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Suppressive stroma-immune prognostic el

signature impedes immunotherapy in ovarian
cancer and can be reversed by PDGFRB
inhibitors
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Jun-Dong Li"?" and Xiao-Feng Zhu""

Abstract

Background As the most lethal gynecologic cancer, ovarian cancer (OV) holds the potential of being immunother-
apy-responsive. However, only modest therapeutic effects have been achieved by immunotherapies such as immune
checkpoint blockade. This study aims to propose a generalized stroma-immune prognostic signature (SIPS) to identify
OV patients who may benefit from immunotherapy.

Methods The 2097 OV patients included in the study were significant with high-grade serous ovarian cancer

in the Ill/1V stage. The 470 immune-related signatures were collected and analyzed by the Cox regression and Lasso
algorithm to generalize a credible SIPS. Correlations between the SIPS signature and tumor microenvironment were
further analyzed. The critical immunosuppressive role of stroma indicated by the SIPS was further validated by tar-
geting the major suppressive stroma component (CAFs, Cancer-associated fibroblasts) in vitro and in vivo. With

four machine-learning methods predicting tumor immune subtypes, the stroma-immune signature was upgraded
to a 23-gene signature.

Results The SIPS effectively discriminated the high-risk individuals in the training and validating cohorts,

where the high SIPS succeeded in predicting worse survival in several immunotherapy cohorts. The SIPS signature
was positively correlated with stroma components, especially CAFs and immunosuppressive cells in the tumor micro-
environment, indicating the critical suppressive stroma-immune network. The combination of CAFs'marker PDGFRB
inhibitors and frontline PARP inhibitors substantially inhibited tumor growth and promoted the survival of OV-bearing
mice. The stroma-immune signature was upgraded to a 23-gene signature to improve clinical utility. Several drug
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types that suppress stroma-immune signatures, such as EGFR inhibitors, could be candidates for potential immuno-

therapeutic combinations in ovarian cancer.

Conclusions The stroma-immune signature could efficiently predict the immunotherapeutic sensitivity of OV
patients. Immunotherapy and auxiliary drugs targeting stroma could enhance immunotherapeutic efficacy in ovarian

cancer.

Keywords Ovarian cancer, Immunotherapy, Stroma, Prognostic signature

Background

Ovarian cancer (OV), the deadliest gynecological cancer,
has become the eighth leading cause of female cancer
death [1]. Genomic instability, a critical factor that can
significantly increase tumor mutation burden (TMB) and
neoantigen production, especially “BRCAness,” can be
detected in many OVs; thus, OV is recognized as immu-
nogenic and potentially responsive to immunotherapy
[2-5]. However, recent studies have reported that neither
the immune monotherapy based on PD1/PDL1/CTLA4
blockade (objective response rate of 10~30%) nor the
combination of immune checkpoint blockade and chem-
otherapy/PARP inhibition achieved satisfactory results
[5-10].

The tumor microenvironment (TME), a cancer-cell-
established variable ecosystem, is crucial in determining
responsiveness and non-responsiveness to immunothera-
pies [11]. TME is classified into three subtypes: the hot
subtype with inflamed T cells, the excluded subtype
with stroma-confined T cells, and the cold subtype with
absent T-cell infiltration [5]. According to the classi-
fication of OV (CLOVAR), OV is further classified into
four distinct yet overlapping subtypes: immunoreactive,
differentiated, proliferative, and mesenchymal subtype
[5]. Based on pan-cancer analysis by Bagaev et al., OV
was categorized as immune-enriched/fibrotic (IE/F),
immune-enriched/non-fibrotic (IE), fibrotic, and desert
subtype [12]. Accordingly, OV patients of hot, immuno-
reactive, or immune-enriched/non-fibrotic subtype had
the best prognosis compared to other subtypes. Those
inflamed tumor subtypes are characterized by anti-
tumor immune cell infiltration, more potent activation of
interferon signaling, higher level of chemokine secreting
such as CXCL9/10, and less immune-suppressive stroma
including CAFs, abnormal tumor endothelium, etc [5].
Therefore, identification and quantification of TME com-
ponents could identify tumor subtypes and precisely dis-
criminate patients responsive to immunotherapies.

Due to genomic and transcriptomic information,
researchers recently aimed to screen potential prognos-
tic biomarkers to model immune components in TME
[13]. Several studies focused on the expression level of
immune-related genes in tumor tissue. Ding et al. con-
cluded the nine-gene signature containing UBD, GBP2,

CXCL11, CXCL13, D4S234E, VSIG4, CXC3R1, C5AR],
and TFPI2 [14]. Shen et al. constructed a 129-gene
immunogenic prognostic signature of which the major-
ity were cytokine-related genes and antimicrobial-signal-
ing-related genes [15]. Such signatures efficiently classify
OV patients into high- and low-risk immune subgroups,
where the high-risk subgroup tends to have more sup-
pressive immune cells, such as M2 macrophages, and less
positive immune cells, such as CD8*T cells, while the
low-risk group is characterized by more positive immune
cells and significant activation of interferon signaling and
chemokine signaling [13]. However, few signatures in the
previous studies emphasized the critical immunosup-
pressive role of stroma components in TME.

In the present study, to fully explore the immune status
in the tumor microenvironment to find new biomarkers
for the prediction of immunotherapeutic efficacy in OV
patients and to provide new strategies for the treatment
of the OV patients, a total of 470 immune-related signa-
tures are submitted to develop the significant immune-
related prognostic model in the 2097 OV patients from
multiple cohorts. The correlation between the prognostic
model and tumor microenvironment is further analyzed
in the OV and other immunotherapeutic cohorts. Our
work may shed light on the pathogenesis of OV tumors
with immune resistance.

Materials and methods

Materials

Details of all inhibitors, primers’ sequences, and datasets
mentioned in this research were displayed on GitHub
(https://github.com/Yangd38).

Data collection and processing

The RNA-seq data, SNV data (simple nucleotide vari-
ation), CNV data (copy number variation), and cor-
responding clinical information were obtained from
the Cancer Genome Atlas cohorts (TCGA-OV). The
microarray data of the Affy ovarian cancer cohort were
extracted from Gene Expression Omnibus (GSE82191,
GSE18520, GSE30161, GSE19829, GSE63885, GSE26193,
GSE9891, GSE14764, GSE23554, GSE26712). The micro-
array data of the Agilent ovarian cancer cohort were
extracted from Gene Expression Omnibus (GSE53963,
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GSE73614, GSE17260, GSE32062, GSE32063). The
immunotherapeutic cohorts were collected from the five
cancers, including Bladder Urothelial Carcinoma (BLCA),
Skin Cutaneous Melanoma (SKCM), Non-small cell lung
cancer (NSCLC), Gastrointestinal cancer (GC), Breast
invasive carcinoma (BRCA). The single-cell sequenc-
ing data were obtained from Gene Expression Omni-
bus (GSE165897). The stroma-related datasets were also
obtained from Gene Expression Omnibus (GSE115635,
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GSE38666, GSE9890, GSE164088). The corresponding
clinical information of these immunotherapeutic cohorts
was listed in Additional file 2: Supplementary Table S1.
The drug-induced expression signatures were obtained
from the CMAP database (https://clue.io/). The study
design and workflow were presented in Fig. 1.
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Single sample Gene Set Enrichment Analysis (ssGSEA)

The 470 immune-related signatures (Additional file 3:
Supplementary Table S2) were obtained from the work
of Shiyuan et al. [16] and the MSigDB database [17]. The
normalized enrichment scores (NESs) of 470 immune
cell signatures in each ovarian cancer sample and the cor-
responding expression data were quantified by ssGSEA
function in R package GSVA (v1.45.5) [18]. The poten-
tial batch effects between the NESs in different cohorts
were removed by the ComBat function in R package sva
(v3.44.0).

Construction of the stroma-immune prognostic signature
The combated NESs of 470 immune-related signatures
from the Affy cohort as the discovery cohort were ana-
lyzed by univariable Cox proportional hazards regres-
sion analysis. Twenty-two immune-related signatures
were significantly correlated with overall survival (the
adjusted P-value < 0.05, Additional file 4: Supplementary
Table S3). Then, based on R package gimnet (v4.1-4), the
LASSO-Cox regression model was applied to identify the
most valuable prognostic factors among the 22 immune
cell signatures in the discovery cohort. Ultimately, 15
immune-related signatures with nonzero coefficients
were selected according to the minimized lambda. SIPS
was constructed using the NESs of 15 immune cell signa-
tures to multiply the regression coefficients derived from
univariable Cox proportional hazards regression analy-
sis. Then, SIPS was further averaged by the 15 signatures
and normalized to 0~ 1 by subtracting the minimum and
dividing by the range (maximum-minimum). Since over-
all survival records of patients in the BRCA cohort were
unavailable, the parameters of SIPS in the Affy cohort
were applied to calculate the SIPS of the patients from
the BRCA cohort.

The nomogram construction and ROC analysis

SIPS, FIGO stage, histopathological grade, and debulking
status were used to establish a nomogram model to pre-
dict 3/5-year overall survival in the discovery and testing
cohort based on R package rms (v6.3-0). The validation of
the nomogram was processed by testing the discrimina-
tion and calibration abilities with the internal (discovery)
and external (validation) sets, respectively. Moreover, the
concordance index (C-index) and the Receiver Operating
Characteristic (ROC) curves were also applied to evalu-
ate the nomogram model. The ROC analysis was per-
formed on R package timeROC (v0.4).

Tumor microenvironment analysis
TME components were analyzed by xCell algorithm
based on R package immunedeconv (v2.0.4). Default
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parameters were adopted in the R package immune-
deconv. The tracking tumor immunophenotype (TIP)
analysis was performed on the TIP website (http://biocc.
hrbmu.edu.cn/TIP/index.jsp). The immunogram analysis
was applied to explore the cancer-immunity interactions.
The activation levels of 10 immunogram signatures were
estimated based on ssGSEA function in R package GSVA
(v1.45.5).

Hub functional analysis

Differentiated expression of genes (DEGs) between the
high and low SIPS subtypes in the Affy and TCGA-OV
cohorts were identified by R package Limma (v3.52.4).
RNA-seq data of the TCGA-OV cohort were collected to
perform weighted gene co-expression network analysis
(WGCNA) of the common differentiated genes between
Affy and TCGA-OV cohort based on R package WGCNA
(v1.71). Eigengenes from each module were collected to
run the STRING protein—protein interaction (PPI) anal-
ysis and cluster eigengenes by k-means methods on the
STRING Web (https://cn.string-db.org/) separately, out
of which 60 most connected eigengenes in each mod-
ule cluster were collected to run STRING PPI analysis.
STRING PPI result was then analyzed to determine hub
genes by CytoHubba (v0.1) function in Cytoscape (v3.9.1)
to determine hub genes from the STRING PPI result. The
R package clusterProfiler (v3.18.1) was applied for gene
ontology (GO) biological process enrichment analysis of
the hub genes. The results of the hub functional analysis
were in the Additional file 5: Supplementary Table S4.
Detail parameters were displayed in the corresponding
Rscript file on Github (https://github.com/Yangd38).

scRNA-seq data process and analysis

TME was analyzed based on 51,786 selected single cells
from 11 HGSOC patients in GSE165897. R package Seu-
rat (v4.2.0) was applied to run cell quality control and
normalize the gene expression in each cell with default
parameters. Each cell was defined by cell definition in
this dataset, and cell clusters were displayed by uni-
form manifold approximation and projection (UMAP)
algorithms. R package scGSVA (v0.0.11) was adopted to
calculate each cell's NESs of 15 immune-related signa-
tures in the SIPS. The communication signaling network
between tumor and stroma cells was examined by the R
package Cellchat (v1.4.0).

Genomic instability analysis

R package scarHRD (v0.0.1) was adopted to ratiocinate
HRD Score, LOH (Loss of Heterozygosity), TAI (Telo-
meric Allelic Imbalance), LST (Large Scale Transitions)
from the CNV data of TCGA-OV cohort. R package
maftools (v2.12.0) was utilized to display the landscape of
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30 most-mutated genes and calculate the TMB. R pack-
age sigminer (v2.1.8) was applied to determine the muta-
tional signatures in each OV patient.

Construction of 23-gene signature by machine-learning
models

Four machine-learning models (Boruta, xgboost, Random
Forest, LASSO) were applied to screen the generalized
key genes to identify tumor immune-subtypes (MFP sub-
type). R package Boruta (v7.0.0), xgboost (v1.6.0.1), caret
(v6.0-93) and glmnet (v4.1-4) were used to perform the
machine-learning process.

Decision tree modeling

The survival decision tree was built by R package rpart
(v4.1.19), partykit (v1.2-16), and survival (v3.4-0). Over-
all survival and status of the TCGA-OV cohort were the
response factors. HRD Score and SIGPS were independ-
ent variables, and other parameters adopted the default.
The cutoff value of pruning was set to maximize the sig-
nificance of the tree and simplify the tree.

Connectivity map analysis

Potential drugs targeting stroma were selected using
CMAP web (the largest perturbation-driven gene expres-
sion dataset) to screen drugs with expression-suppress-
ing profiles similar to SIGPS genes. 49 common genes
concluded by any three machine-learning methods
were collected to search potential drugs on the CMAP
web. Experimentally-examined L1000 sub-database was
selected, and drugs with raw connective scores<0 and
FDR<0.05 were selected. The results of CMAP analysis
were in the Additional file 6: Supplementary Table S5.

Cell culture

Ovarian cell lines SKOV3, OVCARS5, and TOV21G were
purchased from ATCC. The ID8 cell line was a gift from
Pro. Xia Xiaojun in Sun Yat-sen University Cancer Center.
Trp53~Brca2™-IDS8 cells were constructed by transfecting
ID8 cells with lentiCRISPRv2-bsd-sgTp53 and lentiC-
RISPRv2-puro-sgBrca2 virus. Tp53~Brca2 ID8-Luc cells
were built by transfecting Tp53~Brca27ID8 cells with the
PGF-GFP-LUC virus, and monoclonal cells were sorted
out by flow cytometric sorting. ID8-OVA cells were con-
structed by transfecting ID8 cells with PCDH-puro-OVA.
All cells were cultured in DMEM supplemented with 7%
FBS and antibiotics (50 mg/mL penicillin/streptomycin).
All cell lines were verified to be mycoplasma-free. The
primary cancer-associated fibroblasts (CAFs) were iso-
lated from an HGSOC patient’s tumor sample obtained
from surgery in our cancer center. The detailed proce-
dure of CAFs isolation and culture followed the proto-
col by Mercedes et al. [19]. Informed consent regarding
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the sample collection has signed by the patient, and all
related procedures were performed with the approval of
internal review and ethics boards in Sun Yat-sen Univer-
sity Cancer Center.

RNA isolation and qRT-PCR

After treatment, total RNA from cell lines was isolated
using EZ-press RNA Purification Kit (EZBioscience, cat:
B0004D) and converted to cDNA using the HiScript II
Q RT SuperMix for qPCR (Vazyme, cat: R223-01). qRT-
PCR was performed according to the manufacturer’s
protocol (ChamQ SYBR qPCR Master Mix (Vazyme, cat:
Q311-02), Roche Applied Science LightCycler 480). The
relative expressions of genes were calculated using the
272ACt method, and GAPDH/p-actin was adopted as the
control. The qPCR primers were in the Additional file 7:
Supplementary Table Sé6.

OT-lin vitro killing assay

Splenocytes isolated from OT-I mice were activated
with 2 ng/ml OVA257-264 (N4, Sangon Biotech, cat:
T510212) and 10 ng/ml IL-2 for 3 days. ID8 cells were
pulsed by 1 ug/ml OVA peptide for 30 min. The acti-
vated CD8*'T cells were co-cultured with ID8-OVA cells
in RPMI 1640 medium supplemented with 2% FBS) at
the ratios of 0.5:1 and 1:1 for 4 h, then cells were incu-
bated with anti-CD45.1 and anti-caspase3 for 30 min,
followed by flow cytometry to analyze the percentage of
CD45 Caspase3* cells.

Animal experiments

The 6-week-old female C57BL/6 mice were purchased
from the Guangdong GemPharmatech Co., Ltd (Guang-
zhou, China). All animal experiments were conducted
following the institutional guidelines and approved
by our cancer center’s Animal Care and Use Commit-
tee. C57BL/6j mice were intraperitoneally injected with
5% 10° Trp53~/"Brca2~/~-ID8-luc cells to construct ani-
mal models. Tumor-bearing mice were sorted by In Vivo
Imaging System (IVIS; PerkinElmer, Inc.) after 3 weeks
and randomly divided into four subgroups (Vehicle, Nira-
parib, Sunitinib, and Niraparib—Sunitinib subgroup; five
mice per subgroup). Mice were treated with Niraparib
10 mg/kg and sunitinib 10 mg/kg intraperitoneal injec-
tion every 5 days. Tumor progression was monitored
weekly by IVIS. The applied cytokines and chemical
inhibitors were in the Additional file 8: Supplementary
Table S7.

Statistics

All values were presented as mean + SEM. Kruskal-Wal-
lis test and Wilcoxon test were adopted to compare differ-
ences among groups. R package ggstatsplot (v0.9.5) was
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used to plot the percentage stacked bar and analyze the
statistical significance. *p<0.05; **p<0.01, ***p<0.001
were defined to be statistically significant and p>0.05
was 7.s. (non-significant).

Results

Immune related signatures for the prognostic prediction

of ovarian cancer

Three integrated cohorts (Affy, Agilent, and TCGA
cohorts) containing 2097 ovarian cancer samples with
overall survival information were used for prognos-
tic model construction (Additional file 1: Fig. S1A-B).
There were 15 out of 470 immune-related signatures
significantly correlated with overall survival, which was
selected by LASSO-Cox regression in the Affy cohort
(Fig. 2A, B). The relationships between the 15 immune-
related signatures and overall survival were illustrated in
the forest plot (Fig. 2C). Previous studies have reported
that the 15 immune-related signatures were correlated
with chronic inflammation signatures and tumor stromal
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signatures [20, 21]. Thus, stroma-immune prognostic
signature (SIPS) was constructed by integrating the 15
immune-related signatures. Patients in the Affy cohort
were stratified into high and low SIPS subtypes according
to the optimal cutoff of survival risk score (Fig. 2D). The
Kaplan—-Meier survival analysis indicated that patients
with low SIPS had better overall survival, disease-free
survival, and progress-free survival, compared to those
with high SIPS (32.8 versus 50.0 months) (Fig. 2E, Addi-
tional file 1: Fig. S1C-D). To further examine the robust-
ness of the SIPS model, SIPS performance was tested in
the Agilent and TCGA-OV cohorts. Similarly, patients
were stratified into high and low SIPS subtypes based
on the corresponding optimal cutoff values (Additional
file 1: Fig. S1E-F). Similar results were observed in the
TCGA cohort and the Agilent cohort, where patients
of the high SIPS subtype had significantly worse overall
survival than those of the low SIPS subtype (40.4 versus
49.7 months, TCGA cohort) (51 versus 80 months, Agi-
lent cohort) (Additional file 1: Fig. SIG-H).

A B C. Overall Survival of affymetrix cohort
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To realize quantitative prediction of OV patient prog-
nosis in the clinic, a nomogram that integrated both
the SIPS and other clinical characteristics was con-
structed based on patients from the Affy cohort, the
TCGA cohort, and the Agilent cohort, by which scores
could quantify an individual’s 3/5-year overall survival.
The SIPS was a key risk point in the nomogram (Addi-
tional file 1: Fig. S1I). The calibration curves and AUC
curves of the Affy cohort, the TCGA cohort, and the
Agilent cohort were presented in Additional file 1: Fig.
S2A-L, respectively. The calibration curves fitted well
to the ideal curve except for the testing part of the Affy
cohort, the TCGA cohort, and especially the calibration
curves of 5-year overall survival. However, AUCs of the
nomogram model for predicting 3-year overall survival
were 0.61, 0.58, and 0.57 in the Affy cohort, the TCGA
cohort, and the Agilent cohort, respectively. Altogether,
these findings indicated that the nomogram required
improvement.

To further characterize the biological and clinical dif-
ferences between the high and low SIPS subtypes, a
TCGA cohort containing 379 OV patients was adopted
for stratified analysis. Regarding clinical subtypes,
patients at the high FIGO stage had higher SIPS levels
than those at the low FIGO stage (Additional file 1: Fig.
S2M). The debulking status was significantly correlated
with the SIPS levels. Patients with optimal debulking
status had lower SIPS levels than those with suboptimal
status (Additional file 1: Fig. S2N). Furthermore, patients
sensitive to platinum therapies had slightly lower SIPS
values than those with platinum resistance (Additional
file 1: Fig. S20). Thus, the SIPS level could predict the
clinical status of OV patients.

The immune therapeutic benefit of the SIPS index

Due to the lack of published transcriptome of ovar-
ian cancer patients who received immunotherapy, five
integrated immunotherapy cohorts from the bladder
urothelial carcinoma (BLCA), skin cutaneous melanoma
(SKCM), non-small cell lung cancer (NSCLC), Gastro-
intestinal cancer (GC), and invasive breast carcinoma
(BRCA) were selected to validate the predictive value of
SIPS. Similar to before, patients were stratified into high
and low SIPS subtypes by corresponding optimal cutoff
values. In the BLCA cohort, patients in the high SIPS
group had significantly worse overall survival than those
with low SIPS (16.23 versus 7.39 months) (Fig. 3A). The
time-dependent ROC analysis showed that the AUCs of
the SIPS prognostic model for 1/2-year overall survival
were 0.61 and 0.593, respectively, which were higher than
that of TIDE predictive model (Fig. 3B) [22]. The SIPS
values of BLCA patients with CR/PR were significantly
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lower than those with SD/PD (Fig. 3C). The predictive
value of SIPS was also confirmed by the waterfall plots
(Fig. 3D). In SKCM cohort, patients with low SIPS had
a better prognosis than those with high SIPS (Fig. 3E, F).
Furthermore, the AUCs of the SIPS prognostic model for
2/3-year overall survival were 0.586 and 0.629, respec-
tively (Fig. 3G), and in the SKCM cohort, the AUCs for
1/2-year progress-free survival were 0.736 and 0.707,
respectively (Fig. 3H). Immunotherapeutic respond-
ers had lower SIPS levels than the unresponsive ones
(Fig. 3G). The predictive value of SIPS was also confirmed
by the waterfall plots in the SKCM cohort (Additional
file 1: Fig. S2P). Interestingly, SIPS value didn't change
significantly during immunotherapy (Additional file 1:
Fig. S2Q).

Moreover, in the NSCLC cohort, SIPS value was also
substantially anti-correlated with the progress-free sur-
vival (16.23 versus 7.39 months) (Fig. 3]). The AUCs for
1/2-year progress-free survival were 0.641 and 0.588,
respectively (Fig. 3K). In the GC cohort, patients with
low SIPS had substantially longer relapse-free survival
than those with high SIPS (16.23 versus 7.39 months)
(Fig. 3L), and the AUCs for 2/3-year relapse-free sur-
vival were 0.677 and 0.769, respectively (Fig. 3M). In the
BRCA cohort, the patients with complete pathological
responses had slightly higher SIPS than those without
complete pathological responses (Fig. 3N). In conclu-
sion, SIPS could predict the immunotherapeutic benefit
among these cancers.

The tumor microenvironmental landscape
between the high and low SIPS patients
TME is intimately related to clinical immunotherapeu-
tic response and can be classified into several subtypes.
Our study indicated that the inflamed immune subtypes,
including the immune-enriched/non-fibrotic (IE) sub-
type and immunoreactive subtype, had the lowest SIPS
level compared to other TME subtypes (Fig. 4A, B). Dif-
ferential immune landscapes between high and low SIPS
subtypes are displayed in Fig. 4C. Patients with low SIPS
had higher immune scores, while those with high SIPS
had higher stroma scores. In detail, patients with low
SIPS had higher proportions of cell types, including mac-
rophages, class-switched memory B cells, activated mye-
loid dendritic cells, plasmacytoid dendritic cells, effector
memory CD4*T cells, central memory CD8'T cells, and
NKT cells. Patients with high SIPS had higher propor-
tions of cancer-associated fibroblasts (CAFs), a major
stromal component in TME. The Agilent cohort also
found similar tumor environment compositions (Addi-
tional file 1: Fig. S3A).

Moreover, several immune-related key molecules were
found to be significantly different between the two SIPS
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Fig. 3 The immune therapeutic benefit of the SIPS index. A The Kaplan-Meier estimate of the overall survival in BLCA cohort, divided by two SIPS
subtypes. B The time-dependent ROC curve at 1/2-year OS in BLCA cohort. C The boxplot showed the levels of SIPS score of patients with different
immunotherapy responses in BLCA cohort. D The waterfall plot illustrated the distribution of SIPS in patients with different immunotherapy
responses in BLCA cohort. The Kaplan—-Meier estimate of the (E) overall survival and F progress free survival of SKCM cohort, divided by two

SIPS subtypes. G The boxplot showed the levels of SIPS score of patients with different immunotherapy responses in SKCM cohort. HThe
time-dependent ROC curve at 1/2-year OS in SKCM cohort. I The time-dependent ROC curve at 1/2-year PFS in SKCM cohort. J The Kaplan-Meier
estimate of the progress free survival of NSCLC cohort, divided by two SIPS subtypes. K The time-dependent ROC curve at 1/2-year PFS in NSCLC
cohort. L The Kaplan-Meier estimate of the relapse-free survival of GC cohort, divided by two SIPS subtypes. M The time-dependent ROC curve

at 1/2-year of RFS in the NSCLC cohort. N The boxplot showing the levels of SIPS score of patients with different immunotherapy responses in BRCA
cohort

subtypes (Fig. 4D). The expression levels of several key that can promote immune cells infiltrating into TME.
cytokines, such as IFNB1, IFNG1, and TNEF, were sub- In this study, CXCL10/11, and their receptor CXCR3
stantially higher in the low SIPS subtype. In contrast, the =~ were examined to be much more highly expressed in the
TGFB1 level was much higher in the high SIPS subtype. low SIPS subtype than in the high SIPS subtype, while
Although IL2 expressions were not significantly differ- CXCL12 expression was much higher in the high SIPS
entiated between the two SIPS subtypes, the IL2 recep-  subtype. Consistently, SIPS level was significantly asso-
tor subtype IL2RA/B expression was markedly higher ciated with the infiltration of CD8"T cells and NK cells
in the low SIPS subtype. Correlations between SIPS and  during the cancer-immunity cycle (Fig. 4E). The associa-
several crucial immune checkpoint molecules, including tion between TME and SIPS was like that in the BLCA
PD-1, PD-L1, IDO1, CTLA-4, and B7H3, were investi-  cohort (Additional file 1: Fig. S3B). The Exclusion, TIDE,
gated (Fig. 4D). Expression levels of PD-L1, IDO1, and and Dysfunction scores were substantially higher in the
CTLA-4 were more significant in low IRRS subtype than  high SIPS subtype than in the low SIPS subtype (Addi-
in high SIPS subtype. Meanwhile, B7H3 expression was tional file 1: Fig. S3B—C). Similarly, MDSCs and CAFs
much higher in the high SIPS subtype. Chemokines, were significantly upregulated in the high SIPS subtype
including CXCL9/10/11/12/13, were key attractants (Additional file 1: Fig. S3B, D, E).
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Fig. 4 The tumor microenvironmental landscape between the high and low SIPS patients. The boxplot showed the levels of SIPS score of patients
with different immune subtypes including A MFP and B TCGA subtypes in TCGA-OV cohort. C The boxplots showed the tumor microenvironmental
components estimated by xCell algorithm in TCGA-OV cohort. D The heatmap showed the expression levels of several immune-related

key genes in patients with different SIPS subtypes in Affy cohort. E The radar plot showed the correlation between SIPS and the tracking

tumor immunophenotype in TCGA-OV cohort. F The ridge plot showed the enriched GO biological progress of the 150 hub genes derived

from the WGCNA-STRING-Cytoscape analysis. G The UMAP plot showed a total of 51,786 cells in tumor microenvironment, and cell clusters were
color-coded and labeled according to the original definition in the GSE165897 dataset. H The dot plot showed the levels of the 15 immune-related
signatures derived from SIPS in the tumor microenvironment components

The WGCNA algorithm was adopted to analyze the
differentiated expressions of genes between the low and
high SIPS subtypes to identify the different hub func-
tional modules between the two subtypes (Additional
file 1: Fig. S3F-I). Among five different co-expression
modules, SIPS level was significantly anti-correlated with
the yellow module and positively correlated with the
other four modules (Additional file 1: Fig. S3I).

STRING-Cytoscape analysis was utilized to identify
150 hub genes from all the modules. The 150 hub genes
were clustered into two significant signaling subnetworks
(Additional file 1: Fig. S4A) and enriched in the immune-
related and stroma-related subnetworks (Additional
file 1: Fig. S4B). The immune-related subnetwork, includ-
ing response to the virus, was significantly downregulated

in the high SIPS subtype, while the stroma-related sub-
network, including extracellular structure organization,
was significantly upregulated in the high SIPS subtype
(Fig. 4F). Thus, stroma components were mainly enriched
in the TME in high SIPS subtype, which could suppress
immune cell infiltration and immune response. Further-
more, microenvironment cell types characterized by SIPS
were analyzed based on a single-cell ovarian cancer data-
set (Fig. 4G). In TME, a large part of SIPS-related signa-
tures were consistently highly activated in the stromal
components and tumor cells (Fig. 4H). We explored three
datasets containing OV-associated stroma and epithelial
tumor samples to determine the different activation of
SIPS-related signatures between stroma cells and tumor
cells (Additional file 1: Fig. S4C—E). Stroma components
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had higher activation of Chemokine receptors signaling
and TGFB signaling than the tumor components. Con-
clusively, the stroma components in TME presented high
SIPS levels and contributed to the formation of an immu-
nosuppressive microenvironment.

Correlation between SIPS and genomic instability

Almost half of OV harbor homologous recombination
deficiency (HRD) [23]. HRD causes tumor genomic
instability, which induces considerable TMB and neo-
antigen load, activating the innate immune system
[24]. There was no significant difference between SIPS
subtypes and HRD scores, including LOH, LST, and
TAI (Fig. 5A-D). Only two mutational signatures were
found different between the low SIPS subtype. The
high SIPS subtype, namely COSMIC 16/25, which were
observed in liver cancer and Hodgkin lymphoma with-
out specific etiology (Fig. 5E). Furthermore, few gene

mutations were found different between the low SIPS
subtype and the high SIPS subtype, except for TAF4B,
KCTD1, and CASR, et al. (Fig. 5F, G). OV patients
with P53 or BRCA1l mutation had similar SIPS lev-
els compared to those with the wild-type (Fig. 5H, I).
No significant TMB difference was found between the
SIPS subtypes (Fig. 5J). However, in the BLCA cohort,
patients with low SIPS had more mutation burden and
neoantigens than those with high SIPS (Fig. 5K, L). In
summary, SIPS was slightly associated with genomic
instability in OV, indicating SIPS could not function on
tumor antigenicity.

Targeting to stroma promoted anti-tumor immunity

Abundant stroma indicated a worse prognosis for
patients with high SIPS, based on which we hypoth-
esized that stroma-targeting drugs could enhance the
immunotherapeutic effect by reversing the suppressive
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Fig. 6 Targeting stroma promoted anti-tumor immunity. A The radar plot showed the correlation between SIPS and the immunogram developed
by Bagaev et al. [12] to explore the cancer-immunity interactions in TCGA-OV cohort. B The dot plot showed the PDGFB-PDGFRB signaling
among the tumor microenvironmental components in GSE165897 dataset. C The boxplot showed the expression levels of IL6 and TGFB1/2

in CAFs following 24 h-treatment of PDGFB and Sunitinib. D The boxplot showed the PDGFB expression levels in SKOV3, TOV21G, OVCARS5,

and ID8 cells following 24 h-treatment of TGFB1. E The boxplot showed the PDGFB expression level in SKOV3, TOV21G, OVCAR5, and ID8 cells
following 24 h-treatment of IL6. F The boxplot showed the expression levels of the immune checkpoint molecules IDO1, PD-L1, B7H4, and B7H3
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in GSE164088 dataset. J Bioluminescence of C57BL/6j mice after inoculation of Trp53™~Brca2~-ID8-luc cells

immune microenvironment. As shown in Fig. 6A, the
stroma of the SIPS subtype indeed presented more
immunosuppressive components, including CAF and
angiogenesis. The fibroblast marker PDGFRB was
mainly expressed in cancer-associated fibroblasts in
OV (data not shown) [25]. Moreover, OV cell-derived
PDGFB was the primary source that activated PDG-
FRB in CAFs, indicating tumor cells promoted CAF
formation (Fig. 6B). By checking the signaling net-
work between CAFs and cancer cells, IL6 signaling was
found to be of significance (Additional file 1: Fig. S5A).
IL6 was a potent pro-tumor stimulator and strongly
interacted with other hub genes in the SIPS network
(Additional file 1: Fig. S4A). Hence, we proposed that

immune-suppressive stroma could be vigorously pro-
moted through a positive feedback loop of PDGFB
signaling and IL6 signaling between cancer cells and
CAFs. IL6 and TGFB1/2 expression was significantly
upregulated by treating CAFs with PDGFB stimula-
tion in vitro, which was blocked by PDGFRB inhibi-
tors (Fig. 6C, Additional file 1: Fig. S5B). Accordingly,
PDGFB expression in cancer cells was significantly
upregulated by IL6 and TGFBI in vitro (Fig. 6D, E).
Previous studies indicated that PDGFRB-associated
pathways were also activated in OV cells, which hin-
dered survival [26]. Data in Fig. 6F, Additional file 1:
Fig. S5C indicated that PDGFRB blockade inhibited
the expression of immune checkpoint molecules in
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cancer cells, including IDO1, PD-L1, B7H3, B7H4,
and Tim-3. OT-1 killing assays verified that PDG-
FRB blockade enhanced tumor apoptosis by CD8'T
cells (Fig. 6G, H, Additional file 1: Fig. SSD-E). Poly
(ADP-ribose) polymerase inhibitors (PARPi), agents
with specific efficacy in HRD ovarian cancer, activated
the extracellular matrix-related pathways and PDGF
receptor signaling in tumor stroma cells (Fig. 61, Addi-
tional file 1: Fig. S5F). Moreover, the combination of
PARPi Niraparib and PDGFB inhibitor significantly
promoted IL6 expression of fibroblasts (Additional
file 1: Fig. S5G). Activating stroma-related pathways
and IL6 signaling could induce PARPi resistance in
OV. Based on the results of in vitro experiments, the

0.00047
0.03

0.014

—003 0014

Page 12 of 16

combination of PARP inhibitor and PDGERB inhibitor
was applied to treat OV in vivo. PDGFRB and VEGFR2
can be inhibited by Sunitinib with IC50s of 2 nM and
80 nM, respectively [27]. Hence, it was hypothesized
that Sunitinib could reverse the immune-suppres-
sive stroma by potently inhibiting CAFs and angio-
genesis. Data in Fig. 6], Additional file 1: Fig. S5H
illustrated that Niraparib and Sunitinib inhibited
Trp53~/"Brca2~/~-ID8-luc cancer cells growth in vivo.
In summary, stroma-targeting PDGFRB and PARP
inhibitors could significantly inhibit tumor growth.
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Fig. 7 Construction of the convenient SIPS prognostic model in ovarian cancer. A The Venn diagram showed the common genes of the four
machine-learning methods (Boruta, Xgboost, Random Forest, and Lasso). B The boxplot showed the levels of SIGPS in patient with different MFP
subtypes in TCGA-OV dataset. C The network plot showed the enriched functional modules of SIGPS genes. D The UMAP plot showed the levels
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based on R package Seurat. E The decision tree of HRD and SIGPS in TCGA-QV cohort. In the tree, Node 3: HRD*SIGPS™; Node 4: HRD*SIGPS*;
Node 6: HRD SIGPS™; Node 7: HRD SIGPS*. F The boxplot showed the estimate score levels of Estimate Score, Immune Score, and Stroma

Score among the four subgroups of the decision tree in TCGA-OV dataset. G The boxplot demonstrated the normalized camp scores of agents
suppressing the SIGPS, and the horizontal axis showed the agent types. Each dot in the plot represented one agent. H The heatmap showing
the expression levels of stroma-related genes, including TGFBI, FBLN2, and COL16A1, in the CAFs after the treatment of several drugs as indicated
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Construction of the convenient SIPS prognostic model

in ovarian cancer

The SIPS index included 15 immune-related pathways,
out of which four overlapped with TGFB signaling,
causing redundancy and inconvenience in clinical prac-
tice. Hence, four machine-learning methods, including
Bortua, Xgboost, Random Forest, and Lasso algorithms,
were applied to rebuild a more convenient SIPS prog-
nostic model and get the hub genes that could predict
the immune subtypes (MFP subtypes) in OV. The aver-
age expression of the 23 common genes produced by four
learning methods was defined as the stroma-immune
gene prognostic signature (SIGPS) (Fig. 7A). Consist-
ently, the immune-enriched/Non-Fibrotic (IE) subtype
had the lowest SIGPS level among the conserved can-
cer microenvironment subtypes (Fig. 7B). The pathway
enrichment analysis unveiled that SIGPS level was sig-
nificantly correlated with pathways including Extra-
cellular matrix organization, Angiogenesis, Cartilage
development, Negative regulation of cell adhesion, Cel-
lular response to interferon-gamma, and Collagen bio-
synthesis and modifying enzymes (Fig. 7C). Single-cell
analysis demonstrated that stromal components espe-
cially CAFs had the highest SIGPS level among the three
components in TME (Fig. 7D). The majority of 23 com-
mon genes were highly expressed in stromal component
(Additional file 1: Fig. S6A), and further CAF clustering
showed the highest SIGPS level in myofibroblast (Addi-
tional file 1: Fig. S6B-D). Together, like SIPS, SIGPS
could reflect the immune suppressive stroma. SIGPS
was further integrated with histologic grade, FIGO stage,
and debulking status to predict overall survival in OV.
The c-indices of the SIGPS prognostic model in indi-
cating the overall survival were 0.63, 0.639, and 0.63 in
the TCGA-OV cohort, Affy cohort, and Agilent cohort,
respectively. The AUCs of the SIGPS prognostic model
for 3/5-year overall survival were 0.603/0.568, 0.57/0.572,
and 0.531/0.556 in the TCGA-OV cohort, Affy cohort,
and Agilent cohort, respectively (Additional file 1: Fig.
S6E-G). Taken together, the SIGPS prognostic model
required improvement.

Considering HRD was slightly negatively associ-
ated with SIGPS (Additional file 1: Fig. S6H), the com-
bined prognostic value of SIGPS and HRD was further
validated. According to the decision tree of SIGPS and
HRD, there were four subgroups termed HRD'SIGPS™,
HRD*SIGPS~, HRDSIGPS*, HRD SIGPS™ (Fig. 7E).
The SIGPS substantially affected the overall survival of
HRD patients, and the HRD*SIGPS™ subgroup had the
best overall survival among four subgroups (Fig. 7E,
Additional file 1: Fig. S6I). Furthermore, HRD, SIGPS, and
other clinical information were integrated to construct
the nomogram. The SIGPS and HRD Score accounted
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for the most risk points compared to additional informa-
tion (Additional file 1: Fig. S6]). The c-index of the nomo-
gram model was 0.66 (0.62 ~0.70). Regarding TME, HRD
patients had higher Immune Scores than HRP patients,
and in the HRD subgroup, the SIGPS-positive patients
had higher Stroma Scores (Fig. 7F). Taken together, the
HRD ovarian patients with high SIGPS levels had much
higher levels of immune suppressive stroma, which cor-
responded to a worse prognosis.

Drug-inducing expression signatures from the CMAP
web were compared with SIGPS to screen SIGPS-sup-
pressing drugs, which could enhance immunotherapeutic
sensitivity and reverse the dire prognosis of HRD patients
with high SIGPS levels. Remarkably, inhibitors that tar-
get the TGFB receptor, Aurora kinase, CDKs, HDACs,
RAF signaling, EGFR signaling, etc., could significantly
inhibit the SIGPS-like signature (Fig. 7G). Furthermore,
the drug efficiency was examined with CAFs mainly
expressing SIGPS signatures. As shown in Fig. 7H, drugs,
including RAF inhibitor, EGFR inhibitor, Aurora inhibi-
tor, HDAC inhibitor, CDK inhibitor, and PDGFRB inhibi-
tor, significantly suppressed the expression of the many
SIGPS-related genes. Thus, these agents had the potential
to reverse poor survival of HRD OV patients with high
SIGPS by inhibiting the immune suppressive stroma.

Discussion

Although previous research suggested that ovarian can-
cer may be immunogenic, related clinical immunother-
apy trials, haven't achieved a promising outcome yet [5].
Developing a potent prognostic signature to identify
patients sensitive to immunotherapy is urgent. In this
study, the stroma-immune prognostic signature (SIPS)
containing 15 immune-related pathways was constructed
to predict the immunotherapeutic sensitivity of ovar-
ian cancer. Patients with high SIPS had worse survival
than their counterparts. Meanwhile, the responders in
the immunotherapy cohorts had lower SIPS. Further-
more, the constructed nomogram indicated that SIPS
was a critical prognostic factor among other clinical fea-
tures such as grade. Higher SIPS levels were detected in
patients at the advanced FIGO stage, in the suboptimal
status, or from the platinum-resistant group, indicating
that SIPS was significantly correlated with tumor pro-
gression. Therefore, SIPS could be a potent prognostic
index for immunotherapy in ovarian cancer.

SIPS was significantly correlated with TME. Patients in
the fibrotic, dessert, mesenchymal, or proliferative sub-
type tended to have high SIPS levels, while patients in
the immune-enriched subtype had the lowest SIPS level.
Notably, upregulated fibrotic components significantly
reversed the SIPS level in the immune-enriched subtype.
Patients with high SIPS levels had higher stroma scores
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and lower immune scores than those with low SIPS lev-
els. The proportions of cancer-associated fibroblasts were
significantly upregulated in the high SIPS subtype.

Meanwhile, the cytotoxic immune components, such
as B cells, activated myeloid dendritic cells, and CD8*T
cells, were significantly enriched in the low SIPS sub-
type. Furthermore, SIPS was anti-correlated with the
expression levels of the IFNB1, IFNG, and the immune
checkpoints molecules such as IDO1, PD1/PD-L1, and
CTLA4, which indicated the potential applicative value
of immune checkpoint blockades. Moreover, upregu-
lated chemokines such as CXCL9/10/11/13 and related
receptor CXCR3 in low SIPS subtype showed the recruit-
ing step of CD8'T cells, Th1, and NK cells. Patients in
the high SIPS subtype had a highly activated stroma and
slightly activated immune modules. Almost 15 hub path-
ways in SIPS were highly expressed in stroma and tumor
cells. However, SIPS was not dominantly induced tumor
immunogenicity, considering that SIPS was only slightly
correlated with genomic instability in OV. In conclusion,
SIPS was significantly positively associated with stroma
and anti-correlated with the immune, determining the
positive correlation between SIPS level and immune
suppression.

We found that the positive feedback loop of PDGFB
signaling and IL6 signaling between cancer cells and
CAFs could substantially benefit the immune-suppres-
sive stroma. Inhibition of PDGFRB signaling could result
in the down-regulation of IL6 and TGFB1/2 in CAFs and
suppressed expression of immune checkpoints in tumor
cells, leading to immune cytotoxicity. PDGFRB inhibitor
Sunitinib can block CAFs activation and angiogenesis,
and PARP inhibitor can promote stroma-related signa-
tures, including PDGF receptor signaling. Theoretically,
PGFRBi—-PARPi combination could reverse the immune-
suppressive stroma and further enhance tumor immu-
nogenicity. The potential values of the combination were
verified in vivo. SIGPS was further developed to identify
immune subtypes based on the average expression of
the 23 common genes to endow SIPS with better clinical
practicability. Like SIPS, SIGPS was significantly positive-
correlated with the stroma components. According to
the decision model of SIGPS and HRD, high SIGPS cor-
responded to the substantially shortened overall survival
of HRD patients. Several drug types that suppress the
SIGPS-like signatures in CAFs were further identified,
including RAF, EGFR, Aurora, HDAC, and CDK inhibi-
tors, which could combine with immunotherapy.

Numerous studies have reported multiple immunologi-
cal prognostic biomarkers in ovarian cancer [13]. Such
biomarkers focused on tumor immunogenicity, such as
the expression of cytokines and genomic instability in
cancer cells. Other biomarkers directly estimated the
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proportions of immune cells in TME, including T cell
activation and macrophage polarization. Additionally,
most reported biomarkers were developed and tested
with small sample size, and the immunotherapeutic pre-
diction of many biomarkers was tested without immu-
notherapy cohorts. Furthermore, there needs to be more
in vitro mechanical experiments and in vivo immuno-
competent models to validate such biomarkers. In our
study, the SIPS/SIGPS signature identified the key prog-
nostic role of the immunosuppressive stroma compo-
nents in ovarian cancer. The sample size was much larger
than most studies before, which made it more robust.
Although there were no available transcriptomic data of
immunotherapy cohorts in ovarian cancer, the immuno-
therapeutic prediction of SIPS was validated by immuno-
therapy cohorts of several other epithelial cancers, such
as melanoma and breast cancer. Indeed, the SIPS/SIGPS
signature was further validated by various experiments,
which indicated targeting the SIPS/SIGPS could substan-
tially enhance immunotherapeutic efficacy in ovarian
cancer.

The current study included several limitations as well.
Firstly, the extraordinary intratumor or interpatient het-
erogeneity of ovarian cancer was not considered. Sec-
ondly, a large part of the collected cohorts in our study
needed complete clinicopathological information, which
made it impossible to identify whether the SIPS/SIGPS
was an independent prognostic factor when the clin-
icopathological information was thoroughly adjusted.
Thirdly, the c-indices and AUCs of SIPS or SIGPS were
less than 0.7 in ovarian cohorts, but the AUCs of SIPS
were higher in the immunotherapy cohorts. Despite the
drawbacks, according to the extensive collection of ovar-
ian cancer and immunotherapy cohorts, SIPS, as a pre-
dictive marker based on tumor microenvironment, is
outstanding for its precision and efficiency. In conclu-
sion, the SIPS model proved reliable for ovarian cancer
survival prediction and therapy guidance.

Conclusions

In summary, our findings clarified the SIPS/SIGPS as the
critical negative indicator for the prognosis in ovarian
cancer patients, which revealed the vital immunosup-
pressive role of microenvironmental tumor stroma. The
combination of PARP inhibitors and agents targeting the
SIPS/SIGPS-like signature in the stroma could substan-
tially inhibit tumor growth, providing a promising immu-
notherapeutic strategy for treating HRD ovarian cancer.
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