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Patients with high-grade serous ovarian carcinoma (HGSC) are usually diagnosed with advanced-
stagedisease, and the tumorsoften have immunosuppressive characteristics. Together, these factors
are important for disease progression, drug resistance, and mortality. In this study, we used a
combination of single-cell sequencing and spatial transcriptomics to identify the molecular
mechanisms that lead to immunosuppression in HGSC. Primary tumors consistently showed a more
active immune microenvironment than did omental tumors. In addition, we found that untreated
primary tumors were mostly populated by dysfunctional CD4 and CD8 T cells in later stages of
differentiation; this, in turn, was correlated with expression changes in the interferon α and γ pathways
in epithelial cells, showing that cross-communication between the epithelial and immune
compartments is important for immune suppression in HGSC. These findings could have implications
for the design of clinical trials with immune-modulating drugs.

Ovarian cancer is a heterogeneous disease with multiple histological sub-
types, the most common of which is high-grade serous ovarian carcinoma
(HGSC)1. Patients are usually diagnosed with advanced stage disease2,3 and
often develop resistance to conventional therapy with carboplatin and
paclitaxel4,5, making it the deadliest gynecological malignancy in the United
States and other developed countries6. Despite technological advances,

ovarian cancer is commonly detected when the disease has already spread
widely in the abdominal cavity. Ovarian cancer has a tropism for adipose-
rich tissues such as the omentum7,8 and often causes large volumes of
ascites9. Epithelial ovarian tumors have been shown to be rich in CD8+
lymphocytes, which infiltrate both primary and omental tumor sites; in
recent years, several prominent studies have highlighted a positive
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association between the presence of these immune cells and favorable
prognosis10,11. Nonetheless, clinical trials of immune checkpoint inhibitors
have so far shown unsatisfactory results in ovarian cancer, with a clinical
benefit reported in less than 15% of patients12–17. Thus, deciphering the
complexity of the immunosuppressive tumormicroenvironment (TME) in
ovarian cancer represents an important unmet need.

The complexity of the HGSC TME, its high level of heterogeneity, and
its immunosuppressive characteristics18–20 are important factors in disease
evolution, disease progression, drug resistance, and mortality, thereby
representing one of the biggest challenges in cancer therapy21. While some
meaningful attempts to decipher the heterogeneity of HGSC have been
made22–30, overcoming its aggressiveness requires a deeper understanding of
its molecular features. Our aim was to identify the molecular mechanisms
that could lead to immune suppression inprimaryandmetastaticHGSC.To
achieve this aim, we used in-depth single-cell RNA sequencing (scRNA-
Seq) to determine the molecular characteristics of primary tumors and
metastatic omental tumors and of treated and untreated tumors. We found
notable differences in immune cell composition and activation status
between both comparison groups.

Results
Landscape of tissue sample characteristics and single-cell
transcriptome data
To determine the cellular heterogeneity and architecture of HGSC, 19
patients with advanced HGSC and 1 healthy control individual were
enrolled in this study. In total, 28 tumor samples and 1 healthy ovary were
obtained (Fig. 1A; Table 1). Six patients with HGSC were treated with
carboplatin and paclitaxel and the samples were obtained during interval
tumor reductive surgery (Supplementary Fig. 1A). The other patients had
not been treated when the samples were acquired. Patients’ clinical and
histopathological characteristics are summarized in Table 1. CD45+ and
CD45- cells were collected from 9 patients with HGSC by fluorescence-
activated cell sorting (FACS) to characterize immune features and
dynamics. The transcriptomes of individual cells were obtained by scRNA-
seq via a droplet-based 10× Genomics platform.

Cellular heterogeneity of primary and metastatic HGSC
After initial quality filtering, 100,480 cells passed quality control and were
included in subsequent analyses. Batch effects were assessed and corrected
using Batch Balance KNN (BBKNN)31. Six major cell types were identified
(Fig. 1B, C; Supplementary Fig. 1B–E); eachwas observed across all patients
(Fig. 1D). A multistep approach was then applied to distinguish malignant
cells (see Methods). As expected, these epithelial tumor cells were clustered
by patient, irrespective of tissue type, treatment, or tumor location (Fig. 2A
and Supplementary Fig. 2A). This finding demonstrates that epithelial cells
exhibit not only intrapatient but also interpatient heterogeneity; only a few
patients showed more than 1 identifiable epithelial cell cluster. Next,
unsupervised cell clusteringwas carried out on epithelial cancer cells. A total
of 21,144 cells were divided into 20 unique clusters. Often, single patients
presented a single dominant cluster of epithelial cells; in 3 cases,more than 1
cluster was recognizable (Fig. 2A).

HGSC is well-known to have widespread copy number variations
(CNVs). We used this feature to identify tumor epithelial cells. We
inferred the CNV profiles using inferCNV (https://github.com/
broadinstitute/inferCNV). All HGSC samples bore several genomic
rearrangements (Fig. 2B). Primary untreated tumors bore major dele-
tions on chromosomes 6 and 11, whereas primary tumors that had been
treated with neoadjuvant chemotherapy (NACT) had major gains on
chromosomes 6 and 11 (Supplementary Fig. 2B). Of note, chromosome
6 is known to contain human leukocyte antigen (HLA) genes32, whose
expression could be affected by the presence of CNVs. To further
investigate the impact of HLA gene expression, we performed a CNV
analysis of specific HLA regions (Supplementary Fig. 3A). Multiple
untreated primary tissues had deletions in several HLA genes. These
rearrangements of the HLA regions in the epithelial cell compartment

might have a role in the immune regulatory functions of the epithelial
compartment of HGSC tumors.

A CNV analysis also revealed a high degree of inter-patient hetero-
geneity. Four patient tissue samples had multiple subpopulations of cancer
cellswithCNVs across chromosomes (Fig. 2B). In 1 patient (Pt_10; Fig. 2C),
the CNV analysis showed 2 clusters of epithelial cells, 1 with a higher (C1)
and 1 with a lower (C2) CNV score; this mirrored the transcriptomics
analysis of the same sample, which identified 2 different populations of
epithelial cells (Fig. 2D). To correlate the presence of CNVs with the degree
of cell differentiation, we computedCytoTRACE33 scores of clusters C1 and
C2. C2 exhibited a lower CNV score and higher CytoTRACE score, indi-
cating that this population was more differentiated than C1 (Fig. 2E).

To further understand the differentiation trajectory, we performed a
pseudotime analysis (Fig. 2F), which showed that C1 and C2 separated into
divergent populations, forming 3 major branches of differentiation. We
performed differential expression analysis to identify the differentially
expressed genes (DEGs) between these clusters. In C1, there was marked
upregulation of DAPL1 (death-associated protein like 1) (Supplementary
Fig. 2C), upregulation of the inflammatory response pathway, and down-
regulation of the G2/M checkpoint pathway (Supplementary Fig. 2D).
Interestingly, using The CancerGenomeAtlas database, we found that high
expression ofDAPL1was associatedwith higher overall survival (p = 0.038)
in patients with ovarian cancer.

Since the high-CNV score (C1) population also exhibited down-
regulated G2/M checkpoint pathway, we determined whether the expres-
sion of proliferation-associated genes was associated with the CNVpattern.
Therefore, wemeasured the expression ofMKI67,TOP2A,TYMS, STMN1,
and TUBB, which are all involved in cell proliferation, and observed
increased expression of these genes in the C2 population, indicative of a
higher proliferative capacity (Supplementary Fig. 2E). Next, we applied the
monocle pipeline34–36 to infer thedifferentiation trajectories of epithelial cells
from single-cell data. For example, in patient Pt_10 described above, we can
infer a trajectory in which the C2 populations differentiated into C1
populations, indicating that the C1 population was a subclone of C2 with
accumulation of CNVs (Fig. 2E).

We next performed a pathway enrichment analysis (ssGSEA) to shed
light on the differences between primary and metastatic tumors and
between treated and untreated tumors (Fig. 2G–J). The major differences
between primary and omentum tumors included enrichment of the
epithelial-mesenchymal transition (EMT) and angiogenesis pathways and
decrease in the interferon (IFN)α and IFNγ responsepathways in omentum
tumors (Fig. 2G). This finding was also validated using additional datasets
(GSE180661 and GSE165897) (Supplementary Fig. 4A). The same trend of
pathways was observed for treated primary tumors versus all omentum
tumors as for primary versus omentum tumors (Fig. 2H). Moreover, IFNα
and IFNγ response pathways and inflammatory response pathways were
upregulated inNACT-treatedprimary tumors comparedwith theuntreated
primary tumors in which G2M checkpoint, TGF-β signaling, and EMT
pathways were downregulated (Fig. 2I). Similarly, a comparison of
untreated and NACT-treated omentum tissues revealed that the genes
associated with EMT, TGF-β signaling, and WNT-β-catenin signaling
pathways were enriched in NACT-treated tissues, and the reactive oxygen
species pathway, oxidative phosphorylation, apoptosis pathways, and IFNγ
responseweredownregulated (Fig. 2J). Together, these data indicate that the
epithelial compartment of different tumor sites has marked differences in
IFNγ and α, which could explain variable responses to specific treatments
such as immune therapies. All of the enriched pathways are presented in
Supplementary Tables 1–4.

Cellular heterogeneity of primary andmetastatic HGSC: immune
compartment
Wenext examined the immunemicroenvironment ofHSGC. First, we used
a graph-based clustering method to identify immune cell states in a total of
36 subclusters: B and plasma cells (6 subclusters), T cells and natural killer
cells (19 subclusters), and myeloid cells (11 subclusters). Among the
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myeloid populations, we identified 4 subclusters of macrophages, 4 sub-
clusters of dendritic cells, 1 subcluster of monocytes, and 2 subclusters of
proliferative myeloid cells (Fig. 3A). Themajor cell types were identified on
the basis of canonical lineage markers (Supplementary Fig. 1B–E).

We identified 6 distinct states of B cells, according to gene expression
markers37. Plasma cells were identified according to their expression of
CD79A, MZB1, and JCHAIN, and 2 subpopulations were subsequently
defined, Plasma_C1 and Plasma_C2. Thememory B cells were divided into

Fig. 1 | Schematic workflow and single-cell analysis of major cell types across
HGSC specimens. A Schematic workflow. A total of 19 freshly resected HGSC
specimens were collected. Samples were processed using 10X genomic Chromium
Single cell 3' v3. Created with BioRender.com using data contained elsewhere in the

paper. B UMAP visualization of major cell types that were used for the subsequent
analysis by cell type, tissue type, treatment, and tissue sample (patients). C UMAP
visualization of the lineage canonical marker.D Cell count (up) and cell percentage
(down) of the major cell types for each sample analyzed.
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non-switched and switchedmemoryB cells.We also identified a population
of naive B cells and a proliferative population characterized by MKI67
expression. The proportions of these cells varied across tissue type and
treatment status (Fig. 3B). Plasma B cells were enriched in primary tumor
tissues (p-value not significant). Plasma_C2 cells were enriched in untreated
tissues while IL1RN-expressing macrophages were enriched in untreated
primary tissues andNACT-treated omentum tissues (Fig. 3B). Interestingly,
non-switched memory B cells were mainly enriched in omental tumors,
while switchedmemory B cells were enriched in primary tumors. Themost
striking differences (p < 0.05) were observed between primary untreated
tumor tissues andother groups.As shown inFig. 3C, non-switchedmemory
B cells were significantly enriched in omental tissues (p = 0.014). These cells
are known to play an important role in lasting long-term immunity, but
their precise role in theTMEremains unclear. Some studies have shown that
non-switched memory B cells have low PD-1 expression but high PD-L1
expression, making these cells a potential target for immune checkpoint
blockade.

Next, we analyzed NK and T cells. The UMAP representation shows
distinct clusters and subgroups in the different cell types (Fig. 3A). We
identified two populations of NK cells, one characterized by the presence of
GNLY and the other identified by CD16 expression. CD16 NK cells were
more frequent in normal and omentum tissues, while GNLYNK cells were
mainly observed in untreated omental tumor tissues (Fig. 3B).

We then focused onT cells, whichwere identified by canonicalmarker
genes38. Within the CD4 T-cell cluster, we identified the following sub-
clusters: naïve T cells, follicular helper T cells, exhausted T cells, active
T cells, and regulatory T cells (Fig. 3A). Untreated primary tumors showed
enrichment ofCXCR13 exhaustedTcells (p = 0.036) (Fig. 3C).AmongCD8
T cells, we identified CD8 resident memory T cells, active T cells, effector
T cells, effector memory T cells, exhausted T cells, and 2 populations of
proliferative T cells. A statistical analysis showed that CD8 effector T cells
were enriched in untreated omentum tumor tissues (p = 0.013) (Fig. 3C),
while CD8GZMK effectormemory T cells were enriched inNACT-treated

primary tissues (p = 0.03) (Fig. 3C). Interestingly, both populations of
proliferative T cells (Prolif_STMN1 and Prolif_MKI67) were enriched in
untreated primary tissues (p = 0.008 and p = 0.039, respectively) (Fig. 3C).

We identified 11 distinct clusters of myeloid cells: macrophages
(Macro_C1QC, Macro_MACRO, Macro_IL1RN, and Macro_CTSK),
dendritic cells (cDC2_CD1C, pDC_LILRA4, cDC3_LAMP3, and
cDC1_CLEC9A), monocytes (mono_FCN1), and two populations of pro-
liferative myeloid cells characterized by PCNA and MKI67 (Fig. 3A).

We examined the relative abundance of these immune cells and
observed that our tissue samples were distributed in 3 ecotypes (the normal
tissueswere considered a separate ecotype),which exhibited clear tissue type
preferences (Fig. 3E). The tissue enrichment for each ecotype was based on
the ratio of observed to expected cell numbers in each cluster (Ro/e). One
cluster, which contained only untreated primary tumors, was highly enri-
ched in lymphoid cells, where active and exhausted T cells are observed,
indicating a more active immune environment. The second cluster was
composed of mixed primary and metastatic and treated and untreated
tissues andwas enriched inmyeloid cells. The third clustermainly consisted
of NACT-treated tissues and was characterized by the enrichment of early-
active lymphoid cells. The mixture of tumor sites and treatment statuses in
the second cluster likely encompasses the heterogeneity of HGSC. These
data clearly showdistinct niches for immune cells and their correlationwith
specific locations or treatment conditions,whereweobservedenrichment of
CD4 and CD8 exhausted T cells in untreated primary tumors, the same
group where we observed changes in the IFNγ and IFNα pathways in the
epithelial compartment. To validate these findings, we used 2 other datasets
(GSE180661 and GSE165897), and we observed that primary untreated
tissues showed an enrichment for active and exhausted T cells, demon-
strating that the pattern observed in our initial analysis also is characteristic
of other datasets (Supplementary Fig. 3B).

Lastly, we correlated the cell types that were statistically significantly
different between tumor sites with overall survival (Fig. 3D). The high
proportions of non-switched memory B cells (p = 0.048), CD8 T effector
cells (p = 0.0075), and active T CD8 cells (p = 0.039) were correlated with a
decrease in overall survival, while highproportions of T exhaustedCD4 cells
(p = 0.0097)were correlatedwith better overall survival. These data could be
explained by the presence of exhaustion markers, which are also indicative
of the pre-existing functions of these cells, leading to better overall survival.

T-cell trajectory and function in HGSCs
The composition of primary untreated tumors is highly enriched in lym-
phoid cells in a late or exhausted stage of differentiation. This finding was
corroborated by the results of our analysis of T-cell trajectories; both CD8
and CD4 T cells were present at different degrees of differentiation in
primary untreated tumors (Fig. 4A, B). On the other hand, treated tumors
(primary or omental) had an immune infiltrate that was marked by lym-
phoid cells in earlier stages of differentiation, such as naïve, centralmemory,
and effectormemory cells .Owing to the observation that primaryuntreated
tumors are populated by a highly immunosuppressive TME,we inferred the
degree of T-cell functionality using an analysis previously described by Li
et al.39 Interestingly, we observed that T-cell functionality was clustered
according to tissue location and treatment status. The cytotoxicity score,
which was based on the expression of FGFBP2 and 30 correlated genes39,
was lowest in the immune clusters of primary untreated tumors. In contrast,
omental tumors (independent of treatment status) showed a higher cyto-
toxicity score (Fig. 4C).

Finally, we measured T-cell dysfunction (Fig. 4D) by analyzing the
expression of a gene module that included LAG3 and 30 other genes, and
measured the T-reg scores (Fig. 4E) by use of a gene module including
IL2RA and 29 other genes that are correlated with it. Contrary to the
cytotoxicity analysis, primary untreated tumors had the highest scores for
both dysfunction and T-regs. Moreover, the omentum tissues all clustered
together, independent of treatment status. NACT did not lead to a clear
difference in cell states, as the tissue location did. The cytotoxicity, T-cell
dysfunction, and T-reg scores were largely shared by all CD8 and CD4 cell

Table 1 | Clinical information on the patients included in
the study

Location Patient ID Treatment status Stage Age, years

Primary Pt1 Untreated IIIC 46

Pt2 Untreated IIIA1 73

Pt3 Untreated IIIA1ii 49

Pt4 Untreated IIIB 75

Pt5 Post NACT IIIC 76

Pt6 Untreated IIIB 56

Pt7 Untreated IIIC 58

Pt8 Untreated IIB 33

Pt9 Untreated IIB 70

Pt10 Untreated IIIB 52

Pt11 Post NACT IIIB 44

Pt12 Untreated IIIA1 65

Pt13 Untreated IIB 66

Pt14 Post NACT IVB 56

Omentum Pt15 Post NACT IIIB 67

Pt16 Post NACT IIIC 67

Pt17 Post NACT IIIC 65

Pt18 Untreated IIIB 60

Pt19 Untreated IIIC 74

Normal (ovary) Normal Untreated 56

NACT Neoadjuvant chemotherapy.
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Fig. 2 | Characterization of epithelial cell heterogeneity across patients, tissue
type, and treatments. A UMAP visualization of epithelial cells by clusters and
samples (patients). B CNV profiles using InferCNV to distinguish cancer cells from
normal epithelial cells. The color-coded bars indicate sample, cluster, treatment,
tissue type, and InferCNV prediction. C CNV profile of patient Pt_10 using
InferCNV to distinguish subclusters of epithelial cells on the basis of their CNV
characteristics. The color-coded bars indicate cluster (C1 and C2), treatment
(untreated), and tissue type (primary).DUMAP visualization of C1 and C2 shows a

clear distinction on the basis of CNV inference. E UMAP visualization of the
CytoTrace score of patient Pt_10, showing C2 as a more differentiated cluster.
F Pseudotime trajectory of the cancer cells from patient Pt_10. Pseudotime was
colored in a gradient from dark to light blue. The start of pseudotime is indicated by
dark blue and the end by light blue. ssGSEA of (G) omentum versus primary tumor
tissues, H omentum versus primary treated tumor tissues, I primary untreated
tumors versus primary NACT-treated tumors, and J NACT-treated versus
untreated omentum tumors.

https://doi.org/10.1038/s41698-025-00818-8 Article

npj Precision Oncology |           (2025) 9:120 5

www.nature.com/npjprecisiononcology


Fig. 3 | Immune cell composition, distribution, and correlation with survival
across HGSC patient groups. A UMAP of immune cells from all patients, dis-
tributed by cell type: B cells, T cells, natural killer cells (lymphoid cells), andmyeloid
cells.B Immune cell distribution across all patients. Top: immune cell type by group;
Bottom: tissue distribution of immune cells by Ro/e analysis in different groups.

C Immune cell proportion of each group of patients showed statistically significantly
different proportions between groups. D Correlation between immune cell pro-
portion and overall survival of patients withHGSC. E Ecotypes (relative abundance)
of immune cell types by cancer type and treatment.
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subtypes,with fewexceptions.Together, ourfindingsonT-cell differentiation
trajectories show that primary and omentum tissues are distinct niches for
immune cells, with the primary site exhibiting considerably more immune-
cell dysfunction than the omentum, according to what was demonstrated
previously in the ecotype analysis. These findings could be useful for
designing and planning immunomodulating treatments for HGSC.

Spatial analysis of the TME
To examine the crosstalk between distinct epithelial and immune com-
partments, we performed spatial transcriptomic analyses; the data were
analyzed using the Visium platform on a subset of samples included in the
single cell analysis. Specifically, we explored the relationship between the
IFNα pathway in the epithelial compartment and sites of enrichedCD8 cells
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treatment and tissue type. Differentiation trajectory analysis of A CD8 T cells and
B CD4 T cells projecting the expression of multiple cell types representing different

stages of differentiation. Inference of T cell functionality based on gene expression
modules for C T cell cytotoxicity,D T cell dysfunction, and E T-reg scores, showing
clustering by tissue type and treatment.
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using the TESLA pipeline. Table 2 shows the tissues used for Visium
according to the original single cell data set.

As shown inFig. 5,we examined the expressionofCD8Tcells in tumor
areas alongwith the IFNα and IFNγ response pathways. The IFNα pathway
was largely found in areas of close contact between CD8 cells and epithelial
cells, although not all areas with CD8 and epithelial cells necessarily
demonstrated an IFNα response. The same trend was observed for IFNγ
response but with a much larger expression of IFNγ response detected in
areas that matched the epithelial areas. Similar patterns were observed in
multiple tumors. The results of this analysis point to the importance of close
contact between specific cells, in this case, CD8 and epithelial cells to spur
increased expression of immune-related pathways, such as IFNα response.

Due to this interesting correlation, we checked the correlation of IFN
pathways and survival. The TCGA cohort showed a significant association
between the Interferon gamma and Interferon alpha signature and overall
survival in the ovarian cancer dataset (Supplementary Figs. 4B, C).

Cellular heterogeneity of primary and metastatic HGSC: stromal
compartment
In the stromal compartment, there were limited endothelial cells, cancer-
associated fibroblasts (CAFs), and “normal” fibroblasts. TheCAFs included
1 cluster of inflammatory CAFs, defined by α-SMAlow and IL-6high, and 2
populations of myofibroblastic CAFs (myCAFs), defined by α-SMAhigh and
IL-6low (Supplementary Fig. 5A). The canonical markers used to define the
populations are shown in Supplementary Fig. 5B. Statistically, there was no
difference in the percentages of different CAF subgroups on the basis of the
tumor location or treatment status (Supplementary Fig. 5C). A comparison
between gene expression in inflammatory CAFs and myCAFs showed a
marked enrichment of genes mapping to EMT, TNFα signaling and NFκβ
pathways in inflammatory CAFs, while enrichment of metabolic pathways,
such as fatty acid metabolism, reactive oxygen species metabolism, and
oxidative phosphorylation was detected in myCAFs (Supplementary
Fig. 5D).

Discussion
In this study, we used an innovative combination of single-cell sequencing
and spatial transcriptomics to identify the immunecell landscape inprimary
and omental HGSC patient tissue samples. We found several notable dif-
ferences. Primary tumors consistently showed a more active immune
microenvironment than did omental tumors. In addition, while several
immune cell subtypes were present in all samples, their relative abundance
differed by tumor type. Finally, we also identified differences in immune cell
differentiation and functionality; primary tumorsweremostly populated by
dysfunctional CD4 and CD8 T cells in later stages of differentiation, while
omental tumors were mostly populated by naïve immune cells.

Fig. 5 | Co-mapping of CD8 T cells, epithelial areas, and IFNα and γ pathways
using spatial transcriptomics (Visium, 10X Genomics). Representative tissue
sections from threeHGSCpatients (Pt_12_OM, Pt_19_P, andPt_19_OM), showing
co-localization of CD8T cells, tumor areas, and interferon signaling pathways (IFNα

and IFNγ). Red areas indicate regions of high expression. Each row corresponds to a
different patient sample, and each column displays the spatial distribution of one
feature, demonstrating spatial relationships between immune infiltration, tumor
regions, and interferon pathway activation.

Table 2 | Patient tissue samples used for spatial
transcriptomics

Analysis performed

Patient ID Location SC-RNASeq Spatial transcriptomics

Pt2_P Ovary X X

Pt2_OM Omentum X

Pt3_P Ovary X X

Pt6_P Ovary X X

Pt12_OM Omentum X X

Pt17_P Ovary X

Pt17_OM Omentum X X

Pt18_P Ovary X

Pt18_OM Omentum X X

Pt19_P Ovary X X

Pt19_OM Omentum X

P Primary, OM omentum.

https://doi.org/10.1038/s41698-025-00818-8 Article

npj Precision Oncology |           (2025) 9:120 8

www.nature.com/npjprecisiononcology


In addition to the interpatient and intrapatient heterogeneity in CNV
patterns, we showed how they differed by tumor site and treatment status.
We compared epithelial cells in untreated primary tumors and omental
metastases and found differences in IFNα and γ. Nonetheless, we identified
distinct clustering patterns of immune cells in treated versus untreated
tissues and in primary versus omental tissues. Our analysis also uncovered
that primary untreated HGSCs were populated by exhausted T cells and
epithelial cells, with activation of multiple immune-related pathways. In
contrast, treated omental tumors were populated by T cells in earlier stages
of differentiation, such as naïve T cells, central memory T cells, and effector
memory T cells. The relationship between the epithelial and immune
compartments suggests that immunotherapy could be effective against
primary tumors in untreated patients.

An interestingfinding in our analysis is the enrichment of genes related
to the IFNα response pathway across tumor sites and treatment statuses in
both epithelial and immune compartments. The IFN response pathways,
when activated, mediate the expression of IFNs by immune cells. These
pathways are an expression of the tight communication between multiple
parts of the TME. The importance of the IFN signature for immune sup-
pression has also been explored in other cancer types, such as melanoma,
where the IFN-γ signature was shown to be important for determining the
efficacy of immune checkpoint inhibitors.Other enriched signatures such as
EMT, also have been correlatedwith immune suppression in ovarian cancer
and melanoma. Interferon (IFN) signature is an important marker of
increased IFNactivity and is associatedwith various regulatorymechanisms
across a range of diseases40,41. Type I IFNs trigger the expression of a wide
array of interferon-stimulated genes (ISGs), which constitute the core of this
signature42. In cancer, the IFN signature has a dual function, either sup-
porting or hindering tumor progression, depending on the regulatory
pathways involved and the tumor microenvironment. IFN signaling in
tumors is complex and context dependent. While it can enhance immune
surveillance and anti-tumor responses by increasing antigen presentation
and stimulating cytotoxic T cells, prolonged IFN signaling can lead to
immune suppression, enabling the tumor to evade immune detection.

While previous reports describing the immune microenvironment in
ovarian cancer focused on the abundance of immune cells and their stromal
or epithelial localization mainly in treatment naïve tissues43, our study
provides a deeper understanding of the activity of these cells. To our
knowledge, this is the first study to report a clear difference in the activation
status of the immune cells populating untreated versus treated primary
tumors, which was validated by using other datasets. Previous studies
focusing on the immune microenvironment in HGSC identified the pre-
sence of exhausted immune cells as the cause of its poor sensitivity to
immune-modulating agents; our data build on these findings by showing
that it is specifically untreated primaryHGSC that shows increased immune
exhaustion, whileNACT-treated tumors have immune cells in earlier stages
of differentiation with higher immune-active potential. The differentiation
stage of T cells in HGSC could significantly influence their cytotoxicity and
dysfunction, impacting the effectiveness of immunomodulating treatments.
In our study, T cells of untreated tumorswere oftenmore exhausted and less
cytotoxic, which suggests that therapies such as checkpoint inhibitors tar-
geting T cell exhaustion may be more effective in an upfront setting. Con-
versely, in treated tumors, T cells tend to be in earlier differentiation stages
with higher immune activity, indicating that combining checkpoint inhi-
bitors with other immunotherapies could further enhance their response.
These differences highlight the potential for personalized immunotherapy
strategies based on T cell differentiation status, optimizing treatment out-
comes for patients withHGSC. These findings could have an impact on the
timing and choice of immune-modulating drugs.

Our work underlines the importance of understanding the hetero-
geneity of cancer cells, whose behavior can differ even in the same tumor
niche. Moreover, it suggests that external factors such as chemotherapy or
surgery could affect the fundamental genetic programs in the cells com-
posing the TME, which in turn modulates tumors’ sensitivity to additional
treatments.

While our study demonstrates how single-cell gene expression pro-
filing of clinical samples can uncover possible mechanisms of immune
suppression and support the idea of site-specific immune suppression in
ovarian cancer, additional analysis with larger number of samples per site
may be needed. Further translational studies are needed to test the
hypotheses generated here and to determine in a preclinical setting the
mechanisms to guide the use of immune therapies in ovarian cancermodels.

In conclusion, distinct intrinsic (e.g., tumor site) or extrinsic (e.g.,
treatment) factors determine the composition of specific immune niches in
HGSC. We hope that additional studies like ours will dissect the hetero-
geneity of the ovarian cancerTMEandguide treatments aimedat increasing
overall survival and quality of life of patients affected by this malignancy.

Methods
Patient samples
HGSC surgical samples of primary and metastatic sites from 19 patients
were collected under a protocol approved by the Institutional ReviewBoard,
and all patients providedwritten informed consent.We have compliedwith
all ethical regulations, including the Declaration of Helsinki. The fresh tis-
sues were obtained from the MD Anderson Gynecologic Tumor Bank, the
Women’s Health Integrated Research Center for the Gynecologic Cancer
Center of Excellence Program and the INOVA Health System, and the
Stephenson Cancer Center at the University of Oklahoma.

Sample collection and tissue dissociation
HGSC surgical samples were collected during surgery. The samples were
kept in Dulbecco’s modified Eagle’s medium (DMEM) during transporta-
tion and prior to dissociation. Accumax cell detachment solution (StemCell
Technologies, cat# 07921) was used for tissue dissociation. Briefly, tissues
were rinsed with phosphate-buffered saline (PBS) and then minced. Next,
the tissue was incubated in Accumax at 37 °C until partially dissociated, no
longer than 15min. Samples were passed through a 70-μm filter and cen-
trifuged (1500 rpm for 5min). After centrifugation, cells were frozen with a
freezingmedium containing 90% fetal bovine serum (FBS) and 10%DMSO
and stored at −80 °C.

Cell preparation for single-cell profiling
The stored samples were retrieved right before processing. Tomaximize the
recovery of viable cells, the complete medium (DMEM supplemented with
10%FBS)waswarmed ina37 °C incubator.Cellswere thengently thawed in
a water bath at 37 °C, transferred to 10mL of medium, and centrifuged (at
450 × g for 5min). After removal of the supernatant, the cell pellet was
washed once with 10mL PBS and then centrifuged (1500 rpm for 5min).

To prepare cells for flow cytometry, cells were resuspended in FACS
buffer (PBS supplemented with 5% FBS) and blocked using Human BD Fc
Block (BD Bioscience, cat# 564219) for 30min. To determine cell viability,
cells were stained with LIVE/DEAD fixable aqua dead cell stain (Thermo-
Fisher, cat# L34957). To sort CD45+ andCD45- cell populations, cells were
incubated for 30minwith anAPCanti-humanCD45 antibody (BioLegend,
cat# 368511). After incubation, cells were washed and resuspended with
FACS buffer and filtered through a 35-μmstrainer (BDFalcon 5mL round-
bottom tubeswith cell strainer cap) to eliminate cell clumps. Cells were then
sorted using a BD FACSAria Fusion flow cytometer.

Single-cell RNA sequencing
Sorted cells were washed with PBS and suspended in PBS containing 0.04%
bovine serum albumin (BSA). Cells were double-checked for viability and
cell number by using a Countess II FL automated cell counter (Thermo
Fisher) and a microscope. All cells were diluted to a concentration of
500–1000 cells/μL in PBS/0.04% BSA before use.

Single cells were captured using the 10X Genomics controller
according to the bead types and chip used for the experiments. The 10X
Genomics Chromium Single Cell 3′ Next GEM library and gel bead kit v3
(cat# 1000075) and Chromium Chip B single cell kit (cat# 1000073) were
used to capture cells on the controller. The cell recovery target was from
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5000 to 10,000 cells. Captured cells were then subjected to gel-beads-in-
emulsion–reverse transcription (GEM-RT), cDNA amplification, and
purification according to the 10X Genomics protocol. Cleanup cDNA was
checked via a TapeStation automated electrophoresis platform (Agilent
4200) using high-sensitivity D5000 reagents (cat# 5067-5593) for cDNA
traces. The library was generated using 25% of the cDNA by using the
Chromium i7 multiplex kit (cat #120262) to identify each sample.

The library was cleaned up using AMPure beads, and quality control
was again conducted with TapeStation D1000 tapes (cat# 5067-5583). Esti-
mated concentration of library wasmeasured by a TecanQubit fluorometer.

Samples were then diluted to 10 nM. Quantitative PCR (qPCR) was
performed for the concentration of the library. Ten libraries were pooled to
give a final concentration of 10 nM. The pooled samples were again ana-
lyzed by qPCR at the final concentration before submission for sequencing,
which was performed by the Advanced Technology Genomics Core facility
atMDAndersonwith aNovaSeq6000 S2 sequencer, using 28 cycles for read
1, 8 cycles for the i7 index, and 91 cycles for read 2. Sequence data were then
analyzed using the 10X Genomics Cell Ranger 3.1 pipeline. QC and Fastq
files were obtained and checked to verify the quality of the data. Fastq files
were used for further analyses.

Single-cell RNA-Seq data processing
The Cell Ranger toolkit (version 3.1.0) from 10x Genomics was applied to
aggregate rawdata,filter low-quality reads, align reads to a human reference
genome (GRCh38), assign cell barcodes, and generate the uniquemolecular
identifier (UMI) matrix. A Python-based toolkit, Scanpy (version 2.3.4)44,
was used for analyzing the scRNA-Seq data. Specifically, the raw UMI
matrix was processed to filter out genes detected in fewer than 3 cells and
cells with fewer than 200 genes. We further quantified the number of genes
and the UMI count for each cell and kept high-quality cells with thresholds
of more than 1000 UMIs, 500 to 5500 genes, and less than 15% mito-
chondrial genes to ensure that most of the heterogeneous cell types were
included in downstream analyses. Scrublet45 was then applied to each
sequencing library to remove potential doublets, with an expected doublet
rate of 6%, and cellswith adoubletScore above the 90%quantilewerefiltered
out. The normalized expression matrix was calculated based on the raw
UMI counts after normalizing total counts per cell (library size) and then
scaled by 1e6 and logarithmically transformed.

Dimension reduction and unsupervised clustering for scRNA-
Seq data
Dimension reduction and unsupervised clustering were performed
according to the standardworkflow in Scanpy44. Briefly, the top 3000 highly
variable genes (HVGs) were detected using dispersion-based methods,
where the normalized dispersion is obtained by scaling with the mean and
standard deviation of the dispersions for genes falling into a given bin46.
Unwanted sources of variation, including total gene counts, percentages of
mitochondrial gene counts, and heat shock protein (HSP)-related gene
counts, were further regressed out from thenormalized expressionmatrices.
principal component analysis (PCA) was performed on the variable gene
matrix to reduce noise, and the top 50 components were used for down-
stream analyses. To correct the batch effects from different patients, we
applied BBKNN to generate a batch-balanced k nearest-neighbor (KNN)
graph,which identifies the topneighbors of eachcell in eachbatchseparately
instead of the entire cell pool31. Then, The Leiden algorithm was applied to
these nearest-neighbor graphs to detect communities andfind cell clusters47.
Of note, the same principal components were also used for nonlinear
dimension reduction to generate the UMAP for visualization.

After the first round of unsupervised clustering, we annotated each cell
cluster according to canonical immunecellmarkers and identified themajor
immune cell types, including T cells, NK cells, B/plasma cells, myeloid cells,
and stromal cells37,38,46,48–50. To obtain the high-resolution map of each cell
type, the second-round subclustering procedure was the same as the first-
round clustering, but used the filtered UMImatrix from the first round and
was conducted by using methods from the R package “Seurat.” We then

identified HVGs (n = 2000), calculated the PCA matrix, corrected batch
effects with ‘RunHarmony’ from the R package “Harmony,” detected cell
clusters with the “FindClusters” algorithm, and performed dimensionality
reduction for visualization by using “RunUMAP.” Marker genes were
detected using the “FindAllMarkers” function with parameters of method
“Wilcoxon.”

Tissue enrichment and time-point distribution analysis
Toquantify the enrichment of immune cell types across different conditions
of sample collection, we compared the observed and expected cell numbers
for each cluster in each condition according to the following formula, as we
previously described49,51:Ro/e =Observed/Expected, where the expected cell
numbers of immune cell clusters in a given tissue or at a given time point
were calculated by the chi-square test. We assumed that one cluster was
enriched in a specific tissue or at a specific time point if Ro/e > 1.

Cell function and trajectory analyses
To identify differences in cell function in different areas, the single-sample
gene set enrichment analysis (ssGSEA) algorithm in the gene set variation
analysis (GSVA)52 package was used to evaluate the activity of different
pathways (from the Molecular Signatures Database [MsigDB])53,54 in each
cell, and the ssGSEA score was used to reflect the activation or inhibition of
the pathway in each cell. The method “scVelo” was used to reconstruct the
development and differentiation trajectories of immune cells55.

Survival analysis
The Cox proportional hazards model implemented in the R package “sur-
vival” was used to perform survival analyses. The mean percentage of each
cell type among the patients was used as the threshold to classify patients
into 2 groups. The multivariate survival analysis was performed by cor-
recting for the effects of other clinical factors, including treatment status,
tumor stage, and patient age.

Statistical methods
Differentially expressed genes (DEGs) were defined as genes with cutoffs of
min.pct = 0.1, logfc.threshold >1 and adj.p < 0.05. The ssGSEA scores were
compared between the 2 groups by using the R package “limma.” The
pathways with adj.p < 0.05 were considered as significantly different
between the 2 groups. Box plots, violin plots, and histograms in the
“ggplot2” (ggplot2: Elegant Graphics for Data Analysis) package were used
for visualization. All statistical analyses were performed using Python
(version 3.8.5) and R (version 3.6.1).

Data availability
The single-cell RNA sequencing data generated in this study have been
submitted to the European Genome-Phenome Archive (EGA) and will be
publicly available at EGAD50000000057 upon publication of this
manuscript.
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