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Background: As the core treatment for cervical cancer, chemoradiotherapy efficacy is often limited by tumor heterogeneity-driven 
resistance. During chemoradiotherapy, the tumor microenvironment undergoes dynamic remodeling, with residual malignant cells 
evolving adaptively. However, the key regulatory genes driving therapeutic resistance remain elusive at single-cell resolution, which 
hinders the development of novel targeted therapies.
Methods: Single-cell RNA sequencing (scRNA-seq) was performed on paired clinical samples from three cervical cancer patients 
before and after chemoradiotherapy to identify the cellular changes and the molecular mechanisms induced by chemoradiotherapy. 
Through integrated multi-omics data analysis, non-heterogeneity-dependent genes with prognostic value were identified. Furthermore, 
the biological function of the candidate gene in chemoradiotherapy-resistant HeLa cells was verified through in vitro functional 
experiments, including the detection of cell proliferation, migration and invasion abilities.
Results: Chemoradiotherapy significantly reprogrammed the cellular composition of the tumor microenvironment (TME) in cervical 
cancer. Residual malignant cells showed activation of angiogenesis, epithelial-mesenchymal transition, stress-response, and cell-cycle 
programs. Eight heterogeneity-filtered prognostic genes were identified, and phosphoglucomutase 2 (PGM2) was prioritized because it 
was upregulated in cervical cancer, enriched in malignant cells, associated with poor prognosis, and supported by independent 
transcriptomic, spatial, and immunohistochemical evidence. PGM2 knockdown reduced proliferation, migration, and invasion in 
resistant HeLa cells.
Conclusion: PGM2 may contribute to the malignant phenotype of chemoradiotherapy-resistant cervical cancer cells and represents 
a candidate biomarker and therapeutic target. Further validation in larger clinical cohorts and laboratory work is needed before clinical 
translation.
Keywords: cervical cancer, chemoradiotherapy resistance, PGM2, single-cell RNA sequencing, tumor heterogeneity

Introduction
Cervical cancer remains one of the most common malignant tumors of the female reproductive system worldwide and 
continues to pose a major threat to women’s health and survival.1 Chemoradiotherapy is a standard treatment for locally 
advanced cervical cancer and plays an essential role in controlling disease progression.2 However, a substantial propor
tion of patients develop resistance to chemoradiotherapy, leading to tumor recurrence and poor clinical outcomes. 
Increasing evidence suggests that tumor heterogeneity and dynamic remodeling of the tumor microenvironment 
(TME) are noteworthy contributors to therapeutic resistance in cervical cancer.3,4 Therefore, elucidating the molecular 
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associations underlying heterogeneity-driven chemoradiotherapy resistance and identifying effective therapeutic targets 
remain important challenges in cervical cancer research.

Recent advances in high-throughput sequencing technologies have greatly facilitated the investigation of tumor 
biology and therapeutic resistance mechanisms.5,6 In particular, single-cell RNA sequencing (scRNA-seq) has emerged 
as a powerful approach for characterizing cellular heterogeneity and dissecting the complex cellular composition of the 
TME at single-cell resolution.7,8 Previous studies have demonstrated that scRNA-seq helps reveal distinct transcriptional 
states of tumor cells associated with treatment response and disease progression in multiple malignancies.9,10 

Nevertheless, the molecular determinants that drive chemoradiotherapy resistance in heterogeneous cervical cancer 
cell populations remain incompletely understood.

Metabolic reprogramming is increasingly recognized as a hallmark of cancer progression and therapy resistance.11 

Alterations in glucose metabolism can promote tumor cell survival under therapeutic stress and contribute to resistance to 
radiotherapy and chemotherapy.12 Phosphoglucomutase 2 (PGM2), as a glucose metabolism-related enzyme, is mainly 
involved in the interconversion of glucose-6-phosphate and glucose-1-phosphate in glucose metabolism.13 Previous 
studies have suggested that PGM2 may be associated with tumor prognosis and malignant progression.14–16 Nevertheless, 
whether PGM2 is associated with chemoradiotherapy resistance in cervical cancer, particularly in the context of tumor 
heterogeneity, remains insufficiently understood.

In this study, we employed scRNA-seq technology to analyze the TME reprogramming of cervical cancer patients 
before and after chemoradiotherapy. By evaluating the inter-patient heterogeneity (IPH) and intra-tumor heterogeneity 
(ITH),17 we identified chemoradiotherapy resistance-related genes that were not affected by tumor heterogeneity. Further, 
we screened genes associated with the prognosis of cervical cancer. We clarified the expression pattern of PGM2 in 
cervical cancer and its regulatory role in the chemoradiotherapy resistance of tumor cells. This study provides potential 
targets for reversing the chemoradiotherapy resistance driven by tumor heterogeneity in cervical cancer.

Materials and Methods
Data Source
The scRNA-seq data were obtained from the publicly available Gene Expression Omnibus (GEO) dataset GSE236738,18 

which contains paired tumor samples collected before and after chemoradiotherapy from three cervical cancer patients. 
The Cancer Genome Atlas-Cervical Squamous Cell Carcinoma and Endocervical Adenocarcinoma (TCGA-CESC) 
dataset was used for differential expression analysis and screening of prognosis-related genes. The multi-region sequen
cing dataset GSE5787 (containing 33 samples from 11 patients)19 was used for tumor heterogeneity analysis. The single- 
cell dataset GSE168652,20 spatial transcriptome data and the Human Protein Atlas (HPA) database21 were used for the 
verification of gene transcription and protein expression.

scRNA-Seq Data Processing and Analysis
The scRNA-seq data processing workflow is as follows:22 Initial filtering was performed by setting a minimum of 3 cells 
and a minimum of 200 genes. The R package DoubletFinder23 was employed to remove doublets. The novelty score24 

(defined as the ratio of number of features of RNA (nFeature_RNA) to number of counts of RNA (nCount_RNA)) was 
calculated. Multi-dimensional filtering criteria were applied (nCount_RNA: 500–40,000; nFeature_RNA: 200–5,000; 
percentage of mitochondrial genes (percent.mt) ≤ 10%; novelty score ≤ 0.8), and cells meeting these criteria were 
retained. Normalization was conducted using the LogNormalize method. Two thousand highly variable genes were 
selected via the variance stabilizing transformation (VST) method. Batch correction was performed using the Harmony 
tool with sample type as the grouping variable. Principal Component Analysis (PCA) dimensionality reduction was 
performed based on highly variable genes, and the first 30 principal components were used to construct a k-nearest 
neighbor (KNN) graph for cell clustering. Cluster marker genes were identified using the FindAllMarkers function. 
Uniform Manifold Approximation and Projection (UMAP)25 plots were generated to visualize cell distribution. Finally, 
cell type annotation was performed using the easybio R package26 combined with known marker genes.
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Malignant Cell Screening and Functional Identification
Epithelial cells were screened from the total cell population as the target cell group, with T cells serving as the normal 
reference. The inferCNV package27 was used to identify malignant epithelial cells. Non-negative Matrix Factorization 
(NMF) was performed using the GeneNMF package, with parameters set to k = 4:9, 2000 highly variable genes, and 
a minimum of 10 cells per sample, to extract 10 core Meta-Programs (MPs). Gene Ontology-Biological Process (GO-BP) 
enrichment analysis was conducted using the clusterProfiler package (Organism Homo sapiens. Ensembl Gene Database 
(org.Hs.eg.db)) to assign biological names and define functional modules. The AddModuleScore function was used to 
calculate meta-program scores, with > 0 defined as the activated state. The proportion of activated cells was statistically 
analyzed by Treatment-negative (TN)/Concurrent Chemoradiotherapy (CCRT) grouping, and Grammar of Graphics Plot 
2 (ggplot2) was used to generate bar plots comparing the activation differences of each functional module under different 
clinical conditions.

Screening of Non-Heterogeneity-Dependent Resistance Genes
Gene-ITH was defined as the standard deviation of gene expression across different regions within the same patient, 
while IPH was quantified by calculating the mean of 10 random sampling repetitions.28 Resistance genes were classified 
into four heterogeneity subgroups based on the mean values of ITH and IPH. In this framework, high IPH indicates that 
a gene can distinguish inter-patient differences that may be relevant to individualized therapy, whereas low ITH indicates 
relatively stable expression within different tumor regions of the same patient, reducing the risk that the marker reflects 
only regional sampling bias. Therefore, genes with high IPH and low ITH were prioritized as candidate resistance genes 
less affected by intratumoral heterogeneity.

Core Candidate Gene Identification
Based on heterogeneity-independent resistance genes, gene expression and overall survival (OS) data from the TCGA- 
CESC dataset were extracted. Univariate Cox regression analysis was performed using the R package survival to screen 
prognostic genes significantly associated with OS (P < 0.05). These genes were classified into high-risk genes (hazard 
ratio (HR) > 1) and protective genes (HR < 1). Simultaneously, the limma package was used to identify differentially 
expressed genes between tumor and normal tissues (|log2FoldChange (FC) | > 1, P < 0.05), yielding a tumor-upregulated 
gene set. The intersection of high-risk genes and tumor-upregulated genes was taken to screen core candidate genes.

Spatial Transcriptome Analysis
Spatial transcriptomic data were processed according to the pipeline described by He et al29 Regions containing at least 
one malignant cell were defined as malignant zones (Mal), while regions without malignant cells were defined as non- 
malignant zones (nMal).

Cell Culture and Transfection
H8, HeLa, and MS751 cells (Saiku Biotechnology, China) were cultured at 37°C with 5% carbon dioxide (CO2). HeLa 
and MS751 cells were maintained in Gibco Dulbecco’s Modified Eagle Medium (DMEM) supplemented with 10% 
Sembek fetal bovine serum (FBS) and 1% Gibco penicillin-streptomycin; H8 cells were cultured in specialized epithelial 
medium (ScienCell). Medium was changed 2–3 times per week.

Induction of Chemoradiotherapy-Resistant HeLa Cells
HeLa-DDP (cis-diamminedichloroplatinum, cisplatin) cisplatin-resistant cells were purchased from Guangzhou Saiku 
Biotechnology Co., Ltd, seeded in T25 flasks and cultured in DMEM containing 2 μg/mL cisplatin. When cell confluence 
reached 60–70%, X-ray irradiation was performed (SSD 100 cm, field size 20×20 cm2), followed immediately by 
medium change. The initial dose was 2 gray (Gy)/min for 5 consecutive days, with a 2-day rest period, repeated for 2 
cycles; the dose was subsequently increased to 3 Gy. Stable surviving clones were selected and expanded to establish the 
chemoradiotherapy dual-resistant cell line. This model was used as an in vitro system for functional validation.
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Gene Expression Detection
Total ribonucleic acid (RNA) was extracted using Trizol reagent and reverse-transcribed into complementary deoxyr
ibonucleic acid (cDNA). With beta-actin (β-actin) as the internal reference, relative PGM2 expression was calculated 
using the 2^(-ΔΔCt) method. Primer sequences: PGM2 forward, GAGGCAGTGAAACGACTAATAGC; PGM2 reverse, 
CTGTCCCAAACTCCATTCGGG; β-actin forward, TCCATCATGAAGTGTGACGT; β-actin reverse, 
GAGCAATGATCTTGATCTTCAT. PGM2 small interfering RNA (siRNA) and negative control were designed and 
synthesized. Transfection was performed using Lipofectamine 3000 (50 nmol/L), and cells were collected 48 hours post- 
transfection to verify knockdown efficiency.

Assays for Cell Proliferation
Transfected resistant HeLa cells were seeded in 96-well plates at 5×103 cells per well. Cell Counting Kit-8 (CCK-8) 
reagent was added at 0, 24, 48, and 72 hours, incubated for 2 hours, and optical density (OD) values at 450 nm were 
measured. Proliferation curves were plotted, and experiments were repeated three times.

Wound Healing Assays for Migration
Transfected cells were seeded in 6-well plates at 2×105 cells per well. When confluence exceeded 90%, a scratch was 
made using a pipette tip, washed three times with phosphate buffered saline (PBS), and cultured in serum-free medium. 
Images were captured at 0 and 24 hours, and scratch width was measured using ImageJ. Migration rate was calculated as: 
(width at 0h - width at detection point) / width at 0h × 100%. Experiments were repeated three times.

Transwell Assays for Migration and Invasion
Migration assay: Cells were resuspended in serum-free medium and seeded in the upper chamber at 1×105 cells per well. 
The lower chamber contained 20% FBS DMEM. After 24 hours, cells in the upper chamber were wiped off, fixed, 
stained, and counted in five random fields. Invasion assay: The upper chamber was coated with Matrigel (1:8), incubated 
at 37°C for 30 minutes to solidify. The remaining steps were identical to the migration assay. Cells were cultured for 
48 hours before counting. Experiments were repeated three times.

Statistical Analysis
Comparisons between two groups were performed using Student’s t-test (t-test) or Wilcoxon rank-sum test. Survival 
analysis was conducted using the Kaplan-Meier method and Log rank test. Prognostic gene screening was performed 
using univariate Cox regression. P < 0.05 was considered statistically significant.

Results
TME of Cervical Cancer Before and After Chemoradiotherapy
The publicly available GSE236738 dataset included paired tumor samples from three cervical cancer patients before and 
after chemoradiotherapy, yielding a total of 6 samples for scRNA-seq analysis. Following data quality control and 
filtering of low-quality cells, high-quality single-cell transcriptomic data were obtained. Through UMAP dimensionality 
reduction and clustering analysis (Figure 1A), nine major cell types (Figure 1B) were identified: T cells, neutrophils, 
epithelial cells, macrophages, natural killer (NK) cells, fibroblasts, B cells, mast cells, and endothelial cells, comprehen
sively covering the cell components of the cervical cancer TME.

The annotated cells were grouped and mapped to compare changes in cellular composition of the TME before and 
after treatment. UMAP dimensionality reduction (Figure 1C) visualization demonstrated that CRT can reshape the 
cellular architecture of the cervical cancer tumor microenvironment at the global level. The stacked bar chart 
(Figure 1D) of cell proportions intuitively displayed the compositional changes of the nine cell types across the six 
samples. Epithelial cells showed high proportions in TN2 and TN3 but decreased in CCRT2 and CCRT3, suggesting 
marked tumor-cell reduction in these two patients. In contrast, epithelial cells increased in CCRT1 compared with TN1, 
indicating residual malignant-cell enrichment in this patient. Immune-cell changes were also observed, including 
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a decrease in T-cell proportion and an increase in macrophage proportion after treatment, while neutrophils, NK cells, 
and B cells showed no consistent pattern across patients.

These results indicate that chemoradiotherapy can reprogram the cellular composition of the cervical cancer TME. 
The degree of tumor-cell elimination varied markedly among patients, supporting the need to consider inter-patient 
heterogeneity when interpreting treatment response and resistance.

Functional Heterogeneity of Malignant Cells
Focusing on the tumor malignant cell subpopulations (Figure 2A and B), unsupervised clustering combined with GO/ Kyoto 
Encyclopedia of Genes and Genomes (KEGG)30 functional enrichment analysis was performed. Based on gene co-expression 
modules, malignant cells were classified into 10 core functional states (Figure 2C), including angiogenesis, antigen 
presentation, cell cycle, ciliation, epithelial-mesenchymal transition (EMT), Hypoxia, insulin-like growth factor (IGF) 
signaling, inflammatory, squamous metaplasia, and stress, revealing significant functional heterogeneity within tumor cells.

Comparing the proportions of cells with active functional pathways between the TN and CCRT groups (Figure 2D), 
the regulatory effects of chemoradiotherapy on pathway activity were analyzed. The results showed that squamous 
metaplasia, antigen presentation, IGF signaling, hypoxia, and inflammatory pathways were downregulated, indicating 
that chemoradiotherapy significantly suppressed the activity of these tumor-promoting, or immunosuppressive-related 
pathways. Conversely, angiogenesis, EMT, stress, and cell cycle pathways were upregulated, suggesting that residual 
malignant cells after chemoradiotherapy could activate these pathways to enhance their invasive and migratory cap
abilities, stress resistance, and proliferative escape capacity, thus establishing the molecular foundation for the develop
ment of therapeutic resistance.

Identification of Core Candidate Genes
Genes from four functional modules (angiogenesis, EMT, stress response, and cell cycle) were considered as candidate 
resistance genes because these pathways were activated in residual malignant cells after chemoradiotherapy. We then 

Figure 1 Chemoradiotherapy induced TME reprogramming of cervical cancer. (A) UMAP dimensionality reduction plot showing the clustering of all qualified single cells 
from 6 cervical cancer tissue samples (3 paired pre- and post-chemoradiotherapy samples). (B) UMAP plot of cell type annotation for all clustered cells, with nine major cell 
types labeled including T cells, neutrophils, epithelial cells, macrophages, NK cells, fibroblasts, B cells, mast cells and endothelial cells. (C) UMAP dimensionality reduction 
visualization of cell distribution in the Treatment-negative (TN) group and Concurrent Chemoradiotherapy (CCRT) group, showing the global cellular architecture changes 
of TME after chemoradiotherapy. (D) Stacked bar chart displaying the proportion changes of the nine annotated cell types in the six pre- and post-chemoradiotherapy 
samples, reflecting the dynamic variation of TME cellular composition induced by chemoradiotherapy.
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quantified IPH and ITH for these genes and classified them into four groups. Genes with high IPH and low ITH 
(Figure 3A) were prioritized because they may capture clinically relevant inter-patient differences while remaining 
comparatively stable within individual tumors. This selection strategy was used to reduce the confounding effect of 
intratumoral regional heterogeneity when screening candidate resistance targets.

Based on this framework, we attempted to explore which genes significantly influence OS in cervical cancer patients. 
Univariate Cox proportional hazards regression analysis identified a total of 8 prognostic genes significantly associated 
with OS in cervical cancer patients (P < 0.05) (Figure 3B): including 4 high-risk genes (HR > 1), namely cluster of 
differentiation 59 (CD59) (HR = 1.369, 95% CI: 1.023–1.833, P = 0.035), Follistatin like 1 (FSTL1) (HR = 1.214, 95% 
CI: 1.029–1.423, P = 0.022), PGM2 (HR = 1.334, 95% CI: 1.034–1.722, P = 0.027), and pentraxin 3 (PTX3) (HR = 
1.281, 95% CI: 1.063–1.544, P = 0.009); and 4 protective genes (HR < 1). Kaplan-Meier survival curves (Figure 3C–F) 
also demonstrated that the four high-risk genes were associated with poor OS in cervical cancer: CD59 (Log-rank P = 
0.045); FSTL1 (Log-rank P < 0.001); PGM2 (Log-rank P = 0.011); PTX3 (Log-rank P = 0.004). Intersection analysis 
between these four high-risk genes and the upregulated resistance gene set in TCGA cervical cancer tumor tissues 
ultimately identified PGM2 (Figure 3G).

Expression Characteristics of PGM2 in Cervical Cancer
Box plot analysis showed that the mRNA expression level of PGM2 was significantly elevated in cervical cancer tissues 
compared with normal cervical tissues (P = 0.008) (Figure 4A), verifying its specific high expression feature in tumor 
tissues. UMAP clustering displayed the expression distribution of PGM2 in various cell subsets, and the results suggested 

Figure 2 Functional heterogeneity of malignant cells in cervical cancer after chemoradiotherapy. (A) Screening of malignant epithelial cells from the total cell population 
using inferCNV package, with T cells as the normal reference. (B) UMAP clustering plot of the identified cervical cancer malignant cell subpopulations. (C) Classification of 
malignant cells into 10 core functional states based on gene co-expression modules and functional enrichment analysis. (D) Bar plot comparing the proportion of cells with 
activated functional pathways in the TN group and CCRT group; the red column represents the CCRT group and the blue column represents the TN group, showing the 
upregulation or downregulation of each functional pathway after chemoradiotherapy. The blue box highlights the pathways that were relatively more activated in the CCRT 
group than in the TN group.
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that PGM2 was highly enriched in malignant cell clusters (Figure 4B and C). Quantitative analysis of cell subset 
expression revealed that the mean expression level of PGM2 in malignant cells was higher than that in other cell types 
(P < 0.001) (Figure 4D). Spatial transcriptomic analysis demonstrated that the mean expression level of PGM2 in 
malignant area was markedly higher than that in non-malignant area (P < 0.001) (Figure 4E–I), further confirming its 
tumor cell-specific expression characteristic. Correlation analysis indicated that PGM2 was mainly involved in signal 
crosstalk among tumor cells, epithelial cells and dendritic cells (Figure 4J), suggesting that it may affect the cancer 
progression by regulating the cell interaction network in the TME. Immunohistochemical staining (Figure 4K–N) showed 
positive expression of PGM2 in cervical cancer tissues.

PGM2 Knockdown Inhibited the Malignant Phenotypes of 
Chemoradiotherapy-Resistant HeLa Cells
To further characterize the resistant-cell model, cisplatin sensitivity assays were performed in parental HeLa cells, 
cisplatin-resistant HeLa-DDP cells, and irradiation-adapted HeLa-DDP/X-ray cells. Dose-response analysis demonstrated 
that HeLa-DDP cells exhibited markedly increased cisplatin tolerance compared with parental HeLa cells, while 
additional fractionated X-ray exposure further enhanced resistance in HeLa-DDP/X-ray cells (Fig. S1A). Consistently, 

Figure 3 Identification of PGM2 as the core candidate gene mediating chemoradiotherapy resistance in cervical cancer. (A) Scatter plot of resistance genes classified by IPH 
and ITH mean values; genes in the high IPH and low ITH quadrant are defined as heterogeneity-independent resistance genes. (B) Forest plot of univariate Cox proportional 
hazards regression analysis for 8 prognosis-related genes significantly associated with OS of cervical cancer patients, showing HR, 95% CI and P value for each gene. (C–F) 
Kaplan-Meier survival curves of the four high-risk genes (CD59, FSTL1, PGM2, PTX3), with the log-rank P value indicated, demonstrating the correlation between high 
expression of these genes and poor OS in cervical cancer patients. (G) Venn diagram showing the intersection analysis of four high-risk genes and tumor-upregulated 
resistance genes in TCGA-CESC dataset, identifying PGM2 as the core candidate gene.
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Figure 4 Expression characteristics of PGM2 in cervical cancer tissues and cells. (A) Box plot comparing the mRNA expression level of PGM2 between cervical cancer 
tissues and normal cervical tissues (P = 0.008), verifying the high expression of PGM2 in tumor tissues. (B and C) UMAP clustering plots showing the expression distribution 
of PGM2 in various cell subsets of cervical cancer TME; and PGM2 is highly enriched in malignant cell clusters. (D) Quantitative analysis of PGM2 expression in different cell 
types, showing that the mean expression level of PGM2 in malignant cells is significantly higher than that in other cell types (P < 0.001). (E) Spatial distribution map of 
malignant zones (Mal) and non-malignant zones (nMal) in cervical cancer tissue sections. (F) Quantitative comparison showing that the mean expression level of PGM2 was 
significantly higher in malignant regions (Mal) than in non-malignant regions (nMal) (P < 0.001). (G) Spatial distribution of major cell populations in the tissue section. (H) 
Spatial distribution of tumor-cell enrichment. (I) Spatial expression pattern of PGM2, showing its preferential localization in malignant regions. (J) Correlation analysis 
heatmap of PGM2 with other cell types, indicating that PGM2 is mainly involved in signal crosstalk among tumor cells, epithelial cells and dendritic cells. (K–N) 
Immunohistochemical staining images of PGM2 in normal cervical tissues (K) and cervical cancer tissues (L-N). ***P < 0.001.
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IC50 analysis showed a stepwise increase in cisplatin resistance from parental HeLa cells to HeLa-DDP and HeLa-DDP 
/X-ray cells (Fig. S1B), supporting the successful establishment of an in vitro chemoradiotherapy-resistant cervical 
cancer cell model.

To verify the regulatory effect of PGM2 on chemoradiotherapy-resistant cervical cancer cells, siRNA was employed 
to knock down PGM2 expression in resistant HeLa cells. The quantitative real-time reverse transcription polymerase 
chain reaction (qRT-PCR) results showed that both PGM2 siRNA1 and siRNA2 significantly reduced the mRNA 
expression level of PGM2 in resistant HeLa cells compared with the negative control group (siNC) (P < 0.001) 
(Figure 5A and B). CCK-8 assay results (Figure 5C) indicated that the OD values of resistant HeLa cells in the 
PGM2 knockdown group were lower than those in the negative control group at 24 hours, 48 hours and 72 hours 
(P < 0.001), demonstrating that PGM2 knockdown markedly suppressed the proliferative capacity of resistant HeLa 
cells. Wound-healing assay results revealed that the wound healing rate of cells at 24 hours was significantly lower in the 
PGM2 knockdown group than in the negative control group (P < 0.001) (Figure 5D and E). Transwell migration and 
invasion assays showed that the number of migrated and invaded cells in the lower chamber was reduced after PGM2 
silencing compared with the negative control group (P < 0.001) (Figure 5F–I), confirming that PGM2 knockdown 
inhibited the migratory and invasive abilities of resistant HeLa cells. These findings support a functional role for PGM2 
in resistant HeLa cells, while further validation in additional cervical cancer models remains necessary.

Discussion
In this study, publicly available paired cervical cancer samples collected before and after chemoradiotherapy were 
analyzed by scRNA-seq to investigate therapy-induced TME remodeling. The results showed inter-patient differences in 
epithelial-cell dynamics after treatment: tumor cells were reduced in some patients, whereas residual malignant cells 
were enriched in another patient. This finding supports the concept that treatment response in cervical cancer is strongly 
influenced by tumor heterogeneity. Functional analysis of malignant cells identified 10 core functional states. In residual 
cells after chemoradiotherapy, angiogenesis, EMT, stress-response, and cell-cycle programs were upregulated, suggesting 
that resistant cells may escape treatment pressure by activating pathways related to invasion, stress adaptation, and 
proliferation. These results provide a rationale for screening candidate targets associated with chemoradiotherapy 
resistance.

Eight prognosis-related genes were screened via univariate Cox regression analysis, and PGM2 was identified as 
a core gene that satisfied both “prognosis relevance” and “specific high expression in tumor cells”. Kaplan–Meier 
survival analysis further validated its predictive value for poor prognosis, suggesting that PGM2 may serve as a potential 
biomarker for prognostic evaluation in cervical cancer. Subsequent multi-omics validation at the single-cell, spatial 
transcriptomic, and tissue levels showed that PGM2 expression was significantly upregulated in cervical cancer tissues 
and may participate in intercellular communication between tumor cells and immune cells. These findings imply that 
PGM2 not only regulates the malignant phenotypes of tumor cells themselves but may also further promote tumor 
progression and the development of therapy resistance by remodeling the cellular interaction network in the tumor 
microenvironment.

In vitro functional experiments in this study confirmed that knockdown of PGM2 significantly inhibited the 
proliferation, migration, and invasion of chemoradiotherapy-resistant HeLa cervical cancer cells, verifying the regulatory 
role of PGM2 in the malignant phenotypes of cervical cancer cells and revealing its potential value as a therapeutic target 
for cervical cancer. As a key enzyme involved in glucose metabolism, PGM2 mainly catalyzes the interconversion 
between glucose-6-phosphate and glucose-1-phosphate. As malignant proliferation and invasion are frequently supported 
by metabolic reprogramming, PGM2 may help resistant cells maintain energy and biosynthetic substrate supply under 
treatment pressure. However, we did not directly measure glucose-6-phosphate, glucose-1-phosphate, lactate production, 
glycolytic flux, or downstream signaling partners in the present study. Therefore, the metabolic mechanism remains 
a hypothesis supported by bioinformatic and functional evidence and requires direct biochemical validation.

This study has several limitations. First, the paired scRNA-seq cohort included only three cervical cancer patients. We 
attempted to reduce this limitation by integrating TCGA-CESC, GSE5787, GSE168652, spatial transcriptomic data, and 
HPA protein evidence, but larger independent cohorts are still required. Second, functional validation was performed in 
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Figure 5 PGM2 knockdown inhibits the malignant phenotypes of chemoradiotherapy-resistant HeLa cells. (A and B) qRT-PCR results showing the mRNA expression level 
of PGM2 in chemoradiotherapy-resistant HeLa cells after transfection with PGM2 siRNA1, siRNA2 and negative control (siNC) (P < 0.001), verifying the efficient knockdown 
of PGM2. (C) CCK-8 assay proliferation curves, showing that the OD values at 450 nm in PGM2 knockdown groups are significantly lower than those in siNC group at 24 h, 
48 h and 72 h (P < 0.001). (D and E) Wound healing assay results; (D) Representative images of cell scratch at 0 hour and 24 hours after transfection; (E) Quantitative 
analysis of wound healing rate, showing that the healing rate in PGM2 knockdown groups is significantly lower than that in siNC group (P < 0.001). (F–I) Transwell migration 
and invasion assay results; (F–H) Representative stained images of migrated and invaded cells in the lower chamber; (G and I) Quantitative analysis of the number of 
migrated and invaded cells, showing that PGM2 silencing significantly reduces the number of migrated and invaded cells compared with siNC group (P < 0.001). ***P < 0.001.
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a chemoradiotherapy-resistant HeLa cell model. This model cannot fully represent the heterogeneity of clinical cervical 
cancer. Third, PGM2 function was verified only at the in vitro cellular level and lacks in vivo confirmation. Finally, the 
detailed metabolic and signaling mechanisms by which PGM2 regulates resistance remain to be clarified through targeted 
metabolic assays, pathway experiments, and molecular interaction analyses.

Conclusion
This study reveals the remodeling landscape of the cervical cancer TME after chemoradiotherapy and identifies PGM2 as 
a candidate prognosis-related gene associated with resistant malignant-cell phenotypes. Further validation in larger 
patient cohorts, in vivo experiments, and mechanistic metabolic studies is necessary before clinical application.
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