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Abstract: RNA sequencing (RNA-seq) has revolutionized basic biomedical research by studying the transcriptome
at high resolution, and thus it has been proved to be very successful for understanding the molecular mechanisms of
cancers. For example, RNA-seq has facilitated a comprehensive and multidimensional mapping of the key genomic
changes that lead to various types of cancers. Nevertheless, the heterogeneous nature of cancer tissues has always been
a problem. To overcome this challenge, single-cell RNA sequencing (scRNA-seq) has emerged as the most powerful
tool to characterize cancer tissues by enhancing our knowledge of transcriptome at a single-cell resolution. In addition
to disentangling the heterogeneity problem, scRNA-seq has other applications such as determining the molecular
mechanisms of cellular differentiation, characterizing gene expression levels, and determining rare cell types found
within cancer tissue. ScRNA-Seq is used, as an emerging diagnostic tool, in tertiary healthcare settings with diverse
clinical applications. Thus, the utility of scRNA-Seq in a healthcare system not only provides compelling evidence
about understanding cancer biology but also points towards the development of therapeutic options in the future. The
purpose of this review is to educate readers about the applications of scRNA-seq in cancer research in a wider context..
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1. INTRODUCTION diseases, developmental/evolutionary relationships

among brain cells by delineating biological

RNA sequencing (RNA-seq) is a powerful and
important technology for understanding the
underlying molecular mechanisms of cancer,
thus revolutionizing basic biomedical research.
By profiling gene expression levels across the
entire transcriptome, RNA-seq allows cancer
researchers to detect diverse genetic changes such
as translocations, deletions, insertions, alternative
splicing, and gene fusions. As cancer tissues are
mostly characterized by different kinds of genomic
changes, RNA-Seq has proven valuable for
diagnosing tumors, and for further characterizing
them [1]. Besides, RNA-Seq has also revolutionized
other fields of biology such as research involving
vision, autoimmune diseases, cardiovascular
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processes at an unprecedented scale [2-6].

The Cancer Genome Atlas (TCGA) has been
a notable example of RNA-seq application in
cancer research [7]. By using genome sequencing,
TCGA has quantified gene expression levels in 33
types of cancers and generated a comprehensive
and multidimensional map of the key genomic
changes that drive these cancers [7]. Similarly,
The Encyclopaedia of DNA Elements (ENCODE)
is another example of genome analysis based on
RNA sequencing. ENCODE aims to identify all
functional elements in human and mouse genomes
through various functional genomic assays by
studying transcription factors and their target genes,
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chromatin structures, and histone modifications [8].

These two datasets strongly improved and
accelerated our understanding of genomic and
molecular characteristics of cancers, which further
helps to improve the prevention, diagnosis, and
treatment of cancer. However, until recently, all
transcriptomic studies were typically conducted on
a bulk level, averaging the variable transcriptomes
from millions of cells [9], even though cancer
tissues are highly heterogeneous. In addition to
cancer cells themselves, cancer contains other
cell types including immune cells and other kinds
of stromal cells. Furthermore, due to a variety of
factors including genomic instability, epigenetic
alterations, environmental differences, even
individual cancer cells within a single tumor may
be highly plastic in their molecular signatures
during the development of tumor progression.

Given the extreme heterogeneity within a
cancer tissue, it is not surprising that cancer can
develop resistance to cancer treatments. Thus,
understanding the underlying mechanisms that
drive heterogeneity in cancer tissues is becoming
more urgent. The development of sing-cell RNA
sequencing (scRNA-seq) is a leap towards this
challenge. With scRNA-seq, cancer researchers
could further dissect the diversity of tumors into
different molecular states [10], and once fully
explored, scRNA-seq will finally help to tailor
cancer treatments and to develop personalized
medicine [11].

2. RNA-SEQTOOLSIN CANCERRESEARCH

Several analytical tools have been developed to
further enhance the contribution of RNA-seq
to cancer research and to simplify the massive
data that are being produced in RNA sequencing
(Table 1). These tools have been promising in the
field of cancer research as intra-tumor heterogeneity
in a single cancer sample has always been a
problem. Among them, CIBERSORT [12] is well-
known and considered to be the most popular tool
used by various cancer research groups. Essentially,
CIBERSORT stands out from the other tools in
being highly accurate, resistant to noise, and can
characterize the cellular composition in a cancer
sample. Its predecessor, ESTIMATE [13], as its
name indicate, can estimate the fraction of stromal
and immune cells in tumor tissue. This fraction is

important in determining the tumor purity. But as
time passed by, other tools such as MCP-Counter
[14], xCELL [15], and most recently ICeD-T [16],
were introduced to answer other questions that
were previously unresolved by CIBERSORT and
ESTIMATE. MCP-Counter, for example, is a tool
used mainly to identify multiple immune cells in
a tumor microenvironment that are involved in the
prognosisofcertaincancers, suchasadenocarcinoma
and breast cancer [14]. Similarly, xCELL is used
to paint a picture of the tumor microenvironment
of the disease. This includes analyzing 64 different
cell types based solely on their gene signatures
[15]. Lastly, ICeD-T uses tumor purity information
to effectively discriminate between the aberrant
group of genes from the consistent group [16].

In addition to tools that use immune cells as the
quantitative parameter, there are tools designed to
target or evaluate the outcome of certain treatments.
For example, QuanTISeq works by quantifying
the tumor immune contexture. Contexture used in
this analysis is the absolute fraction based on five
immune cells. The information can then be derived to
determine the optimum pharmacological therapies
which include a combination of pharmacological
therapies [17]. Other examples include TIMER,
which is an analytical tool that is based on the
estimation of abundance of six tumor-infiltrating
immune cells. These parameters can then be
derived to determine the antitumor therapy on the
disease [18]. Altogether, these analytical tools have
undeniably elevated the contribution of RNA-seq in
the field of cancer. Among the challenges, however,
include predicting cell types that have a very low
fraction and determining the gene expression of
specific cell types. To this end, scRNA-seq emerged
as a promising tool thus enabling scientists and
clinicians to analyze transcriptomic data at a single-
cell resolution.

3. APPLICATIONS OF scRNA-SEQ IN THE
FIELD OF CANCER RESEARCH

A range of applications of scRNA-Seq in the field
of cancer research is summarized in Figure 1 and
discussed below.

3.1 Intra-tumour Heterogeneity in Cancer

Cancer is generally associated with genetic
modifications (also called “mutations”) such as



21

Applications of scRNA-seq in cancer research

sarnpaoold
Sure)snyo pue ‘uoneZIfEULIOu
‘uoronpar AJjeuoIsudIp

eyep bos-yNyos Suisn

[12] odAy a3 03 9[qQIX9[J ST J0ysIuI[S So110309(e1) 9Feour] Suryoueiq [opow O, 1Is ASIOU U0 paseq sa110309(eny oFeour] ojdnnw sayynuopy joys3ur[g
dnois julsisuod
pue dnoi3 juerroqe :sdnoig judroygIp
0M] OJUI SAUAS JeNUAIYIP 0} QY
Jwin) dwes dY) Je UOHBULIOJSUEBI) uoneuioyur Ayund Jown) Jo asn oy so1yo1d 9ouaIjox
-3o1 oy jo senaadoid [eroyoudq y3noxy) souepunge sadA) [[90 sorewnsy M Juolsisuoour sojdwres Jowny ur uorssardxo
oy ojerodioour pue o[eds-1eaul| SoNssI) Jowny urgim uorssardxo 9SoyM SOUST Y} SOIIIUOP] SONSSI) JoWN] UM
[91] oY) 0 UONN[OAUO0DIP wLIo}Iad 03 9IqY 1[99 dunWIWI JO UOHEBZI[BNSIA OAIIR)JUEN()  UONN[OAUOIIP UOISSOIdXD [[90 SunwII Im SIOSN SISy 1-pa9]
sadA3 1100 pajefar A[9s0[0
U919 9JBUIWILIOSIP J0U $90(]
(s[1o0 x1eW
Je[n[[90BIXd puB ‘S[[0 [erjoyiido
‘s10y1u0301d onerodojeway ‘[0
Ayunuwat 9jeuut pue oandepe) sodKy poyiow paseq-oInjeusis ouod y3noiyy sodA) [[90 ewons pue sunwwl ddiynw 10§ vlEp
[s1] 1199 $9 10} soinjeuJis ouo3 ozA[euy JUSWUOIIAUDOIDIW JOWN) Y} SABIIO] uorssardxo ouoF wouy sisAJeue JuawyoLIUd 9dA) [[0) TT1ADX
SOSBISIP SNOIOJUI pue sarderoy) [eorsojooewreyd
A10jBUWILUR[IUL UL PASN 9q 0} [BIUAOJ Jo uoneurquod 3urudisop
I00UBD JO sadAy ul 9[euonel ONSIULBYOIW SIPIAOI]
JUQISJJIP 921Y) Ul PAJBPI[BA UIQ SBH S[[29 QuNUIWI JALJ UO PISeq SUOIOBIY
QI109souNUIWL Jinjosqe jo wioy ayp ut uorrodoxd
[L1] wolj sonjea onsougoid opraoig 1195 dunwiwl Jo SIsA[eue aAneInuend) QINIX9JUOD dUNUIWI Jown) Ay} Jo uonedynuend) bagrLuend
S[99 srown) y[nq ut o(oid [joo
[oz] szowny prjos jsow o} 9[qedrjddy JIooued pue sunwwr jo uontodoid oy, JIOOUBD/QUNWIWI AU} QUIIANAP 0) yoroldde jsnqoy DI1da
190ued Jo S9dAy JudIoyJIp
€7 SUIAJOAUT SOIPMIS UL PIsn uadq Se
'1Ep bas-yvNY VODOL sarderayjounuiul Jooued
WO} POALIOP BJep dzZA[eue 0} 9|qQY uo Ajunwiw Jowmnue jo joedwr oy, JUSWIUOIIAUDOIOTUL
K)11e0UI-09 [BO1)SIJB)S 0} anp sad4&y (190 sunwiwr Sunenyul Jowrmny 9y} Ul SOJeJ Ul QUNIWI JUIJJIP JO
[61] SUOIBWINSY PIseIq WoJj JOJJns jou o Jowny XIS JO 9duepunge 9} JO UOIeWSH joeduur eoruro o1j109ds-aseasip oy Jo suonerojdxyg MANLL
sisouSoid 100ueo JsBaIq UOIJBLI}SO JOJUN0d
PUE [£10210[09 ‘BWOUIDIBIOUdPE Fun| -dDIN YIM PIJeIOOSSE anjeA J13soudold
SUIAJOAUL SAIPNIS UL PIsn UAq SeH suone[ndod [0
palepifea K[oaneinuend) [ewons om) pue sunwwl JYSIo BIA SONSSH sonss1 snoduadoIo3oy oy
suorjeindod 100 ounwwur J9OUED PUB [BULIOU JO JUSWIUOIIAUOIOI ur suonerndod [[90 [ewons pue sunwwi o[dinw jo
[¥1] om} uey) a1ow Aynuenb 03 9[qy A Jo sisAJeur dAnRINURNQY) douepunge 9)njosqe oy} Jo uonesyruenb jsnqoy 109uno)-JDIN
Apnjs oy ur pajepijea
JOU QIOM [OTYM I9dued Jo 9dA)
J9yj0 ur pasn 9q 03 [enudjod ay) sey Aynd Jowny Sunoipaid
K1oreredos 2109s ounwwil pue SINSSI) JOWN] Ul [[99 SUNWWI PUE [BWONS SINSS1) Jowny ul S[[a9
[e1] 0100S [BUWIONS O} QUILLIDIIP 0} J[qQY Sunen[yur Jo uondely AY) dUIULIAI QUNWIWI PUB [BUWIONS JO UOHORIJ A} QJetUNISH ALVINILSH
sodKy
1199 Pare[a1 A[OSO[O puE 9SIOU 1M nssn Aue A[Iedu Wolj SoInIxIu
[z1] QIMIXIW JO SIsATeue ul Aoeindoe YSiH sonssn xo1dwod ur uonsodwod [[9) VN Suisn A110u9301939Y [[99 JO UONRZLIdIORIRY) 1LJ0SYadID
SUAIYNY sagevjueApy e)eq ndinQ uonedddy [00 ], [edNA[euy

S[00} [ednATeuR bos-yNY snotreA *T d[qeL



22 Rehman et al

Cell Heterogeneity

Rare Cells

Applications of
scRNA-seq in
cancer research

o @ 4

Cell Differentiation Mechanism

,‘

Fundamental Gene Expression \

=

Fig.1. Applications of scRNA-seq in cancer research

the alteration of chromosome number and/or
structural chromosomal abnormalities [22]. Such
modifications of the genome can arise in different
organs and lead to different forms of cancers,
although the known mechanisms (or hallmarks)
of cancers seem to be recurrent [23]. To add
complexity to the situation, tumors are not uniform
masses of cells presenting the same characteristics
in all situations. Rather, their composition
varies from one patient to another [24], and thus
comprises an array of cellular types, many of them
potentially contributing to the progression of cancer
(Pietras and Ostman, 2010) [25]. This intratumoral
heterogeneity is a real challenge from a research
standpoint because it raises the possibility that every
cell type could, in principle, behave differently and
express specific genes. It is not clear yet how the
interaction between these cell types affects cancer
progression, however stromal cells, for example,
seem to be involved in the process [26]. It was also
proposed that some normal cells could be recruited
to provide a micro-environment for cancer cells
[27].

Analyses ofthe tumors transcriptome are usually
performed in bulk. Bulk analysis performs well to
differentiate through different types of tumors, such
methods are, however, not informative enough
keeping in view the intratumoral heterogeneity

[28]. This is because the observed signal is only
the compilation of profiles from all cell types,
meaning that the transcription of a specific cell type
is lost. Thanks to the recent advances in single-
cell RNA sequencing that have allowed a very fine
detection of gene expression profiles at a single-
cell resolution. With scRNA-seq, it is now possible
to characterize gene expression levels of virtually
all cell types, with an exception for those genes
whose expression rates are extremely low. Many
variants of the sScRNA-seq have been developed to
better study cellular subpopulations. Most of these
variants have been compiled in Table 2. An example
of the potential application of these methods is the
work performed by Klein and colleagues [29],
who developed the droplet barcoding method as a
way of identifying the transcriptome of individual
mouse embryonic stem cells. With this method,
the cells are initially captured individually in a
droplet followed by barcoding and sequencing.
The barcoding allows for the easy association of a
cDNA to a cell in particular.

3.2. Identification of Rare Cell Types in Cancer

Among the variety of cellular types in cancer tissue,
particular cells play an important role concerning
cancer though their number is limited. These include
rare cell types such as cancer stem cells from which
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the tumor originates [30]. These cells are essential
for the proliferation and the maintenance of the
tumor and compared to thousands of other cellular
types that could not lead to the formation of a tumor,
the number of these rare tumorigenic cells remains
to be in hundreds [31]. As long as specific markers
for detection of these rare cell types are integrated
into the analysis, traditional bulk sequencing
remains to be inadequate in this scenario because
the signal of a handful of rare cells would most
likely be lost among the ones from all other cells
types. Even if the signal was noticeable for the
tumor as a whole, it would still be impossible to
trace their particular lineage.

Instead, scRNA-seq could effectively
discriminate among rare cell types based upon
their transcriptional activity. Since these rare
cells are anticipated to be most challenging in
terms of treatment, understanding their correct
transcriptomic profiling and their underlying
molecular mechanisms would possibly pave the
way for the development of cancer therapy in the
future. As an example, Cao and colleagues have
successfully developed single-cell combinatorial
indexing RNA  sequencing  (sci-RNA-seq,
Figure 1), a technique that allowed them to cluster
all the cell types in C.elegans, a multicellular
organism [32]. Among these cell types, Cao and
colleagues recovered rare neuronal cells in the L2
larval stage. Thus, the application of this method for
early detection of rare tumorigenic cell types such
as stem cells are very promising and could lead to
a better understanding of the initiation of cancers.

3.3 Cellular Differentiation and Developmental
Mechanisms

Many tissues continuously grow and regenerate
through a coordinated differentiation activity
of stem cells. Yet, understanding the molecular
mechanisms that control cellular differentiation
and fate determination in stem cells is still one of
the fundamental questions in developmental and
stem cell biology [33]. To answer this question, it
is imperative not only to trace the lineage of a cell
or a group of cells that underlie these processes but
to fully dissect all the intermediate stages as well
as the endpoints along the path of differentiation.
In other words, understanding relationships among
these lineages will illuminate the fundamental

mechanisms underlying normal development,
and can provide insight into the development of
different pathologies including cancer. In general,
lineage relationships are experimentally revealed
through fate mapping methods, and once fate
mapping is carried out at a single-cell resolution,
it is known as lineage tracing [34]. Traditionally,
this goal was achieved by: (1) direct examination of
dividing cells in a transparent embryo, (2) through
staining cells with dyes in opaque embryos, and
(3) via distinct pigmentation patterns or cellular
appearance [33]. Though versatile, these methods
had certain inherent limitations. For instance, these
methods were providing sufficient information
about fate maps of the labeled cells but failed
to explain the lineage trajectories, transient
intermediates, and lineage branch points during the
whole differentiation process.

With the advent of high-throughput sequencing
approaches, it is now possible to define the
molecular status of cells and to fine map their path
along a differentiation axis. One such technique is
scRNA-seq that allows for discrimination cellular
heterogeneity. Based on single-cell transcriptomic
data, scRNA-seq could be used efficiently in stem
cells research to trace the lineage trajectories,
cellular intermediates, and branch points along the
axis of differentiation [35-38]. To achieve these
goals, the only requirement for researchers would
be to collect cell samples at different time points.
Interestingly, by integrating scRNA-seq with more
recent approaches like CRISPR- or transposon-
mediated modification of DNA barcodes, it is
possible to fine map the lineage hierarchies and to
identify endpoint cells based on their transcriptomic
profiles without previous knowledge about cell
types [39-42]. Taking advantage of a single cell
resolution, this integrative approach now provides
a robust method for deconstructing how individual
stem cells maintain tissues. Finally, by integrating
single-cell RNA sequencing with clonal lineage
tracing, it is possible to delineate the molecular
mechanisms that control the differentiation of
stem cells into tissues, organs, and ultimately an
organism.

3.4 Fundamental Characteristics of Gene
Expression

Growing evidence suggests that gene transcription
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Table 2. Various techniques developed for scRNA-seq

Protocols Method Throughput Cost Reference
Indrop Droplet High throughput High cost [29, 49]
microfluidic- (4,000-12,000s Low efficiency in cells of genes with
based cells per hour) transcript abundance lower than 20-50

Low noise transcripts
Low cell bias Low detection rate
Drop-seq Droplet-based Relatively high Venerable to impurities in the cell isolation  [49]
throughput (10,000  process
cells per day for Low detection rate
6.5 cents per cell)
High efficiency
CytoSeq Microwell-based  High throughput High cost [50, 51]
(10,000 - 100,000s  Restricted to pre-defined set of genes
cells per day)
High detection rate
Sci-RNA- Combinatorial High detection rate ~ Relatively high cost [32]
Seq indexing High throughput Limited to copy number variant
(50,000 cells)
Reduced batch
effect
Smartseq2 PCR-plate based  Low cost Relatively low throughput (100s cells) [49, 52]
(Full-length Labor intensive
RNA
sequencing)
CEL-seq and Tag-based Strand specificity Relatively low throughput [53]
CEL-seq2 sequencing High barcoding Low sensitivity for low expressed
efficiency transcripts
Low cost
MARS-seq Tag-based Molecular counting  Requires enrichment to detect rare cell [54]
sequencing High degree of population
multiplexing
Low cost
Fluidigm C1 ~ Microfluidic High detection High cost-efficiency [55]
chips rates Low throughput (96 cells)
Highly-accessible Sub-optimal performance on primary cells
and affordable

does not follow a continuous path. Rather,
it completes in several short steps called
“transcriptional bursts”. Under the control of various
stochastic processes, these transcriptional bursts
finally lead to extreme transcriptional heterogeneity
as seen between cells. Recent studies also suggest
that cells preferentially express a single allele or a
single splice isoform resulting in a process known as
differential gene expression. Additionally, a single
genetic locus can undergo diverse splicing patterns
resulting in multiple isoforms, each having different
transcriptional start sites or polyadenylation
sites [43]. Moreover, processes such as dosage
compensation or X-chromosome inactivation in
most diploid female animals ensure expression of
only one allele at a time, either maternal or paternal

[44]. Historically, much of our understanding of the
transcriptome is based on bulk studies conducted
on cell populations. It is now, however, well
established that the homogeneous cell populations
in vitro or in vivo are quite heterogeneous in terms
of expression patterns owing to both intrinsic and
extrinsic factors [45].

Understanding the gene expression pattern at a
single cell level is important for two main reasons.
First, recent findings suggest that the expression
of a transcript in all individual cells of a particular
tissue or organ is only facultative rather than
obligatory. This was previously not anticipated.
Similarly, the adjoining cells that share the same
microenvironment are deemed to differentially
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express a transcript for unknown reasons. Studying
gene expression patterns at a single-cell resolution
is therefore important for the identification of
co-regulated gene modules and to define gene-
regulatory networks [46]. Though several methods
have been previously used to achieve these goals,
scRNA-seq has been exceptional in this respect.
This method allows genome-wide profiling of
both coding and non-coding cellular transcriptome
with higher efficiency. Thus, even minor changes
in gene expression could be detected with greater
sensitivity. Moreover, scRNA-seq has the potential
to identify previously uncharacterized transcript
isoforms, novel exons, SNPs, or mutations [11].
This method has specific applications when allele-
specific expression of either autosomal or X-linked
genes is required [47]. Finally, Single-cell RNA
sequencing has greatly revolutionized the fields
of medicine and biology by delineating biological
processes at an unprecedented scale and resolution
in the recent past.

4. TECHNIQUES DEVELOPED FOR
scRNA-SEQ

With such a wide range of applications and impact
on the field of cancer research, various methods
and protocols for sScRNA-seq have been developed
(Table 2). These techniques are used to serve a
range of purposes: from understanding the tumor
architecture to identifying specific cell types in the
tumor microenvironment. These methods range
from a high throughput method, which can easily
sequence 10,000 cells to more affordable methods
which sequence 100 cells in a single run. Some can
complete a run in a matter of hours, while others
might take a whole day. Also, some of the methods
need a few days to prepare while others which has
a higher cost might have a less hands-on approach.
A recent study has suggested Drop-seq as the most
cost-efficient method among its contemporaries for
quantification of the transcriptome at a large scale
[48]. With so many options already in place, it is
intriguing to see how the field of cancer research
is going to grow soon, especially with the help of
scRNA-seq.

5. UTILITY OF scRNA-SEQ IN
HEALTHCARE SETTINGS

scRNA-Seq is used, as an emerging diagnostic
tool, in tertiary healthcare settings with diverse

clinical applications. For example, scRNA-Seq
has been crucial in the discovery of differentially
expressed genes in different cancer types [56], and
has helped track the intra-tumoral heterogeneity
and in visualizing tumor microenvironment [57]. In
addition, studies suggest that scRNA-Seq has been
key to the detection of many cellular and molecular
therapeutic targets [58], and for the identification
of biological features representing as biomarkers
of clinical outcomes [59]. Indeed, scRNA-Seq has
also enhanced our understanding of the immune
cell heterogeneity and the infiltrating T Cells [60-
61]. Thus, the utility of scRNA-Seq in a healthcare
system not only provides compelling evidence
about understanding cancer biology but also points
towards the development of therapeutic options in
the future.

6. LIMITATIONS OF scRNA-SEQ

scRNA-Seq has numerous limitations, and they are
beyond the scope of this review. However, a few
of them include excessive noise and complexity
due to technical or biological reasons, transcript
coverage bias, also known as high dropouts or low
capture efficiency, high variation in data output, and
computationally challenging data analysis [62]. For
an in-depth insight on the subject, Lihnemann and
colleagues [63] have recently highlighted eleven
major challenges encountered while dealing with
scRNA-Seq data.

7. CONCLUSION

In summary, big advancements such as high
throughput transcriptome profiling coupled with
the availability of robust analytical tools have
greatly revolutionized the field of cancer research
in the recent past. The sole purpose was (1) to
fully characterize cellular components in a tumor
microenvironment (2) to understand the molecular
pathophysiology of cancer, and (3) to mitigate
cancer-related morbidity and mortality through
the development of novel therapeutics. Among
them, scRNA-seq have been developed to suit any
scale of research in cancer, whether it is in clinical
settings, institutional or private research.
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