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Abstract

Background With a high global incidence of over three million new cases in 2020 and a high mortality of over two
million fatalities, ovarian cancer is one of the most common malignant tumors in gynecology. Exosomes can control
the immunological condition of the tumor microenvironment (TME) by participating in intercellular interactions.
Therefore, we aimed to construct an exosome-related prognostic model to predict the clinical outcomes of ovarian
cancer patients.

Methods In this research, expression patterns of exosome-related genes were examined in multiple single-cell
RNA-sequencing and bulk RNA-sequencing datasets. In addition, a novel exosome-related prognostic model was
established by the least absolute shrinkage and selection operator (LASSO) regression method. Then, the correlations
between risk score and immunological characteristics of the TME were explored. Moreover, SERPINB1, a gene in the
prognostic signature, was further analyzed to reveal its value as a novel biomarker.

Results In the current study, combined with single-cell and bulk omics datasets, we constructed an exosome-related
prognostic model of four genes (LGALS3BP, SAT1, SERPINBT, and SH3BGRL3). Moreover, the risk score was associated
with worse overall survival (OS) in ovarian cancer patients. Further analysis found that patients with high-risk score
tended to shape a desert TME with hardly infiltration of immune cells. Then, SERPINB1, positively correlated with

the favorable OS and negatively with the risk score, was chosen as the representative biomarker of the model.
Moreover, SERPINB1 was positively correlated with the infiltration of immune subpopulations in both public and
in-house cohort. In addition, the high-resolution analysis found that SERPINB1* tumor cells communicated with
microenvironment cells frequently, further explaining the potential reason for shaping an inflamed TME.
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Conclusion To sum up, we established a novel exosome-related prognostic model (LGALS3BP, SAT1, SERPINBT, and
SH3BGRL3) to predict the prognosis of patients with ovarian cancer and identify the immunological characteristics of
the TME. In addition, SERPINB1 was identified as a promising biomarker for prognostic prediction in ovarian cancer.
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Background

Ovarian cancer is one of the most prevalent malignant
tumors in the female reproductive system, with a high
global incidence of over three million new cases in 2020
and a high mortality of over two million fatalities [1].
Statically, ovarian cancer patients, diagnosed at early
stages have a five-year relative survival rate of more than
90%. However, more than two-thirds of ovarian cancer
patients are diagnosed at advanced stages. Because most
ovarian cancer patients are discovered at advanced stages
of metastatic disease, uncontrolled proliferation of ovar-
ian cancer cells is the fifth largest cause of cancer death
in women [2, 3], despite innovative molecular targeted
therapies [4]. Cytoreductive surgery combined with plati-
num chemotherapy is thought to be the best treatment
for patients with advanced ovarian cancer [5]. However,
most ovarian cancer patients who receive first-line plati-
num treatment develop platinum-resistant or platinum-
refractory recurrent diseases [6].

Accumulating research on tumor ecosystems in
numerous carcinomas has demonstrated the functional
relevance of the tumor microenvironment (TME) in car-
cinogenesis and treatment responses [7]. TME refers to
the tumor’s non-cancerous cells and components, as well
as the compounds produced or secreted by these cells.
Exosomes are extracellular vesicles formed from endo-
somes that range in size from 30 to 150 nm and have an
average diameter of 100 nm [8]. Exosomes released by
tumor and TME cells serve critical roles in tumor cell-cell
communication [9, 10]. Exosomal proteins can change the
fate of exosome-releasing cells themselves via an auto-
crine pathway [11, 12]. For example, tumor-derived exo-
somes containing PD-L1 could attenuate the anti-tumor
immunity and promote the immune escape of tumor cells
with low- or no-expression of PD-L1 via transferring the
PD-L1 expression [13]. Furthermore, tumor-derived exo-
somes (TEXs) can be taken up by immune and stromal
cells that comprise the TME, modifying the TME infil-
tration pattern and influencing cell behavior [14, 15]. For
instance, tumor-derived exosomes transferred tumor
antigens heat-shock proteins (HSP70-80) and MHC-I
molecules to DCs, which induced potent CD8'T cell-
dependent antitumor effects on mouse tumors [16, 17].
Besides, tumor-derived exosomes also block the differen-
tiation of dendritic cell (DC) via downregulating MHC-
II, but upregulating PD-L1 [18]. Therefore, because of
the immune-activating and immune-suppressive func-
tions of tumor-derive exosomes, understanding the

exosome-related patterns should benefit efforts to target
or utilize exosomes in cancer treatment.

Due to the unique message carried in them, their abun-
dance in peripheral circulation, and the convenience of
liquid biopsy [19, 20], exosomes had distinct advantages
over other common cancer biomarkers. For instance,
Sonia et al. identified glypican-1 specifically enriched
in cancer-cell-derived exosomes, and then proved the
potential role of it in non-invasive diagnostic and screen-
ing tools to detect early stages of pancreatic cancer [21].
Plasma exosomes contain CD63, a traditional exosome
marker [22], and Cavl, a melanoma marker that were
linked with a poor prognosis in melanoma [23]. However,
due to these biomarkers are probably produced from
both tumor cells and normal cells, exosomes derived
from different bodily fluids of cancer patients are a
diverse mix of vesicles [24]. To distinguish between can-
cer and normal origins, it is crucial to identify exosome
markers.

In this study, a comprehensive bioinformatic analy-
sis was performed on multi-omics data to identify the
molecular features underlying the exosome-related
prognostic signature. We first captured the up-regulated
genes of tumor cells that had higher expressed levels of
exosome-related genes at the single-cell levels. Sub-
sequently, the weighted gene co-expressed network
analysis (WGCNA) was performed to identify the exo-
some-related pattern in ovarian cancer patients. Then,
a prognostic model was established based on the over-
lapping genes. The clinical relevance of the risk score,
including therapeutic response and drug resistance, was
also examined. Further analysis revealed the correlation
between the risk score and immunological status. Over-
all, we reported an exosome-related prognostic model
(LGALS3BP, SAT1, SERPINBI, and SH3BGRL3) to iden-
tify the immunological characteristics of the TME and
predict clinical outcomes. In addition, SERPINB1 was
identified as a promising biomarker for prognostic pre-
diction in ovarian cancer.

Methods

Dataset acquisition

The normalized RNA-sequencing profiles and clinical
information of ovarian cancer patients were downloaded
from the UCSC Xena website (https://xenabrowser.net
/datapages/) and the Gene Expression Omnibus (GEO)
portal (https://www.ncbi.nlm.nih.gov/geo/). In the GEO
database, we identified two cohorts (GSE9891 [25], and
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GSE26712 [26]) with prognosis information. Samples
with overall survival (OS) above zero day were included
in this study (Table S1). In addition, the exosome-related
genes were downloaded from Jiani Wu et al’s study [27]
and the ExoBCD database (https://exobcd.liumwei.org)
[28] (Table S2).

Single-cell RNA sequencing datasets analysis

The single-cell RNA sequencing datasets of six patients
with ovarian cancer from the GSE173682 dataset [29]
were downloaded. All additional analyses were per-
formed using the Seurat R toolkit (4.0.4, http://satijalab.
org/seurat/) [30], including quality control and all subse-
quent analyses.

To reduce the impact of aberrant cells and techno-
logical background noise on downstream analysis, cells
were reserved if mitochondrial gene expression was
greater than 10%, or if identified genes were less than 200
or greater than 6,000. Next, the “RunHarmony” func-
tion in the R package harmony [31] was used to mini-
mize the technical batch effects among individuals and
experiments. The top 4,000 variable genes were used
for principal component analysis (PCA) [32] to reduce
dimensionality. The dimensionality of the scaled inte-
grated data matrix was further reduced to two-dimen-
sional space based on the first 30 principal components
(PCs) and visualized by t-Distributed Stochastic Neigh-
bor Embedding (t-SNE) [33]. The cell clusters were iden-
tified based on a shared nearest neighbor (SNN) [34]
modularity optimization-based clustering algorithm with
a resolution of 1. Then, these cells were annotated into
different cell types based on the expression levels of con-
ventional signatures, such as VWF for endothelial cells,
EPCAM for epithelial cells, DCN for fibroblasts, CD3D
for T cells, were used to verify the annotation of cell

types.

Identification of up-regulated genes of tumor cells with
high exosome score

The “PercentageFeatureSet” function was used to assess
the expression of exosome-related genes in tumor cells
obtained from public databases. Based on the median
level, the tumor cells were classified into exosome-high
and low groups. Then, the “FindAllMakers” function
was performed to identify the up-regulated genes of
each group (Table S2). Genes with avg_log2FC=>0.25,
pct.120.5, and up-regulated in exosome-high groups
were recognized as candidates.

Identification of exosome-related pattern of ovarian cancer
patients

The single-sample gene sets enrichment analysis (ssG-
SEA) algorithm was utilized to calculate the enrichment
scores of exosome-related genes of each ovarian cancer
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patients in the GSE9891 cohort. To explore the exosome-
related pattern of ovarian cancer patients, we constructed
a weighted co-expression network (WGCNA) according
to the expression profile of the top 50% genes with high-
est variability (10, 822 genes) by utilizing the R package
WGCNA [35] and then identified the significant gene
modules positively related to levels of exosome scores.
The idea of a soft threshold is to continually elementize
the elements in the Adjacency Matrix through a weight
function and the choice of the soft threshold p is bound
to affect the result of module identification. To create a
network with a nearly scale-free topology, we installed
the soft threshold power of B=3 (scale-free R?=0.92).
Gene significance (GS) was defined as the correlation
coefficient between gene expression and module traits.
The module eigengene was calculated as a summary
profile for each module. Module membership (MM)
was defined by the correlation coefficient of the module
eigengene and gene expression profile. Genes with GS>0
and MM >0 in modules highly associated with exosome
scores were identified as the exosome-related pattern of
ovarian cancer patients and extracted for further study.

Construction of the prognostic model

Next, exosome-related prognostic model were con-
structed based on the overlapping genes of exosome-
related candidates identified at the single-cell and bulk
omics levels. Univariable COX regression analysis was
performed to screen genes that were significantly asso-
ciated with overall survival (P-value <0.1). Subsequently,
the least absolute shrinkage and selection operator
(LASSO) regression method was used to find out the
potential prognostic gene sets, which were defined as
exosome biomarkers. The risk score of the prognostic
model based on exosome biomarkers in patients was cal-
culated based on the linear combination of the expression
values of exosome biomarkers multiplied by the corre-
sponding LASSO coefficients. To confirm the role of the
risk score in the prediction of prognosis, we divided the
patients into high- and low-risk score groups with a 50%
cutoff according to the risk scores.

Assessment of immunological characteristics of the tumor
microenvironment

In order to assess the immunological characteristics of
the TME, the ESTIMATE algorithm [36], a method infer-
ring tumor purity and stromal and immune cell from
tumor samples based on bulk transcriptomic profile, was
performed to assess tumor purity, ESTIMATE score,
immune score, and stromal score. Besides, the informa-
tion of immunomodulators including MHC signatures,
receptors, chemokines, and immune stimulators was col-
lected from the a previous study [37]. To further decon-
struct the immunological status of each patient, a set of


https://exobcd.liumwei.org
http://satijalab.org/seurat/
http://satijalab.org/seurat/

Gu et al. Journal of Ovarian Research (2025) 18:65

signature genes of 29 immune cell types and immune-
related pathways [38] was used to estimate the infiltra-
tion levels of different immune cell populations and the
activities of immune-related pathways and functions
of each patient were calculated by utilizing the ssGSEA
algorithm in the R package “GSVA” [39].

Functional and pathway enrichment analyses

Gene annotation enrichment analysis was conducted
using the “clusterProfiler” package [40]. Gene Ontology
(GO) [41] terms were identified with a strict cutoff of
p-value <0.05.

Immunohistochemistry and semi-quantitative analysis
Ovarian tumor microarray (TMA) HOvaC063PTO01,
which was purchased from Outdo BioTech, contained
63 ovarian cancer samples. The use of the TMA was
approved by the Clinical Research Ethics Committee in
Outdo Biotech (Shanghai, China). The TMA was submit-
ted for immunohistochemistry (IHC) assay to examine
the expression of SERPINB1 protein in tumor and para-
tumor tissues. The primary antibody utilized in the study
was anti-SERPINB1 (1:200 dilution, Cat. AFW6257,
Afantibody) and anti-CD8 (ready-to-use, Cat. PA577,
Abcarta). Antibody staining was visualized with DAB and
hematoxylin counterstain. Stained TMA was evaluated
to define CD47 expression by two independent senior
pathologists according to the immunoreactivity score
(IRS) standard [42]. For the assessment of tumor-infil-
trating CD8" T cells, two senior pathologists estimated
the CD8 score according to the criterion established by
The Cancer Genome Atlas Network [43]. A CD8 score
defined as the sum of the distribution and density scores
(0-6) was calculated for each case. Samples with the
CDS8 score=>3 (3, 4, 5, 6) are considered immune-enrich,
and samples with the CD8 score<?2 (0, 2) are considered
immune-desert.

Isolation and identification of exosomesWhen reached
50-60% confluency, SKOV3 cells (Cat. KGG3233-
1, KeyGEN) and SKOV3 cells treated with recombi-
nant SERPINBI protein (100ng/mL, Cat. HY-P71303,
MedChemExpress) were washed with PBS twice and
incubated with McCoy’s 5 A containing 10% exosome-
depleted FBS (prepared by 16 h overnight ultracentri-
fugation at 120,000xg at 4 °C) for 48 h. Exosomes were
isolated from the conditioned medium by ultracentri-
fugation [44]. The concentration of the exosomes were
quantified by BCA (Beyotime, Shanghai, China) and
exosomes were ready for cell treatment. For the identi-
fication of exosomes, exosome pellets, dissolved in PBS
buffer were dropped in a carbon-coated copper grid and
then stained with 1% uranyl acetate. The samples were
observed using a transmission electron microscope.
Nanoparticles in exosome suspensions were analyzed
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using a Flow Nanoanalyzer. In addition, exosomes were
lysed using a radioimmunoprecipitation assay lysis buffer
supplemented with PMSF inhibitor. Protein lysates were
loaded and separated on a 10% sodium dodecyl sulfate
polyacrylamide gel and transferred onto 0.22-um polyvi-
nylidene fluoride membranes. Primary antibodies against
TSG101 (Cat. 28283-1-AP, ProteinTech) and CD63 (Cat.
25682-1-AP, ProteinTech) were used.

In vitro cytotoxicity assay

Peripheral blood monouclear cells (PBMC) were col-
lected from healthy controlS. The CD8 + T cells were iso-
lated using Dynabeads human CDS8 selection Kit (catalog
11333D, Invitrogen) and cultured in ImmunoCult-XF
T cell expansion medium (catalog 10981, STEMCELL
Technologies). ImmunoCult human CD3/CD28 T cell
activator (catalog 10971, STEMCELL Technologies) was
used to activate T cells, and then T cells were treated
with exosomes (10 pg/mL) isolated from SKOV3 cells
and SKOV3 cells treated with recombinant SERPINB1
protein at 37 °C for 48 h. T cells were submitted for flow
cytometry analysis to detect the activated marker CD69.

Statistical analysis

All statistical analyses were handled using R software
(version 4.0.4). The significant difference in continuous
variables between the two groups was assessed using the
Wilcoxon rank-sum test, while the fisher exact test was
used to measure the difference among categorical vari-
ables. For all analyses, a two-paired p-value<0.05 was
deemed to be statistically significant, and labeled with
*p-value<0.05, **p-value<0.01, ***p-value<0.001, and
*4p-value < 0.0001.

Results
Exosome-related genes expressed specifically in ovarian
cancer cells at single-cell atlas.

In order to characterize the exosome-related genes of
ovarian cancer at the single-cell level, we collected the
scRNA-seq datasets from six ovarian cancer patients
(Fig. 1A). After quality control, unsupervised clustering,
and cell annotation, a total of 32.129 individual cells from
the six ovarian cancer patients were classified into six
major cell types based on the expression levels of conven-
tional biomarkers (Fig. 1A-D). The specifically expressed
genes of each cell type were identified to further verify
the annotation of single cell (Fig. 1E). Subsequently, we
estimated the exosome scores of individual cells based on
the expressed fractions of exosome-related genes. Results
showed that compared with non-tumor cells, tumor
cells had higher levels of exosome-related genes col-
lected from public databases (Fig. 1F). Then, the tumor
cells were divided into exosome-high and low groups
based on the median value of exosome scores. Next, we
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investigated the biological process of tumor cells with
exosome-high phenotype in ovarian cancer patients.
Results showed that tumor cells with exosome-high phe-
notype significantly up-regulated some signaling path-
ways which can be mediated by exosomes, such as S100
protein binding [45, 46] (Fig. 1G), suggesting that tumor
cells may have higher levels of exosome-related genes,
and exosome is an important feature of tumor cells.

Exploration of exosome-related patterns of ovarian cancer

patients

Given of the important functional role of TME in mediat-
ing the activities of cells and exosomes, we then explored
the exosome-related pattern of ovarian cancer patients
at the bulk omics levels. The GSE9891 cohort was uti-
lized for this part. Based on the enrichment scores of
exosome-related genes, the WGCNA algorithm was used
to identify the notable gene modules that were positively
connected with the levels of exosome-related genes. The
soft threshold power was set to =3 (scale-free R*=0.92,
Fig. 2A-B). Next, 28 color-coded gene modules except for
the gray module were held for further research (Fig. 2C).
As shown in Fig. 2D, the turquoise module had the high-
est correlation with exosome scores (R=0.48, P<0.0001).
The GS and MM values for the turquoise module in exo-
some scores were displayed in scatter plots (Fig. 2E).
Genes with gene significance (GS) >0 and module mem-
bership (MM) >0 in modules highly associated with the
exosome scores were identified as exosome-related pat-
terns of ovarian cancer patients, and then extracted for
further study. Further analysis showed that these genes
were associated with the enrichment of some signal-
ing pathways reflecting the activities of exosomes, such
as CCR chemokine receptor binding [47] and cytokine
binding [48, 49].

Construction and validation of exosome-related
prognostic signature
Based on exosome-related genes identified at the sin-
gle-cell and bulk omics levels, a total of 45 overlapping
genes of them were used for further analysis (Fig. 3A).
To choose genes with prognostic values, univariable
COX regression analysis of these selected genes corre-
lated with OS in ovarian cancer was performed (Table
S4). Then, LASSO COX analysis was applied to further
reduce the scale of independent prognostic genes to four
genes (LGALS3BP, SAT1, SERPINBI, and SH3BGRL3)
(Fig. 3B-C). The expression of LGALS3BP, SAT1, and
SERPINBI1 behaved with favorable prognosis prediction
ability, while SH3BGRL3 was the opposite (Fig. 3C and
Figure S1).

Next, a prognostic model of the four genes was con-
structed. The risk scores of patients were calculated
according to the combination of the expression levels of
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these genes multiplied by the corresponding coefficients.
The risk scores of ovarian cancer patients in the GSE9891
cohort were further shown in Fig. 3D. The death cases
were focused in the high-risk score group, and the sur-
viving cases were centralized in the low-risk score group
(Fig. 3D). Besides, patients with high risk score showed
a worse prognosis, compared with patients with low risk
score (Fig. 3E). In addition, patients with higher patho-
logical stages or grades had higher levels of risk scores
(Fig. 3F-H), which further supported the finding that
patients with high-risk score had worse clinical outcomes
than those with low-risk score. The prognostic prediction
of the model was validated in other independent cohorts.
Consistently, patients in the high-risk score group
showed worse prognosis (Fig. 31-K).

Ovarian cancer patients with high-risk score exhibited a
dessert TME
Given that the important role of TME in clinical out-
comes and therapeutic responses, we next investigated
the biological characteristics of high- and low- risk score
groups. Results showed that patients in the low-risk score
groups had higher activation of immune-related path-
ways, such as positive regulation of T cell activation,
positive regulation of leukocyte cell-cell adhesion, and
Cytokine-cytokine receptor interaction, while some sig-
naling pathways associated with cell proliferation were
enriched in patients with high-risk score phenotype
(Fig. 4A-B). Additionally, ovarian cancer patients in the
low-risk score group had higher levels of StromalScore,
ImmuneScore, ESTIMATEScore, but lower tumor purity
(Fig. 4C), suggesting that ovarian cancer patients in the
low-risk score tended to shape an inflamed TME. Subse-
quent analysis further supported the hypothesis. Patients
with low-risk core had higher levels of conventional bio-
markers of immune subpopulations, such as GZMA, and
GZMB, which were associated with the activation and
cytotoxic with T cells (Fig. 4D) [50]. In addition, we fur-
ther assessed the immunological status of TME based on
the signature biomarkers of 29 immune cell types and
immune-related pathways. Results showed that the risk
scores were negatively correlated with almost all immu-
nological characteristics (Fig. 4E), and the low-risk score
group had higher enrichment scores of these immuno-
logical characteristics (Figure S2A). Also, ovarian can-
cer patients with higher risk scores showed lower levels
of anti-tumor cycles (Fig. 4F and Figure S2B), suggesting
that the low-risk score group exhibited the dessert TME
feature, but those with high-risk score phenotype shaped
an inflamed TME with more activated immune status.
Given that the limitation of the GSE9891 cohort, the
TCGA cohort was included in our study to further sup-
port these results. Consistently, in the TCGA cohort,
some signaling pathways associated with immunological
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and exosome scores of ovarian cancer. The turquoise gene module was revealed to exhibit the highest correlation with exosome score. (E) Scatter plots
showing the relationship between MM and GS in the turquoise module. (F) GO analyses of genes in the turquoise module
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Fig. 3 Construction of exosome-related prognostic model in the GSE9891 cohort. (A) Venn diagram of overlapping genes in tumor cell-upregulated
genes identified in the scRNA-seq datasets and the exosome-related genes identified by WGCNA. (B) The LASSO coefficient profiles were constructed
using exosome-related genes, and the tuning parameter (A) was calculated based on the minimum criteria for OS with ten-fold cross validation. Four
genes were selected according to the best fit profile. (C) Univariable analyses of the expression values of the four genes with overall survival in GSE9891.
(D) Distributions of CAFRS, survival status of ovarian cancer patients, and expression profiles of the gene signatures in the GSE9891 cohort. (E) Survival
analysis showing the prognostic value of CAFRS in the GSE9891 cohort. (F-H) Comparing the risk score between patients with different clinic-pathological
features. (1) Distributions of risk score, survival status of ovarian cancer patients, and expression profiles of the gene signatures in the TCGA cohort. (J-K)
Survival analysis showing the prognostic value of CAFRS in the TCGA (J) and the GSE26712 cohort

activities were enriched in the patients with low-risk
score phenotype (Fig. 5A-B). Also, almost all 29 immune
cell types and immune-related pathways were up-reg-
ulated in the low-risk score group (Fig. 5C and Figure
S3A). Additionally, the low-risk score group had higher
levels of well-established biomarkers of immune sub-
populations and immunomodulatory factors (MHC sig-
natures, receptors, chemokine, immune stimulators)
(Fig. 5D-E, and Figure S3B), suggesting that patients with
the low-risk score phenotype had an immune infiltra-
tion TME, but the high-risk score group shaped a dessert
TME.

In keeping with the results found in the GSE9891 and
the TCGA cohorts, patients in the GSE26712 showed the
similar results. Some immune-related signaling pathways
were enriched in the low-risk score group (Figure S4A).
Also, patients with the low-risk score phenotype had
higher levels of immunological characteristics, including
the immunomodulatory factors, immune-related path-
ways, and the anti-tumor cycles (Figure S4B-E). Totally,
all these results suggested that the exosome-related prog-
nostic model could reflect the immunological status of
ovarian cancer patients, and be negatively associated
with the formation of an inflamed TME.

SERPINB1 was a TEX biomarker for ovarian cancer

Next, we chose the representative gene of the prognos-
tic model. Firstly, we compared the transcriptional level
and the expressed fraction of four genes at the single-
cell levels. Compared with other genes, tumor cells had
obviously higher levels of SERPINBI (Fig. 6A-D and Fig-
ure S5A-B). Also, tumor cells had the highest expressed
fraction of SERPINBI1 than other genes (Fig. 6A-D and
Figure S5A-B). Considering the correlation between
risk score and immunological characteristics, we fur-
ther compared the correlation between gene expression
and Immune Scores. Results showed that SERPINBI1
had the largest correlation with Immune Scores in the
GSE9891 cohort (R=0.45, p<0.0001, Fig. 6E-F, and Fig-
ure S5C-D). Also, in other independent cohorts, SER-
PINB1 expression showed the highest correlation with
Immune Score (TCGA: R=0.48, p<0.0001; GSE26712:
R=0.53, p<0.0001, Figure S6 and S7). In addition, we
also used an ovarian cancer cohort to validation the posi-
tive correlation between SERPINB1 and CDS8. The results
showed that SERPINB1 was positively correlated with

CD8 expression and highly expressed in the immune-
enrich group (Fig. 7A and C). Moreover, we isolated
exosomes from SKOV3 cells and SKOV3 cells treated
with recombinant SERPINBI1 protein (Fig. 7D-F), then
added these exsoomes into T cells culture medium. The
results showed that exosomes from SKOV3 cells treated
with recombinant SERPINBI protein could increase the
activated level of T cells (Fig. 7G). Combined with these
findings, SERPINB1 was chosen as the TEX biomarker
of ovarian cancer patients, which was related to the acti-
vated TME features.

SERPINB1+ tumor cells communicated with immune
subpopulations frequently

Having observed that the expression of SERPINB1 was
positively correlated with the immunological charac-
teristics (Fig. 5C, Figure S6C and Figure S7C), we next
sought to investigate the reasons why patients with high
SERPINBI1 tended to shape an inflamed TME. Benefit-
ing from the advantages of scRNA-seq technology, we
could perform a high-resolution dissection of interac-
tions among various subgroups of SERPINB1*/~ tumor
cells and microenvironment subpopulation in the ovar-
ian cancer patients based on the combining expression
of multi-subunit ligand-receptor complexes. The number
of interactions among different subpopulations was com-
pared between SERPINB1" and SERPINB1~ tumor cells.
Results showed that the SERPINB1* tumor cells pre-
sented significantly more interactions than SERPINB1~
tumor cells (Fig. 8A and B). Notably, we calculated the
difference in interaction numbers among various SER-
PINB1*/~ tumor cells and microenvironment subpopula-
tions. The SERPINB1" tumor cells showed more frequent
crosstalk with other subpopulations (Fig. 8B), suggesting
that compared with SERPINB1~ tumor cells, SERPINB1*
tumor cells had activated cell-cell communications, espe-
cially interactions with immune cells, which potentially
take part in the formation of an immunosuppressive
TME [51].

Using the CellphoneDB tool, we further discovered the
important ligand-receptor interactions between SER-
PINB1" tumor cells and immunological subsets (Fig. 8C
and D). Results revealed that ICOSLG-ICOS and PVR-
TIGIT, which have been implicated in the suppression of
the anti-tumor response [52—55], were the communica-
tion pathways used by SERPINB1* tumor cells to interact
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Fig. 6 SERPINB1 was a TEX biomarker for ovarian cancer. (A) Comparing the SERPINB1 expression between tumor and non-tumor cells. (B) Stacking
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SERPINB1 expression and ImmuneScore and tumor purity in the GSE9891 cohort. (F) Correlation between LGALS3BP expression and ImmuneScore and

tumor purity in the GSE9891 cohort

with myeloid cells. Additionally, ANXA1-FPR1 and other
inhibitory ligand-receptor pairings were used by the SER-
PINBI1* tumor cells to mediate the malfunction of T cells
[56, 57]. The fact that SERPINB1* tumor cells interacted
with immune subpopulations more frequently suggests
that ovarian cancer patients with significant SERPINB1*
tumor cell counts may have more complex TMEs and
mediate the TME’s immunological status.

Discussion

Ovarian cancer is a lethal malignancy in gynaecological
diseases and is a complex disease, with a high global inci-
dence of over three million new cases in 2020 and a high
mortality of over two million fatalities [1]. Although the
five-year relative survival rate of early-diagnosed ovar-
ian cancer patients was over 90%, considerable ovarian
cancer patients were diagnosed at an advanced stage and
had worse clinical outcomes [4]. Cytoreductive surgery
combined with platinum chemotherapy is thought to be
the best treatment for patients with advanced ovarian
cancer [5]. However, most patients with ovarian can-
cer who receive first-line platinum treatment develop

platinum-resistant or platinum-refractory recurrent
ovarian cancer [6].

With the in-depth research of tumor ecosystem, the
tumors can be recognized as immune-hot and cold
according to their cellular compositions and immuno-
logical status [58, 59]. Accumulating evidence has proved
that targeting or reprograming the immunological status
of TME can influence therapeutic responses. Exosomes
have recently received a lot of attention in research
because of the various ways in which they mediate the
microenvironment in both healthy and pathological set-
tings by transferring proteins, nucleic acids, and lipids
[9, 10]. Owing to the heterogeneity of cancer cells, exo-
somes or EVs derived from host cancer cells can activate
the receptors or modify the transcriptional expression
in the neighboring cancer cells to alter their biological
characteristics. For instance, breast cancer cells released
exosomes harboring PD-L1, allowing its transfer to other
cancer cells expressing low- or no- PD-L1, promoting
tumor immune evasion [13]. Endometrial cancer cells
secreted the exosomal LGALS3BP, and then triggered
the PI3K/AKT/VEGFA signaling pathway to promote
the proliferation and migration of endometrial cancer
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Fig. 7 Validation of the regulatory role of SERPINB1 in CD8+T cells functions. (A) Representative images uncovering the expression of SERPINBT and CD8
in ovarian cancer tumor tissues. (B) Correlation between SERPINB1 expression and CD8 score in ovarian cancer. (C) Differential expression of SERPINB1 in
immune-desert and immune-enrich tumor samples. ***P<0.001. (D) Transmission electron microscopy. Transmission electron micrographs of purified
exosomes secreted from SKOV3 cells and SKOV3 cells treated with recombinant SERPINB1 protein. Scale bar, 100 nm. (E) Nanoparticle analysis. Concen-
tration and size distribution of nano-sized particles in exosome suspension. (F) Western blot analysis of exosomes isolated from SKOV3 cells and SKOV3
cells treated with recombinant SERPINB1. (G) Activation levels of T cells treated with exosomes isolated from SKOV3 cells and SKOV3 cells treated with
recombinant SERPINB1 protein
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cells in vitro and vivo [60]. Similarly, mutant KRAS, along
with other oncogenes such as EGFR and SRC, can be
transferred by exosomes to recipient colon cancer cells
of wild-type KRAS, promoting tumor invasion [61].
Additionally, TEXs could affect the TME, which is com-
prised of immunological and stromal cells, thus alter-
ing the TME’s pattern of infiltration and impacting
cell activity [62]. The tumor-derived exosomes present
neo-antigens and/or MHC-peptide complexes to prime
and activate T cells by direct presentation and cross-
presentation through DCs, or directly activate NK cells

or macrophages [16, 63, 64]. On the contrary, tumor-
derived exosomes also can contribute to the immunosup-
pressive TME by inhibiting functions of NK and T cells,
blocking DC differentiation, recruiting myeloid-derived
suppressor cells (MDSCs) [65, 66] and stimulating the
M2 polarization of macrophages [67]. Therefore, due to
the double-planedness of exosomes, understanding the
exosome-related pattern of ovarian cancer patients can
reflect the immunological status of TME and guide clini-
cal treatment.
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Therefore, in our study, we aimed to construct the
exosome-related prognostic model to reflect the clinical
outcomes and immunological status of ovarian cancer
patients. By performing multiple bioinformatics analy-
sis at the single-cell and bulk omics, we constructed an
exosome-related prognostic model of four genes. To be
specific, patients in the high-risk score group showed
better clinical outcomes than those with low risk score.
Moreover, the risk score was negatively correlated with
the activities of immunological characteristics. Then, we
chose SERPINBI as the representative biomarker of the
model.

The role of SERPINBI1 has been preliminarily inves-
tigated, but its role in tumors is bidirectional. In oral
cancer, SERPINB1 promotes cell motility and is over-
expressed in invasive oral squamous cell carcinoma
[68]. However, in hepatocellular carcinoma and prostate
cancer, low expression of SERPINBI1 accelerates tumor
progression and is associated with poor prognosis [69,
70]. In our research, high SERPINBI1 expression pre-
dicted well prognosis. In addition, SERPINB1 expression
was positively correlated with the enrichment scores of
immune subpopulations and immune-related signaling
pathways. Furthermore, based on the high-resolution
exploration, we found that SERPINB1* tumor cells com-
municated with the microenvironment subpopulations
frequent than SERPINB1™ tumor cells, further explaining
the potential reason of shaping an inflamed TME. All the
evidence suggests that SERPINB1 may be a tumor sup-
pressor gene in ovarian cancer.

We acknowledge certain limitations of our study. The
first relates to the potential biological regulations of SER-
PINB1 on exosomes in tumor cells. We preliminarily ana-
lyzed the potential correlations between SERPINB1 and
biological interesting molecules as well as potential bio-
markers, and SERPINB1 showed the stronger correlation
with biological interesting molecules (Figure S8), indicat-
ing its activity on regulating exosomes uptake and release
in tumor cells. We do not have relevant experimental
platforms to prove the further roles of SERPINBI, but
have to admit that this requires further research. In addi-
tion, the prognostic value of the established exosome-
related prognostic model needs to be further checked in
more in-house cohorts.

Conclusions

To sum up, based on multiple bioinformatics analyses for
single-cell and bulk omics, we constructed an exosome-
related prognostic model of four genes. Further analy-
sis showed that the risk score was negatively correlated
with the immune infiltration. To be specific, patients with
high-risk score had lower infiltration of immune subpop-
ulations, while those with low-risk score tended to shape
the inflamed TME feature. Subsequently, SERPINBI,
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positively correlated with the favorable OS and nega-
tively with risk score, was chosen as the representative
biomarker of the model. Moreover, SERPINB1 was posi-
tively correlated with the infiltration of immune sub-
populations. Besides, high-resolution analysis found that
SERPINB1" tumor cells communicated with microenvi-
ronment cells frequently, further explaining the potential
reason for shaping an inflamed TME.
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