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Abstract
Objective: This study develops and validates a sex-informed transcriptomic prognos-
tic score derived from sex-stratified survival analyses, with a focus on gynecologic 
malignancies.
Methods: This retrospective, computational multi-cohort study analyzed transcrip-
tomic and clinical data from The Cancer Genome Atlas (TCGA; n ≈ 5000) and CPTAC-3 
(n = 2191). A 10-gene score was constructed using sex-stratified Cox models and 
LASSO regression across 20 TCGA tumor types. Prognostic performance was eval-
uated using hazard ratios and time-dependent AUCs at 1, 3, and 5 years. Analyses 
followed a four-phase design: discovery in TCGA, internal cross-cancer validation, ex-
ternal validation in independent cohorts (MSK-IMPACT, CPTAC-3, and LIHC-FR), and 
biological validation using single-cell and spatial transcriptomic data from formalin-
fixed paraffin-embedded tissues. Patients were stratified into high- and low-risk 
groups based on the median gene-expression score, with optimal cutpoints deter-
mined using maximally selected rank statistics where indicated. While the discovery 
analyses were sex-stratified, the final 10-gene score is sex-agnostic and applicable to 
both sexes.
Results: The score showed strong prognostic discrimination (hazard ratio = 2.15; 
95% confidence interval 1.60–2.88; P < 0.001), with areas under the curve ranging 
from 0.69 to 0.72 across timepoints. It remained robust across datasets and analytic 
platforms. In gynecologic tumors, high-score regions colocalized with fibroblast-rich, 
immune-depleted areas, reflecting transcriptional programs of stromal remodeling 
and immune exclusion linked to immunotherapy resistance.
Conclusion: This sex-informed, spatially validated score provides a reproducible and 
biologically interpretable framework for transcriptomic risk stratification in gyneco-
logic cancers. By capturing immune-evasive and aggressive tumor states, it might in-
form biomarker-guided clinical trials and support context-appropriate implementation 
of precision oncology strategies.
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1  |  INTRODUC TION

Sex-based differences in cancer biology and outcomes are well 
established,1–3 with male patients showing poorer prognosis 
across several malignancies, including lung, liver, and colorectal 
cancers, even after adjustment for known factors.4,5 Despite this,  
most predictive models remain sex-agnostic, neglecting sex-
specific molecular traits that shape prognosis and treatment 
response.6–8

Publicly available cancer datasets, such as The Cancer Genome 
Atlas (TCGA), CPTAC, MSK-IMPACT, and GEO, offer powerful 
opportunities to investigate sex-specific prognostic patterns.9,10 
Recent transcriptomic analyses have revealed sex-related gene ex-
pression programs involved in immune surveillance, metabolism, and 
cell cycle control,11,12 yet these insights have rarely been translated 
into clinically actionable tools, especially in gynecologic cancers, 
where immunotherapy efficacy remains limited and predictive bio-
markers inconsistent.13–15

This clinical gap underscores the need for prognostic tools that 
not only capture sex-related molecular traits but also reflect spa-
tial immune dynamics and tumor microenvironmental features rel-
evant to therapeutic response. In gynecologic cancers, sex-linked 
hormonal, immune, and genetic influences modulate tumor biology 
and response to therapy, further justifying sex-aware biomarker 
discovery.

In this study, we derived and validated a 10-gene sex-informed 
prognostic score using an integrative, multi-platform approach, in-
cluding bulk RNA-seq, single-cell, and spatial transcriptomics. While 
validating pan-cancer, our focused application in endometrial, ovar-
ian, and cervical cancers assessed its relevance in tumor architecture 
and immune contexture.

High-score tumors showed enrichment in transcriptional pro-
grams linked to immune suppression and stromal remodeling (e.g., 
natural killer (NK)-cell depletion and T-cell exclusion), features as-
sociated with resistance to immune checkpoint inhibitors. This 
suggests the score could help identify immunotherapy-resistant 
gynecologic tumors or guide combinatorial strategies. Importantly, 
this information could be leveraged in formalin-fixed paraffin-
embedded (FFPE) samples using platforms such as NanoString 
or reverse transcription-quantitative polymerase chain reaction 
(RT-qPCR), expanding the score's clinical applicability beyond re-
search settings.

Currently, PD-L1 IHC and molecular subtype are used to pre-
dict response but with limited consistency in gynecologic can-
cers.16–21 Our transcriptomic score offers a spatially informed, 
immune-contextual tool that might refine treatment strategies in-
dependently of PD-L1 status, linking biological sex, tumor-intrinsic 
aggressiveness, and microenvironmental features to inform bio-
marker development and clinical decision-making. Its consistent 
performance across transcriptomic platforms and tumor types 
supports its potential for integration into real-world gynecologic 
oncology workflows, aiding treatment selection and improving per-
sonalized care.

2  |  MATERIAL S AND METHODS

2.1  |  Data sources and integrative analytical 
framework

This retrospective, computational study analyzed publicly available 
cancer datasets covering cases collected between 2013 and 2024. 
Discovery used TCGA pan-cancer cohorts (≈5000 samples across 
20 tumor types), where sex-stratified Cox analyses were performed 
within each tumor type. Internal validation was conducted across 
these 20 TCGA tumor types. External validation included MSK-
IMPACT (n = 1514), CPTAC-3 (n = 2191), and LIHC-FR (n ≈ 1000). 
Biological validation incorporated 33 single-cell RNA-seq and four 
FFPE spatial transcriptomic samples. The workflow comprised 
four sequential phases: (1) discovery using sex-stratified survival 
analyses in TCGA pan-cancer cohorts; (2) internal validation across 
20 TCGA tumor types; (3) external validation using independent 
cohorts (MSK-IMPACT, CPTAC-3, and LIHC-FR); and (4) biological 
and spatial validation integrating single-cell and FFPE 10× Visium 
data. Figure 1 summarizes the study design, datasets, sample sizes, 
and analytical sequence.

This study constitutes a secondary analysis of publicly available 
cancer datasets, integrating retrospective bioinformatic pipelines to 
identify sex-related prognostic patterns. The overarching goal was 
to develop a clinically translatable prognostic tool that integrates 
sex-specific molecular signals and spatial immune contexture to 
guide risk stratification.

The primary discovery dataset was The Cancer Genome Atlas 
(TCGA), encompassing RNA-sequencing and survival data from the 
10 most prevalent solid tumors. Model validation was conducted 
across 20 cancer types internally, and externally in the MSK-
IMPACT cohort (n = 1514),22 the CPTAC-3 proteogenomic dataset 
(NCI CPTAC, dbGaP accession: phs001287.v5.p4), and a European 
hepatocellular carcinoma cohort (LIHC-FR).23 All data were accessed 
via UCSC Xena,24 cBioPortal,25,26 and 10× Genomics repositories.

All datasets were previously collected under institutional review 
board approval with informed consent as part of TCGA, CPTAC, 
MSK-IMPACT, and other publicly funded projects. No new human 
subjects were recruited.

2.2  |  Identification of sex-specific prognostic genes

We performed sex-stratified univariable Cox models using Z-score–
normalized gene expression to identify genes associated with overall 
survival (OS) and progression-free interval (PFI). Candidates were re-
tained if they showed significant (or trend-level, P < 0.10) association 
in one sex only or opposite hazard directions between sexes.

We used ToPP,27 SmulTCan,28 UALCAN,29 and cBioPortal30 for 
additional gene-level validation. P-values were adjusted using the 
Benjamini–Hochberg false-discovery-rate method with a thresh-
old ≤0.10. Outputs and recurrence analyses are summarized in 
Tables S1–S4.
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2.3  |  Construction of the prognostic score

Thirty genes were selected through the sex-stratified screen and 
entered into LASSO-penalized Cox regression to build a parsimoni-
ous model. Tenfold cross-validation determined the optimal penalty 
(lambda.min), and the final score was computed as a weighted linear 
combination of Z-standardized expression values.

Patients were stratified into high- and low-risk groups using the 
median gene expression score as the default cutpoint, with sensitiv-
ity analyses using maximally selected rank statistics (surv_cutpoint 
function, R package survminer v0.4.931) to confirm the stability of 
risk group assignment. For spatial transcriptomics, a reduced ver-
sion of the score was used to accommodate genes detectable in 
FFPE samples. This subset was optimized to ensure feasibility for 
clinical implementation using FFPE-compatible platforms such as 
NanoString or targeted RT-qPCR panels. Full annotations are pre-
sented in Table S5.

2.4  |  Validation and clinical utility

Internal validation across 20 TCGA cancers was followed by 
external validation in MSK-IMPACT,22 CPTAC-3,23 and LIHC-FR 
cohorts. We assessed discrimination using time-dependent 

receiver operating characteristic (ROC) curves, Harrell's C-index, 
and nomogram calibration. Clinical value was evaluated via 
decision curve analysis (DCA) and net reclassification improvement 
(NRI).32,33 These metrics assess the score's added value in clinical 
decision-making scenarios, beyond standard predictors like PD-L1 
status or molecular subtype.

2.5  |  Single-cell and spatial transcriptomic analyses

To characterize the tumor microenvironment, we analyzed 33 
single-cell RNA-seq samples from gynecologic tumors and normal 
ovarian tissue, from datasets GSE165897, GSE154600, GSE197461, 
GSE168652, and GSE251923. Data were processed independently 
using Seurat v5.0 (RRID:SCR_007322). Malignant cells were identi-
fied via epithelial and oncogenic markers, and immune/stromal sub-
sets via SingleR with BlueprintEncodeData.

Eight lineages were retained: CD4+, CD8+, NK, B cells, mono-
cytes, fibroblasts, adipocytes, and malignant cells. UMAPs were 
used to visualize score distribution and immune checkpoint expres-
sion. Cell-type annotations were validated with TISCH2.34

Spatial transcriptomic data were obtained from FFPE samples 
of ovary, cervix, colorectal, and prostate tumors using the 10× 
Genomics Visium platform. Gene scores were computed per spot 

F I G U R E  1  Study design and analytical workflow integrating discovery, validation, and spatial analyses. Step 1 (Discovery phase): Sex-
stratified survival analysis across TCGA pan-cancer datasets identified genes with sex-biased prognostic effects for overall survival (OS) 
and progression-free interval (PFI). Step 2 (Internal validation): Multivariable Cox regression and bootstrap analyses confirmed the model's 
robustness across 20 tumor types. Step 3 (External validation): The 10-gene score was validated in independent cohorts (MSK-IMPACT, 
CPTAC-3, and LIHC-FR), showing stable discrimination and calibration. Step 4 (Biological and spatial validation): Single-cell and spatial 
transcriptomic datasets revealed that high-score regions were fibroblast-rich and immune-excluded, whereas low-score regions were CD4+/
CD8+-infiltrated and independent of PD-L1 status. Retrospective computational analysis of publicly available datasets (2013–2025; TCGA, 
CPTAC, MSK-IMPACT, GEO), all originally collected under institutional ethics approval and informed consent. Boxes in the flow diagram 
indicate dataset and sample size per phase; arrows denote analytical sequence. Abbreviations: OS, overall survival; PFI, progression-
free interval; TCGA, The Cancer Genome Atlas; CPTAC, Clinical Proteomic Tumor Analysis Consortium; MSK-IMPACT, Memorial Sloan 
Kettering–Integrated Mutation Profiling of Actionable Cancer Targets; GEO, Gene Expression Omnibus; FFPE, formalin-fixed paraffin-
embedded.
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and stratified into high- and low-risk regions. Co-localization with 
canonical markers (CD4+, CD8+, fibroblasts, and epithelial cells) was 
evaluated following FFPE spatial protocols35 and analytic strategies 
used in gastrointestinal tumors.36 The spatial mapping of the score 
supports its potential as a tissue-based biomarker for routine pathol-
ogy workflows.

Spatial expression of CD274, PDCD1, and CTLA4 was com-
pared across risk regions. For colorectal tumors, analyses were inde-
pendently replicated.

2.6  |  Functional and dependency analysis

Differential expression was analyzed with limma and moderated em-
pirical Bayes methods; pathway enrichment was assessed via fgsea 
and clusterProfiler (Hallmark and Reactome pathways). Ecotype 
structure was deconvoluted using EcoTyper.36

Gene dependency was evaluated using CERES scores from 
DepMap 24Q4 (RRID:SCR_017655),37 with group comparisons via 
Wilcoxon and Spearman tests.

2.7  |  Gene annotation and novelty assessment

We evaluated oncogenic relevance by cross-referencing each 
gene with six major platforms: OncoKB,38 COSMIC CGC,39 MSK-
IMPACT,22 FoundationOne CDx,40 Vogelstein's list,41 and OncoMD.42 
A composite novelty index (0–6) was computed. Mutation–expres-
sion associations were explored using OncoMD.

2.8  |  Statistical analyses

All analyses were conducted in R (version 4.3.2, R Foundation for 
Statistical Computing, Vienna, Austria) and SPSS Statistics (version 29.0, 
IBM; RRID:SCR_002865). Key packages included glmnet (v4.1-8) for 
LASSO-Cox regression, survival (v3.5-7), survminer (v0.4.9), rms (v6.7-0), 
clusterProfiler (v4.10), maxstat (v0.7-25), and Seurat (v5.1) for single-cell 
integration. Spatial transcriptomic preprocessing followed 10× Genomics 
Visium pipelines (Space Ranger v3.1). Univariable and multivariable Cox 
models were applied for survival analyses, with Kaplan–Meier curves and 
log-rank tests generated using survminer. Time-dependent ROC curves 
were computed with the timeROC package, and internal validation was 
performed via bootstrap resampling (1000 iterations).

Analyses were performed on complete-case data. The number 
of samples included in each discovery and validation dataset is indi-
cated in the respective results subsections.

Nomograms were built using rms, calibration via decile-based 
plots, and DCA and NRI using rmda.32,33

All scripts and data used for score construction, visualization, 
and validation are available at: https://​github.​com/​macue​llo19​68/​
sex-​infor​med-​score​.

2.9  |  Availability of data and materials

All gene expression, clinical, and spatial datasets were obtained from 
public repositories: UCSC Xena, cBioPortal, 10× Genomics, and 
CPTAC-3 via dbGaP. No new data were generated. Key datasets include 
GSE108989 (colorectal), GSE141460 (glioma), GSE103322 (head and 
neck), GSE140228 (hepatocellular), and CPTAC-3 (phs001287.v5.p4).

Gynecologic single-cell datasets included GSE154600, 
GSE165897, GSE168652, and GSE251923. These covered high-
grade serous, cervical, and endometrial tumors with epithelial and 
immune compartment resolution.

The inclusion of gynecologic tumors with epithelial and immune 
resolution supports future clinical testing of the score in diagnostic 
or predictive settings.

Detailed workflows are provided in Methods S1.

3  |  RESULTS

3.1  |  Sex-stratified survival discovery across 
common tumors

We first conducted sex-specific univariable Cox regressions across the 
10 most prevalent solid tumors affecting both sexes, using Z-score–nor-
malized gene expression for OS and PFI. Genes were prioritized if signifi-
cant (or P < 0.10) in only one sex or showed opposite hazard directions.

To test generalizability, we extended analyses to sex-specific can-
cers, confirming strong performance in ovarian, endometrial, and cervi-
cal tumors. The final 10-gene panel was selected via LASSO-penalized 
Cox regression and independently applied to OS and PFI. Each gene 
was functionally linked to cancer hallmarks and retained consistent 
prognostic behavior. Sex guided discovery but was not included in the 
score formula, enabling cross-sex application. The discovery phase 
included approximately 5000 TCGA samples across 20 tumor types, 
followed by internal validation in the same cohorts, external validation 
in 3700 independent samples (MSK-IMPACT, CPTAC-3, and LIHC-FR), 
and biological validation in 33 single-cell and four FFPE spatial sam-
ples. This discovery phase established the foundation for the subse-
quent validation and spatial analyses described below.

In gynecologic cohorts specifically, univariable and multivariable 
Cox models remained significant after adjustment for stage and his-
tology (Table S3).

3.2  |  Pan-cancer validation of the 10-gene score

The score was evaluated in 28 TCGA cohorts for OS and 23 for PFI, 
including gynecologic cancers. Kaplan–Meier analyses showed 
robust separation of risk groups (Figure  2a,b), and multivari-
able Cox models yielded significant hazard ratios, exceeding 2.0  
in pancreatic, endometrial, and adrenocortical cancers 
(Figure 2c,d).

https://github.com/macuello1968/sex-informed-score
https://github.com/macuello1968/sex-informed-score
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Even using unweighted scores from ToPP,27 the panel retained 
strong performance (Figure 2e).

The final panel included ABCA13, ADAM15, ANO4, B4GALNT1, 
CGB8, COL11A1, EIF3J, IGF2BP2, SAMD9, and TERT. The functional 
annotations, direction of effect, and novelty index for each of the 10 
genes are summarized in Table S5.

To ensure compatibility with FFPE-based assays, a nine-gene ver-
sion (excluding CGB8, a placental gene inconsistently detected in spatial 
data) was also validated, showing equivalent performance (Figure S1).

3.3  |  Internal validation and multivariable modeling

In pooled TCGA pan-cancer data, the score stratified risk for OS and 
PFI (Figure 3a,b). Multivariable Cox models adjusting for tumor type 
and clinical, and demographic variables confirmed independent 
prognostic value (hazard ratio [HR] = 2.15 [1.60–2.88], P < 0.001).

Bootstrap simulations (1000 iterations) demonstrated coeffi-
cient stability (Figure 3c,d). The FFPE-adapted score showed similar 
results (Figure S1), confirming cross-platform robustness.

F I G U R E  2  Validation of the 10-gene score across cancer types and endpoints. (a, b) Kaplan–Meier curves for progression-free interval 
(UCEC-TCGA) and overall survival (OV-AU) stratified by risk group. (c, d) Forest plots from multivariable Cox models across 23 (PFI) and 28 (OS) 
cohorts. Abbreviations: OS, overall survival; PFI, progression-free interval; UCEC, uterine corpus endometrial carcinoma; OV-AU, ovarian cancer 
(Australian cohort).
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3.4  |  Clinical utility and prognostic stratification 
across cohorts

Time-dependent areas under the curve (AUCs) and calibration slopes 
were estimated with 1000 bootstrap resamples to derive 95% confi-
dence intervals (CIs). Calibration intercepts and slopes were assessed 
with bootstrap-corrected 95% CIs. Time-dependent ROC curves 
showed AUCs of 0.69 (95% CI 0.66–0.72), 0.71 (0.68–0.74), and 0.72 
(0.69–0.75) at 1, 3, and 5 years, respectively (Figure 4a). Calibration 
plots demonstrated good agreement between predicted and observed 
outcomes at 3 years (Figure 4b).

We developed a multivariable prognostic nomogram integrating 
tumor type, stage, immune subtype, and treatment response, which 
retained strong discrimination and calibration (Figure  4c). Across all 
cohorts, 95% CIs for time-dependent AUCs overlapped between 
datasets, supporting model stability and calibration consistency (AUC 
range 0.69–0.72).

3.5  |  External validation in CPTAC proteogenomic 
cohorts

We validated the score in the CPTAC-3 proteogenomic dataset 
(n = 2191) across 10 tumors. Kaplan–Meier analyses confirmed 
clear stratification (HR = 2.21, P < 0.0001; Figure  5a). Although 
multivariable-adjusted models showed reduced significance 
(HR = 1.12, P = 0.275; Figure  5b), the overall trends remained con-
sistent. The attenuation of adjusted hazard ratios in CPTAC (adjusted 
HR 1.12, P = 0.275) likely reflects differences in cohort composition, 
reduced availability of microenvironmental covariates, and the prot-
eomic nature of CPTAC data, which are less sensitive to stromal or 
immune programs captured at the transcriptomic level. Despite this, 
discrimination (AUC range 0.68–0.72, 95% CI 0.65–0.74) and calibra-
tion remained acceptable (Figure  5c), indicating that transcriptomic 
risk signals are retained across platforms but require prospective vali-
dation for clinical deployment.

F I G U R E  3  Multivariable performance and robustness of the score. (a, b) Pooled Kaplan–Meier survival analysis for OS and PFI across all cancers. 
(c) Multivariable Cox model adjusting for tumor type, stage, and clinical variables. (d) Bootstrap-derived stability of coefficients over 1000 iterations. 
Abbreviations: OS, overall survival; PFI, progression-free interval.
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3.6  |  Decision curve analysis and clinical net 
benefit

Continuous and binary versions of the score were compared using 
ROC and DCA. The continuous score provided higher net benefit for 
residual disease and treatment outcomes (Figure S2).

Net reclassification improvement (NRI = +0.29) indicated en-
hanced patient stratification.

3.7  |  Multi-level biological insights: Bulk, 
single-cell, and spatial analyses

Gene set enrichment analysis (GSEA) revealed enrichment of inflam-
matory, EMT, and immune exhaustion pathways in high-score tumors 
(Figure 6a–c).

EcoTyper analysis confirmed immunosuppressive ecotypes in 
high-score groups across multiple cancers, including gynecologic 
(Figure 6d; Figure S3A; Table S5).

We analyzed 33 single-cell RNA-seq samples (cervical, endome-
trial, and ovarian tumors) using two scores per cell:

•	 10-gene score: the prognostic model, computed as the mean nor-
malized expression of the 10 genes.

•	 ICI score: mean scaled expression of CD274 (PD-L1), PDCD1 (PD-1), 
CTLA4, LAG3, HAVCR2 (TIM-3), and TIGIT.

Violin plots showed the 10-gene score enriched in malignant 
cells and fibroblasts, while the ICI score was highest in CD8+ T cells, 
NK cells, and macrophages (Figure 6e).

Correlation analysis showed moderate association between scores 
in CD8+ T and NK cells, and minimal correlation in fibroblasts and 

F I G U R E  4  Clinical risk prediction and nomogram development. (a) Time-dependent receiver operating characteristic (ROC) analysis of 
the 10-gene score at 1, 3, and 5 years. (b) Calibration plot at 3 years comparing predicted versus observed survival. (c) Prognostic nomogram 
integrating score with tumor type, immune subtype, stage, and treatment outcome. Abbreviations: ROC, receiver operating characteristic; 
AUC, area under the curve; CI, confidence interval.
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F I G U R E  5  External validation in proteogenomic data. (a) Kaplan–Meier curve for the CPTAC-3 cohort (n = 2191) using dichotomized risk 
groups. (b) Multivariable Cox model adjusted for clinical variables. (c) Comparative metrics between TCGA and CPTAC datasets confirm 
cross-platform robustness. Abbreviations: CPTAC, Clinical Proteomic Tumor Analysis Consortium; TCGA, The Cancer Genome Atlas; AUC, 
area under the curve.
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FIGURE 6 Multi-level biological and single-cell analysis of the 10-gene sex-informed prognostic score across gynecologic cancers. 
(a) Volcano plot displaying differentially expressed genes between high- and low-score tumors. Significantly upregulated genes (red) include 
extracellular-matrix and immunosuppressive mediators, whereas downregulated genes (blue) are enriched for immune-activation signatures. 
(b) Hallmark pathway enrichment analysis (GSEA) of high- versus low-score tumors identifies suppression of immune and interferon 
responses and activation of matrix- and TGF-β-related pathways. (c) Heatmap showing the top 20 GSEA normalized enrichment scores (NES) 
across cancer types and sexes, highlighting consistent enrichment of epithelial–mesenchymal transition (EMT), TGF-β signaling, and hypoxia 
programs in high-score tumors. (d) Distribution of carcinoma ecotypes (C01–C09) according to Score 10 group across cervical (CESC), 
endometrial (UCEC), and ovarian (OV) cancers, demonstrating higher prevalence of stromal/immunosuppressive ecotypes (C04, C06) in 
high-score tumors (χ² test, *** (P < 0.001)). (e) UMAP projections of integrated single-cell datasets (n > 150,000 cells) showing cell clustering 
by 10-gene score group, by ICI score group, and by extended cell-type annotation (malignant, fibroblast, endothelial, immune subsets).
(f) Violin plots displaying standardized Z-scores of the 10-gene score and ICIscore1 across all cell types. The 10-gene score is highest in 
malignant and fibroblast cells, whereas ICIscore1 is enriched in CD8+ T and NK cells (Kruskal–Wallis, (P < 0.001)). (g) Heatmap of Spearman 
correlations between Score 10 Z and ICIscore1 Z per cell type and tumor type, showing positive correlations in cytotoxic lymphocytes and 
minimal association in stromal compartments. Abbreviations: GSEA, gene set enrichment analysis; NES, normalized enrichment score; EMT, 
epithelial–mesenchymal transition; TGF-β, transforming growth factor beta; ICI, immune checkpoint inhibitor; NK, natural killer; UMAP, 
uniform manifold approximation and projection.



10  |    CUELLO et al.

monocytes (Figure 6f), indicating distinct yet partially overlapping axes 
of immune activity and tumor aggressiveness.

Cervical tumors exhibited the highest ICI scores, followed by 
endometrial, while ovarian tumors showed more immune-excluded 
profiles. These differences might help explain variable immunother-
apy responses in gynecologic cancers.

3.8  |  Spatial transcriptomic findings

Spatial data from ovarian, cervical, prostate, and colorectal tumors 
profiled via 10× Visium confirmed that high-score regions aligned with 
malignant epithelial zones and fibroblast-rich areas, while low-score 
regions showed higher CD4+ and CD8+ T cell presence (Figures 7a–c 
and 8a–c; Figures S5a–c and S6a–c).

Checkpoint analysis showed significantly higher PDCD1 and 
CTLA4 expression in high-score colorectal regions (P < 0.01) but 
no differences in CD274 across tumor types (Figures  7d and 8d; 
Figures S5d and S6d).

These spatial patterns, particularly robust in cervical and ovar-
ian tumors, support the model's relevance in identifying immune-
excluded, high-risk microenvironments.

3.9  |  Gene dependency and novelty across 
oncogenic databases

CRISPR-Cas9 dependency data (DepMap 24Q437) showed no sig-
nificant CERES-based dependency for the 10 genes across approxi-
mately 700 cell lines (Figure S7), suggesting that the score reflects 
systems-level aggressiveness rather than single-gene essentiality.

Annotation using OncoKB, COSMIC, MSK-IMPACT, 
FoundationOne, Vogelstein's list, and OncoMD22,38–42 confirmed 
limited overlap with canonical oncogenes (Figure S8).

A composite novelty index (0–6) confirmed the distinctiveness 
of this signature.

3.10  |  Integrated summary of biological and clinical 
findings

This integrative analysis confirms that the 10-gene score identifies 
tumors with conserved transcriptional programs of aggressiveness, 
stromal remodeling, and immune evasion. Its reproducibility across 
platforms, including single-cell and spatial resolution, supports its 
potential as a robust tool for risk stratification, with immediate ap-
plicability in gynecologic oncology.

4  |  DISCUSSION

Understanding the transcriptional programs underlying tumor aggres-
siveness remains a central challenge in precision oncology. Here, we 

developed and validated a sex-informed 10-gene prognostic score 
using large-scale, publicly available datasets. Although sex was ex-
plicitly considered during the discovery phase, the final 10-gene score 
does not include sex as an input variable. The resulting model is, there-
fore, sex-agnostic (applicable to both sexes) while preserving the bio-
logical insights derived from sex-aware analyses. The score provides a 
biologically grounded framework to assess immune escape and tumor 
aggressiveness, although it is not yet ready for routine clinical use.

Consistent results across 28 TCGA tumor types were validated 
using independent proteogenomic (CPTAC), single-cell, and spatial 
transcriptomic data. This confirms the power of open-access repos-
itories to identify reproducible transcriptomic correlates of progno-
sis and immune evasion.3,27,43 Nonetheless, the reliance on public 
datasets (largely derived from high-income countries and popula-
tions of European ancestry) might limit generalizability across ethni-
cally and geographically diverse patient groups.44,45 This limitation 
underscores the urgent need for more diverse transcriptomic data-
sets representative of low- and middle-income countries.

Unlike earlier approaches limited to bulk RNA-seq or single-
cohort derivation, this model integrates immune deconvolution, 
spatial architecture, and CRISPR functional data, reinforcing its 
translational relevance. Detailed annotation and functional categori-
zation of the 10 genes included in the prognostic score are provided 
in Table S5.

Compared with established molecular classifiers—such as the 
TCGA molecular taxonomy of endometrial carcinoma,46 the ProMisE 
(Proactive Molecular Risk Classifier for Endometrial Cancer) sys-
tem,47 and the molecularly integrated TransPORTEC model for 
endometrial cancer48—our 10-gene score provides a compact, 
transcriptomic-only metric that captures immune and stromal pro-
grams often missed by mutational or histopathologic subtyping. In 
ovarian cancer, the score differs from transcriptomic classifiers de-
rived from TCGA and the Tothill subtypes49 or the Verhaak refine-
ment,50 which mainly describe tumor-intrinsic lineages rather than 
immune-exclusion states. Similarly, in cervical cancer, it extends 
beyond the TCGA integrated genomic classification51 by incorpo-
rating immune and stromal signatures associated with checkpoint 
resistance. Together, these comparisons highlight the complemen-
tary role of this model within existing molecular stratification frame-
works across gynecologic malignancies.

The score reflects a conserved transcriptional program involv-
ing inflammation, stromal remodeling, and immune suppression. 
GSEA across TCGA tumors revealed upregulation of IFN-γ, IL6–JAK–
STAT3, and EMT signaling in high-score tumors (Figure 6a–c). Using 
EcoTyper,36 we confirmed the enrichment of immunosuppressive 
ecotypes in high-score tumors, including those of gynecologic origin 
(Figure 6d; Figures S3A).

In 33 single-cell datasets from ovarian, endometrial, and cervical 
tumors, the 10-gene score was enriched in malignant epithelial cells 
and fibroblasts and absent in normal compartments. Conversely, the 
ICI score, based on PDCD1, CTLA4, CD274, LAG3, HAVCR2, and TIGIT, 
was elevated in CD8+/CD4+ T cells and NK cells. UMAP and vio-
lin plots revealed that cervical and endometrial tumors had higher 
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Score10 expression in malignant cells compared to ovarian tumors, 
while the ICI score showed the highest values in cervical tumors 
(Figure 6e–g). Their moderate correlation in CD8+ and NK cells and 
minimal overlap in stromal and myeloid compartments, suggests 
distinct but partially convergent biological axes (Figure  6f). These 
cell-type-specific differences not only inform tumor biology but 
also highlight opportunities to therapeutically target the immuno-
suppressive niche, such as reprogramming fibroblasts or restoring 
cytotoxic infiltration.

Spatial transcriptomics reinforced these insights. In ovarian 
and cervical tumors, high-score regions aligned with malignant/

fibroblast-dense areas, whereas low-score regions had increased 
CD4+ and CD8+ T cell infiltration. These patterns were less clear in 
prostate and colorectal tumors (Figures 7a–c and 8a–c; Figures S5a–c 
and S6a–c). While PDCD1 and CTLA4 were elevated in high-score re-
gions of colorectal tumors, CD274 did not differ across score groups 
or tumor types (Figures 7d and 8d; Figures S5d and S6d). These find-
ings support the presence of conserved immune exclusion patterns, 
particularly in gynecologic malignancies. Such patterns might under-
lie the limited efficacy of immunotherapies in tumors with fibrotic 
or immunosuppressed microenvironments and support the rationale 
for combinatorial strategies.

F I G U R E  7  Spatial and molecular characterization of the prognostic score in ovarian cancer. (a) Hematoxylin and eosin (H&E) image of 
an FFPE ovarian tumor section profiled using 10x Genomics Visium. (b) Spatial maps displaying the distribution of CD4+ and CD8+ T cells, 
malignant epithelial cells, and fibroblasts across low-score (top row) and high-score (bottom row) regions. High-score areas show clear 
immune exclusion (reduced CD4+ and CD8+ T cells) and stromal/malignant enrichment. (c) Violin plots comparing cell-type abundance 
between score-defined regions. (d) Expression of immune checkpoints PD-L1 (CD274), CTLA-4, and PD-1 (PDCD1) by score group in ovarian 
cancer. Abbreviations: H&E, hematoxylin and eosin; FFPE, formalin-fixed paraffin-embedded; PD-L1, programmed death-ligand 1; PD-1, 
programmed cell death 1; CTLA-4, cytotoxic T-lymphocyte–associated protein 4.
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These findings are consistent with a mechanistic model in 
which cancer-associated fibroblasts and extracellular-matrix re-
modeling, driven by TGF-β and IL6–JAK–STAT3 signaling, cre-
ate physical and cytokine barriers to cytotoxic T-cell infiltration, 
leading to immune-excluded niches and checkpoint resistance. 
Figure 9 illustrates this proposed pathway linking stromal remod-
eling to immune evasion.

This has clinical implications. In ovarian and cervical cancers, 
where PD-L1 expression often fails to predict response, our score 
identifies tumors with transcriptional aggressiveness and immuno-
suppressive niches, even in PD-L1–negative settings.52–55 This sup-
ports its potential role in guiding combinatorial strategies, such as 

immune checkpoint blockade combined with anti-fibrotic agents or 
IL6–JAK inhibitors, especially in tumors lacking classical predictive 
markers. The biological link between transcriptomic risk and immune 
resistance likely reflects stromal remodeling and cytokine-driven im-
mune exclusion. High-score tumors exhibit activation of fibroblast 
and extracellular-matrix programs (mediated by COL11A1, ADAM15, 
and related genes) together with cytokine signaling through IL6–JAK–
STAT3 and TGF-β pathways. These processes generate a fibroblast-
rich stromal barrier that limits CD8+ T-cell infiltration and promotes 
T-cell exhaustion, thereby explaining PD-L1–independent immune 
evasion observed in these tumors. This integrative model (Figure 9) 
summarizes the proposed mechanistic cascade linking stromal 

F I G U R E  8  Spatial and molecular characterization of the prognostic score in cervical cancer. (a) Representative H&E image (20×) of 
an FFPE cervical tumor section profiled using 10x Genomics Visium spatial transcriptomics. (b) Spatial distribution of CD4+ and CD8+ T 
cells, malignant epithelial cells, and fibroblasts across score-defined regions (Low vs. High). (c) Violin plots comparing cell-type abundance 
between low- and high-score regions. (d) Expression of immune checkpoints PD-L1 (CD274), CTLA-4, and PD-1 (PDCD1) stratified by score 
group in cervical cancer. Abbreviations: H&E, hematoxylin and eosin; FFPE, formalin-fixed paraffin-embedded; PD-L1, programmed death-
ligand 1; PD-1, programmed cell death 1; CTLA-4, cytotoxic T-lymphocyte–associated protein 4.
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remodeling to immune exclusion and reduced response to immune-
checkpoint inhibitors, supported by recent spatial-transcriptomic 
and experimental studies.56–58 The presence of immunosuppressive 
programs and fibroblast-rich niches, independent of PD-L1 expres-
sion, might explain immune exclusion in these tumors.

External validation in CPTAC (n = 2191, across 10 tumor types) 
confirmed strong risk stratification (HR = 2.21, P < 0.0001), despite 
attenuation in adjusted models (HR = 1.12, P = 0.275), likely due to 
limited transcriptomic or immune-deconvolution variables in CPTAC 
datasets, which focus primarily on proteomic and mutational data 

rather than microenvironmental features (Figure  5a–c). These re-
sults emphasize robustness across platforms and highlight the utility 
of transcriptomic biomarkers beyond TCGA.23

From a clinical utility perspective, time-dependent ROC curves, 
calibration plots, and DCA confirmed stable performance (Figure 4a–
c). The continuous version outperformed binary classification and 
yielded a net reclassification improvement (NRI = +0.29), highlighting 
the importance of preserving continuous information.32,33 For clin-
ical translation, the score can be reported as a continuous variable 
or dichotomized at the cohort median for pragmatic risk grouping. 

F I G U R E  9  Conceptual model linking transcriptomic risk, stromal remodeling, and immune exclusion in high-score tumors. High 10-gene 
transcriptomic scores are associated with fibroblast activation, extracellular matrix (ECM) remodeling, and immunosuppressive cytokine 
signaling, which collectively promote immune exclusion and reduced efficacy of immune-checkpoint inhibitors (ICIs). Upregulation of genes 
such as  COL11A1  and ADAM15 reflects fibroblast activation and matrix deposition, whereas activation of  IL6–JAK–STAT3 and TGF-β 
pathways promotes cytokine-driven epithelial–mesenchymal transition (EMT) and T-cell dysfunction. These processes generate a fibroblast-
rich stromal barrier that limits CD8+ T-cell infiltration and promotes T-cell exhaustion, ultimately leading to checkpoint-therapy resistance. 
Abbreviations: ECM, extracellular matrix; EMT, epithelial–mesenchymal transition; ICI, immune checkpoint inhibitor; JAK, Janus kinase; 
STAT3, signal transducer and activator of transcription 3; TGF-β, transforming growth factor beta.
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Decision-curve analysis favored the continuous formulation, but a 
median or tertile cut-off could be adopted for trial stratification or 
adjuvant-risk discussions. For instance, in a hypothetical clinical sce-
nario, patients with high transcriptomic risk but PD-L1–negative tu-
mors could be prioritized for combinatorial regimens (e.g., checkpoint 
blockade + anti-fibrotic therapy), while low-risk cases might safely re-
ceive single-agent immunotherapy. In gynecologic oncology, the score 
could complement established classifiers such as ProMisE and TCGA 
molecular subtypes by identifying immune-excluded or fibroblast-rich 
phenotypes in PD-L1–negative tumors where checkpoint monother-
apy is less effective. With only 10 genes, the model could be imple-
mented via NanoString, RT-qPCR, or targeted sequencing, enabling 
use in FFPE samples and standard pathology workflows. This simplic-
ity facilitates implementation in adaptive clinical trials or decentralized 
settings, where streamlined molecular assays are needed. However, 
clinical thresholds and therapeutic algorithms still require prospective 
validation before routine deployment.

Importantly, no individual gene showed significant CRISPR-
based dependency in CERES data from DepMap 24Q437 (Figure S7), 
indicating that the score captures systems-level states (emergent 
phenotypes shaped by network-level reprogramming) rather than 
isolated oncogenic drivers.

Annotation using OncoKB,38 COSMIC,39 MSK-IMPACT,22 
FoundationOne,40 Vogelstein's list,41 and OncoMD42 revealed that 
only TERT and SAMD9 were previously catalogued as oncogenes. 
Mutation-expression analyses using OncoMD showed no expres-
sion differences by mutational status, confirming the score re-
flects transcriptional reprogramming rather than mutation-driven 
phenotypes.59 Additionally, IGF2BP2 has been recognized as a 
key post-transcriptional regulator via m6A RNA methylation read-
ing, contributing to oncogenic plasticity in the absence of genetic 
alterations.60

This work is inherently limited by its retrospective design and reli-
ance on publicly available datasets largely derived from high-income 
populations, underscoring the need for more diverse transcriptomic 
resources encompassing low- and middle-income settings.

5  |  FUTURE DIREC TIONS AND 
TR ANSL ATIONAL POTENTIAL

While not yet ready for clinical application, this model offers several 
paths forward. Its continuous form facilitates use in prognostic mod-
els and clinical trials, particularly where PD-L1 or TMB fail to predict 
response. Its structure is compatible with FFPE-based platforms, 
and simplified assays might allow implementation in low-resource 
settings, contributing to equity in precision oncology.

Biologically, the score captures features often overlooked in 
genomics: immune exclusion, fibroblast activation, and stromal re-
modeling. In tumors like ovarian and cervical cancer, where check-
point inhibitors show inconsistent efficacy, this model might help 
define “immune-cold” phenotypes and guide personalized treatment 
strategies.

Randomized prospective validation, ideally in biomarker-driven 
trials, is essential. In such settings, the score might serve as a strat-
ification biomarker to identify patients less likely to respond to 
monotherapy and more likely to benefit from combined immune-
modulating regimens. We propose testing the score in gynecologic 
oncology as a high-impact setting. Mechanistic studies on the lesser-
known genes included in the score could yield therapeutic insights, 
particularly through integration with proteomic, spatial, and epigen-
etic data. Moreover, its application in longitudinal studies might help 
evaluate treatment-induced microenvironmental shifts and inform 
response-adapted strategies.

In summary, this 10-gene sex-informed prognostic score cap-
tures high-risk transcriptional states across tumor types, including 
gynecologic malignancies. It represents a scalable model for future 
biomarker development, integrating multi-platform validation with 
clinical and biological insight. Its inclusion in stratified trial designs 
could accelerate precision oncology beyond current PD-L1–depen-
dent frameworks.
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