGSEA, are visualized in the heatmap of Figure 2F, highlighting variations in immune cell 
abundance. Using the ESTIMATE algorithm, the ESTIMATE, Immune, Stromal Scores, and Tumor Purity were assessed, 
revealing that group 1 had a notably lower immune score and higher tumor purity than group 2, suggesting enhanced 
immune infiltration and lower purity in group 2 (Figure 2G). MCP-counter analysis further confirmed that immune cell 
infiltration levels were significantly elevated in group 2 relative to group 1 (Figure 2H). Finally, the two subgroups were 
compared through differential expression analysis, and KEGG pathway enrichment of the selected DEGs highlighted 
their primary roles in immune function and associated diseases like Rheumatoid arthritis and the IL-17 signaling pathway 
(Figure 2I). In addition, Table 2 summarises the distribution of clinical characteristics of patients with both subgroups, 
further supporting the existence of significant clinical differences between subtypes.

Development and Validation of Prognostic Models
Prognostic models were developed using genes that differed between subtypes. Initially, univariate Cox regression 
pinpointed 23 genes that showed a strong association with patient prognosis, meeting the significance criterion of p < 
0.01 (Figure 3A, Supplementary Table S2). To address multicollinearity and refine the gene set, LASSO regression was 
applied, narrowing the list down to 13 key prognostic genes (Figure 3B and 3C, Supplementary Table S3). These genes 
were then subjected to multivariate Cox analysis, which ultimately selected four signature genes—CXCL1, HLA-DRA, 
POSTN, and TGFBI—for constructing the final prognostic model (Figure 3D, Supplementary Table S4). Figure 3E 
displays the expression patterns of the four key signature genes in tumor versus normal tissues, revealing that CXCL1, 
HLA-DRA, and TGFBI were markedly elevated in tumor specimens. Based on the prognostic model developed, patients 
were divided into high-risk and low-risk groups according to their assigned risk scores. Within the TCGA training 
dataset, the prognostic model demonstrated robust predictive performance, with area under the ROC curve (AUC) values 
of 0.822, 0.682, and 0.695 for 1-, 3-, and 5-year survival predictions, respectively (Figure 3F). Furthermore, survival 
analysis showed that individuals categorized as low-risk had notably better survival outcomes than those assigned to the 
high-risk group (Figure 3G). Figure 3H presents the spread of risk scores in relation to the survival status of the patients, 
further confirming the model’s ability to distinguish between risk groups. To evaluate the reliability of the model, it was 
tested on the independent GSE52903 dataset, producing findings that aligned closely with those observed in the TCGA 
training cohort. In this validation group, ROC curve analysis showed AUC values of 0.702, 0.669, and 0.71 for predicting 
survival at 1, 3, and 5 years, respectively (Figure 3I). Similar to the training data, patients identified as low-risk exhibited 
significantly better survival rates (Figure 3J). Figure 3K depicts the spread of risk scores in relation to survival outcomes 
across both high- and low-risk groups, highlighting the model’s consistency and dependability. Additionally, expression 
boxplots comparing the signature genes between risk groups revealed that, with the exception of HLA-DRA, the 
remaining three genes showed significantly higher expression levels in the high-risk group (Figure 3L). Survival analysis 
conducted on each individual gene revealed that higher expression levels of all four genes were closely associated with 
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unfavorable patient outcomes (Figure 3M). RT-qPCR experiments confirming the expression patterns of the signature 
genes (Figure 3N).

Pathway Enrichment Analysis of Different Risk Groups
Next, pathway enrichment analysis was performed on the high- and low-risk groups utilizing GSEA version 4.3.2. 
Results indicated that the low-risk cohort showed notable enrichment in pathways related to immune system activities, 
such as antigen recognition, immune memory, immune regulation, and energy metabolism. This suggests that the 
immune system in the low-risk group operates in a highly coordinated and active manner. Notably, the enrichment of 

Figure 2 Analysis of NMF clustering and enrichment. (A) Clustering of expression profiles for 27 prognostic genes using the NMF method. Red colour represents the 
baseline. (B) NMF heatmap with the number of selected subgroups as 2. (C) PCA plot showing the spatial distribution of the two groups of samples. (D) K-M survival 
curve comparison between the group1 and group2. Red colour indicates the first group and blue colour indicates the second group. (E) Boxplot of prognostic gene 
expression. About half of them are highly expressed in group1 and the other half in group2. (F) Heatmap depicting differences in immune cell infiltration across the two 
separate subgroups. (G) Comparison of ESTIMATE scores, immune scores, stromal scores, and tumor purity between the different subgroups. (H) Evaluation of immune 
cell infiltration across the subgroups using the MCP-counter method. (I) KEGG pathway analysis highlighting enriched signaling routes among genes differentially 
expressed between the subgroups. Statistical significance: ****, p less than 0.0001; ***, p-value between 0.0001 and 0.001; **, p-value between 0.001 and 0.01; *, p-value 
ranging from 0.01 to 0.05; and ns denotes non-significant results where p-value exceeds 0.05.
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pathways involved in immunological memory indicates that individuals in the low-risk group may possess enhanced 
immune surveillance and responsiveness (Figure 4A). Conversely, the high-risk group was predominantly enriched in 
pathways involved in cell growth, tissue restructuring, and the formation of new blood vessels. These findings indicate 
that tumor cells in high-risk patients possess enhanced growth and invasive capabilities. For example, pathways related to 
the suppression of cell-matrix adhesion and the enhancement of nuclear division (Figure 4B) were significantly enriched, 
indicating major changes in cell adhesion mechanisms and cell cycle regulation that likely contribute to tumor growth 
and metastatic potential within this group. We further explored the functions of DEGs between high- and low-risk groups 
through GO and KEGG enrichment analyses. GO biological process enrichment indicated a heightened state of foreign 
antigen processing and presentation within the adaptive immune system. Pathways associated with MHC protein 
complex assembly and the processing/presentation of foreign antigens were particularly enriched (Figure 4C). This 
suggests a robust immune response activation related to antigen presentation in these groups. KEGG pathway analysis 
demonstrated that the DEGs were predominantly linked to immune-related disorders and immune system activities, 
encompassing pathways such as hematopoietic cell lineage, rheumatoid arthritis, as well as other autoimmune and 
chronic inflammatory diseases (Figure 4D). This further supports the significant role of the immune system in 
determining disease prognosis.

Construction of Nomogram
To evaluate how risk scores influence patient outcomes, we integrated risk scores with clinical variables in both univariate and 
multivariate Cox regression analyses (Figure 5A and B). The findings indicated that risk score and patient age are likely key 
determinants of prognosis. We then created a nomogram integrating risk score, age, disease stage, and TN staging to predict 
survival outcomes at 1, 3, and 5 years for patients (Figure 5C). The DCA curve indicated that this model offered a high net 
clinical advantage within certain threshold limits (Figure 5D). The calibration curve additionally validates the strong 
agreement between survival probabilities estimated by the nomogram and the observed patient survival outcomes (Figure 5E).

Table 2 Summary of Clinical Characteristics Among Subgroups

Name Levels Group1 (N=109) Group2 (N=184) P value

OS 0 70 (64.2%) 150 (81.5%) 0.002
1 39 (35.8%) 34 (18.5%)

Age Mean ± SD 45.4 ± 13.7 49.6 ± 13.7 0.013

Grade G1 6 (5.5%) 13 (7.1%) 0.840
G2 46 (42.2%) 83 (45.1%)

G3 47 (43.1%) 70 (38%)

G4 0 (0%) 1 (0.5%)
Unknown 10 (9.2%) 17 (9.2%)

Stage Stage I 57 (52.3%) 100 (54.3%) 0.687
Stage II 22 (20.2%) 42 (22.8%)

Stage III 19 (17.4%) 23 (12.5%)

Stage IIV 7 (6.4%) 15 (8.2%)
Unknown 4 (3.7%) 4 (2.2%)

T T1 53 (48.6%) 84 (45.7%) 0.030

T2 15 (13.8%) 53 (28.8%)
T3 7 (6.4%) 10 (5.4%)

T4 4 (3.7%) 6 (3.3%)

Unknown 30 (27.5%) 31 (16.8%)
N N0 43 (39.4%) 86 (46.7%) 0.329

N1 20 (18.3%) 36 (19.6%)

Unknown 46 (42.2%) 62 (33.7%)
M M0 34 (31.2%) 73 (39.7%) 0.226

M1 3 (2.8%) 8 (4.3%)

Unknown 72 (66.1%) 103 (56%)
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Subgroup Analysis of Risk Scores and Clinical Characteristics in CC Patients
We also analyzed how clinical features were distributed among patients classified into different risk groups 
(Supplementary Figure S2A). Patients were categorized into subgroups according to various clinical parameters, 
including age (≤65 versus >65), tumor grade (G1 compared to G2-4), overall disease stage (Stage I and II versus 

Figure 3 Identification and modeling of prognostic signature genes in CC. (A) Forest plot displaying results from univariate Cox regression for 23 genes associated with 
prognosis. (B) Distribution plot and (C) coefficient spectrum of log(β) sequences in LASSO regression model. (D) Forest plot summarizing multivariate Cox analysis of four key 
prognostic genes. (E) Boxplots illustrating the differential expression of signature genes in cervical cancer versus normal tissue samples. (F) ROC curves assessing the 
prognostic gene signature’s ability to predict outcomes (G) K-M survival curves comparing survival probabilities between patients categorized into high-risk and low-risk groups. 
(H) Scatterplot of the distribution of patient survival versus risk score. (I) ROC curves illustrating the accuracy of 1-, 3-, and 5-year overall survival predictions within the 
GSE52903 cohort. (J) K-M survival analysis comparing patient groups within the GSE52903 cohort. (K) Scatterplot showing patient survival status in relation to risk scores in 
the GSE52903 cohort. (L) Boxplots illustrating expression differences of signature genes between different risk groups. (M) K-M analysis of signature genes. (N) RT-qPCR 
results of signature genes. Statistical significance: ***, p-value below 0.001; **, p-value between 0.001 and 0.01; *, p-value ranging from 0.01 to 0.05; and ns denotes non- 
significant results where p-value exceeds 0.05.
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Stage III and IV), T classification (T1 and T2 versus T3 and T4), N classification (N0 versus N1), and M classification 
(M0 versus M1). K-M survival analyses within these subgroups consistently showed that patients classified as high-risk 
had markedly worse overall survival outcomes than those in the low-risk category (Supplementary Figure S2B).

Analysis of Immune Cell Infiltration and Forecasting of Immunotherapy Outcomes
To uncover the distinct immune profiles between different risk groups of patients, we performed a systematic assessment 
using a variety of immune-related analyses. We revealed significant variations in the infiltration levels of 10 immune cell 
types as well as differences in 9 immune-related functional pathways when comparing the high-risk and low-risk groups 
using ssGSEA (Figure 6A and B), indicating distinct immune microenvironmental characteristics. Further analysis 
utilizing the CIBERSORT algorithm uncovered notable differences in the infiltration levels of several immune cell 
types, including CD8+ T cells, resting CD4+ memory T cells, M0 and M1 macrophages, activated dendritic cells, and 
activated mast cells between the different risk groups (Figure 6C). In addition, examination of immune checkpoint gene 
expression revealed that most of these genes exhibited significant differential expression between the two risk categories 
(Figure 6D). Furthermore, Pearson correlation analysis indicated a strong relationship between the expression of the 
signature genes and the degree of immune cell infiltration (Figure 6E). Building on the immune infiltration assessment, 
we further investigated the potential link between risk groups and immunotherapy responsiveness. The comparison of 

Figure 4 GSEA and DEGs enrichment analyses comparing different risk groups. (A) GSEA results highlighting pathways prominently enriched in the low-risk cohort. (B) GSEA 
findings showing pathways significantly enriched within the high-risk cohort. (C) GO biological process enrichment analysis of DEGs distinguishing the two risk groups. (D) KEGG 
pathway enrichment of DEGs distinguishing the two groups. BP: biological process.
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IPS values showed that individuals classified as low-risk exhibited significantly elevated IPS scores relative to those in 
the high-risk group, suggesting that the low-risk patients may have a more favorable response to immunotherapy 
(Figure 6F). To further assess the ability of risk scores to predict immunotherapy outcomes, we examined data from 
the IMvigor210 cohort, which includes patients who received PD-L1 inhibitor treatment. Survival analysis demonstrated 

Figure 5 Construction of nomogram. (A) Univariate Cox regression analysis. (B) Multivariate Cox regression analysis. (C) Nomogram constructed based on risk scores 
versus clinical characteristics. (D) DCA curve analysis of the nomogram. The vertical coordinate represents the net benefit and assesses the value of clinical application of 
the nomogram at different thresholds. (E) Calibration curves for the nomogram.
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Figure 6 Analysis of immune features and immunotherapy response in patients stratified by risk groups. (A) Boxplots illustrating ssGSEA-derived immune cell scores 
comparing different risk groups. (B) Boxplots showing ssGSEA immune function scores across the two risk categories. (C) Immune cell infiltration differences between different 
risk groups assessed by the CIBERSORT algorithm. (D) Comparative expression analysis of immune checkpoint genes in different risk groups of patients. (E) Heatmap 
illustrating the relationships between the expression of signature genes and the extent of immune cell infiltration. (F) Comparison of IPS values between different risk groups. 
(G) K-M survival curves of the IMvigor210 cohort. (H) Distribution of immunotherapy responders (R) and non-responders (NR) within the two risk categories. Blue represents 
NR and red represents R. (I) Comparison of risk scores between patients who responded to immunotherapy (R) and those who did not (NR). Statistical significance: ***, 
p-value below 0.001; **, p-value between 0.001 and 0.01; *, p-value ranging from 0.01 to 0.05; and ns denotes non-significant results where p-value exceeds 0.05.
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that patients in the low-risk category had markedly better survival outcomes than those assigned to the high-risk group 
(Figure 6G). Moreover, the low-risk cohort showed a significantly greater proportion of favorable responses to 
immunotherapy compared to the high-risk cohort (Figure 6H). Furthermore, individuals who showed a positive response 
to immunotherapy exhibited notably reduced risk scores compared to those who did not respond (Figure 6I), suggesting 
that lower risk scores could be linked to more favorable treatment results.

TMB and Drug Sensitivity Analysis
To explore the mutation landscape of patients stratified by risk, we conducted an analysis of TMB. The results indicated 
that the TTN gene mutation occurred slightly more often in the low-risk group than in the high-risk group, with 
frequencies of 17% versus 15%, respectively (Figure 7A and B). Moreover, patients in the high-risk category exhibited 
a reduced overall TMB compared to their low-risk counterparts (Figure 7C). To assess variations in chemotherapy 

Figure 7 Mutation profiles and drug sensitivity analyses of patients in different risk groups. (A) Mutation waterfall plot of the high-risk group (top20). (B) Mutation waterfall 
plot of the low-risk group (top20). (C) Comparative analysis of TMB between the two groups. (D) Comparison of 5-fluorouracil and mitomycin C IC50 values between 
different risk groups. (E) IC50 values for docetaxel and bleomycin (50 µM) compared across different risk groups. (F) Analysis of how CXCL1 expression correlates with 
drug sensitivity. CXCL1 expression was positively correlated with EMD-534085 and auranofin. (G) Relationship between TGFBI expression level and drug sensitivity. TGFBI 
expression was negatively correlated with Sepantronium and JNJ-38877605.
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responsiveness between the different risk groups, the pRRophetic algorithm was utilized to predict IC50 values for four 
drugs frequently administered in CC treatment. The results indicated that patients categorized as low-risk exhibited 
increased sensitivity to 5-fluorouracil and mitomycin C (Figure 7D), whereas those in the high-risk group were more 
susceptible to docetaxel and bleomycin (at 50 µM) (Figure 7E). Additionally, using the CellMiner database, correlation 
analysis revealed a significant negative relationship between CXCL1 expression and the IC50 values of EMD-534085 and 
auranofin (Figure 7F, Supplementary Table S5). Conversely, TGFBI expression showed a positive correlation with the 
IC50 values of Sepantronium and JNJ-38877605 (Figure 7G, Supplementary Table S5). In contrast, TGFBI expression 
was positively correlated with the IC50 values for Sepantronium and JNJ-38877605 (Figure 7G, Supplementary 
Table S5).

Construction of TF and miRNA Network Related to Characteristic Genes
In addition, we predicted 30 miRNAs (eg miR-98-5p, miR-30a-5p) and 26 TFs (eg FOXC1) upstream of the char
acterised genes (CXCL1, HLA-DRA, POSTN, and TGFBI). The complete regulatory network was shown in 
Supplementary Figure S3.

Discussion
LPS, a potent immunostimulant, is pivotal in the development of CC and influences the TME.36 In this study, based on 
the molecular subtypes identified by bacterial LRGs, we constructed a risk model containing four characteristic genes, 
providing a new molecular tool for the prognostic assessment of CC patients. The model successfully separated patients 
into different risk categories, with those in the low-risk group exhibiting markedly improved prognosis. Compared to the 
patients in the high-risk group, low-risk patients demonstrated longer survival, greater immune cell infiltration, and 
enhanced responsiveness to immunotherapy. In addition, we evaluated variations in chemotherapy drug sensitivity across 
risk groups, suggesting that the model not only has prognostic value, but may also guide the development of 
individualised treatment regimens and improve the efficacy of immunotherapy and targeted therapies. The functional 
enrichment results indicated that the LRGs with altered expression in CC predominantly participate in mediating cell 
adhesion and chemokine functions, highlighting their significance in maintaining tight connections between cells and the 
extracellular matrix. Moreover, these genes influence the recruitment and positioning of immune cells, playing a critical 
role in immune cell infiltration and the overall immune response in CC.40–42 Further analysis of biological processes and 
cellular components revealed that these genes are participate in the regulation of epithelial cell development, extracellular 
matrix organisation and adhesion junction structures, suggesting that they may influence the role of tumour-associated 
myofibroblasts (myCAFs) in the remodelling of the microenvironment of CC, which in turn promotes tumour cell 
proliferation and metastasis.8,43 In addition, KEGG pathway enrichment emphasises the activation of cell cycle and 
cytoskeletal regulatory pathways, which to some extent reflects the dynamic changes of CC cells in proliferation and 
migration. It has been previously shown that lipopolysaccharide signalling in the TME may influence immune escape and 
therapeutic response in CC by regulating immune cell function and extracellular matrix remodelling.44–46 In summary, 
LRGs not only reveal the complex regulatory mechanisms of the TME in CC, but also provide potential molecular targets 
and theoretical basis for targeting the TME and improving the efficacy of immunotherapy.

Our study first identified two molecular subtypes associated with LPS and they differed significantly in prognosis. 
Group 2 had better survival, higher levels of immune cell infiltration and a relatively active immune microenvironment. 
Differential genes between the two subtypes mainly focused on disease- and immune-related pathways, such as 
Rheumatoid arthritis and IL-17 signaling pathway, suggesting that LPS may affect tumour immune escape and patient 
prognosis by modulating immune responses. This finding not only deepens the understanding of the heterogeneity of the 
tumour immune microenvironment, but also enhances our understanding of the immunomodulatory role of LPS.

Our study identified four key prognostic genes (CXCL1, HLA-DRA, POSTN, and TGFBI), which are characteristically 
closely associated with the onset and progression of CC. CXCL1, a CXC chemokine, has been shown to play pro- 
inflammatory and immunomodulatory roles in a variety of tumours.47,48 CXCL1 in CC may promote tumour progression 
and metastasis by modulating the recruitment of immune cells with the inflammatory state of the TME.49,50 These 
chemokine profiles have previously been suggested to serve as biomarkers for the detection of cervical precancerous 
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lesions.51,52 Previously, it has been shown that monoclonal antibodies targeting CXCL1 (eg HL2401) display inhibitory 
effects on tumour cell proliferation, invasion and angiogenesis in vitro and in animal models, significantly delaying 
tumour growth in bladder and prostate cancers.53 Our research revealed elevated CXCL1 expression in CC and among 
high-risk patients, aligning with earlier findings that link high CXCL1 levels to unfavorable CC prognosis.54–57 As 
a crucial part of MHC class II molecules, HLA-DRA plays an important role, is participates in antigen presentation and 
activates CD4+ T cells, which in turn affects tumour immunosurveillance.58 HLA-DRA has been shown to serve as 
a prognostic marker for clinical outcomes.59,60 Our research revealed that HLA-DRA expression is elevated in CC and 
correlates with unfavorable prognosis. Notably, however, HLA-DRA levels were lower in the high-risk group, suggesting 
a potential involvement of specific mechanisms governing HLA-DRA function throughout disease progression. This 
complex dynamic may be related to the different stages of immune escape from the tumour. On the one hand, high HLA- 
DRA expression reflects active inflammation and immune activation in the TME.61 However, certain immunosuppressive 
cells such as tumour-associated macrophages (TAMs) also express HLA-DRA, which induces immune tolerance through 
the presentation of self-antigens or inhibitory molecules, promotes tumour progression and leads to a poor prognosis.62,63 

On the other hand, decreased HLA-DRA expression in the high-risk group may be a mechanism by which tumour cells 
evade immune surveillance. With disease progression, tumours down-regulate MHC II expression through epigenetic 
modifications, immunosuppressive factors (eg, TGF-β, IL-10), or HPV infection, which attenuates antigen-presenting 
ability and helps to evade recognition by CD4+ T cells, and ultimately leads to a poor prognosis.64 Previous studies have 
also indicated that HLA-DRA could be a potential target for anti-tumour therapy in CC.65 The specific expression patterns 
of HLA-DRA in different cell types (eg tumour cells, antigen-presenting cells, etc.) need to be investigated in more depth 
in the future. Bone bridging protein (POSTN), an extracellular matrix protein involved in cell adhesion, migration and 
remodelling of the TME, promotes tumour cell invasion and metastasis, and has been identified as a marker of poor 
prognosis in a variety of cancers.66–68 A previous study indicated that high expression of POSTN in CC was a risk factor 
for poor prognosis in CC patients undergoing radical radiotherapy.69 In a mouse trial, POSTN pathway blockade 
combined with PD-L1 inhibitor treatment was found to significantly inhibit tumour growth and alter the immune cell 
composition of the TME.70 Our findings revealed that POSTN expression was elevated in the high-risk group and 
strongly correlated with unfavorable prognosis. Transforming growth factor β-inducible protein (TGFBI) is a key 
regulatory molecule mainly distributed in the extracellular matrix, it modulates diverse biological activities, including 
cell proliferation, differentiation, and migration by interacting with cell surface receptors and extracellular matrix 
components, and its aberrant expression is closely related to tumour invasiveness and drug resistance.71–73 One study 
indicated that down-regulation of TGFBI could make CC cells more sensitive to cisplatin.74 These findings imply that 
TGFBI could be a key factor contributing to chemoresistance in CC. Our research revealed that TGFBI expression was 
markedly elevated in CC and among patients classified as high-risk. Taken together, these four genes not only play 
important roles in regulating the biological behaviour of CC cells, but may also serve as potential prognostic markers and 
therapeutic targets by impacting the TME and extracellular matrix dynamics.

The TME in CC patients is characterized by significant heterogeneity and disrupted immune regulation.6,7,23 Analysis 
of immune cell infiltration revealed that individuals classified as low-risk demonstrated a more robust anti-tumor immune 
environment, characterized by notably increased infiltration of CD8+ T cells and M1 macrophages, which correlated 
strongly with improved responses to immunotherapy and favorable survival outcomes. CD8+ T cells directly killed 
tumour cells by secreting granzyme B and perforin,75–78 while M1 macrophages activate the Th1-type immune response 
by releasing IL-12 and TNF-α, which together constitute the core effector mechanism of anti-tumour immunity.79,80 In 
contrast, patients classified as high-risk often display an immature immune microenvironment, characterized by the 
presence of resting CD4+ memory T cells and M0 macrophages, which may contribute to immune evasion and 
diminished effectiveness of immunotherapy.81,82 The prediction of response to immunotherapy further revealed differ
ences in the immune microenvironment across risk groups. Specifically, low-risk patients exhibited higher IPS scores, 
suggesting a more active immune system and anti-tumour potential. High IPS values typically correspond to increased 
immune cell infiltration and more potent immune effector functions in the TME, supporting a favorable response to 
therapies targeting immune checkpoints like anti-PD-L1 antibodies.83,84 Our findings showed that individuals classified 
as low-risk exhibited notably greater response rates to anti-PD-L1 treatment compared to those in the high-risk category. 
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Moreover, correlation analyses between signature genes and immune cell infiltration levels highlighted the crucial role 
these genes play in immune regulation, especially concerning M0 macrophages and activated mast cells.

Further TMB analysis showed that the overall TMB was higher in the low-risk group than in the high-risk group. This 
finding is consistent with previous studies that high TMB is usually positively correlated with immunotherapy response, 
as higher mutation loads generate more neoantigens and enhance tumour immunogenicity, thereby activating the body’s 
anti-tumour immune response.85 It has also been shown that patients with high TMB have better outcomes when treated 
with immune checkpoint inhibitors, with significantly longer objective remission rates and progression-free survival.86 In 
addition, we observed a significant increase in the mutation frequency of the TTN gene in the low-risk group. TTN, as 
a common high-volume mutated gene, has the potential for its variation to contribute to the generation of neoantigens and 
further activate the immune response, thus providing a molecular basis for the good prognosis of the low-risk group.87,88 

These findings highlight the critical role of TMB and specific gene variants in regulating the TME, suggesting that future 
studies could delve into the complex relationship between TMB and immune infiltration and the differences in 
immunogenicity of different mutant genes to optimise immunotherapeutic strategies.

Finally, a sensitivity prediction analysis for various chemotherapeutic agents was carried out across high- and low- 
risk groups, demonstrating greater susceptibility to 5-fluorouracil and mitomycin C in the low-risk patients. This could be 
attributed to the lower proliferative capacity of tumor cells within the low-risk group, their weaker DNA repair capacity, 
and a more active immune microenvironment, which rendered these cells more susceptible to the killing effects of 
antimetabolite and antimicrotubule drugs.89–91 On the contrary, patients classified as high-risk showed greater sensitivity 
to docetaxel and bleomycin, suggesting that tumor cells in this group might rely on different biological pathways to make 
them more sensitive to these drugs, such as cell cycle control and DNA damage repair.92–95 Such differences reflect the 
heterogeneity of molecular features and drug action mechanisms in tumours of different risk groups, providing an 
important basis for the design of clinical individualized chemotherapy regimens. It should be noted that drug sensitivity 
analyses rely only on computational prediction, with certain uncertainty in the results, and lack of in vitro or clinical 
experimental support. Therefore, these results are only for preliminary reference at present, and it is necessary to further 
validate their reliability through multi-centre clinical samples or cell/animal experiments in the future to enhance the 
practical application value.

In conclusion, our study successfully identified 2 bacterial LPS-associated molecular subtypes and developed a risk 
model capable of accurately forecasting patient outcomes. Compared with traditional prognostic models, it has certain 
advantages. Existing prognostic models based on core EMT genes (eg, VIM, CDH2) mainly predict the risk of tumour 
metastasis, reflecting the migratory and invasive ability of tumour cells, but they are insufficient in explaining the role of 
the regulation of the immune microenvironment in early-stage CC, and are difficult to reveal the mechanisms of immune 
cell infiltration and immune escape.96 Meanwhile, existing HPV-associated models only apply to HPV-positive patients 
and rely on E6/E7 expression, neglecting the role of HPV-negative patients and microbial factors such as LPS in tumour 
immune escape.97,98 In contrast, the prognostic model constructed based on LPS in this study highlights the tumour 
immune microenvironment and microbe-tumour interactions, which not only predicts excellent survival, but also focuses 
on key immune pathways, providing new potential targets for immune microenvironment-related therapies, and expand
ing the scope of existing models. However, there are limitations to this study. Firstly, the data utilized were sourced from 
public databases, and future studies need more external datasets as well as clinical cohorts for validation. Secondly, our 
study only offered a preliminary insight into the roles of the identified signature genes in CC, and the specific biological 
mechanisms behind them remain to be elucidated. Network analysis of miRNAs and TFs upstream of the signature genes 
can further narrow down the scope for future studies (Supplementary Figure S3). Finally, due to the limitation of time 
and experimental conditions, RT-qPCR was only performed in one CC cell line at present, and will be extended to 
multiple cell lines or clinical samples for further validation in the future. In addition, since our study primarily relied on 
bioinformatics approaches, we failed to further verify the specific regulatory roles of LPS and LRGs in the CC TME 
through in vitro cellular experiments. Subsequent experimental confirmation at the molecular mechanism level can be 
performed in combination with cellular and animal models to enhance the persuasiveness of the study conclusions. The 
imperfect clinical information (eg, HPV typing, etc.) in public databases may affect the results of the analyses, and it is 
necessary to conduct in-depth studies based on large samples and complete clinical information in the future, especially 
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the comparative analyses of different subgroups of HPV. Nevertheless, our study still provide new perspectives for 
understanding the mechanism of bacterial LPS in tumour immunity, which has important clinical translational value.

Conclusion
Overall, we developed a risk model capable of accurately forecasting the prognosis of CC patients. Four CC-related 
prognostic biomarkers were identified, revealing their important roles in intercellular adhesion and immune regulation, 
which provided a theoretical basis for an in-depth understanding of the TME and LPS-mediated tumour mechanisms in 
CC, and provided new perspectives on immunotherapy and individualised chemotherapeutic strategies for CC.
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