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Background: Ovarian cancer (OV) is a heterogeneous gynecologic malignancy with limited and patient-specific responses to
immunotherapy. This study aimed to develop and validate a CD40L G-centered 6-gene signature based on immune-modulatory
genes (IMGs) for prognostic stratification and prediction of immunotherapy response in OV patients.

Methods: Transcriptomic data and corresponding clinical annotations for normal and malignant ovarian tissues were retrieved
from The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) database, respectively. The IMG-based prog-
nostic signature (IMPS) was generated by identifying and integrating differentially expressed IMGs using univariate Cox re-
gression and least absolute shrinkage and selection operator (LASSO)-Cox analysis. Tumor microenvironment (TME) charac-
teristics, survival outcomes, and immunotherapy responses were analyzed with CIBERSORT, ESTIMATE, and Tumor Immune
Dysfunction and Exclusion (TIDE) algorithms, and major IMGs were verified by quantitative real-time PCR (qRT-PCR).
Results: The IMPS, including CD40LG, HMGB3, IL27RA, TNFRSF8, BTLA, and HLA-DOB, exhibited significant prognostic
ability. Kaplan-Meier curves demonstrated a survival advantage in the low-risk group (p < 0.0001), which was successfully
cross-validated using the International Cancer Genome Consortium (ICGC) dataset. The low-risk group exhibited an anti-tumor
immune phenotype (increased M1 macrophage infiltration, enriched antigen-processing pathways, activated T-cell signaling),
whereas the high-risk group had higher immune-evasion potential (TIDE: r = 0.206, p < 0.0001). Analysis of the IMvigor210
trial indicated that individuals within the low-risk category exhibited a more favorable response to PD-1/PD-L1 blockade therapy.
CD40LG expression was downregulated in OV tissues and associated with sensitivity to immunotherapy.

Conclusions: The CD40LG-centered 6-gene IMPS enables precise stratification of OV patients according to clinical outcomes
and immunotherapy responsiveness, serving as a promising tool for guiding personalized immunotherapy strategies.

Keywords: ovarian cancer; immune modulatory genes; prognostic signature; tumor microenvironment; precision immunotherapy;
biomarker

Introduction

Globally, ovarian cancer (OV) remains the most lethal
malignancy among gynecological tumors. For individu-
als identified with late-stage disease, the clinical outlook
is especially grim, with the probability of surviving beyond
five years falling below the 30% threshold [1-3]. Most pa-
tients experience disease recurrence due to the development
of therapeutic resistance, even after initial responses to
platinum-based chemotherapy and cytoreductive surgery,
resulting in persistently poor long-term outcomes [4,5]. Im-
mune checkpoint blockade (ICB) has transformed oncology
by producing long-lasting effects in lung cancer, melanoma,
and other immunogenic tumors [6]. In stark contrast, I[CB
monotherapy yields objective response rates of only 6—
15% in OV [7], underscoring the urgent need to eluci-

date the molecular mechanisms underlying its resistance to
immunotherapy. Mechanistically, OV tumors evade im-
mune surveillance not solely through PD-L1 upregulation
or T cell exhaustion [8,9], but via coordinated dysregula-
tion of broader immune-modulatory networks—including
impaired co-stimulation (e.g., CD40/CD40LG) and defec-
tive antigen presentation (e.g., HLA-DOB) [10,11].

While clinical development has prioritized inhibitors
targeting canonical checkpoints (CTLA-4, PD-1/PD-L1)
[12] or emerging targets (LAG3, TIM3, TIGIT) [13], and
combination strategies incorporating /DO/ inhibitors or co-
stimulatory agonists are under active investigation [14,15],
a critical gap persists. To date, no multi-gene prognostic
signature has been established that leverages a broad set of
immune-modulatory genes (IMGs) to stratify OV patients
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by prognosis or ICB responsiveness. Notably, the IMGs
analyzed in this study were curated from published studies
of immune checkpoint-related biology, encompassing not
only canonical checkpoint molecules but also their associ-
ated signaling ligands, receptors, and downstream effectors
that regulate tumor microenvironment (TME) immune dy-
namics.

To bridge this gap, we systematically analyzed tran-
scriptomic profiles of IMGs across OV cohorts to construct
a novel IMGs-based prognostic signature (IMPS). Com-
prising six functionally diverse genes—including antigen-
presentation regulator HLA-DOB, the co-stimulatory lig-
and CD40LG, and the danger-associated molecular pat-
tern HMGB3, among others—the IMPS captures multi-
dimensional immune dysregulation within the TME. Us-
ing the TCGA-OV and IMvigor210 cohorts, we show that
the IMPS reliably stratifies patients into low- and high-risk
groups with different TME characteristics (e.g., TCR acti-
vation and M1 macrophage infiltration), predicted ICB re-
sponses, and survival outcomes. The clinical relevance of
key IMPS components was further confirmed experimen-
tally using quantitative real-time PCR (qRT-PCR).

Collectively, our IMPS represents a biologically
grounded and clinically actionable biomarker. It offers a
framework to stratify OV patients and identify those most
likely to benefit from immunotherapy — thereby advancing
the goal of personalized immuno-oncology in this challeng-
ing malignancy.

Methods

Data Acquisition and Processing

Gene expression information from the TCGA-
TARGET-GTEx dataset, including RNA-seq expected
counts from 427 OV tissues and 88 normal ovar-
ian tissues, was acquired for differential expression
analysis in this study using the UCSC Xena platform
(https://xenabrowser.net/datapages/, accessed on January
17, 2024) [16]. Additionally, the GDC Data Portal
(https://portal.gdc.cancer.gov/, visited on January 17,
2024) was used to download clinical metadata and RNA-
seq data (TPM format) for the TCGA-OV cohort. The
original cohort’s baseline clinical features (n = 400) are
displayed in Supplementary Table 1. A final group of 390
patients was selected for further analysis after excluding
patients with incomplete clinical data or an overall survival
(OS) of less than 30 days. An independent cohort (OV-
AU, n = 81) was acquired from the International Cancer
Genome Consortium (ICGC, https://dcc.icge.org, accessed
on January 17, 2024) to serve as an external validation set
and evaluate the generalizability of our risk model.

To develop our predictive model and conduct subse-
quent analyses, we identified a set of 373 IMGs, draw-
ing upon established literature on molecules associated
with immune checkpoints [17-21]. These IMGs encom-

pass not only canonical immune checkpoint molecules
(e.g., BTLA) and their associated ligands or receptors (e.g.,
CD28, CD80/86), but also non-canonical immune regu-
lators that interact with checkpoint pathways (e.g., HLA-
DOB) (Supplementary Table 2).

Identifying IMGs That Are Differentially Expressed

Differential gene expression across the two risk sub-
groups and between tumor and normal specimens was
determined through the ‘DESeq2’ computational frame-
work. Genes that satisfied the criteria of [loga(fold change)|
>1 and adjusted p value (adj. p) < 0.05 were clas-
sified as differentially expressed genes (DEGs). Can-
didate differentially expressed IMGs (DE-IMGs) were
chosen for further analysis after the distribution of
DEGs was visualized using the “ggVolcano” R package
(https://github.com/BioSenior/ggVolcano) , and overlap-
ping genes between DEGs and IMGs were found using
Venn diagrams.

Building and Verifying the Prognostic Model Based
on IMGs

Using univariate Cox proportional hazards regression
(R package: “survival”; https://cran.r-project.org/package
=survival) with a significance threshold of p < 0.05, DE-
IMGs associated with OS were initially found in the TCGA-
OV cohort. In order to reduce multicollinearity and ex-
clude redundant variables, candidate genes were then sub-
jected to least absolute shrinkage and selection operator
(LASSO) regression for feature selection and dimension-
ality reduction using R package “glmnet” (https://cran.r-
project.org/package=glmnet) [22]. To identify the best
prognostic signature and acquire regression coefficients for
model construction, genes retained after LASSO regression
were then incorporated into a multivariate Cox proportional
hazards model. The following formula was used to estab-
lish each patient’s individualized risk score:

Risk score = 2711 (Bi x exp;) (M

The regression coefficient of signature gene ¢ is de-
noted by (,, the expression level of gene i by exp,, and
the total number of signature genes is represented by n.
Patients within the TCGA-OV training set were stratified
into two risk subgroups based on the median risk value. To
ascertain the prognostic accuracy of our signature across
various intervals (1, 2, 3, and 5 years), time-dependent
receiver operating characteristic (ROC) analysis was im-
plemented via the ‘timeROC’ library (https://cran.r-proje
ct.org/package=timeROC). The predictive performance at
each specific time point was quantified by calculating the
area under the curve (AUC) values. To visually depict
the risk stratification framework and its clinical implica-
tions, a multi-dimensional heatmap was generated using
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the ‘pheatmap’ package (https://cran.r-project.org/package
=pheatmap). This integrated visualization displays the gra-
dient of risk scores alongside the expression profiles of sig-
nature genes and the longitudinal survival distribution of the
TCGA-OV patients. The same analytical procedure was ap-
plied to an independent ICGC OV-AU cohort for external
validation to assess the IMPS’s performance and generaliz-
ability.

Functional Enrichment Profiling

Using the R package ‘clusterProfiler’ (Biocon-
ductor, https://bioconductor.org/packages/clusterProfiler/),
functional enrichment analyses were performed to iden-
tify Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways and Gene Ontology (GO) terms associated
with the screened gene sets [23]. The gene an-
notation data came from the “org.Hs.eg.db” database
(Bioconductor, https://bioconductor.org/packages/org.Hs.e
g.db/).  Using the “enrichplot” package (Bioconduc-
tor, https://bioconductor.org/packages/enrichplot/), gene
set enrichment analysis (GSEA) was performed on
the MSigDB gene sets “c5.go.v7.0.symbols.gmt” and
“c2.cp.kegg.v7.0.symbols.gmt” (MSigDB, https://www.gs
ea-msigdb.org/gsea/msigdb). Statistical significance was
set at a false discovery rate (FDR) <0.05, with significant
items and pathways reported using normalized enrichment
scores (NES) and adjusted p values.

Nomogram Construction and Validation

Univariate Cox regression was employed to screen po-
tential prognostic factors (e.g., age, tumor stage, risk score),
retaining those with p < 0.05 for multivariable analysis.
Significant predictors from the multivariable Cox regres-
sion (p < 0.05) were incorporated into a nomogram con-
structed with the “rms” package (https://cran.r-project.org
/package=rms). Internal validation was performed by boot-
strap resampling (1000 iterations). To evaluate the reliabil-
ity of the nomogram, calibration curves were used to com-
pare the predicted outcomes with the actual survival rates
[24,25]. The discriminative efficiency was measured using
the concordance index (C-index) alongside time-dependent
ROC analysis (focusing on 1-, 3-, and 5-year intervals).
Furthermore, decision curve analysis (DCA) was imple-
mented to determine the clinical net benefit and practical
utility of our integrated model.

Assessment of Mutational Load

To explore the potential link between genomic in-
stability and immunotherapeutic efficacy, we obtained so-
matic mutation profiles for the TCGA-OV patients from the
cBioPortal database (https://www.cbioportal.org/; accessed
onJanuary 17,2024)[26,27]. Mutational profiles were ana-
lyzed and visualized using the ‘maftools’ package (Biocon-
ductor, https://bioconductor.org/packages/maftools/). The
cohort was stratified into high- and low- tumor mutation
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burden (TMB) groups, and integrated oncoplots were used
to examine the distribution of mutation types and frequen-
cies, aiming to uncover distinct patterns of genetic alter-
ations between the two groups.

Tumor Immune Microenvironment Analysis

To quantify the infiltration levels of 22 distinct
leukocyte subsets within the TCGA-OV samples, we uti-
lized the CIBERSORT deconvolution method employ-
ing the LM22 signature via the ‘IOBR’ R framework
(https://github.com/IOBR/IOBR) [28].  Only samples
demonstrating statistical significance (p < 0.05) were re-
tained for subsequent analysis. The ESTIMATE algorithm
was concurrently applied to derive tumor purity, immune,
and ESTIMATE scores [29,30]. We then analyzed the vari-
ations in TME composition between the high- and low-risk
groups.

Prediction of Immunotherapy Response

To predict the association between our risk model
and response to immune checkpoint blockade (ICB), we
employed a dual approach. First, we applied the Tumor
Immune Dysfunction and Exclusion (TIDE) algorithm (ht
tp://tide.dfci.harvard.edu/; accessed on January 17, 2024)
to predict patient responses [31-33]. Second, we vali-
dated the model using the IMvigor210 cohort (obtained
via the ‘IMvigor210CoreBiologies’ package; http://resear
ch-pub.gene.com/IMvigor2 10CoreBiologies/), which con-
tains clinical and genomic data from 298 individuals with
metastatic urothelial carcinoma undergoing anti-PD-L1
treatment. In this validation set, subjects were categorized
into distinct risk strata using a survival-derived optimal
threshold of the risk score.

Patient Sample Collection, RNA Extraction, and
qRT-PCR

Ethical approval for this study was obtained from the
Ethics Committee of the Chinese PLA General Hospital
(Approval No. of Ethics Committee: S2024-482-01), and
all participants provided written informed consent. Be-
tween March and June 2024, 10 fresh epithelial ovarian
cancer (EOC) tissues and 5 normal ovarian tissues (from
patients with benign gynecological conditions) were col-
lected. Inclusion criteria for the EOC group were: (1) histo-
logically confirmed EOC; (2) no prior history of radiother-
apy, chemotherapy, or immunotherapy; and (3) availability
of complete clinical and follow-up data. Participants with
severe organ dysfunction, acute infections, or those who de-
clined consent were excluded.

Total RNA was isolated with TRIzol™ reagent (In-
vitrogen, Cat. No. 15596026; Waltham, MA, USA), fol-
lowed by cDNA synthesis using HiScript III RT Super-
Mix (Vazyme, Cat. No. R323-01; Nanjing, China). RNA
levels were quantified using quantitative real-time PCR
(qRT-PCR) with SupRealQ Purple Universal SYBR qPCR
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Fig. 1. Flowchart of the study.

Master Mix (Vazyme, No. Q711-02/03; Nanjing, China),
and expression was normalized to GAPDH. The primer
sequences used are provided in Supplementary Table 3.
Each sample was assayed in triplicate, and relative expres-
sion was determined via the 2~2ACT method.

Statistical Analysis

The statistical analyses were performed using R
(v4.3.2, https://www.r-project.org/; R Foundation for Sta-
tistical Computing, Vienna, Austria) and GraphPad Prism
(v10.1, GraphPad Software, San Diego, CA, USA). The
Shapiro-Wilk test was used to verify the normality of con-
tinuous variables. Variables that passed the normality test
(p > 0.05) were analyzed using the independent-samples
t-test, while those that did not were analyzed using the

Wilcoxon rank-sum test. Spearman’s rank correlation was
used to evaluate relationships between continuous vari-
ables. The Chi-squared test or Fisher’s exact test was used
to compare categorical variables, as applicable. A two-
sided p-value less than 0.05 was considered statistically sig-
nificant. Fig. 1 shows a schematic overview of the study
design.

Results

Identification of DE-IMGs in OV and Functional
Enrichment Analysis

Comparison of OV samples with normal ovarian tis-
sues identified 9050 DEGs, comprising 4920 upregulated
and 4130 downregulated genes (Fig. 2A, Supplementary
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Fig. 2. Development and assessment of a prognostic signature. (A) Volcano plot depicting the 9050 DEGs between OV and normal
tissues. (B) Venn diagram illustrating the intersection of 9050 DEGs and 373 curated IMGs, yielding 117 DE-IMGs (1.3% of total
DEGs and 31.4% of curated IMGs). (C) Forest plot of the six prognostic genes with their hazard ratios (HRs) from multivariate Cox
regression. (D) Coefficient profiles of candidate genes derived from LASSO regression. (E) The ideal X value based on partial likelihood
deviance using 10-fold cross-validation. (F,J,N) Tripartite analysis of the TCGA training set: risk scores, survival status, and signature
gene expression. High-risk patients (right side) exhibit shorter survival times and higher mortality rates compared to low-risk patients
(left side). (G,K,0) Corresponding plots for the independent ICGC validation cohort, showing consistent risk stratification and gene
expression patterns. (H,I) Significant survival disparity between risk groups is shown by KM analysis in both TCGA (H) and ICGC
(I) datasets. (L,M) Time-dependent ROC analysis for 1-, 2-, 3-, and 5-year survival in TCGA (L) and ICGC (M) cohorts. DEGs,
differentially expressed genes; IMGs, immune-modulatory genes; DE-IMGs, differentially expressed IMGs; LASSO, least absolute
shrinkage and selection operator; TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium; KM, Kaplan-
Meier; ROC, receiver operating characteristic.


https://www.discovmed.com/

1120

Table 4). Intersecting these DEGs with the curated set of
373 IMGs yielded 117 DE-IMGs (Fig. 2B, Supplementary
Table 5).

To systematically characterize the functional land-
scape of these DE-IMGs, we performed GO and KEGG
enrichment analyses. GO biological process (BP) analy-
sis revealed significant enrichment in immune-related pro-
cesses, including the regulation of T cell activation, im-
mune cell adhesion, and lymphocyte proliferation. Molec-
ular function (MF) analysis showed enrichment for terms
primarily related to antigen binding and immune receptor
activity. According to the cellular component (CC) anal-
ysis, there was a significant concentration of genes within
MHC class II protein complexes, alongside various struc-
tures related to antigen presentation (Supplementary Fig.
1A, Supplementary Table 6). KEGG pathway analysis re-
vealed strong enrichment of key immunoregulatory path-
ways, such as the T cell receptor signaling pathway, the
PD-1/PD-L1 checkpoint pathway, and the antigen process-
ing and presentation pathway (Supplementary Fig. 1B,
Supplementary Table 7).

Construction and Validation of the
CD40LG-Centered 6-Gene Prognostic Signature

We constructed a 6-gene IMPS based on DE-IMGs.
Out of the 117 potential DE-IMGs, 13 survival-associated
genes were found using univariate Cox regression analysis
(» < 0.05; Supplementary Fig. 2). The feature genes were
further refined to 8 ideal candidates through subsequent
LASSO regression with 10-fold cross-validation. A partial
likelihood deviance plot was used to determine the ideal
A value (Fig. 2D,E). Multivariate Cox regression analysis
ultimately retained 6 prognostic genes (HMGB3, IL27RA,
BTLA, TNFRSF8, HLA-DOB, and CD40LG), with their
corresponding hazard ratios (HRs) presented in a forest plot
(Fig. 2C). The following formula was used to determine the
risk score:

risk score = (—0.352 x expression of HMGB3)
0.234 x expression of IL27RA)
—0.316 x expression of BTLA)

+

» @
+ (0.285 x expression of TNFRSFS8)

+ (

+

0.258 x expression of HLA-DOB)
0.441 x expression of CD40LG)

To evaluate the model’s predictive performance, the
TCGA-OV training set (n = 390) was divided into high-
and low-risk groups based on the median risk score.
Kaplan-Meier curves indicated that individuals in the
high-risk group experienced significantly poorer survival
outcomes compared to their low-risk counterparts (p <
0.0001; Fig. 2H). Furthermore, time-dependent ROC anal-
ysis yielded AUC values of 0.690, 0.720, 0.672, and 0.729

at the 1-, 2-, 3-, and 5-year intervals, respectively, confirm-
ing the signature’s stable predictive performance (Fig. 2L).
Detailed survival data are provided in Supplementary Ta-
ble 8. Risk score distribution and survival status analyses
provided additional evidence: increased risk scores were
associated with shorter survival times and an increased in-
cidence of death events. These results together confirm the
model’s ability to stratify patients effectively (Fig. 2F,J,N).

The predictive model underwent further verification
in a distinct ICGC cohort, reinforcing its validity. Con-
sistent with the training set, KM analysis using the iden-
tical risk threshold showed significantly worse outcomes
for the high-risk group (p = 0.0052; Fig. 2I). The model’s
predictive accuracy, as evaluated by time-dependent ROC
curves, improved for longer-term forecasts, with AUCs of
0.653, 0.622, and 0.645 for 2, 3, and 5 years, respectively,
compared to 0.496 at 1 year (Fig. 2M). Visual inspection
of survival status scatterplots (Fig. 2G,K,0) corroborated
these findings, showing a negative correlation between risk
scores and survival duration. Combined with Kaplan-Meier
survival curves (Fig. 2H,I) and time-dependent ROC curves
(Fig. 2L,M), these results collectively confirm the model’s
robust ability to stratify patients for medium- to long-term
prognostic.

Overall, the IMPS consistently and robustly stratified
patient risk across independent cohorts.

Creating and Verifying an Independent Prognostic
Nomogram

To determine the independent prognostic value of the
IMPS model, univariate and multivariate Cox regression
analyses were conducted with age, tumor stage, and risk
score. As depicted in Fig. 3A, univariate Cox regression re-
vealed a strong association between poor survival and both
age (p < 0.001) and the calculated risk score (p < 0.001).
Furthermore, the independent predictive value of age (p
= 0.005) and the risk score (p < 0.001) was sustained in
the multivariate model after adjusting for clinical covariates
(Fig. 3B).

Time-dependent ROC analysis further showed that the
risk score was more effective than age and tumor stage in
predicting survival at 1-year (AUC =0.682), 3-year (AUC =
0.671), and 5-year (AUC = 0.726) timepoints (Fig. 3C-E).
A comprehensive prognostic nomogram was constructed by
incorporating the risk score into clinical parameters, includ-
ing age and tumor stage, to facilitate practical clinical utility
(Fig. 3F). This integrated model increased prediction accu-
racy, with AUCs 0f0.719, 0.714, and 0.731 at 1-, 3-, and 5-
year timepoints, respectively. Both the nomogram and risk
score had a C-index above 0.5 (Fig. 3G), supporting their
statistically significant ability to discriminate OS in OV.

Calibration curves showed favorable agreement be-
tween the predicted and observed survival probabilities,
with only slight deviations at the 3-year and 5-year time-
points (Fig. 3H)—confirming the model’s validity for long-
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term risk assessment. The DCA demonstrated that both
the risk score and nomogram yielded greater net clinical
benefit than “treat-all” or “treat-none” strategies across a
broad range of threshold probabilities (Fig. 31). Together,
these results underscore the prognostic significance of the
IMPS and highlight the additional value of integrating clin-
ical variables into the nomogram.

Functional Envichment and Mutation Landscape in
Different Risk Groups

Different biological aspects were shown in GSEA of
DEGs between high- and low-risk groups (Supplementary
Table 9). A TME marked by ECM remodeling and pro-
oncogenic signaling activation was indicated by significant
enrichment in KEGG pathways linked to extracellular ma-

trix (ECM)-receptor interaction, MAPK signaling, cancer
pathways, TGF-0 signaling, and Wnt signaling in the high-
risk group (Fig. 4A). On the other hand, as shown in Fig. 4B,
the low-risk group showed increased adaptive and anti-
tumor immunity through enrichment in antigen processing
and presentation, cytokine—cytokine receptor interaction,
JAK-STAT signaling, NK cell-mediated cytotoxicity, and
T cell receptor signaling. These findings were supported
by GO biological process analysis, showing that immune-
related pathways like T cell activation and cytokine gener-
ation predominated in the low-risk cohort, while the high-
risk patients were primarily characterized by angiogenesis
and extracellular matrix arrangement (Supplementary Fig.
3A,B).
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Next, we assessed TMB, a widely-recognized biolog-
ical indicator for prognosis and response to immunother-
apy [34]. Differences in the mutational landscape were
observed between the risk groups, with somatic mutation
analysis indicating comparable mutation frequencies be-
tween the two groups (96.99% in the low-risk group vs.
96.24% in the high-risk group) (Fig. 4C,D). TP53 muta-
tions were highly prevalent across both groups (94% in
the low-risk group vs. 93% in the high-risk group), re-
flecting their foundational role in the pathogenesis of ovar-
ian cancer—particularly high-grade serous ovarian cancer
(HGSOC). TTN mutations showed a slight enrichment in
the high-risk group (33% vs. 28%), though these differ-
ences were minimal and not over-interpreted. Spearman
correlation analysis identified a statistically significant but
weak negative correlation between TMB and risk score (r =
—0.123, p = 0.045; Fig. 4G). KM analysis stratified by the
median TMB revealed that patients with high TMB had sig-
nificantly longer overall survival (p = 0.029; Fig. 4E). Al-
though the TMB itself did not differ significantly between
the risk groups (p = 0.073; Fig. 4F), this result supports the
prognostic value of TMB in our cohort.

Characterization of Tumor Immune
Microenvironment Differences Between High- and
Low-Risk Groups

The TME, a critical regulatory hub governing cancer
progression and therapeutic response, exhibits distinct im-
munological features, with the composition and functional
state of immune cells directly influencing tumor immune
surveillance efficacy and treatment outcomes [35]. Using
the CIBERSORT algorithm, we systematically profiled im-
mune cell infiltration across risk subgroups and identified
significant associations between risk classification and im-
mune phenotypes. The low-risk group had an immunolog-
ically active phenotype, as shown in Fig. 5A. This was ev-
idenced by a notable enrichment of M1 macrophages (p <
0.001), follicular helper T cells (p < 0.05), activated mem-
ory CD4*" T cells (p < 0.01), and 76 T cells (p < 0.05),
all of which suggested enhanced anti-tumor immunity. A
hierarchical clustering heatmap further corroborated these
distinct immune patterns (Supplementary Fig. 4A,B), sup-
porting the marked association between risk groups and im-
mune landscape.

We used the ESTIMATE technique to measure tumor
purity, immunological score, and ESTIMATE score across
risk groups, providing a comprehensive characterization of
the TME. A significant elevation in immune scores was ob-
served within the low-risk group compared to the high-risk
counterpart (p < 0.01; Fig. 5F), suggesting a more immune-
infiltrated microenvironment. However, no discernible dif-
ference in tumor purity or ESTIMATE scores was observed
across the groups (Fig. 5G,H). Spearman correlation analy-
sis showed statistically significant but weak negative corre-
lations between risk scores and immune scores (r =—0.178,
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p =0.00041) as well as ESTIMATE scores (r =-0.100, p =
0.04949) (Fig. 5B,C). A weak and marginally significant
correlation was also observed between tumor purity and
risk score (Fig. 5D). Together, these results imply that the
risk signature primarily captures immune infiltration status
rather than tumor cellularity.

Association Between Prognostic Signature and
Immunotherapy Response

To investigate whether our IMPS reflects tumor im-
mune escape mechanisms and thus predicts ICI outcomes,
we first performed TIDE analysis in the TCGA-OV co-
hort, then validated the signature’s clinical utility in the
IMvigor210 cohort. Detailed data are presented in Supple-
mentary Tables 10,11. According to TIDE analysis, the
immune evasion scores in the high-risk group were consid-
erably greater than those of the low-risk group (p < 0.001;
Fig. 5J,K). This finding is in line with the established corre-
lation between lower ICI responsiveness and higher TIDE
scores [31]. A substantial positive connection between risk
scores and TIDE scores was also validated by Spearman
correlation analysis (r = 0.206, p < 0.0001; Fig. 5SL), high-
lighting the intimate relationship between the risk signature
and an immunosuppressive TME that facilitates immune es-
cape.

We further validated the risk signature in the
IMvigor210 cohort. Using maximally selected rank statis-
tics, an optimal risk score cutoff of —1.59 was determined,
stratifying patients into high-risk (n = 149) and low-risk (n
= 149) groups, with the stratification result visualized in
Supplementary Fig. 4C. KM survival curves validated the
clinical utility of our model within the ICI-treated popula-
tion, demonstrating that individuals in the high-risk group
experienced significantly diminished overall survival com-
pared to those at low risk (p < 0.0001; Fig. SE). No-
tably, patients with complete or partial remission (CR/PR)
had significantly lower risk ratings than patients with sta-
ble or progressive illness (SD/PD) (p = 0.016; Fig. 5I).
These results collectively establish the low-risk signature
as a promising biomarker for identifying patients likely to
benefit from anti-PD-L1 therapy, providing a rationale for
patient stratification in clinical practice.

Prognostic and Immunotherapeutic Relevance of
CD40LG in Ovarian Cancer

Among the 6 genes in the IMPS, CD40LG exhibited
the most prominent prognostic weight, with the largest ab-
solute regression coefficient (8 = —0.441) in the multivari-
ate Cox regression model. This negative coefficient indi-
cated that lower CD40LG expression was associated with
higher prognostic risk, highlighting its dominant contribu-
tion to the signature’s survival predictive capacity. Given
that the functional role of CD40LG in OV remains under-
explored, we further performed experimental validation to
elucidate its clinical and biological significance.
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significance.

First, qRT-PCR analysis of clinical samples confirmed ~ 0.01; Fig. 6A). Next, KM survival analysis of the TCGA-
that CD40LG mRNA expression was significantly down- OV cohort revealed significantly superior OS in patients
regulated in OV tumor tissues versus normal controls (p < with high CD40LG expression compared to those with low
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ing to the tumor expression of CD40LG. (C) Independent validation of CD40LG’s prognostic value using the KM Plotter platform. (D)

Comparison of CD40LG expression between ICB responders and non-responders. * p < 0.05, ** p < 0.01, ns, no statistical significance.

qRT-PCR, quantitative real-time PCR.

CD40LG expression (Fig. 6B). This prognostic association
was independently validated using the KM Plotter plat-
form (https://kmplot.com/analysis/), which also showed
that high CD40LG expression correlated with improved OS
in a larger OV patient cohort (Fig. 6C).

To assess its relevance to immunotherapy, we ana-
lyzed data from immune checkpoint blockade (ICB) treat-
ment cohorts using the ICRAFT platform (https://icraft.p
ku-genomics.org/#/homepage). Notably, CD40LG expres-
sion was significantly higher in ICB responders (CR/PR)
compared to in non-responders (SD/PD) (Fig. 6D), sug-
gesting that CD40LG may serve as a potential biomarker
for predicting ICB sensitivity. Furthermore, integration of
multiple single-cell RNA sequencing (scRNA-seq) datasets

revealed that CD40LG was predominantly expressed in
immune cells—specifically activated T cells and M1-
polarized macrophages—rather than in malignant epithe-
lial cells (Fig. 7). This cell-type-specific expression pattern
aligns with CD40LG’s well-documented role as a T cell-
derived co-stimulatory ligand that enhances anti-tumor im-
mune responses, further supporting its potential as a thera-
peutic target within the tumor immune compartment.

Discussion

OV continues to be among the malignancies that
pose the greatest clinical challenges, characterized by pro-
nounced molecular heterogeneity and limited response to
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Fig. 7. CD40LG’s expression among different cell types and datasets. The color red indicates expression level, with darker red

representing higher CD40LG expression levels.

immune checkpoint blockade (ICB), with durable clinical
benefit observed in only a minority of patients [36—38].
While recent studies have identified immune checkpoint-
related gene sets (e.g., ICOS, TIGIT, and TNFRSFS§) for
patient stratification based on co-expression with CD8" T
cells [39], these approaches are limited by a narrow fo-
cus on canonical checkpoint biology, lack of integrated
risk modeling, and absence of validation in ICB-treated
cohorts. To address these limitations, we developed and
validated a novel 6-gene IMPS for OV, integrating tran-
scriptomic, clinical, and immunological data to dissect its
biological basis and clinical utility, overcoming the scope
constraints of previous models. The IMPS demonstrated
robust discriminatory capability in the TCGA-OV train-
ing set, successfully stratifying the population into risk-
defined subgroups with divergent OS outcomes. This was
supported by 1-, 2-, 3-, and 5-year AUC values of 0.690,
0.720, 0.672, and 0.729, respectively, with the model’s re-

liability further confirmed in the ICGC-OV external vali-
dation set. Notably, integration of clinical variables into
a nomogram improved predictive performance (1-/3-/5-
year AUCs: 0.719/0.714/0.731), yielding a clinically inter-
pretable tool for risk-adapted decision-making.

The 6 genes comprising the IMPS (HMGB3, IL27RA,
BTLA, TNFRSFS8, HLA-DOB, and CD40LG) collectively
regulate key immune-related circuits within the TME. As
a DNA architectural protein with dual roles in maintain-
ing genomic stability and regulating inflammation [40,41],
HMGB3 has been shown in pan-cancer analyses to be over-
expressed in OV, where it acts as a favorable prognostic in-
dicator and correlates positively with microsatellite insta-
bility and TMB [42]. This finding aligns with the TMB-
integrated stratification capability of our IMPS to identify
patients likely to benefit from immunotherapy. Paradox-
ically, HMGB3 also promotes cancer stemness and plat-
inum resistance through activation of the MAPK/ERK sig-
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naling pathway [43]. This functional paradox may stem
from TME heterogeneity, and its regulatory mechanisms re-
quire further investigation. TNFRSF§ (CD30), which has
been consistently associated with poor prognosis in OV
[39], reinforces the IMPS’s ability to capture the aggres-
sive biological features of OV. In contrast, BTLA—an in-
hibitory checkpoint receptor that dampens T-cell responses
via interaction with its ligand HVEM [44,45]—emerges
as a possible therapeutic target and a predictive indicator.
Preclinical studies have shown that BTLA blockade syn-
ergizes with chemotherapy to restore anti-tumor immune
responses in OV models [46], supporting its translational
value. Notably, CD40LG—a central co-stimulatory lig-
and in adaptive immunity—stands out as the most potent
protective factor within the signature. Beyond its canon-
ical role in dendritic cell maturation and T-cell priming
[47—49], our study demonstrates three key findings: first,
CD40LG is predominantly expressed in immune cells rather
than tumor cells; second, its expression is significantly
downregulated in OV tissues; and third, high CD40LG ex-
pression strongly correlates with improved OS. Critically,
analysis of data from the ICRAFT platform revealed that
CD40LG expression tended to be higher in ICB respon-
ders than in non-responders, positioning it as a promising
target for CD40 agonist-based therapies. This observation
aligns with emerging clinical evidence that CD40 activation
can convert “cold” tumors—including pancreatic and bil-
iary cancers—into immunoresponsive phenotypes, even in
PD-1/PD-L1-resistant settings [50-52]. All of these results
highlight the key role of the CD40-CD40LG axis in trig-
gering anti-tumor immune response in OV and other solid
tumors.

Functional and immunological profiling of the TCGA-
OV cohort revealed marked biological differences between
the high- and low-risk groups stratified by the IMPS.
Specifically, the high-risk TME was characterized by en-
richment of ECM-receptor interaction pathways, hyperac-
tivation of MAPK signaling, and synergistic activation of
the TGF-/3/Wnt pathways—all processes well-documented
to drive OV cell proliferation, epithelial-mesenchymal tran-
sition (EMT), and chemoresistance [53—56]. In contrast,
the low-risk TME exhibited dominant enrichment of anti-
gen processing/presentation and T-cell receptor signaling
pathways—hallmarks of active adaptive anti-tumor im-
mune activation [57-60]. This immunologically active phe-
notype in low-risk patients was further supported by in-
creased infiltration of immune effector cells, including ac-
tivated CD4* memory T cells, which provide T-cell help,
and M1-polarized macrophages, which function as pro-
inflammatory phagocytes [61,62].

Notably, the IMPS also demonstrated independent
predictive value for ICB response, as validated in the
IMvigor210 anti-PD-L1 cohort. Low-risk patients in
this cohort exhibited significantly improved overall sur-
vival following anti-PD-L1 therapy, and risk scores were
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markedly lower in ICB responders (CR/PR) compared with
non-responders (SD/PD). This observation aligns with the
earlier finding that low-risk patients have lower TIDE
scores (indicative of reduced immune evasion) and an im-
munologically active TME, both of which are features con-
sistently linked to enhanced ICB efficacy in solid tumors
[63,64]. While TMB correlated with improved OS in
our cohort, consistent with its established role in boost-
ing neoantigen-driven tumor immunogenicity [65,66], the
correlation between TMB and risk score was weak (r = —
0.123). Similarly, correlations between risk score and im-
mune/ESTIMATE scores were modest. These statistically
significant but weak correlations should be interpreted as
supplementary biological context, rather than core evidence
supporting the model’s performance. The IMPS’s primary
strength lies in its robust prognostic stratification (validated
by KM and ROC analyses) and its ability to predict ICB re-
sponse, while the observed TME associations provide ad-
ditional mechanistic insights.

However, several limitations should be considered,
along with appropriate future initiatives. First, the IMPS
was derived and validated using retrospective public co-
horts (TCGA-OV, ICGC-OV) and a single external ICB
trial (IMvigor210), which may result in selection bias
and incomplete clinical annotation; prospective, multicen-
ter validation in ethnically diverse OV patient populations
is thus needed to confirm its generalizability. Second,
while CD40LG was experimentally validated, the func-
tional roles of the remaining five IMPS genes (HMGB3,
IL27RA, BTLA, TNFRSF8, and HLA-DOB) and their reg-
ulatory crosstalk remain uncharacterized. Third, the IMPS-
based nomogram, despite good prognostic performance,
lacks prospective evidence to support its utility in guid-
ing real-world treatment decisions. Fourth, validating
the IMPS’s association with TMB in broader independent
datasets is an important direction for future research. To
address these gaps, future research should prioritize eluci-
dating the underlying mechanisms of CD40-CD40LG axis
and other IMPS genes’ functions in the OV TME, as well
as conducting prospective trials to test the synergistic effi-
cacy of CD40 agonists plus PD-1/PD-L1 inhibitors, using
the IMPS for patient stratification, which will advance the
clinical translation of this combinatorial strategy, ultimately
improving survival outcomes for OV patients.

Conclusions

In conclusion, our CD40LG-centered 6-gene prognos-
tic signature provides a biologically grounded and clinically
actionable framework for risk stratification and prediction
of immunotherapy response in OV. At the core of this
model, CD40LG functions as a consistent predictor of clin-
ical outcomes and represents a potential site for therapeutic
intervention—findings that open new avenues for explor-
ing combinatorial immunotherapy strategies (e.g., CD40
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agonists or adoptive T cell therapies). Notably, this signa-
ture provides practical support for guiding personalized im-
munotherapy selection, which aligns with the growing need
for precision-based tools to assist in OV clinical decision-
making.
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