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Abstract 

Background  Ovarian cancer is one of the most common malignancies of the female reproductive system 
and is associated with poor prognosis. This study aimed to utilize single-cell RNA sequencing to investigate the het-
erogeneity of malignant epithelial cells in ovarian cancer, focusing on their potential functions and the implications 
for treatment and prognosis.

Methods  Single-cell RNA sequencing data were clustered using a single-cell transcriptome clustering method, 
and malignant epithelial cells were identified through copy number variation analysis. The interaction patterns 
between different malignant subpopulations and immune/stromal cells were analyzed using cell-to-cell commu-
nication analysis. A risk score (URS) model based on the UBE2C + epithelial subpopulation was then constructed 
through LASSO and multivariable Cox regression. High and low URS groups were compared in terms of tumor muta-
tional burden (TMB), survival outcomes, and drug sensitivity. Finally, the role of GTF2F2 in ovarian cancer progression 
was validated through gene knockdown experiments in an ovarian cancer cell line (ES-2).

Results  Three major malignant epithelial cell subpopulations were identified (TMSB4X + Epi, TSC22D1 + Epi, 
and UBE2C + Epi). The UBE2C + Epi subpopulation exhibited higher stemness and greater invasive potential. The 
constructed URS model effectively stratified patients into high- and low-risk groups, with the high-risk group display-
ing a higher TMB level (p = 0.00011). Drug sensitivity predictions indicated that osimertinib, rapamycin, and dihydro-
rotenone might have stronger inhibitory effects in the high-risk group, whereas ERK inhibitors were more effective 
in the low-risk group. Functional assays demonstrated that GTF2F2 knockdown significantly suppressed ovarian can-
cer cell migration and invasion. Western blot analyses further showed elevated E-cadherin and reduced N-cadherin 
expression, suggesting that GTF2F2 may promote epithelial-mesenchymal transition (EMT).

Conclusion  The risk score model established in this study offers a novel framework for patient stratification and per-
sonalized therapy. Notably, the identification of the UBE2C + Epi subpopulation and key genes such as GTF2F2 high-
lights potential diagnostic and therapeutic targets, shedding light on the pathogenesis of ovarian cancer and paving 
the way for precision medicine approaches.
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Ovarian cancer (OV) is among the most lethal gyneco-
logic malignancies, typically diagnosed at an advanced 
stage, which results in suboptimal therapeutic outcomes 
[1]. Clinically, approximately one-third of OV patients 
present with ascites, further complicating disease man-
agement and treatment [2]. Owing to its marked heter-
ogeneity, OV exhibits significant variations in histologi-
cal subtypes, molecular characteristics, and the tumor 
microenvironment (TME), all of which substantially 
influence therapeutic responses and clinical outcomes 
[3]. Currently, the standard treatment paradigm for OV 
involves surgical intervention in combination with plat-
inum-based chemotherapy; in patients with advanced 
disease and ascites, this comprehensive approach can 
extend median survival to 16–22 months [4]. However, 
a subset of patients develop platinum resistance imme-
diately following initial therapy, and nearly all recurrent 
cases eventually progress to platinum-resistant OV [5]. 
The emergence of chemoresistance, coupled with the lack 
of reliable early diagnostic strategies, contributes to the 
poor overall prognosis and persistently high recurrence 
rates observed in OV. Therefore, in-depth investigation 
of the molecular mechanisms and optimization of thera-
peutic strategies remain urgently needed.

In recent years, single-cell sequencing (scRNA-seq) 
technologies have rapidly gained traction in cancer biol-
ogy research, offering novel insights into various malig-
nancies (melanoma, glioblastoma and colorectal cancer) 
[6–8]. Through scRNA-seq, investigators can dissect 
tumor heterogeneity, the immune TME, and underly-
ing mechanisms of drug resistance at the single-cell level 
[9]. However, the systematic application of scRNA-seq to 
clinical OV samples remains limited, underscoring the 
need for further research to elucidate its complex patho-
biological features.

In this study, we collected omental tissue samples 
from six patients with OV with scRNA-seq data. We 
focused on malignant epithelial cells characterized by 
high copy number variation (CNV), aiming to unravel 
their intratumoral molecular diversity and developmen-
tal trajectories. By integrating functional enrichment and 
transcription factor (TF) analyses, we sought to uncover 
the potential regulatory networks governing these cells. 
Simultaneously, we incorporated data from The Can-
cer Genome Atlas (TCGA) to construct a prognostic 
risk model, thereby evaluating immune TME differences 
in OV and their impact on clinical outcomes. Our key 
objectives were to (1) systematically delineate the intra-
tumoral heterogeneity of malignant epithelial cells in 
peritoneal metastases of OV, (2) identify potential bio-
markers and clarify their associations with prognosis, and 
(3) uncover the molecular mechanisms of interactions 

between distinct cell subpopulations and the TME, ulti-
mately providing new avenues for precision therapy.

Methods
OV data acquisition
The single-cell RNA sequencing (scRNA-seq) data used 
in this study were obtained from the GEO database 
(NCBI Gene Expression Omnibus, https://​www.​ncbi.​
nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE17​3682) under 
accession number GSE173682, which includes omen-
tal tissue samples from six patients with ovarian cancer 
(OV). Bulk RNA-seq expression profiles and clinical data 
were retrieved from The Cancer Genome Atlas (TCGA) 
OV cohort (https://​portal.​gdc.​cancer.​gov/), comprising 
a total of 427 valid samples, to construct the prognostic 
model.

Data quality control and dimensionality reduction
Raw count matrices were processed using the Scanpy 
package (v.1.9.1, Python 3.8) [10]. Suspected doublets 
were identified and filtered out using Scrublet (v.3.0) 
with default parameters [9]. Low quality cells were fur-
ther removed based on the following criteria, (1) 300–
8000 genes detected per cell, (2) 500–50,000 total UMI 
counts per cell, (3) Mitochondrial gene expression < 20%. 
After preliminary filtering, total expression for each cell 
was normalized using sc.pp.normalize_total, followed 
by log transformation (sc.pp.log1p) for additional stand-
ardization. We then selected highly variable genes using 
the highly_variable_genes function and flavour = seu-
rat_v3. Harmony (v.0.0.10) was applied (with the param-
eter theta = 2) to correct for batch effects across different 
individuals [11]. Clustering was performed with the Lei-
den algorithm (resolution = 0.1), and visualization was 
achieved via UMAP (n_neighbors = 15, min_dist = 0.5).

Malignant epithelial cell identification using inferCNV
To distinguish non-malignant and malignant epithelial 
cells in the OV, we employed “InferCNVpy” (Https://​
github.​com/​broad​insti​tute/​infer​CNV) to infer CNVs 
across different cell types. Immune cells served as the ref-
erence group in inferCNV, and elevated CNV levels were 
indicative of malignant epithelial cells. Malignant epithe-
lial cells thus identified were re-clustered using the Lei-
den algorithm.

Heterogeneity of OV subpopulation
The function sc.tl.rank_genes_groups was used to identify 
differentially expressed genes in each subpopulation. GO 
Biological Process enrichment analysis was subsequently 
performed using the GSEApy Python package. Addition-
ally, gene set enrichment analysis (GSEA) was conducted 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE173682
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE173682
https://portal.gdc.cancer.gov/
https://github.com/broadinstitute/inferCNV
https://github.com/broadinstitute/inferCNV
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using the KEGG_2021_Human dataset to rank gene 
function across subpopulation.

Subcluster stemness analysis and trajectory analysis
To evaluate differences in differentiation status across 
OV subpopulation, we utilized CytoTRACE 2 (v.1.1.0) 
to compute CytoTRACE scores for each subpopula-
tion, thereby inferring their respective differentiation 
level [12]. We then employed the pySCENIC algorithm 
to explore transcription factors (TFs) and regulators 
within each subcluster [13]. GRNBoost was first applied 
to establish putative TF–target gene relationships, fol-
lowed by DNA motif analysis to identify potential direct 
binding targets. AUCell was used to evaluate the activity 
of each regulator in individual cells, and the top five TFs 
with the highest scores were selected.

Cell–cell communication analysis
To investigate the complex intercellular communication 
among subpopulation, we employed the CellPhoneDB 
software package (v.1.6.1) to assess cell–cell interactions, 
focusing primarily on signaling pathways and receptor–
ligand interactions [14].

Construction and validation of a novel prognostic risk 
model
The top 500 genes of UBE2C + Epi were screened related 
to the OS of TCGA patients using a univariate Cox anal-
ysis (P < 0.05). The least absolute shrinkage and selec-
tion operator (LASSO) regression can identify the most 
important elements to improve the prediction accuracy 
of statistical model. Therefore, after identifying the prog-
nosis related genes. The risk score for each sample was 
calculated through linearly multiplying the expression 
level with Coef of each gene, according to the following 
formula: Risk score = (Coef. of gene 1 × expression of gene 
1) + (Coef. of gene 2 × expression of gene 2) + … + (Coef. 
of gene × expression of gene n). Patients were then 
divided into high and low risk score groups based on the 
median Risk Score. Kaplan–Meier (KM) survival curves 
and receiver operating characteristic (ROC) curves were 
generated to validate the model’s prognostic value.

Immune infiltration analysis and functional enrichment 
analysis
We applied the CIBERSORT algorithm to investigate 
immune infiltration in both the high.

and low risk groups, thereby elucidating the relation-
ship between immune-infiltrating cells and prognostic 
genes [15]. In addition, we evaluated the TIDE (Tumor 
Immune Dysfunction and Exclusion) scores for both 
groups and compared immune checkpoint–related gene 

expression between the high and low risk groups using 
the Wilcoxon test.

To further explore heterogeneity between the high and 
low risk groups, we identified differentially expressed 
genes using the DESeq2 package (v.1.46.0). Next, we uti-
lized the clusterProfiler R package (v.4.6.2) to perform 
Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway analysis and to conduct functional enrichment 
for GO Biological Process [16].

Gene mutation analysis
Somatic mutation data for OV were obtained from the 
TCGA database. We used the maftools package (v.2.22.0) 
[15] to calculate tumor mutational burden (TMB) scores 
across different samples and performed Spearman’s cor-
relation analysis to examine the relationship between 
TMB and the risk score. Based on the median TMB 
value, samples were categorized into high and low TMB 
groups, followed by Kaplan–Meier survival analysis to 
explore prognostic differences [17].

Drug sensitivity assessment
We employed the pRRophetic R package (v.0.5) to evalu-
ate the half-maximal inhibitory concentration (IC50) of 
various chemotherapeutic agents in different groups [18].

Cell lines and culture
ES-2 cells were obtained from the Cell Bank of the Com-
mittee on Type Culture Collection of the Chinese Acad-
emy of Sciences. Cells were cultured in RPMI 1640 
medium (Gibco, USA) supplemented with 10% fetal 
bovine serum and 1% penicillin/streptomycin. The incu-
bation conditions were 37 °C with 5% CO2 and 95% rela-
tive humidity.

Construction and transfection of shRNA
To achieve effective knockdown of GTF2F2 gene expres-
sion, we first designed shRNA constructs based on the 
sequences of siRNA1 (5′-CGA​GCT​GAT​AAA​CAA​CAT​
GTT-3′) and siRNA2 (5′-GCT​CCT​AGA​GAA​CAC​CCA​
TTT-3′). These oligonucleotides were cloned into the 
pLKO.1-TRC vector and verified by Sanger sequencing. 
To serve as a negative control, we also included a scram-
ble shRNA (Plasmid #1864) that has no target sequence 
in the human genome. The recombinant plasmid, 
together with psPAX2 and pMD2.G packaging plasmids, 
was co-transfected into 293 T cells using Lipofectamine 
3000 (Invitrogen, USA) per the manufacturer’s instruc-
tions to generate lentiviruses. Seventy-two hours post-
transfection, the lentivirus-containing supernatant was 
collected and filtered through 0.45 μm filters.

Viral supernatant was then added to ES-2 cells at loga-
rithmic growth phase, along with 4 μg/mL Polybrene to 
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enhance transduction efficiency. Forty-eight hours later, 
the medium was replaced, and 8 μg/mL puromycin was 
added for stable clone selection. Approximately 7 days 
post-infection, non-transduced cells had died, while 
infected cells continued to proliferate. Knockdown effi-
ciency was assessed in the resulting stable cell lines by 
extracting total RNA and measuring GTF2F2 mRNA lev-
els via RT-qPCR, using RT-qPCR primer sets (GTF2F2_
qpcr_F: 5′-AAC​TGC​GGA​TTG​CCA​AGA​CTCA-3′, 
GTF2F2_qpcr_R: 5′-GGA​GCA​CTG​ACT​GAA​GCT​
GGTT-3′). The stable ES-2 cell line with GTF2F2 knock-
down was then used for further experiments.

Wound healing assay
Transfected cells were seeded and cultured in 6-well 
plates. Upon reaching ~ 95% confluence, a sterile 200 μL 
pipette tip was used to create a straight scratch on the 
cell monolayer. The wells were gently rinsed with PBS to 
remove nonadherent cells and debris, then replenished 
with fresh medium to support cell growth. Images of the 
scratch were taken at 0 and 48 h from the same perspec-
tive to assess wound closure.

Transwell assay
Cell migration and invasion were evaluated using Tran-
swell chambers with 8.0 μm pore membranes (Corning, 
USA). For the invasion assay, the upper membrane was 
pre-coated with Matrigel (BD Biosciences, 356,234). Cells 
(2.0 × 105/mL) were suspended in serum-free medium 
and placed in the upper chambers, while the lower cham-
bers contained complete medium with 10% fetal bovine 
serum. After 48 h of incubation, cells on the lower sur-
face of the membranes were fixed in 4% paraformalde-
hyde, stained with crystal violet, and counted under a 
microscope.

Western bolt
Total protein was extracted from cells (including the 
GTF2F2 knockdown and corresponding control groups) 
using RIPA lysis buffer supplemented with a protease 
inhibitor cocktail. The protein concentration was quan-
tified via a bicinchoninic acid (BCA) assay (Beyotime, 
China). Equal amounts of protein (20 μg) were sepa-
rated by SDS-PAGE (10% gel) and transferred onto pol-
yvinylidene difluoride (PVDF) membranes (Millipore, 
USA). The membranes were blocked with 5% non-fat 
milk in TBS-T buffer (20 mM Tris–HCl, 150 mM NaCl, 
0.1% Tween 20, pH 7.4) for 2 h at room temperature 
and then incubated overnight at 4 °C with the following 
primary antibodies: E-cadherin (3195S, Cell Signaling 
Technology, 1:1000), N-cadherin (13116S, Cell Signal-
ing Technology, 1:1000), and β-Actin (4970S, Cell Sign-
aling Technology, 1:1000) as a loading control. After 

three washes in TBS-T, the membranes were incubated 
with horseradish peroxidase (HRP)-conjugated second-
ary antibodies (Anti-rabbit IgG, HRP-linked 7074S, Cell 
Signaling Technology, 1:2000) for 2 h at room tempera-
ture. Protein bands were visualized using an enhanced 
chemiluminescence (ECL) reagent (SQ201, Epizyme Bio-
tech) and imaged on a ChemiDoc imaging system (Bio-
Rad, USA). Band intensity was quantified using ImageJ 
software (NIH, USA), and the relative expression levels of 
E-cadherin and N-cadherin were normalized to β-Actin. 
The experiment was performed in triplicate to ensure 
reproducibility.

Statistical analysis
Statistical analyses were performed using R software 
(version 4.4.0). Wilcoxon tests and Pearson correlation 
coefficients were used to evaluate the significance of dif-
ferences among groups. Significance levels were denoted 
as *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. “ns” 
indicates no significant difference.

Results
Single‑cell TME landscapes of OV
After rigorous quality filtering, including the removal of 
doublets and low quality cells, and batch-effect correc-
tion, a total of 31,691 high quality cells were retained for 
downstream analysis. The overall experimental design in 
this study is indicated as a diagram (Fig. 1). We applied 
the Leiden clustering algorithm (resolution = 0.1) and 
visualized the resulting clusters using UMAP (Fig.  2A). 
Cluster annotations were confirmed by comparing the 
average expression level of canonical markers in our 
dataset to those known in the literature, which revealed 
major cell compartments including Epithelial cells (clus-
ter 0, marked by EPCAM and KRT19), Fibroblasts (clus-
ters 1 and 4, marked by C11orf96 and IGFBP7), T cells 
(cluster 2, marked by CXCR4 and CD7), Macrophages 
(cluster 3, marked by CD68 and FCER1G), Endothelial 
cells (cluster 5, marked by ANGPT2 and ESAM), and 
plasma cells (cluster 6, marked by IGHG1, IGHG3, and 
IGKC) (Fig. 2B,C).

To better understand the TME landscapes of OV, 
we examined the proportions of each cell type in Car-
cinoma, Endometrioid, GST, and High grade serous 
samples (Fig.  1D). Overall, Epithelial cells comprised 
approximately 30% of the cell population in all sub-
types. However, Macrophage proportion in Endome-
trioid tumors was only 0.60%, which was lower than 
in the other types. We next compared cell-type distri-
butions across different clinical stages (Fig. 2E). While 
the fraction of Epithelial cells remained relatively sta-
ble, T cells and Macrophages exhibited notable fluctua-
tions in advanced stages, suggesting dynamic changes 
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in the immune TME during disease progression. To 
elucidate the functional properties of each cell type in 
OV, we performed GO-BP enrichment analysis on the 
differentially expressed genes of each cluster (Fig.  2F). 
Epithelial cells were enriched in pathways such as Des-
mosome Organization and Negative Regulation of 
TGF-β Receptor Signaling Pathway, suggesting their 
roles in maintaining tissue structural integrity and 
restraining abnormal proliferative signals. Fibroblasts 

exhibited significant enrichment in Vascular Associated 
Smooth Muscle Contraction and Skin Morphogenesis, 
underscoring their importance in matrix remodeling 
and angiogenesis. T cells were highly associated with 
Alpha–Beta T Cell Activation and Protection From 
Natural Killer Cell Mediated Cytotoxicity, highlighting 
their involvement in immune surveillance and poten-
tial immune evasion mechanisms. Macrophages were 
enriched in Humoral Immune Response Mediated By 

Fig. 1  Flow chart of patient selection and data extraction
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Circulating Immunoglobulin and Cell Junction Dis-
assembly, reflecting their dual functions in immune 
regulation and mediating changes in intercellular com-
munication or adhesion. Endothelial cells, known to be 
closely linked to angiogenesis, showed enrichment in 
Positive Regulation of Endothelial Cell Development, 
whereas Plasma cells exhibited enrichment in the B Cell 
Receptor Signaling Pathway, emphasizing their pivotal 
role in antibody production. Collectively, these findings 
validate the accuracy of our cell-type annotations and 
reveal the cooperative interactions of different cell sub-
sets in shaping the OV TME, thereby offering valuable 
insights into disease pathogenesis.

Identification of malignant epithelial cells in OV
We utilized InferCNVpy to analyze CNVs across all cells. 
Cells exhibiting significantly elevated CNV profiles were 
classified as malignant cells (Figure S1). A total of 4,203 
malignant epithelial cells were retained. Dimensional 
reduction and clustering further segregated these epi-
thelial cells into 3 subpopulations, TMSB4X + Epi (2,239 
cells, cluster 0), TSC22D1 + Epi (1,627 cells, cluster 1), 
and UBE2C + Epi (337 cells, cluster 2) (Fig. 3A). Further 
analysis of subpopulation distributions across different 
clinical stages revealed a marked increase in the propor-
tion of UBE2C + Epi cells in advanced disease (Stage IV), 
reaching up to 77.45%, while TMSB4X + Epi cells also 

Fig. 2  Major cell types in OV. A UMAP visualization of seven distinct clusters encompassing 31,691 high quality cells B UMAP plot displaying 
the distribution of six identified cell types. (C) Dot plot showing the expression patterns of marker genes for each cell type. D Bar chart comparing 
the proportions of each cell type among different histological subtypes. E Bar chart illustrating the distribution of cell types across various clinical 
stages. F Bubble chart presenting the GO biological process enrichment analysis of differentially expressed genes in each cell type
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exhibited a modest rise (~ 4.15%) in advanced stage of 
OV (Fig. 3B). These observations suggest that both sub-
populations may be closely associated with tumor pro-
gression and heightened invasiveness, warranting further 
functional investigation.

To delineate the functional characteristics of the 3 
epithelial subpopulations, we performed GO Biologi-
cal Process enrichment analysis on the top 200 highly 
expressed genes within each subpopulation (Fig.  3C). 
TMSB4X + Epi cells were significantly enriched in path-
ways such as Regulation of Intrinsic Apoptotic Signaling 
Pathway and Negative Regulation of Immune Effector 
Process, suggesting a pivotal role in regulating apopto-
sis and immune evasion. TSC22D1 + Epi cells displayed 

enrichment in neuronal and dendritic processes, includ-
ing Axo-Dendritic Transport and Regulation of Dendritic 
Spine Maintenance,” as well as phospholipid metabolic 
pathways, implying a potential for high cellular plastic-
ity and membrane remodeling. Meanwhile, UBE2C + Epi 
cells were strongly associated with cell cycle and chromo-
somal stability pathways, such as Kinetochore Organi-
zation and CENP-A Containing Chromatin Assembly. 
Considering their elevated CNV levels, these cells may 
drive tumor progression through accelerated cell division.

To gain deeper insights into the molecular distinc-
tions among these subpopulations, we performed GSEA 
on their overall transcriptomic profiles (Figs.  3D–F). 
TMSB4X + Epi cells showed significant upregulation 

Fig. 3  Identification and functional analysis of malignant epithelial cells in OV. A UMAP visualization of 4,203 malignant epithelial cells identified 
by CNV profiling, divided into 3 subpopulations: TMSB4X + Epi (orange), TSC22D1 + Epi (blue), and UBE2C + Epi (green). B Relative proportions 
of each subpopulation across different clinical stages. C Bubble plot showing GO biological process enrichment of differentially expressed 
genes in the 3 subpopulations. D–F GSEA results for each subpopulation: red bars indicate positive enrichment, and blue bars indicate negative 
enrichment
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of the Reactive Oxygen Species Pathway and Allograft 
Rejection, while Fatty Acid Metabolism and Estrogen 
Response Early were notably downregulated, suggest-
ing a potential advantage in coping with oxidative stress 
and immune challenges. In contrast, TSC22D1 + Epi cells 
exhibited elevated Fatty Acid Metabolism and Estrogen 
Response, along with decreased ROS pathway activity, 
indicating a metabolic and hormonal dependency but 
reduced oxidative defense. Notably, UBE2C + Epi cells 
strongly activated pathways related to Angiogenesis, 
Mitotic Spindle, E2F Targets, and EMT, while concur-
rently suppressing the ROS pathway, implying a high 
proliferative and invasive capacity alongside tolerance 
to oxidative stress. Collectively, these GSEA findings 
corroborate the results of the GO analysis and further 
underscore the distinct functional trajectories of each 
subpopulation in OV progression.

In summary, the TMSB4X + Epi subpopulation 
may facilitate tumor cell survival through heightened 
immune evasion and oxidative stress responses, while 
the TSC22D1 + Epi subpopulation appears more depend-
ent on lipid metabolism and estrogen signaling. The 
UBE2C + Epi subpopulation exhibits robust prolifera-
tive, invasive, and oxidative stress-resistant phenotypes, 
becoming dominant in advanced-stage tumors. These 
distinct functional profiles shed light on the multifaceted 
pathogenic mechanisms underpinning OV and pave the 
way for targeted therapeutic interventions, such as inhib-
iting UBE2C-mediated cell cycle pathways or modulating 
ROS-associated mechanisms.

Stemness and gene regulatory network analyses 
of malignant epithelial subpopulations
To further elucidate the stemness properties and devel-
opmental trajectories of the 3 malignant epithelial sub-
populations, we performed CytoTRACE analysis, which 
assigns higher scores to cells with stronger stemness fea-
tures and lower differentiation states. The UBE2C + Epi 
exhibited the highest CytoTRACE scores overall, sug-
gesting a more early or undifferentiated phenotype, 
whereas TMSB4X + Epi and TSC22D1 + Epi displayed 
relatively lower scores (Figs. 4A–C). These findings were 
consistent with slingshot pseudotime analysis, indicating 
that UBE2C + Epi cells may play a pivotal role in driving 
tumor proliferation and invasion.

Next, we employed pySCENIC to infer gene regulatory 
networks for each subpopulation by identifying TFs and 
their co-expressed gene sets. Based on Regulon Speci-
ficity Score, we extracted the top 5 TFs for each cluster 
(Figs.  4D–F). TMSB4X + Epi showed high activity of 
SPI1, IRF1, ZNF524, IRF8, and TCF7; UBE2C + Epi was 
characterized by SMARCC2, MSC, NFATC2, ZBTB24, 
and SOX7, whereas TSC22D1 + Epi was enriched in 

FOXC1, LEF1, JUN, ATF3, and FOS. Heatmap visu-
alization revealed that ZNF524, LEF1, and MSC were 
the most active TFs in TMSB4X + Epi, TSC22D1 + Epi, 
and UBE2C + Epi, respectively (Fig.  4G). Together, 
our CytoTRACE and pySCENIC analyses suggest that 
UBE2C + Epi cells may serve as key drivers of early 
tumor evolution and aggressive behavior in OV, whereas 
TMSB4X + Epi and TSC22D1 + Epi appear more termi-
nally differentiated with lower stemness scores. Future 
experimental validation of MSC, LEF1, and other critical 
TFs could shed further light on the role of these subpop-
ulations in OV progression and provide potential thera-
peutic targets.

Cell–Cell communication analysis
To elucidate the interaction patterns between the 3 malig-
nant epithelial subpopulations and other key cell types 
within OV TME, we employed CellPhoneDB to system-
atically analyze ligand–receptor pairs (Figs. 5A–C). This 
method identifies significant interactions (P < 0.05) and 
visualizes them according to ligand or receptor expres-
sion levels in each cell type. In addition to the 3 epithelial 
subpopulations, this analysis included endothelial cells, 
Fibroblasts, Macrophages, plasma cells, and T cells, pro-
viding a comprehensive overview of the TME’s cellular 
components.

UBE2C + Epi cells exhibited multiple significant inter-
actions with endothelial cells, including VEGFB-FLT1, 
VEGFB-NRP1, TGM2-ADGRG1, and the COL18A1–
integrin α2β1 complex (Fig.  5A). Most of these interac-
tions are closely associated with angiogenesis and ECM 
remodeling, implying a potential role for UBE2C + Epi in 
promoting neovascularization and tumor matrix reor-
ganization. Additionally, the PPIA-BSG and MPZL1-
MPZL1 pairs between UBE2C + Epi and fibroblasts 
suggest possible regulation of collagen networks and 
stromal homeostasis. Meanwhile, interactions with 
macrophages—such as APP-CD74, CD99-PILRA, and 
PLAU-PLAUR—may be involved in immune evasion 
and the modulation of inflammatory responses. Simi-
lar to UBE2C + Epi, TMSB4X + Epi cells also engaged in 
multiple pro-angiogenic interactions with endothelial 
cells (VEGFB-NRP1, VEGFB-FLT1, TGM2-ADGRG1) 
(Fig. 5B). Notably, SEMA3C-NRP2 has been implicated in 
both angiogenesis and neural remodeling, underscoring 
TMSB4X + Epi’s potential role in tumor vascularization 
and ECM restructuring. This subpopulation also dem-
onstrated key interactions with macrophages (APOA1-
ABCA1, APP-CD74, and CD99-PILRA), possibly 
affecting lipid transport, antigen presentation, and innate 
immunity. In addition, PPIA-BSG and PLAU-PLAUR 
interactions with fibroblasts may facilitate ECM deg-
radation and remodeling, highlighting TMSB4X + Epi’s 
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capacity to reshape the tumor microenvironment for its 
own proliferation. TSC22D1 + Epi cells also displayed 
an extensive repertoire of pro-angiogenic and ECM-
related interactions with endothelial cells (VEGFB-NRP1, 

VEGFB-FLT1, TGM2-ADGRG1, and COL18A1–integ-
rin α2β1 complex), indicating a significant role in tumor 
vascularization and matrix remodeling (Fig.  5C). Inter-
actions with macrophages (APP-CD74, CD99-PILRA, 

Fig. 4  CytoTRACE and Transcription Factor Network Analyses of Malignant Epithelial Subpopulations. A CytoTRACE analysis results, with colors 
transitioning from dark to light to indicate lower to higher stemness scores. B UMAP plot showing the three malignant epithelial subpopulations. 
C CytoTRACE scores for each subpopulation, where higher scores reflect greater stem cell–like potential. D–F pySCENIC-based gene regulatory 
network inference; dot plots illustrate the top-ranked transcription factors in each subpopulation according to Regulon Specificity Score. G 
Heatmap comparing the most active TFs across different subpopulations, depicted as Z-scores
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and MPZL1-MPZL1) may facilitate immune evasion, 
while PPIA-BSG and MPZL1-MPZL1 pairs with fibro-
blasts suggest involvement in ECM regulation. Notably, 
TSC22D1 + Epi cells engaged in a pronounced CXCL14-
CXCR4 interaction with T cells, potentially affecting 
T-cell chemotaxis and function, thereby exerting a piv-
otal influence on the immune TME.

Notably, all of 3 epithelial subpopulations shared sev-
eral frequent interactions with endothelial cells and mac-
rophages, such as VEGFB-NRP1 and TGM2-ADGRG1 
(angiogenesis/ECM remodeling), as well as APP-CD74 

and CD99-PILRA (immune regulation). Despite their 
distinct molecular signatures and functional emphases, 
these subpopulations may converge on core pathways 
involved in angiogenesis, immune evasion, and stromal 
reconfiguration, collectively facilitating tumor growth 
and progression.

Construction and evaluation of the UBE2 C + epi cell 
related risk signature
We identified that the UBE2C + Epi cells possesses 
strong stemness and invasive characteristics, potentially 

Fig. 5  Subgroup interaction analysis and cNMF-based module identification. A–C Bubble plots illustrate the intercellular interactions 
among distinct cell subpopulations, with bubble size and color indicating the significance and strength of each ligand–receptor pair. D The 
heatmap shows the correlation between cNMF (consensus nonnegative matrix factorization) modules and various tumor stages, where brighter 
colors denote higher significance
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representing an early or less-differentiated cell state. To 
further explore how this subpopulation’s gene signature 
relates to OV outcomes, we constructed a prognostic 
risk model, aiming to facilitate high risk stratification and 
guide personalized therapeutic strategies. Using consen-
sus nonnegative matrix factorization (cNMF), we decom-
posed the gene expression matrix of UBE2C + Epi cells, 
generating 5 distinct gene modules through consensus 
clustering (Fig.  5D). Notably, module 5 displayed a sig-
nificant positive correlation with tumor stage, suggesting 
its close involvement in disease progression.

To further assess its prognostic potential, we selected 
the top 200 highly expressed genes within this module for 
univariate Cox regression analysis. To address multicol-
linearity and refine the selection of prognostic genes, we 
performed LASSO regression with ten-fold cross-valida-
tion. The cross-validation process involved partitioning 
the data into ten subsets (folds), training the model on 
nine of these subsets and validating it on the remaining 

fold, which was repeated for each fold. This approach 
helps to mitigate overfitting and improve model generali-
zation. The optimal regularization parameter (λ = 0.002) 
was determined based on the lowest cross-validation 
error (Fig. 6A).

Consequently, six genes, TJP1, KRT7, CCT7, SPINT2, 
GTF2F2, and SELENOH, emerged as significantly asso-
ciated with overall survival (OS) (P < 0.05). The model’s 
predictive accuracy for 1-, 3-, and 5-year survival was 
evaluated via ROC curves, yielding AUCs of 0.58, 0.77, 
and 0.75, respectively (Fig. 6B). While these results indi-
cate moderate discriminatory power over the short and 
mid-term, the model’s overall performance remains sub-
optimal and warrants further validation in larger, multi-
center cohorts.

Subsequently, we incorporated clinical confounders 
(age and stage) into a multivariable Cox regression to 
evaluate whether these genes retained prognostic sig-
nificance (Fig.  6D). Under this adjusted analysis, KRT7, 

Fig. 6  Construction and evaluation of the UBE2C Risk Score (URS) model. A LASSO regression for gene selection. The left panel depicts changes 
in gene coefficients as the penalty parameter λ (Log Lambda) varies, while the right panel identifies the optimal λ via tenfold cross-validation. B 
Time-dependent ROC curve to evaluate the efficiency of the model. C Kaplan–Meier survival analysis between the high and low risk group. D 
Forest plot illustrating the multivariable Cox model results for each gene in the six gene risk signature (TJP1, KRT7, CCT7, SPINT2, GTF2F2, SELENOH), 
adjusted for age and tumor stage. Hazard ratios (HRs), 95% confidence intervals (CIs), and p-values are shown for each factor, allowing assessment 
of their independent prognostic significance
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SPINT2, GTF2F2, and SELENOH remained significantly 
associated with OS, whereas TJP1 and CCT7 were no 
longer significant. Notably, GTF2F2 still exhibited a sta-
tistically significant association with patient survival 
(HR = 1.026, 95% CI 1.002–1.05, p = 0.036), underscor-
ing its meaningful contribution to prognostic risk. In 
addition, younger patients showed improved survival 
outcomes (HR = 0.754, 95% CI 0.578–0.98, p = 0.038), 
and Stage II disease was also associated with better OS 
relative to Stage I (p = 0.031). These findings highlight 
the importance of adjusting for clinical factors to more 
accurately delineate each gene’s independent prognostic 
value.

Immune infiltration analysis in different risk group
To further explore differences in the TME between the 
high and low URS groups, we employed the CIBER-
SORT method to estimate the relative abundance of vari-
ous immune cell types (Fig.  7A). The results revealed a 
distinct distribution of immune cells, with significantly 
higher proportions of M1 macrophages and follicular 
helper T cells in the low URS group, whereas resting 
memory CD4 + T cells were more prevalent in the high 
URS group. These findings suggest a potential divergence 
in antitumor immune responses and proliferative regula-
tion between the two risk stratifications. To gain deeper 
insight into the immune evasion mechanisms, we next 
compared TIDE scores between groups. To evaluate the 
degree of immune evasion in each group, we calculated 
the Tumor Immune Dysfunction and Exclusion scores, 
focusing on the Exclusion and TIDE indices (Fig. 7B,C). 
The high URS group exhibited significantly elevated val-
ues in both indices, suggesting a heightened propensity 
for immune evasion and potentially poorer responses 
to immune checkpoint inhibitors. Accordingly, we next 
examined correlations between the model’s core genes 
and pivotal immune checkpoint genes to elucidate pos-
sible mechanistic links. Furthermore, we conducted 
a systematic correlation analysis between the 6 prog-
nostic genes in our model and key immune checkpoint 
genes, such as CTLA4 and PDCD1 (PD-1) (Fig. 7D). We 
observed both positive and negative correlations, sug-
gesting that different model genes may play distinct roles 
in regulating immune evasion. These findings underscore 
the importance of further functional studies to elucidate 
the mechanisms at play and indicate potential oppor-
tunities for targeted interventions in combination with 
immunotherapy.

The molecular and functional analysis in different risk 
group
To gain deeper insights into the molecular and functional 
differences between the high and low URS groups, we 

performed GSEA, focusing on both GO Biological Pro-
cess and KEGG pathways (Figs.  8A–B). This approach 
aims to identify key signaling pathways and molecu-
lar functions that may underlie the distinct phenotypes 
observed in each risk group. At the GO BP level, the high 
URS group was significantly enriched in the keratiniza-
tion pathway, suggesting enhanced phenotypic plasticity 
or differentiation features. By contrast, oxidative phos-
phorylation was downregulated in the high URS group, 
implying that low risk tumors may rely more heavily on 
oxidative metabolism (Fig.  8A). In the KEGG analysis, 
ECM-receptor interaction was also highly enriched in the 
high URS group, indicating greater extracellular matrix 
remodeling and adhesion capacity (Fig. 8B). Meanwhile, 
the low URS group showed significant upregulation of 
oxidative phosphorylation and ribosome-related path-
ways, suggesting a distinct metabolic and protein syn-
thesis preference that may confer alternative survival or 
adaptation advantages.

We next examined the mutational profiles between the 
two groups (Figs. 8C–D). In the high URS group, FAT3, 
USH2A, and AHNAK emerged as the most frequently 
mutated genes, whereas FLG, MUC16, and NF1 were 
predominant in the low URS group. Some well known 
tumor associated genes, including TP53 and CSMD3, 
exhibited high mutation rates in both groups, though 
the functional implications warrant further exploration. 
Additionally, comparison of tumor mutation burden 
(TMB) revealed significantly higher TMB in the high 
URS group (p = 0.00011, Fig.  8E). Interestingly, survival 
analysis indicated that patients with elevated TMB had 
better overall survival (p = 0.00052, Fig.  8F), suggesting 
that while high URS tumors possess a heavier mutational 
load, they may also benefit from certain therapies, such 
as immunotherapy, owing to an increased likelihood of 
generating neoantigens.

We subsequently employed oncoPredict to evalu-
ate the potential responsiveness of the two groups to a 
range of anticancer agents (Fig. 8G). The high URS group 
exhibited lower IC50 values for Osimertinib (an EGFR 
inhibitor), Rapamycin (mTOR pathway inhibitor), and 
Dihydrorotenone (mitochondrial complex I inhibitor), 
suggesting increased drug sensitivity. Conversely, ERK 
inhibitors showed markedly better efficacy in the low 
URS group, highlighting substantial variations in sign-
aling pathway dependencies and therapeutic responses 
between the two risk groups. These findings provide pre-
liminary guidance for personalized treatment strategies, 
though further clinical validation is necessary.

Overall, our analyses reveal pronounced differences 
between the high and low URS groups at both the 
genomic and functional levels. The high URS group is 
characterized by enhanced ECM-receptor interaction, 
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elevated mutation burden, and specific drug sensitivi-
ties, whereas the low URS group exhibits a stronger 
reliance on oxidative phosphorylation and ribosome 
biogenesis, along with a more favorable response to 
ERK inhibition. Such distinct molecular and functional 

profiles offer valuable insights into the heterogeneity 
of OV and underscore the potential for stratified treat-
ment approaches. Further clinical and mechanistic 
investigations are warranted to validate these findings 
and optimize personalized therapeutic strategies.

Fig. 7  Analysis of immune infiltration in high and low URS groups. A Boxplot illustrating variations in the levels of 22 types of immune infiltrating 
cells in the high URS group and the low URS group. B Boxplot displaying Exclusion values for high and low URS groups. C Boxplot displaying TIDE 
values for high and low URS groups D Heatmap displaying the relationship between immune checkpoint genes, prognosis related gene



Page 14 of 19Du et al. Journal of Ovarian Research          (2025) 18:114 

Knockdown of GTF2 F2 suppresses the malignant 
phenotype in OV
To further investigate the functional role of GTF2F2 in 
OV, we selected the ES-2 cell line and employed short 
hairpin RNAs (shRNA-1 and shRNA-2) to knock down 
GTF2F2 expression. Subsequently, we assessed the effects 
of GTF2F2 knockdown on cell migration and invasion. 
Wound healing assays demonstrated a marked reduction 
in wound closure in ES-2 cells following GTF2F2 knock-
down, with the shRNA groups exhibiting only 20–40% of 
the closure rate observed in controls at 48 h (P < 0.0001; 
Fig.  9A). These findings indicate that GTF2F2 is crucial 
for sustaining the migratory capacity of OV cell. In the 
Transwell invasion assay, GTF2F2-depleted ES-2 cells 
exhibited a substantially lower invasion rate, with the 
number of cells passing through the Matrigel-coated 
membrane being approximately 50% of that in the con-
trol group (P < 0.001, Fig.  9B). This finding corroborates 
the wound healing results, reinforcing the pivotal role 
of GTF2F2 in facilitating OV cell invasion. Western blot 
analysis further demonstrated that GTF2F2 knockdown 
increased E-cadherin levels while reducing N-cadherin, 
indicating a shift toward a more epithelial phenotype 
consistent with the observed decrease in cell migratory 
and invasive abilities (Fig. 10).

Overall, knockdown of GTF2F2 markedly reduced 
the migratory and invasive capacities of ES-2 cells, 
in line with our risk model and molecular analyses, 
thereby underscoring the critical role of GTF2F2 in OV 
progression.

Discussion
OV currently lacks effective treatment strategies, yet 
scRNA-seq has presented a crucial opportunity to 
more precisely interrogate tumor cells and their micro-
environment. In this study, we provided a comprehen-
sive characterization of the complex TME in OV by 
systematically examining the distribution of various cell 
types across different histological subtypes and clinical 
stages. We identified 6 major cell types and observed 
that their proportional distributions varied among 
subtypes such as Carcinoma, Endometrioid, GST, and 
High grade serous. Notably, the Endometrioid subtype 

exhibited a marked low in Macrophage proportional, 
which does not fully align with previous reports on 
immune infiltration [19], suggesting the possibility of a 
unique immune TME. In addition, we found that both 
T cells and Macrophages undergo significant dynamic 
changes in advanced disease stages, indicating an 
active remodeling of the TME during OV progression 
[20]. These findings offer new perspectives for refin-
ing immunotherapeutic approaches and personalizing 
treatment strategies.

By further focusing on malignant epithelial cells, we 
identified 4,203 tumor cells through CNV analysis. 
Based on their gene expression profiles, these cells were 
grouped into 3 major subpopulations, TMSB4X + Epi, 
TSC22D1 + Epi, and UBE2C + Epi. GSEA revealed dis-
tinct biological features across these subpopulations, 
TMSB4X + Epi was characterized by enhanced immune 
evasion and ROS pathways, whereas TSC22D1 + Epi 
was involved in phospholipid metabolism and estro-
gen response. In contrast, the UBE2C + Epi subpopula-
tion showed prominent activation of cell cycle related 
genes (Mitotic Spindle, E2F Targets), along with upreg-
ulated EMT and suppressed ROS pathways, indicating 
stronger adaptability and invasive potential [21]. Nota-
bly, the Allograft Rejection pathway was significantly 
upregulated in the TMSB4X + Epi cell subpopulation. 
Previous studies in lung cancer and triple-negative 
breast cancer have shown that activation of this path-
way is closely linked to T cell responses triggered by 
tumor neoantigens, suggesting that these malignant 
cells can be recognized and attacked by the immune 
system [22, 23]. Nevertheless, TMSB4X + Epi cells still 
exhibit tumorigenic properties, implying they may pos-
sess certain immune-escape mechanisms or height-
ened resistance to immunotherapy. This underscores 
the high degree of heterogeneity within the tumor and 
opens new avenues for exploring immunotherapeutic 
interventions. Furthermore, CytoTRACE analysis dem-
onstrated that UBE2C + Epi had the highest stemness 
score, suggesting a pivotal role in early tumor evolu-
tion. UBE2C is closely tied to cell cycle regulation in 
various solid tumors and serves as a prognostic marker 
in multiple cancers [24–27]. Consistent with these 

(See figure on next page.)
Fig. 8  Analysis of functional differences between the high and low URS groups. A GSEA based enrichment analysis of GOBP terms, highlighting 
significantly enriched pathways. B GSEA based enrichment analysis of KEGG pathways, illustrating distinct functional differences between the two 
groups. C–D Waterfall plots illustrating mutation profiles in the high and low URS groups, respectively. The bar chart at the top represents 
the total number of mutations identified in each sample, while the bar on the right side indicates the overall mutation frequency of each gene 
across samples. D Heatmap displaying the relationship between immune checkpoint genes, prognosis related gene. E Boxplot displaying TMB 
values for high and low URS groups. F KM survival curves for the high TMB group and the low TMB group. G Boxplot showing the difference in drug 
sensitivity between high and low URS groups
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Fig. 8  (See legend on previous page.)
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findings, our results revealed a significant increase in 
UBE2C + cells during advanced stages, implying height-
ened invasive capacity.

By integrating pySCENIC data, we found that tran-
scription factors such as MSC (Musculin), NFATC2, and 
ZBTB24 exhibited higher activity in UBE2C + Epi, poten-
tially driving its stemness and proliferative advantages. 
Notably, existing research on Musculin has largely cen-
tered on its roles in muscle development and T-cell dif-
ferentiation, and its function within tumor cells has yet to 
be explored [28, 29]. CellPhoneDB-based cell–cell com-
munication analyses showed abundant ligand–receptor 
interactions between all three malignant subpopulations 
and endothelial cells as well as macrophages, includ-
ing VEGFB–FLT1, TGM2–ADGRG1, APP–CD74, and 
CD99–PILRA.

Notably, the VEGFB–FLT1 interaction was consist-
ently detected across the subpopulations. VEGFB bind-
ing to FLT1 can remodel tumor vasculature by increasing 

vascular permeability and recruiting pro-tumorigenic 
macrophages, thereby promoting neovascularization and 
facilitating immune evasion [30, 31]. Importantly, this 
pathway operates in a manner partly independent of the 
classical VEGF-A axis, highlighting its potential as an 
alternative or complementary target for anti-angiogenic 
therapy in ovarian cancer, particularly when resistance 
to VEGF-A blockade occurs. Moreover, the APP–CD74 
interaction has been implicated in modulating immune 
responses. Recent studies indicate that tumor-expressed 
APP can bind to CD74 on antigen-presenting cells, 
impairing phagocytic function and enhancing an immu-
nosuppressive microenvironment [32]. Together, these 
interactions promote angiogenesis, extracellular matrix 
(ECM) remodeling, and immune evasion [33–36], sug-
gesting a synergistic network shaped by multiple cell 
types to advance OV progression.

Following an extended cNMF analysis of the 
UBE2C + epithelial subpopulation, we identified five 

Fig. 9  In vitro experimental validation. A The wound healing assay revealed a significant decrease in the migration rate of ES-2 cells with GTF2F2 
knockdown. B Transwell assay displaying a significant reduction in cell
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distinct gene modules, among which Module 5 showed 
a positive correlation with OV stage, thus providing a 
potential molecular stratification reference. Based on 
Module 5, we employed LASSO regression to estab-
lish a six-gene (TJP1, KRT7, CCT7, SPINT2, GTF2F2, 
and SELENOH) prognostic risk score. While the 3- and 
5-year AUC values exceeded 0.70—indicating moder-
ate-to-good predictive power over longer intervals—the 
1-year AUC was only 0.58. Notably, gene expression–
based prognostic signatures often yield only modest 
performance in this range, underscoring the intrin-
sic challenge of predicting complex clinical outcomes 
using transcriptomic data alone. The relatively low 
1-year AUC likely stems from the model’s reliance on 
a single molecular platform (transcriptomics) without 
incorporating additional molecular or clinical predic-
tors, combined with the inherent heterogeneity of the 
patient cohort. Future work integrating multi-omics 
and clinical data may further enhance the model’s accu-
racy and short-term prognostic utility. When stratified 
into high and low URS groups, marked immunological 
differences emerged, the high-risk group exhibited a 
stronger immunosuppressive phenotype, with CD4 + T 

cells tending toward quiescence and higher TIDE 
scores, whereas the low-risk group displayed increased 
M1 macrophage and helper T cell infiltration, indica-
tive of a more active antitumor immune TME. This pat-
tern aligns with previously documented “hot” tumor 
characteristics [37, 38].

Functional and mutational analyses showed that the 
high URS group had elevated ECM–receptor interaction 
pathways and a higher TMB, implying potentially abun-
dant neoantigen formation. However, high TMB does not 
necessarily confer sensitivity to immunotherapy; indeed, 
the high-URS group also showed more robust immune 
evasion, underscoring the need for further assessment 
of precision treatment feasibility. By contrast, the low 
URS group relied more on oxidative phosphorylation 
and exhibited higher sensitivity to ERK inhibitors, sug-
gesting that targeting metabolic vulnerabilities could be 
a viable treatment approach. With respect to drug sen-
sitivity predictions, the high URS group appeared more 
responsive to agents such as osimertinib and rapamycin, 
indicating that different molecular subtypes may ben-
efit from distinct therapeutic strategies. This approach 
of tailoring drug regimens according to risk scores and 

Fig. 10  Western blot and corresponding densitometric analysis of EMT markers following GTF2F2 knockdown. ES-2 cells were transduced 
with shGTF2F2 or scramble shRNA (shCtrl). The upper panels show the representative Western blot images for E-cadherin and N-cadherin, 
with β-actin as the loading control. The lower bar chart provides normalized band intensities
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molecular features aligns with current trends in person-
alized medicine.

Our findings demonstrate that knocking down GTF2F2 
in ES2 cells significantly inhibits cell migration, inva-
sion, and the expression of EMT-related proteins, sug-
gesting that GTF2F2 plays a critical role in regulating 
these processes. Previous studies have shown that, as a 
key component of the TFIIF complex [39], GTF2F2 not 
only participates in RNA polymerase II–mediated tran-
scription initiation but also indirectly regulates the cell 
cycle by ensuring the proper transcription of E2F target 
genes (such as cyclins and CDKs). Moreover, multiple 
tumor studies indicate that high GTF2F2 expression is 
strongly associated with increased cancer stemness and 
invasiveness, often correlating with poorer clinical out-
comes [40]. Taken together, these findings suggest that 
GTF2F2 may directly or indirectly modulate the cell cycle 
and E2F signaling, thereby contributing to tumor cell 
stemness and invasiveness. This provides critical support 
for our investigation of the UBE2C + epithelial subpopu-
lation, which exhibits heightened stemness and invasive 
potential.

This study has several limitations. First, our analysis 
relies mainly on the TCGA OV cohort and one single-
cell dataset (GSE173682), lacking validation in larger, 
independent cohorts. Second, we only performed in vitro 
assays to assess the function of GTF2F2, and in  vivo 
experiments are needed to confirm its tumor-promoting 
role. Lastly, while high-grade serous OV (HGSOC) repre-
sents themajority of our samples, the applicability of the 
model across other OV subtypes remains uncertain and 
warrants further study.

Conclusion
In summary, our research not only unveils the complex 
heterogeneity of the ovarian cancer TME but also pro-
vides a reference framework for subsequent molecular 
subtyping and refined treatment strategies. Meanwhile, 
the URS risk model and the functional validation of the 
key gene GTF2F2 highlight its potential diagnostic and 
therapeutic value in clinical settings, warranting fur-
ther in-depth investigation. We believe that an inte-
grated approach combining multi-omics analyses with 
functional assays will accelerate progress in precision 
medicine for ovarian cancer, offering renewed hope for 
improving patient outcomes.
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