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Abstract
Intratumor heterogeneity is a common characteristic across diverse cancer types and presents challenges to current
standards of treatment. Advancements in high-throughput sequencing and imaging technologies provide
opportunities to identify and characterize these aspects of heterogeneity. Notably, transcriptomic proﬁling at a singlecell resolution enables quantitative measurements of the molecular activity that underlies the phenotypic diversity of
cells within a tumor. Such high-dimensional data require computational analysis to extract relevant biological insights
about the cell types and states that drive cancer development, pathogenesis, and clinical outcomes. In this review, we
highlight emerging themes in the computational analysis of single-cell transcriptomics data and their applications to
cancer research. We focus on downstream analytical challenges relevant to cancer research, including how to
computationally perform uniﬁed analysis across many patients and disease states, distinguish neoplastic from
nonneoplastic cells, infer communication with the tumor microenvironment, and delineate tumoral and
microenvironmental evolution with trajectory and RNA velocity analysis. We include discussions of challenges and
opportunities for future computational methodological advancements necessary to realize the translational potential
of single-cell transcriptomic proﬁling in cancer.

Introduction
Cancer is a highly heterogeneous disease exhibiting
phenotypic diversity driven by molecular aberrations at
the genetic, epigenetic, transcriptomic, and protein levels
in cells that interact within distinctly spatially organized
microenvironments1. Such heterogeneity presents challenges to current standards of treatment by contributing
to metastasis and therapeutic resistance, which ultimately
impact clinical outcomes. Accurate characterization of
this heterogeneity is essential for delineating the
mechanisms of cancer pathogenesis, developing effective
treatment strategies, and identifying novel targets for
immunotherapy and drug development2.
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The characterization of heterogeneity at the transcriptomic level has been promising, as changes in transcriptional activity and regulation generally underlie
cellular phenotypic diversity. The continuous advances in
next-generation sequencing technologies such as RNA
sequencing (RNA-seq) have enabled the genome-wide
quantiﬁcation of gene-expression levels in a highthroughput manner under diverse conditions. Over the
years, these data have led to numerous discoveries in
biology, including insights into the phenotypic consequences of molecular aberrations in cancer3.
However, such transcriptomic proﬁling studies have
conventionally involved bulk RNA-seq analysis of pooled,
heterogeneous mixtures of cells from cancer samples
(Fig. 1). Thus, the resulting gene expression quantiﬁcation
results represent average values across large mixtures of
cells and are inﬂuenced by the particular transcriptional
proﬁles as well as the abundance of different cell
types and states within that sample. Even for samples of
sorted cell subsets, ﬁner aspects of heterogeneity, such as
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Fig. 1 Cancer may manifest as multiple spatially distinct tumors composed of multiple functionally and/or genetically distinct neoplastic
subpopulations as well as diverse nonneoplastic cell types and states that interact to impact clinical outcomes. In this illustration, (left) a
single patient presents with cancer at multiple sites. (top right) Zooming into one site, multiple cell types, both neoplastic and nonneoplastic, can be
observed. Within the neoplastic cells, two distinct subpopulations marked by different somatic mutations, indicated with a star, are present. Likewise,
within nonneoplastic cells, multiple distinct T-cell and B-cell subtypes and states, indicated with different shades of colors, are present. (bottom) Bulk
measurements provide the average quantiﬁcation of gene expression, which potentially obscures proportional and subpopulation or state-speciﬁc
differences. The expression levels of three genes determined from bulk and pooled single-cell measurements for the two different neoplastic
subtypes and major nonneoplastic cell types (T-cells, B-cells, and other) are illustrated as an example. The ﬁrst two genes appear to be highly
expressed in the bulk sample but are actually highly expressed in only one of the neoplastic subpopulations. In contrast, the third gene appears to
show low expression in the bulk sample but is actually highly expressed among T-cells, which are proportionally low in abundance. In this manner,
single-cell measurements could enable the ﬁner, unbiased characterization of transcriptional features that underlie important cancer phenotypes.

transcriptional differences between distinct subpopulations, can still be missed if these subpopulations are in the
same sorted subset. In contrast, transcriptomic proﬁling
at a single-cell resolution in cancer offers the opportunity
to identify and characterize transcriptionally distinct
subpopulations and states that may impact clinical outcomes, inform treatment strategies, or point to new
therapeutic opportunities4,5.
To enable transcriptomic proﬁling at a single-cell
resolution, a number of high-throughput single-cell
RNA-sequencing (scRNA-seq) protocols, platforms, and
technologies have been developed6–10 and reviewed11–14.
In terms of computational processing, each particular
scRNA-seq protocol, platform, and technology may
demand different read processing, quality control, and
normalization procedures15. Despite these differences,
there are a number of common downstream computational analyses that can be applied (Fig. 2). Here, we
highlight computational methods for performing a number of analyses relevant to cancer research, including (1)
identifying common cell types and states shared across
patients and disease states from multiple scRNA-seq
datasets; (2) distinguishing neoplastic from nonneoplastic
cells using marker and fusion gene detection, copynumber variation inference, and somatic mutation calling
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology

from scRNA-seq data; (3) inferring cell–cell communication from the expression of genes encoding receptors
and ligands; (4) estimating the proportions of cell types in
bulk gene expression proﬁles; and (5) characterizing
transcriptional dynamics using trajectory inference and
RNA velocity analysis.
Uniﬁed analysis across many patients and disease states

In the context of cancer, the analysis of single-cell
transcriptomics data is often complicated by elaborate
study designs that may include samples from individuals
with and without disease, multiple samples from the same
individual collected at different time points (e.g., pretreatment and posttreatment), or multiple samples from
different individuals exhibiting diverse disease states. Such
study designs can enable the discovery of transcriptional
characteristics shared across patients that may deﬁne
commonly perturbed molecular pathways in disease.
However, the identiﬁcation of shared cell types or states in
data from complex study designs may be difﬁcult when
cells are clustered by sample or batch instead of the cell
types or states of interest16 (Fig. 3a). This challenge
regarding batch effects can lead to false discoveries17 and
complicates the identiﬁcation of shared cell types and
states that are necessary for downstream analyses

Fan et al. Experimental & Molecular Medicine

Page 3 of 14

Fig. 2 Single cell RNA-seq workﬂow and downstream computational analyses. High-throughput single-cell transcriptomic technologies such as
single-cell RNA sequencing generally begin with experimental workﬂows tailored to distinct tumor and tissue types (dissociating, sorting, and
isolating cells, etc.), which ultimately result in sequences that can be aligned, quantiﬁed, quality control (QC) ﬁltered, and normalized in different ways
to enable a number of downstream computational analyses, such as clustering analysis to identify transcriptionally distinct cell types and
subpopulations, allelic analysis to identify single nucleotide variants (SNVs, indicated with a star in the read pileup) or copy number variants (CNVs),
trajectory analysis, splicing detection, or the inference of tumor-microenvironmental (TME) interactions.
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Fig. 3 Uniﬁed clustering analysis. a The clustering of cells from different samples across diverse conditions may result in cells being aggregated by
sample, condition, or other technical factors such as the batch rather than the cell types of interest. The top illustration shows a 2D reduced
dimensional representation (e.g., tSNE) in which each point is a cell and is colored according to the sample, condition, or batch label. The bottom
illustration shows the same 2D embedding colored according to cell type. Cells are aggregated according to the sample, condition, or batch, rather
than the cell type, making the identiﬁcation of shared cell types difﬁcult. b Uniﬁed clustering analysis results in cells that are appropriately aggregated
by cell type, particularly for nonneoplastic cell types. c After the identiﬁcation of common cell types, additional downstream analyses may be
performed. For example, compositional analysis comparing nonneoplastic cell-type proportions across three conditions, each with two replicates, can
be performed to show high correspondence within replicates but differences across conditions. d Differential expression analysis can also be applied
to one cell type, comparing each condition to all others, identifying differentially upregulated genes in each condition. e Uniﬁed clustering analysis
may be applied recursively to identify additional subtypes or states within nonneoplastic cell types (left) or shared transcriptional states among
neoplastic cells across patients.

and biological interpretation. Analyses dependent on the
identiﬁcation of shared cell types and states are further
complicated by the presence of truly unique patientspeciﬁc differences inherent to cancer. Although care
should be taken to plan experimental designs that
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology

minimize batch effects—for example, some recent studies
have used multiplexed scRNA-seq to pool cells from
multiple samples into a single batch for sequencing18–21—
this may not be possible in practice due to logistical
limitations concerning sample acquisition, time
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constraints, and limitations of sample processing and
handling.
To facilitate the identiﬁcation of shared cell types and
states across datasets, a number of well-established batch
correction methods have been developed for bulk RNAseq data to remove batch effects by adjusting geneexpression levels to make data from different batches
more comparable22,23. Batch correction is more difﬁcult
for scRNA-seq data in which each sample may contain
different abundances of cell types, each with distinct gene
expression proﬁles. Therefore, it may not be appropriate
to apply the same global adjustment to all cells in a
sample. As an alternative approach, many computational
methods have been developed for the uniﬁed analysis of
multiple scRNA-seq datasets that explicitly model or
implicitly control for sample and batch-speciﬁc differences to identify shared aspects of transcriptional variation across datasets.
Computational methods for uniﬁed single-cell transcriptomics analysis generally search for shared aspects of
transcriptional variation that can be aligned across datasets from multiple samples, batches, or conditions (Fig.
3b). Despite differences in their implementation and
algorithms, many methods share a similar conceptual
framework: each method begins by reducing the dimensionality24 of the normalized gene-expression data to a
smaller set of features (e.g., latent space), aligning these
features across datasets, using the aligned features to
identify clusters of cells (that may be interpreted as cell
types), and ﬁnally using the aligned features and identiﬁed
clusters as the input for 2D visualization algorithms. For
example, MultiCCA25 identiﬁes shared aspects of variation between pairs of datasets by iteratively applying
canonical correlation analysis24 to two datasets at a time
and adding additional samples at each iteration. The
canonical components are then adjusted using dynamic
time warping and serve as the input for graph-based
clustering algorithms and 2D visualization. Mutual
nearest-neighbor (MNN) Correct26, Scanorama27, and
Conos28 build MNN graphs between cells from different
datasets, where two cells are connected in the graph if
they are transcriptionally similar. These MNN graphs can
then be used directly to derive uniﬁed cluster annotation,
in the case of Conos, or applied to adjust the data prior to
serving as the input for clustering algorithms, in the case
of MNN Correct and Scanorama. A major limitation of
MultiCCA and MNN Correct is that these methods can
produce different results depending on the ordering of the
datasets in the analysis27. To overcome the ordering
limitation, Scanorama automatically ﬁnds a favorable
order, while Conos builds a joint MNN graph of all
datasets. However, when sample and data acquisition
occur continuously and in parallel with the analysis,
approaches such as MultiCCA, MNN Correct, and Conos
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology
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may make it more computationally efﬁcient to incorporate additional datasets into the uniﬁed analysis without
rerunning all analyses on previously analyzed datasets. In
contrast, LIGER29 uses integrative nonnegative matrix
factorization30 (NMF) to split the full expression matrix
(of all datasets) into two parts: a matrix of shared factors
and a matrix of dataset-speciﬁc (batch-effect) factors.
Then, the shared factors serve as the input for graphbased clustering algorithms and 2D visualization. A
notable limitation of all the aforementioned methods is
the use of a single categorical variable to encode batch
labels. The accommodation of multiple variables could be
relevant for cancer data analyses to enable the identiﬁcation of shared cell types and states across datasets with
additional clinically relevant features (e.g., patient sex, age,
and genetics) or additional dimensions such as time
points (e.g., pretreatment and posttreatment, time series)
or drug dosages. To this end, Harmony31 is able to
accommodate multiple categorical variables to encode
batch information. Harmony31 iteratively identiﬁes clusters of cells and applies local linear adjustments to these
cells while maximizing the diversity of batches within
clusters. Such uniﬁed analyses with Harmony have been
applied to scRNA-seq datasets of hepatocellular carcinoma tumors and immune-relevant sites from multiple
patients and platforms to identify T-Regs, exhausted
CD8+ T cells, and subtypes of macrophages and DCs that
are shared across patients and enriched in cancer
samples32.
Alternatively, rather than explicitly taking into consideration batch information, other computational methods for uniﬁed single-cell transcriptomics analysis learn a
function that maps a dataset onto a low-dimensional
latent space and then apply this function to map datasets
from different samples or batches onto the same space.
For example, scCoGAPS33 uses Bayesian NMF with prior
distributions designed to handle scRNA-seq data to discover latent spaces in a reference scRNA-seq dataset and
then uses projectR33 to project new scRNA-seq data onto
the learned latent spaces. Such methods thus rely on
identiﬁed latent spaces being free of batch effects rather
than explicitly controlling for batch-speciﬁc differences.
Such methods may be particularly computationally efﬁcient in the construction of a large reference or atlas
model that can then be applied to cells from a smaller
dataset under the assumption that the initial reference
model contains all possible cell types and states.
While the reliability of many uniﬁed single-cell transcriptomic analysis methods has been tested by integrating datasets from many non-diseased tissues34, their
application to datasets from patients with cancer raises
additional concerns. The aforementioned computational
methods for the uniﬁed analysis of scRNA-seq datasets
work best when all datasets contain common cell types or
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states in similar proportions. For example, MultiCCA and
MNN Correct assume that all datasets contain at least one
shared cell type. However, due to prevalent inter- and
intratumoral heterogeneity, this assumption may no
longer be valid in a cancer setting. As such, these methods
may result in overcorrection when different cell types
from different samples are assigned to the same cluster in
the uniﬁed analysis and misinterpreted as the same cell
type. In addition to discrete cell types and cell states,
cancer datasets may also contain cells exhibiting smooth
developmental and evolutionary trajectories. Uniﬁed
analysis methods may result in another form of overcorrection when dataset integration fails to preserve the
topology of these biological trajectories31. Analyzing each
dataset individually using cluster annotations from uniﬁed
analysis can help to assess the quality of the uniﬁed
results.
After the identiﬁcation of common cell types and states,
additional compositional comparisons or differential
expression analyses can be applied to characterize the
changes between different treatments, disease stages, or
other conditions. For example, generalized linear models
have been used to identify differential abundances in celltype proportions by comparing cases versus controls35,36
(Fig. 3c) and to identify differentially expressed genes
across culture conditions37 (Fig. 3d) while accounting for
important covariates using ﬁxed effects for variables such
as sex and age and random effects for the patient and
batch. Accounting for covariates in a linear model with
unadjusted gene-expression data should be preferred for
differential expression analysis with adjusted geneexpression data to avoid the identiﬁcation of spuriously
signiﬁcantly differentially expressed genes38.
Alternatively, newer approaches for uniﬁed single-cell
transcriptomics analysis based on deep neural networks
have been developed to enable batch correction, normalization, imputation, dimensionality reduction, and
clustering for millions of cells simultaneously by ﬁtting a
single generative model39–41. For example, scVI39 uses
deep neural networks to learn the parameters of a hierarchical Bayesian model that is designed to separate biological signals from unwanted factors (e.g., batch effects)
while embedding the cells in a low-dimensional latent
space. The resulting latent space vectors can then serve as
the input for clustering algorithms and 2D visualization.
In contrast, SAUCIE40 uses a deep neural network in
which some of the layers are designed to perform cluster
annotation and 2D visualization, thereby eliminating the
need for additional clustering analysis of the latent space
vectors. Graphical processing units can also be used to ﬁt
these deep neural network models more efﬁciently. While
these methods currently use a single categorical variable
to encode batch information, they could in theory be
extended to allow the inclusion of multiple categorical or
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology
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continuous variables. However, in contrast to matrix
factorization methods such as PCA, CCA, and NMF, in
which we can examine the contributions of each gene for
each factor, the latent spaces obtained from deep learning
methods may not be as easily interpretable. This raises
concerns such as overﬁtting to technical features or other
unwanted aspects of variation in the data. Therefore,
additional efforts are needed to demonstrate that latent
spaces from deep neural networks reﬂect biologically and
clinically relevant patterns in different cancer tissues42.
Once major cell types are identiﬁed across datasets,
recursive clustering may be applied to identify ﬁner cell
states (Fig. 3e). Recursive clustering has been applied to
stromal43 as well as tumor-inﬁltrating myeloid cells44 in
lung cancer to ﬁrst distinguish different major cell types
and subsequently reanalyze each cell type independently
to identify ﬁner subtypes and states, including those that
are enriched or uniquely present in cancer samples. Such
recursive clustering may become more important as the
number of cells in new datasets increases. In integrative
analyses of cancer datasets from multiple patients, nonneoplastic cells may cluster by cell type, while neoplastic
cells segregate by patient4,45 due to the degree of interpatient heterogeneity for neoplastic versus nonneoplastic cells. Therefore, when performing such uniﬁed analyses across patients, neoplastic cells may need to
be considered separately from nonneoplastic cells to
identify shared aspects of transcriptional heterogeneity
and common cell states. To guard against overcorrection, each sample should be analyzed individually
to ensure that the transcriptional programs associated
with the states identiﬁed from a uniﬁed analysis are also
present within individual samples. Such integrative
analyses using NMF24 have been applied to identify the
gene modules that correspond to cell cycle and aberrant
developmental programs that mark distinct neoplastic
subpopulations and are shared across patients in studies
of both diffuse midline gliomas46 and head and neck
squamous cell carcinomas47.
Distinguishing neoplastic from nonneoplastic cells

In the context of cancer, one unique analytical challenge
is distinguishing neoplastic cells (e.g., tumor cells) from
nonneoplastic cells (e.g., immune cells, endothelial cells,
and ﬁbroblasts). In some studies, this challenge is circumvented by enriching neoplastic cells and/or depleting
nonneoplastic cells by sorting. However, sorting is sometimes impossible due to technical limitations (e.g., a lack of
suitable markers). Furthermore, sorting may be undesirable when the aim is to characterize neoplastic cells in
conjunction with nonneoplastic cells in the surrounding
tumor microenvironment. Thus, a number of computational methods and approaches have been developed to
distinguish neoplastic cells from nonneoplastic cells.
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As neoplastic cells generally exhibit extensive alterations in a variety of biochemical pathways and oncogenic
programs emblematic of cancer3, they may be sufﬁciently
transcriptionally distinct from nonneoplastic cells that
they can be segregated through clustering analysis12. To
identify transcriptionally distinct cell clusters, a number
of computational methods for analyzing individual
datasets have been developed48–52 and reviewed15,53,54.
Likewise, a number of computational methods for uniﬁed
analysis across many datasets were described in the
previous section. In the context of cancer, these cell
clusters may represent different neoplastic or nonneoplastic cell types and states. While such methods can
broadly identify cell clusters, annotating these clusters as
either neoplastic or nonneoplastic often proves more
challenging.
In certain cancers, the detection of distinct marker
genes or combinations of marker genes can distinguish
neoplastic from nonneoplastic cells (Fig. 4a). For example,
as multiple myeloma cells are marked by CD38+/CD138+
antigen expression, they could be distinguished by the
codetection of high CD138 (SDC1) and CD38 gene
expression in scRNA-seq data. However, scRNA-seq data
may be subject to numerous technical artifacts such as
drop-outs, when a gene is expressed but not detected55, or
high sparsity, rendering such binary classiﬁcation based
on marker detection liable to false negatives. Furthermore,
for other cancers, the detection of marker genes alone is
insufﬁcient to distinguish neoplastic and nonneoplastic
cells. For example, in a study of pancreatic ductal carcinoma, clustering analysis produced multiple cell clusters
identiﬁed as ductal cells based on the expression of ductal
marker genes56. Without additional information, this
clustering analysis alone was unable to determine the
malignant status of the identiﬁed ductal cell clusters.
Although the upregulation of aberrant expression programs such as cancer-associated pathways (e.g., angiogenesis and proliferation) may implicate certain cell
clusters, annotations based on pathway expression alone
may be ambiguous. This is because neoplastic cells can
also express genes and pathways typically associated with
canonical nonneoplastic cells in ways that we might not
expect. For example, an scRNA-seq analysis of glioblastoma identiﬁed transcriptionally distinct neoplastic
subpopulations exhibiting the upregulation of transcriptional programs associated with expected oncogenic
programs such as oncogenic signaling, proliferation, and
hypoxia. However, the same analysis identiﬁed another
subpopulation of neoplastic cells exhibiting the upregulation of complement/immune response programs typically associated with immune cells57. As such, orthogonal
evidence beyond marker gene or pathway expression is
often needed to conﬁdently distinguish between neoplastic and nonneoplastic cells.
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology
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To this end, computational methods have been developed to identify DNA-level aberrations directly from
scRNA-seq data (Fig. 4b). Large-scale copy-number variations (CNVs) can be inferred by comparing the
smoothed averaged gene-expression proﬁles of neoplastic
cells harboring CNVs to an appropriate normal tissue
reference57,58. The presence of deletions or ampliﬁcations
will on average lead to reduced or increased expression of
genes, respectively, within affected loci compared to copyneutral reference expression for the same cell type.
Hierarchical clustering of smoothed normalized expression magnitude deviations can distinguish cells harboring
CNVs from normal diploid cells. In a study of pancreatic
ductal carcinoma, such expression-based CNV inference
was used to show that one ductal cell cluster exhibited
higher CNV levels than another ductal cell cluster; in
combination with the upregulation of aberrant cancerrelated programs such as cell proliferation, migration, and
hypoxia, these ﬁndings implicated the former ductal cell
cluster as the malignant subpopulation56. Overall, CNV
inference from scRNA-seq data has been applied to distinguish neoplastic and nonneoplastic cells in many cancers, including a variety of gliomas46,57,59–61, melanoma45,
head and neck cancer47, breast cancer62, and multiple
myeloma58.
However, the reliability of such expression-based CNV
inference is dependent on how well the cancer expression
proﬁle is matched to the normal reference, in terms of
both technical and biological factors58. An appropriate
normal reference is needed to ensure that the observed
deviations in expression magnitude are the result of
underlying copy number changes rather than platform- or
cell-type-speciﬁc differences. The identiﬁcation of an
appropriate normal reference may be particularly challenging if the cancer cell type of origin is unknown. An
alternative computational approach for identifying CNVs
is based on the variant allele frequencies (VAFs) of heterozygous germline single-nucleotide polymorphisms
(SNPs)58. Although most scRNA-seq studies focus on
gene-expression counts, scRNA-seq also provides information about SNPs by virtue of sequencing-based data.
Changes in copy number skew the observed VAFs12 in
scRNA-seq data such that the presence of deletions leads
to the persistent depletion of the lost allele, while ampliﬁcation will lead to increased abundance of the ampliﬁed
allele on average. Since allele-based approaches rely on
high coverage of many SNP sites, data from scRNA-seq
protocols that can achieve full-transcript coverage (e.g.,
Smart-seq2) are best for these analyses. In contrast, the
analysis of data from high-throughput scRNA-seq protocols that capture only the 3′ or 5′ transcript ends will be
limited to the identiﬁcation of larger whole-chromosome
and chromosome-arm-scale alterations. Furthermore,
allele-based approaches will not be able to conﬁdently
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Fig. 4 Distinguishing neoplastic and nonneoplastic cells. a The
detection of marker or fusion genes that are uniquely upregulated or
expressed in neoplastic cells may be used to identify neoplastic cells. In
this illustration, many neoplastic cells exhibit high expression (red) of a
marker or fusion gene, although dropouts or other technical factors
result in the detection of low or no expression (blue) in other neoplastic
cells in the same cluster. b Copy-number variant (CNV) inference may
also be used to identify neoplastic cells. Normalized smoothed gene
expression magnitudes and variant allele frequencies can be used to
infer the probability that a cell harbors CNVs. Neoplastic cells exhibit
higher probabilities of harboring any CNVs, as expected. c Somatic point
mutation calling may be used to identify neoplastic cells. The top read
pileup for a cell shows an example in which both the mutant and
reference alleles are detected, indicating that the cells harbors the
mutation. The middle read pileup for a cell shows an example in which
the mutant allele is not detected, which could indicate that the cell does
not harbor the mutation or that there is allelic dropout of the mutant
allele. Alternatively, the bottom read pileup shows an example where
the mutation site presents no read coverage, and thus, no mutation call
can be made. d The inference of CNVs and other genetic alterations
directly from RNA-sequencing data enables the direct interrogation of
transcriptional differences among genetic subclones. A clonal CNV
distinguishes neoplastic from nonneoplastic cells and is also marked by
high expression of marker and fusion genes. In addition, a subclonal CNV
is present. Differential expression analysis may be applied to directly
identify differentially expressed genes between genetic subclones.
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distinguish copy-neutral loss-of-heterozygosity from
deletions or to distinguish different numbers of copynumber ampliﬁcations. Integrating allelic and expression
information can overcome these limitations and achieve
more robust probabilistic CNV inference58.
Nevertheless, some cancers do not harbor such largescale CNVs. Other smaller-scale DNA-level alterations
such as somatic point mutations can also be identiﬁed
from scRNA-seq data and used to distinguish neoplastic
cells (Fig. 4c). However, the detection of somatic point
mutations from scRNA-seq data is limited to mutations
within expressed exons at sites with sufﬁcient read coverage. This lack of coverage at the mutation site of interest
is a particular limitation for scRNA-seq protocols involving 3′ or 5′ rather than full-transcript sequencing. Likewise, both technical and biological factors that result in
the selective detection of a nonmutant allele (e.g., uneven
ampliﬁcation63, prevalent stochastic mono-allelic expression and detection64,65, and allelic exclusion66) limit our
ability to conﬁdently call heterozygous point mutations
using scRNA-seq alone46,67. As such, alternative protocols
and technologies have been developed to combine
scRNA-seq with targeted locus-speciﬁc ampliﬁcation46,68,69 or targeted quantitative polymerase chain
reaction-based mutation detection61,67 to enable the
robust detection of selected point mutation status directly
from or in conjunction with scRNA-seq data. Furthermore, in the calling of somatic point mutations from
scRNA-seq data, false positives that may be caused by
RNA editing must also be considered. The reduction of
false positives may be achieved by limiting the analysis to
the mutations and variants identiﬁed through the WES of
the same tumor sample or to mutations known to be
recurrent in relevant cancers from databases such as
COSMIC70. Some computational approaches have also
been speciﬁcally designed to call point mutations from
RNA-seq71 and scRNA-seq data72,73 while taking into
consideration such potential false positives and negatives.
Beyond distinguishing neoplastic cells from nonneoplastic cells, CNV inference and somatic mutation
calling can be used to distinguish genetically distinct
neoplastic subclones. Notably, by inferring such alterations from scRNA-seq data, the transcriptional proﬁles of
genetic subclones can be directly compared to characterize the transcriptional consequences of observed
genetic alterations (Fig. 4d). Nevertheless, studies have
shown that transcriptional heterogeneity among neoplastic cells does not necessarily reﬂect observed genetic
relationships58,67,74,75, highlighting the need for the further assessment of the interplay of genetic and transcriptional heterogeneity.
Nevertheless, some cancers are not well deﬁned by
either large-scale CNVs or somatic point mutations. For
example, chronic myeloid leukemia (CML) cells are
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generally deﬁned by the presence of the BCR-ABL fusion
gene. While gene fusions may be detected in data generated with full-transcript scRNA-seq protocols (e.g.,
SmartSeq2), limitations in detection sensitivity can result
in false negatives76. To robustly detect gene fusions, the
scRNA-seq library preparation protocol can be modiﬁed
to include primers for the targeted ampliﬁcation of speciﬁc gene fusions. One study of CML successfully applied
this approach with a primer targeting the BCR-ABL fusion
gene to conﬁdently distinguish CML cells76. Ultimately, a
combination of these approaches should be used and can
even be integrated with machine-learning classiﬁers69 to
identify bona ﬁde neoplastic cells.
Inferring communication with the tumor
microenvironment

Neoplastic cells exist among the heterogeneous composition of nonneoplastic cell types and states within a tumor
microenvironment that may contribute to tumor evasion
and progression77, angiogenesis78, and therapeutic resistance79. scRNA-seq provides the opportunity to characterize the many cell types in the tumor microenvironment,
from stromal ﬁbroblasts to diverse immune subtypes, in a
high-throughput and mostly unbiased manner. In a study of
the lung tumor microenvironment, scRNA-seq analysis
identiﬁed functionally distinct ﬁbroblast subtypes as well as
remodeled tumor endothelial cells that downregulate antigen presentation and contribute to immune tolerance and
suppression43. Similarly, the scRNA-seq analysis of tumorassociated macrophages has been used to distinguish
between proinﬂammatory macrophages that resist tumor
progression and tissue-reparative macrophages that promote tumor growth and metastasis in breast cancer80, lung
cancer81, and hepatocellular carcinoma32. Furthermore, the
scRNA-seq analysis of tumor-inﬁltrating T cells has identiﬁed notable subpopulations in different cancers that may
be potential targets for novel immune checkpoint inhibitors, including exhausted T cells in lung cancer43, tissueresident memory T cells in breast cancer82 and melanoma83, and regulatory T cells in non-small-cell lung cancer84 and colorectal cancer85.
Beyond characterizing heterogeneity in the tumor
microenvironment, computational methods have also
been developed to infer putative communication between
different cell types. Since scRNA-seq approaches require
single-cell suspensions, the spatial context of the cell
arrangement in the original tissue is lost. Therefore,
computational methods for inferring cell-cell communication from scRNA-seq data require evidence without
information on the spatial proximity of cells. To infer
putative communication between cell types, cell–cell
communication methods have generally relied on the
comparison of the expression levels of a receptor gene in
one cell type and a corresponding ligand gene in another
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology
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cell type47,86–88 using a curated list of known receptors
and corresponding ligands89 (Fig. 5a). For example, for
each known receptor–ligand pair, CellPhoneDB calculates
the mean expression of the receptor gene in one cell type
and the mean expression of the ligand gene in another cell
type88. These observed means are then assessed for statistical signiﬁcance by comparing them to a null distribution, where means are recomputed after randomly
permuting the cell-type labels of all cells (Fig. 5b). A
graph-based approach for generating a null distribution
has also been used to assess statistical signiﬁcance90.
When analyzing a large number of scRNA-seq datasets,
putative communication can also be identiﬁed by computing the correlation of receptor gene expression in one
cell type with the corresponding ligand gene expression in
another cell type across all scRNA-seq datasets90 (Fig.
5c–e). More recently, these ideas have been extended by
using a computational method known as NicheNet91,
which integrates gene expression data with prior knowledge of intracellular signaling and gene regulatory networks. This method identiﬁes ligands in one cell type
associated with the expression of genes downstream of
the corresponding receptor in another cell type.
Approaches focused on scRNA-seq datasets alone can
be limited in terms of their statistical power due to the
limited number of patients and samples proﬁled. To take
advantage of the greater availability of large collections of
bulk RNA-seq samples, computational deconvolution
approaches have been developed to infer the proportions
of different immune and stromal cell bulk RNA-seq
samples after the identiﬁcation of cell-type-speciﬁc markers from scRNA-seq data92. The fundamental assumption
of deconvolution is that a bulk sample is a mixture of
multiple transcriptionally distinguishable cell types. Most
deconvolution methods model the bulk gene-expression
matrix as the product of an scRNA-seq gene expression
reference (observed) and estimated cell-type proportions
for all samples (unobserved) using different types of
regression models, such as linear regression93 or support
vector regression94,95. Different approaches for cell-type
marker gene selection approaches can inﬂuence the
accuracy of cell-type proportion estimates. Marker genes
can be selected in many ways, including differential
expression analysis or the use of the Gini index96. Likewise, methods can weight genes by variability97 or incorporate patient-speciﬁc covariance98 to improve marker
selection. Accurate proportion estimation for transcriptionally similar cell types is particularly challenging.
To address the collinearity of gene expression proﬁles for
similar cell types, one approach is to remove the union of
the most highly expressed genes among similar cell types
from marker selection93. Another approach is to ﬁrst
estimate the proportion of a group of transcriptionally
similar cell types and then recursively select markers and
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Fig. 5 Inference of cell–cell communication. a The codetection of receptor-ligand pairs may be used to identify putative cell-cell communication.
In this illustration, the single-cell expression levels of known receptor-ligand pairs (Receptor A and Ligand A) are shown across cell types. High
receptor expression is identiﬁed in immune cells, as illustrated in the beeswarm plot, where each point is a cell. Likewise, high ligand expression is
identiﬁed in stromal cells. Such codetection may indicate putative cell–cell communication between these two cell types. b Codetection may be
quantiﬁed as a cell–cell communication score that is evaluated through permutation testing to assess statistical signiﬁcance. c When multiple
samples are available, correlation between receptor-ligand pairs may be used to identify putative cell–cell communication. In this illustration, the
single-cell expression levels of known receptor–ligand pairs (Receptor A and Ligand A) are again plotted for N samples. d (top) The average Receptor
A gene expression in an immune cell type versus the average Ligand A gene expression in a stromal cell type shows a high correlation across
samples (represented as points), indicative of cell–cell communication between these two cell types. (bottom) In contrast, the correlation of the
average Receptor A gene expression versus the average Ligand A gene expression in immune and tumor cells shows a poor correlation across
samples. e Such correlations may be indicative of cell–cell communication between immune and stromal cell types (orange). Such testing can be
applied to all cell-type pairs and visualized as a circle plot.

obtain estimates for ﬁner cell types within each group98.
Such deconvolution approaches have been applied to
estimate the proportion of inﬁltrating immune cells for 23
cancer types from The Cancer Genome Atlas (TCGA), in
which increased immune inﬁltration was found to be
associated with longer median survival93. An important
caveat to consider in any deconvolution analysis is that
cancer cells may aberrantly express genes associated with
canonical immune or nonneoplastic cell types. Therefore,
to achieve accurate proportion estimates, the incorporation of neoplastic cells in marker gene selection is necessary to help ensure that the detection of marker genes
reﬂects the underlying proportions of immune cells rather
than aberrant expression by neoplastic cells.
Delineating tumoral and microenvironmental evolution

While single-cell transcriptomic proﬁling techniques
such as scRNA-seq offer transcriptome-wide molecular
measurements at a single-cell resolution, these measurements ultimately represent a single snapshot in time. This
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology

lack of temporal information is particularly limiting for the
study of cancer and other dynamic processes due to the
continuous nature of cancer evolution and, more broadly,
cellular development. Although scRNA-seq provides a
snapshot of each individual cell at a single point in time, a
snapshot of many cells representing a range of evolutionary stages can allow us to order these cells in pseudotime and within trajectories. To infer this pseudotime
ordering of cells within putative trajectories, a number of
computational trajectory inference methods have been
developed99–101, compared102, and reviewed74,103. In the
context of cancer, trajectory inference analysis has been
applied to scRNA-seq data from healthy and cancerous
kidneys. The analysis identiﬁed two divergent transcriptional trajectories, one of which corresponds to the
development of nephrogenic rest cells and the other to
Wilms cancer cells originating from cells of the ureteric
bud, consistent with the hypothesis that Wilms tumor cells
develop from aberrations in fetal nephrogenesis104. Likewise, trajectory inference analyses of inﬁltrating T cells in

Fan et al. Experimental & Molecular Medicine

Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology

a

Gene X
te

Steady
state

b

Observed
state
Predicted
future state

ula

g
pre

c

Gene X

wn

re
g

ul
at
e

U

Do

Unspliced

liver cancer32,105 and small-cell lung cancer84 have identiﬁed cellular state transitions between proliferating/activated and exhausted states.
While trajectory inference methods are able to position
cells along some axes, current methods do not estimate
the underlying temporal kinetics regarding the rate or
direction of progression through inferred trajectories.
Prior knowledge regarding gene expression patterns may
be useful for establishing the directionality of trajectories
representing normal developmental processes, where we
can assume that a trajectory starts from cells expressing
stemness-related pathways and ends at cells expressing
maturation-related pathways. However, such assumptions
may no longer be valid in a cancer setting. RNA velocity
analysis can address these limitations by providing
directionality to inferred trajectories. RNA velocity analysis utilizes the relative ratio between intronic (i.e.,
unspliced, immature) and exonic (i.e., spliced and mature)
reads in scRNA-seq data to infer the rate of change in
transcript abundance to estimate the future transcriptional state of a cell106 (Fig. 6a, b). The observed versus the
predicted future transcriptional state for each cell or group
of transcriptionally similar cells can be projected onto
inferred trajectories to provide putative directionality,
which may be particularly useful in rooting trajectories as
well as distinguishing between divergent versus convergent evolutionary trajectories (Fig. 6c, d). For example,
the application of RNA velocity analysis to dendritic cells
(DCs) from hepatocellular carcinoma suggested that two
different conventional DC subpopulations have the
potential to converge and transition into LAMP3+ tumorassociated DCs32.
While the application of trajectory inference and RNA
velocity analysis offers the potential to identify the altered
mechanisms of cell development in cancer pathogenesis, a
number of precautions should be considered when
applying such analyses in a cancer setting, especially when
interpreting results for neoplastic cells. Trajectory inference relies on the adequate representation of cells in
different developmental stages, such that the absence of
intermediate stages may distort the inferred temporal
dynamics107. This problem may be particularly pronounced in cancer, where scRNA-seq may capture multiple transcriptionally distinct subpopulations of cells but
not the ancestral cells that gave rise to these populations74. Despite these challenges, the application of RNA
velocity analysis to isocitrate dehydrogenase (IDH) wildtype glioblastoma cells has putatively identiﬁed an intermediate glioma stem-like cell (GSC) subpopulation that
may transition from a mesenchymal to a proneural phenotype, implicating mesenchymal GSCs as the progenitors of proneural GSCs in IDH wild-type glioblastomas108.
Nevertheless, RNA velocity analysis assumes that
increased relative intronic expression reﬂects the presence
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Fig. 6 Trajectory inference combined with RNA velocity analysis.
a Transcriptional dynamics model used to estimate RNA velocity. For
an individual gene such as Gene X, RNA velocity is modeled across a
population of cells based on the observed spliced (e.g., exonic) and
unspliced (e.g., intronic) mRNA abundances, plotted on the x- and
y-axes, respectively. In this model, cells, illustrated as points,
upregulating expression of the gene are expected to exhibit a
relatively higher proportion of unspliced mRNA compared to spliced
mRNA, while cells downregulating expression of the gene are
expected to exhibit a relatively lower proportion of unspliced mRNA
compared to spliced mRNA. b Such models of transcriptional
dynamics can be used to extrapolate expression levels for many genes
at a future time point. In this illustration, the current high-dimensional
observed transcriptional state for a cell is visualized in a heatmap in
which each column represents a gene, where red indicates higher
expression, and blue indicates lower expression. The predicted future
transcriptional state for the same set of genes based on the RNA
velocity model is shown below. c The future transcriptional state for
each cell, as predicted by the RNA velocity models, can be projected
to a lower-dimensional embedding (e.g., tSNE and PCA). An arrow can
be used to connect the observed transcriptional state and the future
predicted transcriptional state in the lower-dimensional embedding
to visualize velocities. This can be performed for each cell individually,
as a gridded velocity ﬁeld, or as a single directed principal curve, as
illustrated. d RNA velocity analysis may be applied to distinguish
between different trajectory patterns, such as a linear progression
through different states, versus branching or convergent trajectories,
as illustrated. RNA velocity analysis may also be applied to identify the
roots or origins of cellular trajectories, illustrated here as stars.

of unspliced nascent transcripts. In a cancer setting,
however, mutations in the splicing machinery may cause
aberrant alternative splicing, resulting in differentially
regulated intronic retention that violates this assumption.
For example, in chronic lymphocytic leukemia as well as
other myeloid neoplasms, recurrent mutations in splicing
factor genes such as SF3B1, U2AF1, SRSF2, and ZRSR2
have been observed109 and shown to cause a wide variety
of aberrant alternative splice variants110,111. In such a
scenario, RNA velocity models should explicitly avoid
introns known to be impacted by aberrant splicing by
excluding these introns from unspliced gene quantiﬁcation or removing these genes from the model altogether.
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Discussion and outlook
The application of single-cell transcriptomics in cancer
presents a number of unique analytical challenges and
opportunities. In this review, we focused on emerging
themes in the computational analysis of single-cell transcriptomics data in cancer research, highlighting unique
challenges and opportunities.
However, despite the promise of single-cell transcriptomics and opportunities for computational method
development in cancer research, discoveries will always be
fundamentally limited by what can be measured. Notably,
although a variety of protocols exist for scRNA-seq analysis, nearly all involve poly-A selection, thereby limiting
the ability to examine non-polyadenylated transcripts,
such as small nucleolar RNAs, histone mRNAs, premRNAs, and long noncoding RNAs, which may play
diverse regulatory roles in cancer3. Even within poly-A
selection scRNA-seq protocols, droplet-based protocols
that are restricted to only 3′ or 5′ ends will inherently be
more limiting for allele-based CNV inference, mutation
calling, and fusion gene detection compared to fulltranscript single-cell RNA-seq protocols. Furthermore,
some cell types (e.g., neutrophils, epithelial cells, and
neurons) may not be compatible with the dissociation,
encapsulation, or other processing steps of all scRNA-seq
protocols. Alternative protocols such as single-nucleus
RNA-seq112 (snRNA-seq) may be applied to these cell
types and to cells from frozen specimens. Different sample preservation techniques, such as the freezing or formalin ﬁxed-parafﬁn embedding of tissues commonly used
for cancer samples, may require different protocols and
introduce different limitations113. Future uniﬁed analyses
of the same cancer samples with protocols (whole cell vs.
nuclei, fresh vs. frozen) will help to further elucidate the
precise limitations and biases introduced by each protocol. As always, care must be exercised in selecting the
protocol that is best able to address the question of
interest while remaining aware of its inherent limitations,
to avoid drawing spurious biological conclusions.
Although transcriptional heterogeneity has been
observed in a variety of cancers, the extent to which this
transcriptional heterogeneity can be mapped to underlying genetic, epigenetic, or spatial contextual causes and
their interplay remains unclear. While the transcriptional
impact of genetic variants may be assessed to some degree
through the direct inference of genetic information from
scRNA-seq data, as previously discussed, the identiﬁcation of associations with other aspects of heterogeneity
such as epigenetic or spatial heterogeneity may require
the integration of additional data, technologies, and
computational methods. For example, to investigate
the role of epigenetic heterogeneity and its interplay
with transcriptional heterogeneity at the single-cell
level, a number of multiomic computational analysis
Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology
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approaches29,114 have been developed to enable uniﬁed
analysis across transcriptomic and epigenetic data modalities, albeit for different cells. However, these approaches generally rely on linking functions to perform
mapping between data modalities, such as mapping
between gene expression and promoter or gene body
accessibility under the assumption that greater accessibility correlates with a higher gene expression magnitude.
In a cancer setting, however, these assumptions may no
longer be valid when regulatory factors are mutated. As
such, greater consideration may be necessary to ensure
that linking functions are appropriate when applying such
computational data integration approaches in a cancer
setting. New technologies and protocols are also being
developed to enable multimodal measurements, including
simultaneous transcriptomic and epigenomic measurements, within a single cell53,115,116. In conjunction with
novel computational analysis approaches, such technologies offer the potential to contribute to our growing
understanding of these different aspects of cancer heterogeneity and their interplay. Likewise, to investigate the
role of the spatial context, a number of imaging a number
of imaging technologies have been developed technologies
have been developed to enable the targeted spatially
resolved single-cell transcriptomic proﬁling of 100–1000 s
of genes117–119. More recently, these technologies have
been expanded to a near-genome-wide scale120–122. We
anticipate that such spatially resolved single-cell transcriptomic data generated from these different technologies will require new computational pipelines and
methods for proper processing (e.g., RNA decoding and
cell segmentation), quality control, and normalization.
Furthermore, the computational methods for analyzing
scRNA-seq data may need to be modiﬁed to develop
in situ analogs appropriate for spatially resolved singlecell transcriptomics data. RNA velocity analysis of
scRNA-seq data that leverages the ratio of intronic and
exonic gene expression has been modiﬁed to create an
in situ analog that leverages the ratio of nuclear and
cytoplasmic gene expression120. In conjunction with novel
computational analysis approaches, these emerging technologies offer the potential to contribute to our growing
understanding of these different aspects of cancer heterogeneity and their interplay.
As the numbers of analyzed cells and samples continue to
increase exponentially, particularly because of international
and collaborative efforts such as the Human Cell Atlas123,
Human Developmental Cell Atlas, Pediatric Cell Atlas124,
HuBMAP125, Human Tumor Atlas Network, LifeTime EU
Flagship, and others, there is a need to improve the scalability of computational methods through implementation
improvement and algorithmic optimization. While the
application of these computational methods to a cancer
setting may present a number of unique challenges,
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additional efforts are ultimately needed to iterate between
data-driven hypothesis generation and the orthogonal
validation of computational predictions. Despite these
challenges, single-cell transcriptomics analysis presents
tremendous opportunities to contribute to our understanding of cancer heterogeneity, pathogenesis, evolution,
and microenvironmental interactions to lay a foundation
for new therapeutic innovations.
Acknowledgements
J.F. acknowledges support from the National Institutes of Health Pre-Doc to
Post-Doc Transition Award (K00CA222750) and the Department of Chemistry
and Chemical Biology, Harvard University, Cambridge, Massachusetts, USA. We
thank Dr. Steve Blum for his feedback and help in revising this manuscript.
Author details
1
Department of Biomedical Engineering, Johns Hopkins University, Baltimore,
Maryland, USA. 2Center for Immunology and Inﬂammatory Diseases,
Massachusetts General Hospital, Charlestown, MA, USA. 3Center for Data
Sciences, Brigham and Women’s Hospital, Boston, MA, USA. 4Department of
Biomedical Informatics, Harvard Medical School, Boston, MA, USA
Conﬂict of interest
The authors declare that they have no conﬂict of interest.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional afﬁliations.
Received: 30 November 2019 Revised: 26 February 2020 Accepted: 10
March 2020

References
1. Marusyk, A., Almendro, V. & Polyak, K. Intra-tumour heterogeneity: a looking
glass for cancer? Nat. Rev. Cancer 12, 323–334 (2012).
2. Dagogo-Jack, I. & Shaw, A. T. Tumour heterogeneity and resistance to cancer
therapies. https://doi.org/10.1038/nrclinonc.2017.166 (2018).
3. Cieślik, M. & Chinnaiyan, A. M. Cancer transcriptome proﬁling at the juncture
of clinical translation. Nat. Rev. Genet. 19, 93–109 (2018).
4. Suvà, M. L. & Tirosh, I. Single-cell RNA sequencing in cancer: lessons learned
and emerging challenges. Mol. Cell 75, 7–12 (2019).
5. Saadatpour, A., Lai, S., Guo, G. & Yuan, G.-C. Single-cell analysis in cancer
genomics. Trends Genet. 31, 576–586 (2015).
6. Ramsköld, D. et al. Full-length mRNA-Seq from single-cell levels of RNA and
individual circulating tumor cells. Nat. Biotechnol. 30, 777–782 (2012).
7. Hashimshony, T., Wagner, F., Sher, N. & Yanai, I. CEL-Seq: single-cell RNA-Seq
by multiplexed linear ampliﬁcation. Cell Rep. 2, 666–673 (2012).
8. Picelli, S. et al. Full-length RNA-seq from single cells using Smart-seq2. Nat.
Protoc. 9, 171–181 (2014).
9. Klein, A. M. et al. Droplet barcoding for single-cell transcriptomics applied to
embryonic stem cells. Cell 161, 1187–1201 (2015).
10. Macosko, E. Z. et al. Highly parallel genome-wide expression proﬁling of
individual cells using nanoliter droplets. Cell 161, 1202–1214 (2015).
11. Tanay, A. & Regev, A. Scaling single-cell genomics from phenomenology to
mechanism. Nature 541, 331–338 (2017).
12. Müller, S. & Diaz, A. Single-cell mRNA sequencing in cancer research: integrating the genomic ﬁngerprint. Front. Genet. 8, 1–10 (2017).
13. Ziegenhain, C. et al. Comparative analysis of single-cell RNA sequencing
methods. Mol. Cell 65, 631–643.e4 (2017).
14. Hwang, B., Lee, J. H. & Bang, D. Single-cell RNA sequencing technologies and
bioinformatics pipelines. Exp. Mol. Med. 50, 96 (2018).
15. Stegle, O., Teichmann, S. A. & Marioni, J. C. Computational and analytical
challenges in single-cell transcriptomics. Nat. Rev. Genet. https://doi.org/
10.1038/nrg3833 (2015).

Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology

Page 12 of 14

16. Hicks, S. C., Townes, F. W., Teng, M. & Irizarry, R. A. Missing data and technical
variability in single-cell RNA-sequencing experiments. Biostatistics. https://doi.
org/10.1093/biostatistics/kxx053 (2017).
17. Leek, J. T. et al. Tackling the widespread and critical impact of batch effects in
high-throughput data. Nat. Rev. Genet. 11, 733–739 (2010).
18. Cao, J. et al. Comprehensive single-cell transcriptional proﬁling of a multicellular organism. Science 357, 661–667 (2017).
19. Kang, H. M. et al. Multiplexed droplet single-cell RNA-sequencing using
natural genetic variation. Nat. Biotechnol. https://doi.org/10.1038/nbt.4042
(2017).
20. McGinnis, C. S. et al. MULTI-seq: sample multiplexing for single-cell RNA
sequencing using lipid-tagged indices. Nat. Methods. https://doi.org/10.1038/
s41592-019-0433-8 (2019).
21. Rosenberg, A. B. et al. Single-cell proﬁling of the developing mouse brain
and spinal cord with split-pool barcoding. Science. https://doi.org/10.1126/
science.aam8999 (2018).
22. Johnson, W. E., Li, C. & Rabinovic, A. Adjusting batch effects in microarray
expression data using empirical Bayes methods. Biostatistics 8, 118–127
(2007).
23. Ritchie, M. E. et al. limma powers differential expression analyses for RNAsequencing and microarray studies. Nucleic Acids Res. 43, e47–e47 (2015).
24. Meng, C. et al. Dimension reduction techniques for the integrative analysis of
multi-omics data. Brief. Bioinform. https://doi.org/10.1093/bib/bbv108 (2016).
25. Stuart, T. et al. Comprehensive integration of single-cell data. Cell. https://doi.
org/10.1016/j.cell.2019.05.031 (2019).
26. Haghverdi, L., Lun, A. T. L., Morgan, M. D. & Marioni, J. C. Batch effects in
single-cell RNA-sequencing data are corrected by matching mutual nearest
neighbors. Nat. Biotechnol. https://doi.org/10.1038/nbt.4091 (2018).
27. Hie, B., Bryson, B. & Berger, B. Efﬁcient integration of heterogeneous singlecell transcriptomes using Scanorama. Nat. Biotechnol. https://doi.org/10.1038/
s41587-019-0113-3 (2019).
28. Barkas, N. et al. Joint analysis of heterogeneous single-cell RNA-seq dataset
collections. Nat. Methods. https://doi.org/10.1038/s41592-019-0466-z (2019).
29. Welch, J. D. et al. Single-cell multi-omic integration compares and contrasts
features of brain cell identity. Cell 177, 1873–1887.e17 (2019).
30. Yang, Z. & Michailidis, G. A non-negative matrix factorization method for
detecting modules in heterogeneous omics multi-modal data. Bioinformatics.
https://doi.org/10.1093/bioinformatics/btv544 (2016).
31. Korsunsky, I. et al. Fast, sensitive and accurate integration of single-cell data
with Harmony. Nat. Methods 16, 1289–1296 (2019).
32. Zhang, Q. et al. Landscape and dynamics of single immune cells in hepatocellular carcinoma. Cell 179, 829–845 (2019).
33. Stein-O’Brien, G. L. et al. Decomposing cell identity for transfer learning across
cellular measurements, platforms, tissues, and species. Cell Syst. 8, 395–411.e8
(2019).
34. Tran, H. T. N. et al. A benchmark of batch-effect correction methods for
single-cell RNA sequencing data. Genome Biol. 21, 12 (2020).
35. Fonseka, C. Y. et al. Mixed-effects association of single cells identiﬁes an
expanded effector CD4+ T cell subset in rheumatoid arthritis. Sci. Transl. Med.
10, eaaq0305 (2018).
36. Weber, L. M., Nowicka, M., Soneson, C. & Robinson, M. D. diffcyt: differential
discovery in high-dimensional cytometry via high-resolution clustering.
Commun. Biol. 2, 183 (2019).
37. Lun, A. T. L. & Marioni, J. C. Overcoming confounding plate effects in differential expression analyses of single-cell RNA-seq data. Biostatistics 18,
451–464 (2017).
38. Luecken, M. D. & Theis, F. J. Current best practices in single‐cell RNA‐seq
analysis: a tutorial. Mol. Syst. Biol. 15, e8746 (2019).
39. Lopez, R., Regier, J., Cole, M. B., Jordan, M. I. & Yosef, N. Deep generative
modeling for single-cell transcriptomics. Nat. Methods 15, 1053–1058 (2018).
40. Amodio, M. et al. Exploring single-cell data with deep multitasking
neural networks. Nat. Methods. https://doi.org/10.1038/s41592-019-0576-7
(2019).
41. Deng, Y., Bao, F., Dai, Q., Wu, L. F. & Altschuler, S. J. Scalable analysis of celltype composition from single-cell transcriptomics using deep recurrent
learning. Nat. Methods 16, 311–314 (2019).
42. Ching, T. et al. Opportunities and obstacles for deep learning in biology and
medicine. J. R. Soc. Interface. https://doi.org/10.1098/rsif.2017.0387 (2018).
43. Lambrechts, D. et al. Phenotype molding of stromal cells in the lung tumor
microenvironment. Nat. Med. 24, 1277–1289 (2018).

Fan et al. Experimental & Molecular Medicine

44. Zilionis, R. et al. Single-cell transcriptomics of human and mouse lung cancers reveals conserved myeloid populations across individuals and species.
Immunity 50, 1317–1334.e10 (2019).
45. Tirosh, I. et al. Dissecting the multicellular ecosystem of metastatic melanoma
by single-cell RNA-seq. Science 352, 189–196 (2016).
46. Filbin, M. G. et al. Developmental and oncogenic programs in H3K27M
gliomas dissected by single-cell RNA-seq. Science 360, 331–335 (2018).
47. Puram, S. V. et al. Single-Cell transcriptomic analysis of primary and metastatic
tumor ecosystems in head and neck cancer. Cell 171, 1611–1624.e24 (2017).
48. Buettner, F. et al. Computational analysis of cell-to-cell heterogeneity in
single-cell RNA-sequencing data reveals hidden subpopulations of cells. Nat.
Biotechnol. https://doi.org/10.1038/nbt.3102 (2015).
49. Zeisel, A. et al. Cell types in the mouse cortex and hippocampus revealed by
single-cell RNA-seq. Science 347, 1138–1142 (2015).
50. Fan, J. et al. Characterizing transcriptional heterogeneity through pathway
and gene set overdispersion analysis. Nat. Methods 13, 241–244 (2016).
51. Wang, B., Zhu, J., Pierson, E., Ramazzotti, D. & Batzoglou, S. Visualization and
analysis of single-cell RNA-seq data by kernel-based similarity learning. Nat.
Methods. https://doi.org/10.1038/nmeth.4207 (2017).
52. Kiselev, V. Y. et al. SC3: consensus clustering of single-cell RNA-seq data. Nat.
Methods 14, 483–486 (2017).
53. Stuart, T. & Satija, R. Integrative single-cell analysis. Nat. Rev. Genet. https://doi.
org/10.1038/s41576-019-0093-7 (2019).
54. Poirion, O. B., Zhu, X., Ching, T. & Garmire, L. Single-cell transcriptomics
bioinformatics and computational challenges. Front. Genet. 7, 163 (2016).
55. Kharchenko, P. V., Silberstein, L. & Scadden, D. T. Bayesian approach to singlecell differential expression analysis. Nat. Methods 11, 740–742 (2014).
56. Peng, J. et al. Single-cell RNA-seq highlights intra-tumoral heterogeneity and
malignant progression in pancreatic ductal adenocarcinoma. Cell Res. https://
doi.org/10.1038/s41422-019-0195-y (2019).
57. Patel, A. P. et al. Single-cell {RNA-seq} highlights intratumoral heterogeneity in
primary glioblastoma. Science 344, 1396–1401 (2014).
58. Fan, J. et al. Linking transcriptional and genetic tumor heterogeneity through
allele analysis of single-cell RNA-seq data. Genome Res. 28, 1217–1227 (2018).
59. Müller, S. et al. Single‐cell sequencing maps gene expression to mutational
phylogenies in PDGF‐ and EGF‐driven gliomas. Mol. Syst. Biol. 12, 889 (2016).
60. Venteicher, A. S. et al. Decoupling genetics, lineages, and microenvironment
in IDH-mutant gliomas by single-cell RNA-seq. Science 355, eaai8478 (2017).
61. Tirosh, I. et al. Single-cell RNA-seq supports a developmental hierarchy in
human oligodendroglioma. Nature 539, 309–313 (2016).
62. Chung, W. et al. Single-cell RNA-seq enables comprehensive tumour and
immune cell proﬁling in primary breast cancer. Nat. Commun. 8, 15081
(2017).
63. Chapman, A. R. et al. Single cell transcriptome ampliﬁcation with MALBAC.
PLoS ONE 10, e0120889 (2015).
64. Gimelbrant, A., Hutchinson, J. N., Thompson, B. R. & Chess, A. Widespread
monoallelic expression on human autosomes. Science 318, 1136–1140
(2007).
65. Deng, Q., Ramsköld, D., Reinius, B. & Sandberg, R. Single-cell RNA-seq reveals
dynamic, random monoallelic gene expression in mammalian cells. Science
343, 193–196 (2014).
66. Li, W., Calder, R. B., Mar, J. C. & Vijg, J. Single-cell transcriptogenomics reveals
transcriptional exclusion of ENU-mutated alleles. Mutat. Res. Mol. Mech.
Mutagen 772, 55–62 (2015).
67. Wang, L. et al. Integrated single-cell genetic and transcriptional analysis
suggests novel drivers of chronic lymphocytic leukemia. Genome Res. https://
doi.org/10.1101/gr.217331.116 (2017).
68. Nam, A. S. et al. Somatic mutations and cell identity linked by genotyping of
transcriptomes. Nature 571, 355–360 (2019).
69. van Galen, P. et al. Single-cell RNA-seq reveals AML hierarchies relevant to
disease progression and immunity. Cell 176, 1265–1281.e24 (2019).
70. Tate, J. G. et al. COSMIC: the catalogue of somatic mutations in cancer.
Nucleic Acids Res. 47, D941–D947 (2019).
71. Piskol, R., Ramaswami, G. & Li, J. B. Reliable identiﬁcation of genomic variants
from {RNA-seq} data. Am. J. Hum. Genet. 93, 641–651 (2013).
72. Zafar, H., Wang, Y., Nakhleh, L., Navin, N. & Chen, K. Monovar:
single-nucleotide variant detection in single cells. Nat. Methods 13, 505–507
(2016).
73. Vu, T. N. et al. Cell-level somatic mutation detection from single-cell RNA
sequencing. Bioinformatics. https://doi.org/10.1093/bioinformatics/btz288
(2019).

Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology

Page 13 of 14

74. Kester, L. & van Oudenaarden, A. Single-cell transcriptomics meets lineage
tracing. Cell Stem Cell 23, 166–179 (2018).
75. Neftel, C. et al. An integrative model of cellular states, plasticity, and genetics
for glioblastoma. Cell 178, 835–849.e21 (2019).
76. Giustacchini, A. et al. Single-cell transcriptomics uncovers distinct molecular
signatures of stem cells in chronic myeloid leukemia. Nat. Med. 23, 692–702
(2017).
77. Quail, D. F. & Joyce, J. A. Microenvironmental regulation of tumor progression
and metastasis. Nat. Med. 19, 1423–1437 (2013).
78. De Palma, M., Biziato, D. & Petrova, T. V. Microenvironmental regulation of
tumour angiogenesis. Nat. Rev. Cancer 17, 457–474 (2017).
79. Binnewies, M. et al. Understanding the tumor immune microenvironment
(TIME) for effective therapy. Nat. Med. 24, 541–550 (2018).
80. Azizi, E. et al. Single-cell map of diverse immune phenotypes in the breast
tumor microenvironment. Cell. https://doi.org/10.1016/j.cell.2018.05.060
(2018).
81. Lavin, Y. et al. Innate immune landscape in early lung adenocarcinoma by
paired single-cell analyses. Cell 169, 750–765.e17 (2017).
82. Savas, P. et al. Single-cell proﬁling of breast cancer T cells reveals a tissueresident memory subset associated with improved prognosis. Nat. Med. 24,
986–993 (2018).
83. Li, H. et al. Dysfunctional CD8 T cells form a proliferative, dynamically
regulated compartment within human melanoma. Cell 176, 775–789.e18
(2019).
84. Guo, X. et al. Global characterization of T cells in non-small-cell lung cancer
by single-cell sequencing. Nat. Med. 24, 978–985 (2018).
85. Zhang, L. et al. Lineage tracking reveals dynamic relationships of T cells in
colorectal cancer. Nature 564, 268–272 (2018).
86. Camp, J. G. et al. Multilineage communication regulates human liver bud
development from pluripotency. Nature 546, 533–538 (2017).
87. Skelly, D. A. et al. Single-cell transcriptional proﬁling reveals cellular diversity
and intercommunication in the mouse heart. Cell Rep. https://doi.org/
10.1016/j.celrep.2017.12.072 (2018).
88. Vento-Tormo, R. et al. Single-cell reconstruction of the early maternal–fetal
interface in humans. Nature 563, 347–353 (2018).
89. Ramilowski, J. A. et al. A draft network of ligand-receptor-mediated multicellular signalling in human. Nat. Commun. 6, 7866 (2015).
90. Smillie, C. S. et al. Intra- and inter-cellular rewiring of the human colon during
ulcerative colitis. Cell 178, 714–730.e22 (2019).
91. Browaeys, R., Saelens, W. & Saeys, Y. NicheNet: modeling intercellular communication by linking ligands to target genes. Nat. Methods. https://doi.org/
10.1038/s41592-019-0667-5 (2019).
92. Avila Cobos, F., Vandesompele, J., Mestdagh, P. & De Preter, K. Computational
deconvolution of transcriptomics data from mixed cell populations. Bioinformatics 34, 1969–1979 (2018).
93. Li, B. et al. Comprehensive analyses of tumor immunity: implications for
cancer immunotherapy. Genome Biol. 17, 1–16 (2016).
94. Newman, A. M. et al. Robust enumeration of cell subsets from tissue
expression proﬁles. Nat. Methods 12, 453–457 (2015).
95. Baron, M. et al. A single-cell transcriptomic map of the human and mouse
pancreas reveals inter- and intra-cell population structure. Cell Syst. 3,
346–360.e4 (2016).
96. Zhang, J. D. et al. Detect tissue heterogeneity in gene expression data with
BioQC. BMC Genomics 18, 1–9 (2017).
97. Racle, J., de Jonge, K., Baumgaertner, P., Speiser, D. E. & Gfeller, D. Simultaneous enumeration of cancer and immune cell types from bulk tumor gene
expression data. Elife 6, 1–25 (2017).
98. Wang, X., Park, J., Susztak, K., Zhang, N. R. & Li, M. Bulk tissue cell type
deconvolution with multi-subject single-cell expression reference. Nat.
Commun. 10, 380 (2019).
99. Trapnell, C. et al. The dynamics and regulators of cell fate decisions are
revealed by pseudotemporal ordering of single cells. Nat. Biotechnol. 32,
381–386 (2014).
100. Angerer, P. et al. Destiny: diffusion maps for large-scale single-cell data in R.
Bioinformatics 32, 1241–1243 (2016).
101. Setty, M. et al. Characterization of cell fate probabilities in single-cell data with
Palantir. Nat. Biotechnol. https://doi.org/10.1038/s41587-019-0068-4 (2019).
102. Saelens, W., Cannoodt, R., Todorov, H. & Saeys, Y. A comparison of single-cell
trajectory inference methods. Nat. Biotechnol. 37, 547–554 (2019).
103. Trapnell, C. & Liu, S. Single-cell transcriptome sequencing: recent advances
and remaining challenges. F1000Research 5, 182 (2016).

Fan et al. Experimental & Molecular Medicine

104. Young, M. D. et al. Single-cell transcriptomes from human kidneys reveal the
cellular identity of renal tumors. Science 361, 594–599 (2018).
105. Zheng, C. et al. Landscape of inﬁltrating T cells in liver cancer revealed by
single-cell sequencing. Cell 169, 1342–1356.e16 (2017).
106. La Manno, G. et al. RNA velocity of single cells. Nature. https://doi.org/
10.1038/s41586-018-0414-6 (2018).
107. Weinreb, C., Wolock, S., Tusi, B. K., Socolovsky, M. & Klein, A. M. Fundamental
limits on dynamic inference from single-cell snapshots. Proc. Natl Acad. Sci.
USA 115, E2467–E2476 (2018).
108. Wang, L. et al. The phenotypes of proliferating glioblastoma cells reside on a
single axis of variation. Cancer Discov. https://doi.org/10.1158/2159-8290.CD19-0329 (2019).
109. Jenkins, J. L. & Kielkopf, C. L. Splicing factor mutations in myelodysplasias:
insights from spliceosome structures. Trends Genet. 33, 336–348 (2017).
110. Wang, L. et al. Transcriptomic characterization of SF3B1 mutation reveals its
pleiotropic effects in chronic lymphocytic leukemia. Cancer Cell 30, 750–763
(2016).
111. Ilagan, J. O. et al. U2AF1 mutations alter splice site recognition in hematological malignancies. Genome Res. 25, 14–26 (2015).
112. Grindberg, R. V. et al. RNA-sequencing from single nuclei. Proc. Natl Acad. Sci.
USA. https://doi.org/10.1073/pnas.1319700110 (2013).
113. Thomsen, E. R. et al. Fixed single-cell transcriptomic characterization of
human radial glial diversity. Nat. Methods 13, 87–93 (2016).
114. Lake, B. B. et al. Integrative single-cell analysis of transcriptional and epigenetic states in the human adult brain. Nat. Biotechnol. https://doi.org/10.1038/
nbt.4038 (2017).

Ofﬁcial journal of the Korean Society for Biochemistry and Molecular Biology

Page 14 of 14

115. Stoeckius, M. et al. Simultaneous epitope and transcriptome measurement in
single cells. Nat. Methods 14, 865–868 (2017).
116. Macaulay, I. C. et al. G&T-seq: parallel sequencing of single-cell genomes and
transcriptomes. Nat. Methods 12, 519–522 (2015).
117. Lubeck, E., Coskun, A. F., Zhiyentayev, T., Ahmad, M. & Cai, L. Single-cell
in situ RNA proﬁling by sequential hybridization. Nat. Methods 11,
360–361 (2014).
118. Chen, K. H., Boettiger, A. N., Mofﬁtt, J. R., Wang, S. & Zhuang, X. RNA imaging.
Spatially resolved, highly multiplexed RNA proﬁling in single cells. Science
348, aaa6090 (2015).
119. Wang, X. et al. Three-dimensional intact-tissue sequencing of single-cell
transcriptional states. Science 361, eaat5691 (2018).
120. Xia, C., Fan, J., Emanuel, G., Hao, J. & Zhuang, X. Spatial transcriptome
proﬁling by MERFISH reveals subcellular RNA compartmentalization and
cell cycle-dependent gene expression. Proc. Natl Acad. Sci. USA 2019,
12459 (2019).
121. Eng, C. H. L. et al. Transcriptome-scale super-resolved imaging in tissues by
RNA seqFISH+. Nature. https://doi.org/10.1038/s41586-019-1049-y (2019).
122. Lee, J. H. et al. Fluorescent in situ sequencing (FISSEQ) of RNA for gene
expression proﬁling in intact cells and tissues. Nat. Protoc. 10, 442–458 (2015).
123. Regev, A. et al. The Human Cell Atlas. bioRxiv. https://doi.org/10.1101/121202
(2017).
124. Taylor, D. M. et al. The Pediatric Cell Atlas: deﬁning the growth phase of
human development at single-cell resolution. Dev. Cell 49, 10–29 (2019).
125. HuBMAP Consortium. The human body at cellular resolution: the NIH
Human Biomolecular Atlas Program. Nature 574, 187–192 (2019).

