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7.1  Introduction

Ovarian cancer (OC) is the most lethal gyneco-
logic malignancy in the developed world, 
accounting for more than 14,000 estimated new 
deaths in the United States, 2018 [1]. Despite 
improvement in overall survival from 37% to 
46% [2] in the last three decades with the use of 

radical surgery and cytotoxic chemotherapy, the 
mortality rate for patients with advanced ovarian 
cancer, which is greater than 50% [3], continues 
to be a growing concern. The inability to cure and 
halt the progression of this disease has prompted 
researchers to explore the unique cellular and 
molecular characteristics of these tumors in an 
effort to develop tailored treatment for individual 
patients based on molecular phenotyping of these 
tumors [4–7]. Over the past several decades, with 
the use of -omics level technology, we have a 
much better understanding of the molecular com-
plexity of ovarian cancer, including the system-
atic analyses of transcriptome, genome, 
proteome, and epigenome in hundreds of patient 
samples [8–12]. Based on these -omics level 
studies, it has been increasingly recognized that 
ovarian cancer represents a disease that is charac-
terized by cellular heterogeneity caused by mul-
tiple molecular and environmental factors such as 
intratumor evolution, cellular plasticity, and mul-
tiple sources of stochastic variability [13]. 
Profound chromosomal instability, which pro-
motes intratumor heterogeneity often portends 
poor prognosis [14] and patients harboring such 
diverse tumor clones have a higher chance of 
relapse [15]. A key challenge in cancer therapeu-
tics is the detection of rare subpopulations of 
cells with clonal diversity and genomic instabil-
ity which can lead to possible drug resistance. 
High-resolution microarrays and next-generation 
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sequencing technologies have rapidly increased 
our understanding of the molecular landscape of 
epithelial ovarian cancers. However, the vast 
majority of these studies perform analysis on 
bulk tissue samples, consisting of thousands to 
millions of cells, and the resulting data represents 
an average of all of these cells. Rare cell subpop-
ulations are often undetectable in these analyses. 
Single-cell sequencing technologies provide 
means for high-resolution molecular phenotyp-
ing of large numbers of individual cancer cells 
and also cancer-associated stromal and immune 
cells and enables detailed characterization of 
intratumor heterogeneity in ovarian cancer 
patients.

This chapter highlights the contributions of 
single-cell RNA sequencing technologies in pos-
sible clinical management of ovarian cancer we 
discuss the challenges and future implications.

7.2  Why Consider scRNA-Seq 
in Ovarian Cancer?

The cancer environment consists of an amalga-
mation of cell types that coordinately result in 
growth and metastasis leading to morbidity in the 
patient. Cancer cells evolve and the cancer envi-
ronment causes changes in supporting stroma, 
vascular machinery, and recruitment of various 
immune cell types. Each cell in this environment 
is bestowed with its unique genome, transcrip-
tome, epigenome, and proteome. Even geneti-
cally identical cells will undergo random 
fluctuations in the mechanisms driving and regu-
lating transcription and translation leading to sto-
chastic gene expression [16, 17]. This underlying 
heterogeneity is evident in ovarian cancer and 
single-cell sequencing analysis now makes it 
possible to study each cell individually at the 
transcriptome level.

Previous attempts to analyze the molecular 
complexity of the tumor environment were based 
on bulk RNA sequencing (RNA-Seq) methods. 
This technique measures aggregate molecular 
abundance of RNA levels across several thou-
sands of cells contained in a cancer biopsy. Lost 
is the information about what types of cells exist 

in the tumor, what genetic structural diversity 
exists, and what functional behavior (e.g., gene 
expression or protein abundance/function) they 
exhibit at the individual cellular level, and what 
interactions they have with the host (e.g., with the 
host immune system). Some of these limitations 
can now be overcome using single-cell RNA 
sequencing (scRNA-Seq), which performs 
transcriptome- wide RNA analysis on several 
thousand individual cells present within the can-
cer microenvironment, with the ability to indi-
vidually interrogate rare cell types from a single 
tumor sample. ScRNA-Seq has emerged as a 
powerful tool to dissect tumor tissues at the 
single- cell level into various cell types and/or cell 
states (Fig. 7.1) enabling a cell-by-cell molecular 
characterization of thousands of cells within a 
tumor specimen thus capable of providing new 
insights into the mechanism of platinum resis-
tance, with the potential to discover new thera-
peutic targets.

7.3  Evolution of RNA 
Sequencing Techniques

The history of single-cell experiments can be 
traced back to the late 1900s when the pioneering 
experiments on cell staining techniques and cyto-
logical methods allowed scientists to directly 
visualize genetic differences on chromosomes in 
single cells. However, these cytogenetic and 
immunostaining methods were limited to mea-
suring targeted genes and proteins and gross 
structural anomalies. Starting in the 1980s, quan-
titative microarray technologies were developed 
for measuring genome-wide DNA and RNA 
information, although these methods suffered 
from certain inherent drawbacks of requiring too 
much input material for single-cell analysis. At 
the same time, PCR technologies were capable of 
amplifying small targeted regions of the genome 
using small sample sizes. In an effort to over-
come these limitations, whole-transcriptome 
amplification (WTA) [18] and whole-genome- 
amplification (WGA) [19, 20] methods were 
developed to amplify genome-wide DNA and 
RNA which was an important milestone in the 
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field of genomics. The next significant milestone 
occurred in 2005 with the development of the 
first next-generation sequencing (NGS) technolo-
gies, which enabled genome-wide sequencing of 
DNA and RNA [21]. It was these pioneering 
studies that opened the gateway to the new field 
of single-cell genomics (Fig. 7.2). The first tran-
scriptomes generated via single-cell RNA 
sequencing (scRNA-seq) were published in 2009, 
when Tang et  al. reported an analysis of the 
mouse blastomere transcriptome at a single-cell 
resolution [22]. Two years later, Navin et al. [23] 
generated the first single-cell genomes from 
breast cancer samples. Since then, a plethora of 
scRNA-seq technologies has been developed, 
providing an unbiased measurement of expres-
sion profiles at a single-cell resolution.

7.4  Basic Framework of Single- 
Cell Isolation Protocols

Each scRNA-seq protocol involves several fun-
damental steps: (1) sample acquisition from 
patient; (2) creation of single-cell suspension; (3) 
cell lysis, mRNA capture, and reverse transcrip-
tion into cDNA; (4) cDNA amplification by PCR; 
(5) sequencing of PCR amplicons; and (6) bioin-
formatic analyses of the sequence data. Capturing 
single cells may seem trivial but capturing these 
cells quickly and accurately with high efficiency 
is one of the main challenges of single-cell 
sequencing.

Several different protocols have been devel-
oped to perform these required steps. Current 
technologies generally require that the cells be 
alive immediately preceding step (3), which 
means that the time required for sample acquisi-
tion and creation of the single-cell suspension 
should be minimized to avoid cell death. Samples 
are normally acquired from freshly obtained 

Fig. 7.1 Bulk RNA versus scRNA-seq genomic analysis: 
scRNA-seq provides the expression profile of individual 
cells whereas conventional bulk sequencing can provide 

only the average expression signal for an ensemble of 
cells, while masking the biologic heterogeneity
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biopsies or waste tissue from debulking surgery 
after clinicopathologic examination. It is helpful 
to have a trained pathologist identify sections of 
the tumor that are free from necrosis. The sample 
to be profiled is dissociated by enzymatic diges-
tion and suspended in a buffer using numerous 
protocols. Cell dissociation can be very challeng-
ing in some cases, as enzymatic treatment of a 
tissue with trypsin or collagenase may impact 
cell viability and incubation time required will 
affect transcriptional activity, potentially adding 
confounding variables to gene expression. An 
alternative approach is to perform sequencing on 
single nuclei, instead of single whole cells, which 
can reduce artifacts introduced by single-cell dis-
sociation [24].

Isolation of individual cells is the most critical 
part of the entire process as it is a primary deter-
minant of the throughput of the method. This 
technique uses several different protocols in order 
to profile enough cells to capture infrequent or 
rare cells. Initial methods used manual pipetting 
of cells into wells, Flow Activated Cell Sorting 
(FACs) to isolate single cells into plates or micro-
fluidic chips (e.g., Fluidigm C1) to capture single 
cells in nanoliter chambers which used to be labo-
rious and were prone to error [25–27]. More 
recent technologies such as droplet- based micro-
fluidics and nanowell-based technologies to ran-
domly capture single cells into isolated nanoliter 
compartments (droplets or nanowells) are more 
powerful increasing throughput to tens of thou-
sands of cells thus reducing manual labor to a sig-
nificant extent [28, 29].

Once cells are isolated, they are lysed to cap-
ture as many RNA molecules as possible. A 
single- cell can only supply very limited starting 
material (about 0.1 pg of mRNA in each cell), so 
amplification methods are needed to produce 
high fidelity, high coverage, and reliable data 
[18]. In order to specifically analyze polyadenyl-
ated mRNA molecules, and to avoid capturing 
ribosomal RNAs, poly[T]-primers are commonly 
used. Analysis of non-polyadenylated mRNAs is 
typically more challenging and requires special-
ized protocols [30, 31]. Next, poly [T]-primed 
mRNA is converted to complementary DNA 
(cDNA) by reverse transcriptase. The poly[T]-
primers usually contain one or more barcodes 
(short unique sequences of DNA), which serve as 
molecular tags for the amplified mRNA, and can 
be used to assign sequences to individual cells 
and individual transcripts. For example, droplet- 
based sequencing uses a bead coated with mil-
lions of poly[T]-primers. All of the 
poly[T]-primers attached to a single bead will 
have a cell barcode that is the same on all prim-
ers, and then a second barcode called a Unique 
Molecular Identifier (UMI) which is unique to 
each primer on the bead. The first barcode is used 
to assign the sequence to the cell and the UMI 
barcode is used to assign the sequence to a spe-
cific mRNA transcript. This technique allows for 
digital molecule quantification. Incorporation of 
UMI also reduces amplification bias such as 
overrepresentation or underrepresentation of 
 certain regions of cDNA [32]. The minute 
amounts of cDNA are then amplified either by 

Fig. 7.2 Milestones in single cell sequencing research
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PCR or, in some instances, by in vitro transcrip-
tion followed by another round of reverse tran-
scription. After barcode tagging and PCR 
amplification, the PCR amplicons are sequenced 
using Next-Generation Sequencing (NGS) plat-
forms. Single-cell transcriptome data are then 
analyzed using statistical techniques for cluster-
ing cells and identifying cell types, cell states, 
and signaling pathways (Fig. 7.3).

7.4.1  Single-Cell RNA Sequencing 
Data Analysis

Numerous specialized software packages are 
available for single-cell data analysis: this data 
analysis consists of several tasks which can be 
completed using various bioinformatic 
approaches [33–37]. There has been an explosion 
of published methods for analyzing scRNA-Seq 
data. The software development website, Github, 
hosts a useful database of software tools devel-
oped for scRNA-seq (https://www.scrna- tools.
org). The basic analyses tasks can be grouped 
into four broad phases: data acquisition, data 
cleaning, cell assignment, and gene identifica-
tion. In Phase 1 (data acquisition) raw nucleotide 
sequencing reads are de-multiplexed and mapped 
to the transcriptome. Quantification based on 
read count or UMI is then used to calculate gene 
expression of each gene in each cell. The data is 
then “cleaned” (Phase 2), which involves removal 

of low-quality cells and uninformative genes. 
The data can also be scaled, normalized and 
missing values imputed during this phase. Phase 
3 assigns cells, either in a discrete manner to 
known (classification) or unknown (clustering) 
groups or along a continuous trajectory from one 
cell type to another using selected genes with a 
high variation of expression in the dataset. There 
are many methods proposed for this phase and 
there is currently no consensus on the best 
method to use. In general, clustering can be based 
on principle components, imputation, and/or 
nonnegative matrix factorization. Machine learn-
ing techniques have also been incorporated. In 
Phase 4, informative genes (e.g., differentially 
expressed, markers, specific patterns of expres-
sion) are then identified to explain these groups 
or trajectories. Despite the availability of numer-
ous tools, there is little agreement on which 
method is the best one to use for single-cell anal-
ysis [38].

7.5  Applications of Single-Cell 
RNA Sequencing in Ovarian 
Cancer

Single-cell RNA sequencing technology has been 
used in various cancer types to address a range of 
general and specific research questions related to 
etiology, evolution, and treatment. Most notable 
work using this technology has been carried out 

Fig. 7.3 Real-life single cell analyses data from a viable 
omental metastases obtained during primary surgery from 
an  ovarian cancer patient treated at the University of 
Minnesota. The detailed information about the number, 

gene function, pathway function, of individual cells and 
cell types, as well as their interactions is preserved in 
scRNA-seq, compared to the bulk sample
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in the field of melanoma, breast, and brain cancer 
[39–41]. Its applications in ovarian cancer are 
now emerging and will likely soon expand our 
knowledge in the understanding of the disease in 
the following key areas:

7.5.1  Characterizing 
the Heterogeneity of a Tumor 
Population and Identifying 
Cell Types

Intratumor heterogeneity poses a major challenge 
to cancer diagnosis and treatment and has been 
identified as a major cause of treatment failure 
and drug resistance in ovarian cancer [17]. 
Tumors evolve from normal cells. During this 
process, the cancer cells accumulate genomic and 
epigenomic alterations and evolve to form dis-
tinct lineages and subpopulations. This heteroge-
neity can be seen as variability between tumors 
across patients, wherein different stages, genetic 
lesions, or expression programs are associated 
with distinct outcomes or therapeutic responses 
[42–44]. In addition, cells from the same tumor 
are also very diverse, displaying different muta-
tions or distinct phenotypic or epigenetic states 
[23, 45–47]. This heterogeneity is especially 
important to study as we recognize the signifi-
cance of individual or subsets of clones to 
 treatment resistance and tumor recurrence. Bulk 
sequencing of such tumor samples has inherent 
challenges, as small subpopulations of tumor 
cells are masked when analyzed alongside other 
low and high RNA expressing cells within a bulk 
tumor sample. Single-cell sequencing of tumor 
cells has been able to successfully address this 
issue by identifying subpopulations of cancer 
cells within a single patient thus facilitating the 
ability to characterize intratumor heterogeneity.

7.5.1.1  Identification of Cell Subtypes 
and Molecular Subtypes

We performed scRNA-Seq on 66 individual cells 
isolated from a tumor specimen obtained from a 
patient with high-grade serous ovarian cancer 
during primary debulking surgery [48]. Before 
sequencing, cells were sorted by FACS to remove 

cells with major immune markers including 
CD45 and CD3. After removing the immune 
cells, we performed scRNA-seq on the remainder 
using the Fluidigm C1 platform, which uses a 
microfluidics system to separate cells into 96 
single cell wells. We were able to use the single- 
cell gene expression data generated in this exper-
iment to classify cells as epithelial or stromal 
cells. Importantly, within each subgroup, we 
were able to identify individual cells with unique 
gene expression patterns that differed from the 
other cells. For example, we were able to identify 
a few cells that expressed genes associated with 
ovarian cancer stem cells.

Many groups have attempted to classify ovar-
ian cancer patients based on bulk RNA-seq gene 
expression patterns [8, 11, 12, 48, 49]. Four con-
sensus molecular subtypes have been defined 
based on this work. The subtypes, labeled 
Mesenchymal, Differentiated, Immunoreactive, 
and Proliferative, are defined by differential 
expression of a core group of ~1000 genes. 
Interestingly, when we used this set of genes to 
classify each single cell, we found that all four 
molecular subtypes were present within the 
patient’s tumor sample. This finding indicates 
that molecular subtyping may need to be done at 
the single-cell level to have more reliable prog-
nostic and predictive value.

7.5.1.2  Studying Immune 
Microenvironment of a Tumor

It has been increasingly recognized that ovarian 
cancer is an immunogenic tumor. Several immune 
cell types have been identified as key players 
which are associated positively or negatively 
with antitumor activity. The accumulation of 
tumor-infiltrating lymphocytes (TILs) in ovarian 
tumor is associated with antitumor activity, while 
several other immune cell types are correlated 
with evasion of immune surveillance and promo-
tion of tumor growth, evasion, and metastases. 
These pro-tumor cells include tumor-associated 
macrophages (TAMs), regulatory T cells (Tregs), 
myeloid-derived suppressor cells (MDSCs), and 
Tumor-associated dendritic cells (tDCs) [50]. 
Studying the make-up of the immune cell popula-
tion within ovarian tumor using scRNA-seq will 
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be instrumental in finding more promising immu-
notherapeutic targets for cancers.

7.5.1.3  Evolution of Therapy Resistance
Although ovarian cancers show initial response 
to chemotherapy or targeted therapies, the major-
ity eventually develop resistance which is a major 
clinical obstacle in the treatment of these patients. 
The precise mechanism by which tumors evolve 
into chemoresistance clones remains is difficult 
to ascertain in each individual patient. It is 
unclear whether resistant clones are rare subpop-
ulations that are preexisting in the tumor mass 
and gradually evolved after therapy (adaptive 
resistance) or therapeutic agents directly cause 
new mutations that confer a resistant phenotype 
within a tumor (acquired resistance). Studies in 
other human cancers have shown that intratumor 
heterogeneity itself might play an important role 
in resistance evolution [51]. The role of epithelial- 
to- mesenchymal transition (EMT) and cell plas-
ticity in conferring a resistance phenotype has 
also been proposed and recent studies have shown 
that tumor cells may switch to a mesenchymal 
phenotype in response to chemotherapy [52]. 
ScRNA-seq in ovarian cancer holds great poten-
tial for improving our understanding of resistance 
evolution in response to therapy.

7.5.2  Identification of Ovarian 
Cancer Stem Cells/Ovarian 
Cancer Stem like Cells

There is strong evidence that ovarian cancer is 
driven and sustained by cancer stem cells (CSC) 
[53, 54]. These cells frequently exhibit a slow 
cycling rate making them inherently resistant to 
standard chemotherapy [55–57] that, by defini-
tion, targets actively proliferating cells. Thus, 
the high frequency of relapse despite optimal 
cytoreduction and adjuvant chemotherapy in 
ovarian cancer might be accounted for by a sub-
population of quiescent CSC that survive treat-
ment. These cells then become active in a later 
phase, playing a crucial role in cancer chemore-
sistance, metastasis, and tumor recurrence. 
Although CSCs constitute a few percent of the 

tumor mass, identifying them will be crucial for 
improving current cure rates of less than 50% 
for advanced stage patients. Studies have inves-
tigated these CSCs in ovarian cancer however 
molecular markers that can reliably identify 
these cells are not well-defined [53, 54, 58]. We 
analyzed the expression of cancer stem cell 
markers in our research and identified many cell 
subtypes, predominantly in the stromal sub-
group that expressed markers associated with 
CSCs [48]. Future research in this area will be 
instrumental in reliably identifying and quanti-
fying the frequency of CSCs in ovarian cancer. 
Our preliminary scRNA-seq analysis of viable 
primary ovarian cancer samples demonstrates 
the  presence of small cancer stem like subpopu-
lations (comprising 1–2% of all cells 
analyzed).

7.5.3  Circulating Tumor Cells 
and Metastatic Dissemination

Cancer metastasis is a complex biological pro-
cess accounting for more than 90% of cancer- 
related deaths [59]. Several models of metastasis 
have been proposed (late dissemination, early 
seeding, and self-seeding) but remain unresolved. 
Our understanding of the lineage of metastatic 
cells is limited. The metastatic cascade is a mul-
tistep phenomenon that involves invasion into the 
bloodstream by cancer cells, their survival in the 
blood as circulating tumor cells (CTCs), fol-
lowed by extravasation and seeding of metastatic 
CTCs into distant sites [59]. Ovarian cancer 
metastasis can also occur by disseminating tumor 
cells (DTCs) through the peritoneal cavity, inde-
pendent of the vascular system, followed by 
attachment and seeding within the peritoneal 
cavity. In general, it is thought that the majority 
of CTCs and DTCs die in the bloodstream or 
upon arrival at a distant site, due to high shear 
forces and anoikis signals in circulation, immune 
defense, or limited capability to adapt to a for-
eign microenvironment [60]. It is therefore cru-
cial to identify features that distinguish DTCs 
and CTCs that are able to survive and initiate 
metastasis.

7 Single-Cell RNA Sequencing of Ovarian Cancer: Promises and Challenges
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ScRNA-seq has been used to investigate 
metastatic dissemination and CTCs in the 
blood. One study identified three distinct gene 
signatures in CTCs associated with metastasis 
in melanoma patients [61]. The dissemination 
of single CTCs and CTC clusters was also stud-
ied in metastatic breast cancer patients and 
mouse models [55] in which plakoglobin was 
identified as a key regulator of CTC clusters; 
CTC clusters were found to have increased 
metastatic potential relative to individual CTCs. 
Another study found that CTCs express their 
own extracellular matrix proteins in the blood 
in metastatic pancreatic cancer patients [62]. 
The use of single-cell RNA-seq technique to 
investigate cell lineage of metastatic cells or to 
study the relevance of CTCs in ovarian cancer 
has yet to be reported.

7.5.4  Studying Tumor-Derived 
Exosomes

Another emerging use of scRNA-seq is the 
study of tumor-derived exosomes, with the goal 
of gaining insight into several aspects of the 
tumor microenvironment. Exosomes are mem-
brane bound vesicles, 50–100  nm in size that 
are secreted by tumor and immune cells for 
short- and long-distance intercellular commu-
nication and are also involved in mediating 
exchange of protein and genetic material 
between cells [63]. Thus, exosomes are thought 
to play an important role in mechanisms of 
therapeutic response and resistance [63, 64]. 
Recent studies have attempted to study several 
components of exosomes, including DNA, 
RNA, miRNA, and proteins [64]. ScRNA-seq 
can be adapted to single-exosome RNA 
sequencing and used as a powerful tool for lon-
gitudinally monitoring of RNA expression pro-
files in circulating exosomes to study changes 
in immune pathway genes during immunother-
apy as well as to study differential patterns of 
expression between responders and nonre-
sponders [63, 65].

7.6  Published and Ongoing 
Work in Ovarian Cancer 
Using ScRNA-Seq

There is a paucity of published literature on utili-
zation of scRNA-seq to understand genetic com-
plexity of high-grade ovarian cancer. Dr. 
Winterhoff et al. [48] published the first study on 
gene expression patterns in single cells from a 
patient with high-grade serous ovarian cancer 
using scRNA-seq technology. Analysis of the 
RNA expression patterns on 66 evaluable single 
cells from a primary tumor identified two major 
subsets of cells: epithelial and stromal cells. The 
epithelial group was characterized by prolifera-
tive genes including genes associated with oxida-
tive phosphorylation and MYC activity, while the 
stromal group was characterized by increased 
expression of extracellular matrix (ECM) genes 
and genes associated with epithelial-to- 
mesenchymal transition (EMT). Neither of these 
groups displayed gene expression patterns asso-
ciated with chemoresistance which was consis-
tent with clinical history of the patient who 
showed no evidence of disease recurrence 
19  months post- surgery. This study provided a 
first view of the application of single-cell gene 
expression analysis in ovarian cancer for under-
standing the etiology, progression, and drug 
resistance in ovarian cancer.

Later, Shih et  al. studied primary and meta-
static tumor tissue samples from women with 
HGSOC using high-throughput single-cell RNA- 
seq analysis and found that while there was con-
siderable heterogeneity among primary tumor 
cells from different patients, the expression pro-
files of metastatic lesions from different patients 
were remarkably similar, and were distinct from 
the primary lesions [66]. The group identified 16 
distinct cell populations with specific cells cor-
related to high-grade tumors, low-grade tumors, 
benign, and one population unique to a patient 
with a breast cancer relapse. The proportion of 
these populations changed from primary to meta-
static in a shift from mainly epithelial cells to leu-
kocytes with few cancer epithelial cells in the 
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metastases. Differential gene expression showed 
myeloid lineage cells were the primary cell group 
expressing soluble factors in primary samples 
while fibroblasts did so in metastatic samples.

Izar et al. in their recent work analyzed ascitic 
fluid samples from high-grade ovarian cancer 
patients using single-cell RNA-seq technology 
and explored potential role of JAK/STAT path-
way inhibition as a therapeutic option for these 
women [67].

A European consortium initiated the 
HERCULES project in 2016. The stated goals 
are to find solutions to drug resistance in high- 
grade ovarian cancer via single-cell analysis 
[68].

7.7  Conclusion

The field of single-cell sequencing is rapidly 
developing and will undoubtedly play an increas-
ingly important role in the field of precision med-
icine by shedding light on intratumor 
heterogeneity, development of treatment resis-
tance, and genetic drivers of metastasis and tumor 
evolution in ovarian cancer patients. This unprec-
edented understanding of tumor biology at the 
single-cell level will be instrumental for develop-
ing novel therapies in the future.

Key Points

• Intratumor heterogeneity is an inherent prop-
erty of ovarian cancer which impacts clinical 
outcomes.

• Single-cell sequencing technologies enable 
characterization of intratumor heterogeneity 
in ovarian cancer.

• To date, single-cell studies on ovarian cancers 
are scarce, which limits the opportunity to 
investigate effects on clinical outcomes.

• Larger data sets are needed to establish poten-
tial associations between the unique informa-
tion captured by single-cell sequencing and 
clinically relevant outcomes in ovarian 
cancer.
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