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SUMMARY

Human tumors are intricate ecosystems composed of diverse genetic clones and malignant cell states that
evolve in a complex tumor micro-environment. Single-cell RNA-sequencing (scRNA-seq) provides a compel-
ling strategy to dissect this intricate biology and has enabled a revolution in our ability to understand tumor
biology over the last ten years. Here we reflect on this first decade of scRNA-seq in human tumors and high-
light some of the powerful insights gleaned from these studies. We first focus on computational approaches
for robustly defining cancer cell states and their diversity and highlight some of the most common patterns of
gene expression intra-tumor heterogeneity (elTH) observed across cancer types. We then discuss ambigu-
ities in the field in defining and naming such elTH programs. Finally, we highlight critical developments that

will facilitate future research and the broader implementation of these technologies in clinical settings.

INTRODUCTION

Single-cell RNA-sequencing (scRNA-seq) has revolutionized our
understanding of complex biological systems. In cancer, a com-
bination of intrinsic genetic and epigenetic variation with
extrinsic and spatial factors creates a paragon of biological
complexity. Diverse genetic clones of malignant cells exist in a
complex tumor microenvironment (TME) of immune, stromal
and vascular cells, where cell-cell interactions and nutrient and
oxygen availability affect tumor growth, differentiation, invasion,
metastasis and response to therapy. scRNA-seq technologies
identify programs that represent an integration of all these layers
of variation, defining a fundamental aspect of cancer biology.

The initial studies of human cancer specimens by scRNA-seq
were performed by specialized laboratories a decade ago.'™
These early studies profiled single cells that had been isolated
by flow cytometry into wells or in distinct chambers by microflui-
dic devices. While these studies provided detailed insights into
expression programs of cancer and immune cells, they were
limited by scalability, typically to a few dozens or hundreds of
cells per sample. The development of high-throughput methods
such as microdroplets offered impressive scalability at reduced
costs (Macosko et al.® and Klein et al”; also commercialized later
by 10x Genomics) by enabling the 3'-end or 5'-end sequencing
of thousands of cells in parallel.

Microdroplet-based systems have been established as the
most widely used platforms for high-throughput scRNA-seq.
Additional developments in scale were enabled by combinatorial
barcoding (SPLiT-seq),® bypassing the need for separation
by leveraging the cells themselves as compartments, further
reducing costs. Nanowells-based systems offer interesting
portability and cell imaging possibilities.® While flow cytometry-
based sorting remains limited in scale compared to droplet

microfluidics, it remains the method of choice for cell selection,
multi-omic profiling (e.g., RNA + DNA), and full-length sequencing,
although long reads may offer full-length sequencing from drop-
lets, directly from cDNA. Overall, these developments made
high-throughput scRNA-seq accessible for most labs and led to
a gradual increase in the number of scRNA-seq cancer studies
that peaked around 2020 and remains high ever since, generating
a vast amount of data and literature on tumor heterogeneity at the
transcriptional level.

Given the very rapid expansion of the field and the wide adop-
tion of these technologies in many laboratories across the world,
here we reflect on some of the lessons learned in the past ten
years, current challenges for the field and future developments
for clinical application. We focus primarily on cancer cell states
and their diversity within tumors, as observed by scRNA-seq.

DISTINGUISHING INTER-TUMOR VS. INTRA-TUMOR
EXPRESSION HETEROGENEITY

Single-cell expression profiling of a cohort of tumors can be
used to define both inter-tumor and intra-tumor heterogeneity
for each of the observed cell types. Inter-tumor expression
heterogeneity has been extensively studied previously by
bulk profiling—for example through The Cancer Genome Atlas
(TCGA) datasets—although this approach has limitations asso-
ciated with tumor purity and TME composition. The study of
intra-tumor heterogeneity for cancer cell states requires single
cell data and therefore has expanded dramatically in the last
decade. Nevertheless, when it comes to the malignant cell
expression programs (but not typically for immune and stromal
cells), inter-tumor heterogeneity tends to be the dominant
component in unbiased analyses. For example, expression
clustering of all malignant cells from a cohort of tumors would
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Figure 1. Approaches for elTH analysis

(A) Cell clustering, showing a toy example with three
identified clusters as marked by colors and cluster-
numbers in black. One of the clusters (#1) is highly
distinct from the other cells, reflecting a distinct cell
type. The other two clusters (#2 and #3) reflect a
continuum of cellular states that is broken into clus-
ters in a manner that is method-dependent. The cells
of clusters #2 and #3 are also depicted in the subse-
quent sections in which their diversity is described by
other approaches.

(B) Top panel: pseudotime analysis orders the cells by
an inferred trajectory (from white to black as also
indicated by an arrow). While such simple trajectories
may accurately describe certain processes, cancer
cells often demonstrate plasticity such that their state
may progress in multiple “directions,” including in
opposing manners, as depicted in the bottom panel.
(C) Cells may be described by their scores for multiple
elTH programs, while prioritizing programs that recur
across tumors. Left: identification of recurrent elTH
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typically result in separate cluster(s) for each tumor in the
cohort.”?%"" This highlights the very high degree of inter-tu-
mor expression heterogeneity, which reflects each tumor’s
unique genetics along with other potential effects such as the
cell-of-origin, spatial location and history of the tumor and
various other patient characteristics. Accordingly, direct anal-
ysis of cell states from scRNA-seq dataset of a cancer cohort
would likely be dominated by tumor-specific patterns and
could potentially mask the diversity within tumors.

The large contribution of inter-tumor heterogeneity may be
decreased by the use of integration methods that are designed
to remove technical batch effects.’®'® However, since each tu-
mor is processed separately, this approach implicitly assumes
that observed tumor-specific patterns reflect a batch effect
that needs to be removed and hence may distort the data, while
eliminating genuine biological signals.'*'® Integration methods
may retain some amount of patient-specific signals while
removing others, making it difficult to interpret the remaining dif-
ferences between tumors. Thus, apart from the two approaches
noted previously (direct combination of data from multiple
patients or their integration with dedicated methods), a third
approach involves separate analysis of each tumor in order to
directly define intra-tumor heterogeneity without confounding it
with inter-tumor heterogeneity, thereby considering the two as
distinct modes of diversity. In this approach, intra-tumor hetero-
geneity is first defined separately within each tumor and only
subsequently, the resulting patterns may be compared across
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programs. First, elTH programs are identified per tu-
mor, for example by non-negative matrix factoriza-
tion. Second, the tumor-specific elTH programs are
compared to one another to identify the recurrent
programs. In the toy example 3 recurrent programs
are identified and used to score the cells in the right
panel. Right: cells (as shown in A and B) colored by
their scores for three recurrent elTH programs that
together describe their variation in gene expression.

tumors in order to identify recurrent patterns
or those that are unique to specific tumors or
cancer types.

Given this complex relationship between
inter- and intra-tumor heterogeneity, we
focus subsequent sections on intra-tumor patterns at the level
of gene expression, which we term expression intra-tumor het-
erogeneity (elTH).

DEFINING elTH FROM scRNA-SEQ: CLUSTERS,
PSEUDOTIME, AND PROGRAM SCORES

Based on scRNA-seq data, how many distinct subpopulations of
cancer cells are found in one tumor sample? This expected and
seemingly simple question turns out to be difficult to address.
Many studies used clustering methods to report specific
numbers of clusters, but the results often appear to depend on
the specific methodology applied and to be threshold-depen-
dent. Even defined clusters can usually be subjected to another
round of clustering to define meaningful sub-clusters, limiting the
relevance of any reported number of clusters. The underlying
reason for this complexity is that rather than a well separated
set of clusters, malignant cells typically span a continuum of
transcriptional programs (Figure 1A). Such continuums reflect a
range of cell states, as opposed to discrete clusters that may
be better described as cell types.'® Continuums may of course
be broken into a discrete number of clusters, which simplifies
the analysis and provides an (often desired) cluster definition.
Yet, the observed continuums suggest that other approaches
should also be considered.

Expression continuums raise the possibility that cells may
dynamically change their state over time and hence a population
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of cells may cover a range of observed cellular states. Such dy-
namic behavior may be unidirectional, such as in lineage differ-
entiation, or may be multi-directional, a concept often referred
to as cancer cell plasticity.'”"'® Such plasticity was demon-
strated in many contexts, including melanoma,'®?° glioma,?"-?
pancreatic cancer,”® and prostate cancer.?* Accordingly, cancer
cell plasticity has gained increasing attention in recent years,
including its definition as a hallmark of cancer®® and as one
of cancer’s grand challenges (https://cancergrandchallenges.
org/). Plasticity implies that even if we successfully target a given
state of cancer cells, this state might be regenerated by other
cancer cells, calling for new therapeutic strategies based on an
improved understanding of the dynamics and determinants of
cell states.

With this appreciation of the dynamic behavior of cancer cells,
a common alternative to clustering is to order the cancer cells
along observed continuums and associate each cell with its po-
sition along that ordering (Figure 1B). Such ordering, usually
referred to as pseudotime, is based on methods that were
initially designed for developmental contexts,?®?” in which cells
indeed progress along a defined path of states, reflecting their
differentiation or maturation. Related methods, such as veloc-
ity,?® try to directly infer dynamic cellular trajectories by compar-
ison of recently generated (unspliced) RNA to the pool of
mature RNAs.

The pseudotime approach is well suited for continuums but
faces two added challenges in the cancer context. First, unlike
developmental contexts, it is unclear if cancer cells indeed prog-
ress along one direction of a continuum or whether they could
advance in multiple directions. Thus, the assumption that cells
move from low to high pseudotime should be questioned in a
cancer context. Second, while differentiation implies the pro-
gression of cells along a defined set of states, in the cancer
context cells may simultaneously traverse along multiple axes.
For example, cells may increase or decrease their expression
of proliferation-related programs and at the same time increase
or decrease stress-related programs, immune-related programs
and others. By “program,” we refer to sets of genes whose
expression is correlated among the cancer cells in a given tumor
and that are often linked to a particular cellular function or pro-
cess. An attempt to combine these disparate processes into a
single pseudotime may oversimplify the patterns of diversity
and mask some of these axes.

Therefore, an alternative to pseudotime involves “scoring” of
cancer cells for multiple expression programs'%?"?° (Figure 1C).
Relevant expression programs may first be defined as those
that vary recurrently in multiple tumors of a given type, hence re-
flecting a consistent feature of elTH in that context. Each cell may
then be described by a set of program scores that could be sub-
jected to further analysis, including clustering if desired. This
approach removes the underlying assumption of directionality
and we argue is better suited for the multidimensional dynamics
that exist in cancer.

This approach of program scores raises several questions. For
example, which programs vary within a given tumor? Which pro-
grams vary consistently across many tumors? How does the
identity of variable programs depend on the cancer type? These
questions could also be phrased in the language of clusters and
more generally relate to the fundamental question of which pro-
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cesses and phenotypes tend to vary among cancer cells in a
given tumor. In the subsequent sections, we address these
questions based on the many recent scRNA-seq tumor studies
and their meta-analysis,?®*° which highlight similarities in elTH
patterns across tumors and provides a framework to discuss
the relative frequencies of the various elTH programs.

MOST COMMON elTH PROGRAMS: CELL CYCLE AND
STRESS

Arguably, the most fundamental property of cancer cells is their
increased rate of proliferation, such that any tumor is expected to
contain proliferating cancer cells. Since scRNA-seq captures a
static snapshot, it is further expected that only a minority of can-
cer cells will be profiled during their cell cycle. Accordingly, the
most commonly observed pattern of elTH is a distinction be-
tween cycling and non-cycling cells. The fraction of cycling cells
varies extensively between tumors, from rare (<1%) in some low-
proliferation tumors? to the majority of cells in some rapidly prolif-
erating tumors'" and in typical cell line models,®' where prolifer-
ation is enriched relative to in vivo tumors.

Cycling cells can further be separated into distinct phases of
the cell cycle.?***% |n particular, there are two prominent cell cy-
cle programs that are highly consistent between diverse types of
cancer and non-cancer cells, largely reflecting core gene-sets of
the G1/S and G2/M phases, respectively. Cells may be assigned
to distinct phases along the cell cycle based on the relative acti-
vation of these two programs. Cells that do not express these
two programs may be considered non-cycling, although it is diffi-
cult to distinguish if they are only non-cycling at the time of sam-
pling (e.g., in early phase of G1) or whether they do not proliferate
for a longer period (quiescent or senescent cells, i.e., in GO).

Some studies exclude cycling cells from their datasets. How-
ever, the amount of cycling cells and their distribution across cell
states (as defined by processes other than the cell cycle itself)
are important tumor features that may only be ascertained if
the cycling cells are retained for analysis. Among cycling cells,
much of the transcriptome may be devoted to proliferation,
and signals for other processes may appear weaker than in
non-cycling cells, but multiple studies showed that cycling cells
are still associated with a diversity of states, although particular
states are often enriched. For example, in gliomas, progenitor
states are enriched for cycling cells, while more differentiated
cells are depleted in proliferative potential, but such associations
are partial and may vary between specimens.”?' Therefore,
methods that attempt to normalize scRNA-seq data for the
phase of the cell cycle assume a precise relationship between
cell cycle and cell state, an oversimplification that may distort
the inferred state of proliferating cells and mask a more complex
pattern of cancer cell proliferation.

The second most common pattern of ITH is the so-called
cellular stress-related programs.”>** These include hypoxia-
related programs, in which the top genes reflect central mecha-
nisms by which cancer cells cope with hypoxia such as angio-
genesis (VEGFA), HIF inhibition (EGLN3) and increased glucose
uptake (SLC2A7). Heat-shock response and unfolded-protein
response are additional examples of common cellular stress
pathways, and there are various other stress-related expression
profiles in tumors.
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Despite the diversity of physiological stresses, the observed
stress-related programs typically share a common set of genes,
thereby defining a generic stress program that appears to be
induced by multiple stimuli and hence is often difficult to inter-
pret. This program may be linked to drug resistance®* and ap-
pears to be orchestrated by multiple transcription factors of
the AP-1 family (JUN/FOS) along with ATF3 and further includes
heat-shock proteins, DNA damage genes and other stress-
related genes.?®>* This generic program can be induced by tu-
mor dissociation and hence in some cases may be artificially in-
flated,®>*° but it is also observed frequently in studies that
avoided dissociation (such as spatial transcriptomics or single-
nucleus RNA-seq [snRNA-seq] data) and hence is a genuine pro-
gram of elTH that is broadly observed across all major cancer
types.29'34

While stress-related programs are often difficult to connect
to a specific source of stress, they suggest a prominent role of
the location of cells within the tumor, with different tumor regions
subjecting the cells to different stresses such as hypoxia,
nutrient limitation due to competition, heat, acidity and others.
Indeed, recent studies have begun to demonstrate that cancer
cell states tend to be spatially segregated,®** reflecting the
rapidly expanding field of spatial omics.**™*° For example, in
glioblastoma, hypoxia serves as a driver of tumor spatial organi-
zation.”’

elTH PROGRAMS PARTIALLY REFLECT
DEVELOPMENTAL AND PHYSIOLOGICAL PROCESSES

It has long been appreciated that tumors co-opt processes from
development and physiology.*? In response to stimuli from their
environment, or even simply as a stochastic process,** cancer
cells may induce programs that have evolved for a develop-
mental or physiological purpose. The recent explosion in tumor
scRNA-seq studies enables a renewed analysis of this concept.

Probably the most well-known example of a developmental
(and physiological) process that is co-opted in cancer is that of
epithelial-mesenchymal transitions (EMT). EMT has been stud-
ied extensively in the cancer context, where it is thought to
endow cancer cells with increased metastatic potential, drug
resistance and possibly immunosuppression.** Nevertheless,
the role of EMT in cancer has often been shrouded by debates
around both the existence of EMT and its importance for metas-
tasis and drug resistance. Numerous scRNA-seq studies have
uncovered elTH programs enriched with mesenchymal-related
genes, supporting the broad importance of EMT in cancer. In
fact, such programs were observed across all types of epithelial
cancers that were studied extensively by scRNA-seq.”**° More-
over, mesenchymal-related programs were also detected in
various types of non-epithelial cancer types,?® such as mela-
noma,**“® glioma,”' neuroblastoma,*” and sarcoma’® (where
in principle these programs should not be referred to as EMT).
Thus, like the capacity to proliferate and to activate stress re-
sponses, also the ability to mount mesenchymal-related re-
sponses appears to be a common characteristic of cancer cells
across diverse types of cancer.

While scRNA-seq studies provide strong evidence for the ex-
istence of EMT-related programs in cancer, they also may help
to explain the debate around EMT. Most identified mesen-
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chymal-related programs may be better described as represent-
ing a hybrid or partial EMT,'%“°*? in which cells maintain their
expression of epithelial markers along with only a partial activa-
tion of a subset of the mesenchymal markers that may be ex-
pected by classical description of EMT. For example, some
EMT-related programs identified by scRNA-seq lack any of the
core EMT transcription factors that were traditionally deemed
essential for EMT. Thus, the annotation of such programs as
EMT-related is itself under debate, with many researchers
not considering a program as EMT-related only due to the
enrichment of mesenchymal genes. In summary, mesen-
chymal-related elTH programs are common in cancer, but they
appear to be much more limited than those in development
and in physiology such that even their designation as EMT is
questionable. Some of the studies that detected such programs
also provided evidence for their association with metastasis,
drug resistance or reduced survival,'*>*®5% although most
scRNA-seq studies are statistically underpowered to examine
such associations directly from clinical specimen. Experimental
models coupled to scRNA-seq may offer a granular approach to
dissect the establishment of resistance. For example, in ovarian
cancer models, single-cell analysis suggests that EMT facilitates
the adaptation to treatment and plays a role in the establishment
of a resistance continuum of states.®"

The EMT example highlights a wider phenomenon: elTH tends
to resemble developmental and physiological processes, but
often reflects only a partial version of these processes that
may lack canonical markers and whose phenotypic conse-
quences are difficult to assess. Another example of this concept
involves cellular senescence: multiple epithelial cancer types,
and especially squamous cell carcinoma, often harbor subpop-
ulations of cells that express a program with high similarity to
that of senescent epithelial cells.”**' These cells do not seem
to activate classical markers of senescence (e.g., p16 and p21)
and they appear to maintain a proliferative capacity, albeit
reduced compared to other cells in the same tumor.

Further examples are seen in multiple other cancer types. In gli-
oma, most cancer cells activate programs that are reminiscent of
one of several lineages of neurodevelopmental cell types —oligo-
dendrocyte progenitors, neural progenitors and astrocytes.”’ But
glioma cells that induce those programs express distorted ver-
sions of them and remain transcriptionally more similar to one
another than to their respective normal neurodevelopmental cells.
In melanoma, cancer cells express melanocyte-like, neural crest-
like, and mesenchymal-like programs’'°>°° but the signal for such
states may be subtle and difficult to distinguish within a given mel-
anoma tumor and these states usually do not imply the pheno-
types of respective normal cells (e.g., pigmentation). In chronic
lymphocytic leukemia (CLL), malignant cells recapitulate B cell
programs, but with decreased coordination of epigenetic layers
that leads to increased transcriptional heterogeneity.®* In lung
cancer, subsets of cells express an alveolar-like program that re-
sembles AT2 cells,**°® but once again this program lacks features
of the normal AT2 cells such as activation of major histocompat-
ibility complex class Il (MHC-II) genes.?®

In colorectal cancer, multiple developmental programs were
detected in cancer cells, including colonic stem/transit-ampli-
fying-like cells, and neuroendocrine-like cells.””>° Notably, the
latter program is scarce within primary colorectal tumors but
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Figure 2. Cancer elTH programs often reflect limited versions of developmental or physiological programs

(A) Left: schematic depiction of a cellular transition/differentiation from cell type X to cell type Y, which is unidirectional, is accompanied by morphological
changes and a complete transition from expression of only X markers to only Y markers. Right: a similar transition is found in cancer (from X-like to Y-like cells)
where it is potentially bidirectional and is accompanied by partial morphological changes and a partial transition from expression of mostly X markers to mostly Y
markers.

(B) Left: in development/physiology, X and Y cells from different individuals cluster together in expression space by cell type rather than by the individual they are
derived from. Right: in cancer, X-like and Y-like cells cluster together in expression space by the patient they are derived from rather than by their cell-type; cell
type does have a consistent influence on gene expression (i.e., Y-like cells are shifted to the top-right of the X-like cells from the same patient), but the patient-
specific effect is larger than the effect of the cellular transition from X-like to Y-like.

(C) List of developmental or physiological cell types and cell states for which a similar state was observed in cancer and the transition to or from that state may fit

the scenario described in (A) and (B).

becomes more prominent in liver metastases, suggesting that it
either facilitates metastasis and/or is stimulated by the metasta-
tic niche. Interestingly, neuroendocrine programs were seen not
only in colorectal cancer metastases but also in post-treatment
lung and prostate cancer, where they have been linked to drug
resistance to inhibition of EGFR and androgen receptor, respec-
tively.®%®" Thus, programs that mimic normal development or
physiology are seen as the core component of elTH in some can-
cer types (e.g., glioma and melanoma) and as acquired compo-
nents of elTH that are linked to metastasis or drug resistance in
other cancer types (colorectal, lung and prostate).

Taken together, scRNA-seq studies support the claim that
cancer cells often induce distorted versions of programs from
normal development or physiology and highlight that cancer pro-
grams tend to reflect limited versions of their normal counter-
parts, hence complicating their detection and interpretation
(Figure 2). Moreover, the cancer elTH programs are embedded

on top of the unique genetics and transcriptome of each tumor,
resulting in patient-specific profiles (Figure 2B). Accordingly, it
would be important to explore whether the restricted and dis-
torted cancer versions are associated with unique phenotypes
such as those expected by the normal processes. In some
cases, the normal process involves a terminal differentiation
such that the ability to further induce that differentiation may limit
tumor proliferation and provide a clinical benefit. For example, in
IDH-mutant glioma, which harbors astrocyte-like cells, further in-
duction of astrocytic differentiation appears to decrease the pro-
liferation of cancer cells and provide a clinical benefit.®

elTH PROGRAMS LINKED TO INTERACTIONS WITH
IMMUNE CELLS

With the prevalent interest in immunotherapies, much of the
attention in tumor scRNA-seq studies has been placed on
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immune cells, especially T cells. Diversity among immune cells is
reviewed elsewhere,®*®* but even when focusing on the cancer
cells, some elTH programs may have implications for immuno-
therapies. For example, several studies reported on cancer cell
programs associated with the exclusion of immune cells from
the core of the tumor, such as in synovial sarcoma.*® In colo-
rectal cancer, three immune-related programs expressed by
cancer cells, especially in mismatch repair-deficient (MMRd) tu-
mors, may mediate interactions with the immune system.®® EMT
programs were also linked to immunosuppression.**4%%® Inter-
estingly, this association appears to be context-dependent, as
mesenchymal programs in glioma are associated with
increased, rather than decreased, immune activity.®”:°® This
positive association with immune activity appeared to be medi-
ated by the upregulation of MHC-I and MHC-II genes by the
mesenchymal-like cancer cells.

Expression of MHC-I genes is known to be disrupted in some
cancers,®® reflecting a mechanism of immune evasion, but these
genes are only rarely induced in elTH programs. In contrast,
MHC-II genes are commonly induced by cancer cells, often
together with classical interferon-response genes (e.g., ISG15,
IFIT3, STAT1, and OAS1).2%:3%45:70 |n fact, in most cancer types,
interferon-response genes are highly correlated with MHC-II
genes such that detected elTH programs typically contain both
of these sets of genes (interferon-response + MHC-II genes).
This tight coupling may suggest that interferon is secreted by
T cells and other immune cells, and then induces the coordinated
expression of these sets of genes by adjacent cancer cells.

The induction of MHC-II genes is not restricted to subsets
of cancer cells but is also observed in various cell types
within the TME. Beyond macrophages and dendritic cells—the
professional antigen-presenting cell (APCs)—high MHC-II was
observed in subsets of fibroblasts and endothelial cells.®"""?
However, in those cell types MHC-II expression was decoupled
from interferon-responses, suggesting distinct modes of regula-
tion of MHC-II genes and interferon response in non-epithelial
cell types.”®

MHC-II and many interferon-response genes are sometimes
considered as immune genes and even as markers of APCs,
as they are traditionally expressed by immune cell types, but
as noted previously, they are also induced in subsets of cancer
cells and other TME cell types. These observations suggest
caution when interpreting the expression profiles of such genes
in bulk samples and when applying deconvolution to assess im-
mune cell type frequencies.

LEVERAGING SINGLE-CELL SIGNATURES FOR
DECONVOLUTION OF BULK PROFILES

The wealth of published tumor scRNA-seq datasets implies that
most cancer-related cell types and cell states may have already
been described. The corresponding signatures of cell types and
cell states may be leveraged for improved deconvolution anal-
ysis of bulk RNA-seq. Deconvolution refers to the estimation of
cell type and cell state frequencies in a sample such that the
combined expression profiles of all those cells would provide
the best possible fit for the observed bulk RNA-seq profile.
This approach has become widely used in recent years,”"* re-
flecting another outcome of the single-cell revolution. We expect

6 Cancer Cell 42, September 9, 2024

Cancer Cell

this approach to continue to be widely used and to facilitate
consideration of the entire tumor ecosystem even from bulk
RNA-seq datasets.

However, it is important to also recognize the limitations of
deconvolution approaches. As demonstrated by scRNA-seq
datasets, the genes considered as markers of a certain cell
type (or cell state) are almost never fully restricted to these
cells, and instead are also expressed (albeit at lower levels)
by multiple other cell types/states. The exact degree of such
“non-canonical” expression varies significantly between cell
types, samples and studies in a manner that cannot be fully pre-
dicted by deconvolution approaches and that therefore limits
their accuracy. The impact of non-canonical expression scales
with the frequency of the associated cell types/states. For
example, when inferring the frequencies of an abundant cell
type (A) and a rare cell type (B), non-canonical expression of
markers of A by cells of B will have minimal influence, while
non-canonical expression of markers of B by cells of A will
have a much larger influence. Thus, frequency estimation of
rare cell types is particularly prone to errors.

Such errors may be even more pronounced when estimating
the frequency of cell states, which tend to have signatures with
lower specificity that are also expressed by other states of
the same cell type or of other cell types. Cell cycle, stress re-
sponses, mesenchymal programs (e.g., EMT), interferon re-
sponses, and antigen presentation, are all examples of expres-
sion programs that may be activated by multiple cell types and
often are concomitantly activated by multiple cell types.*®
Hence, the corresponding signatures could not be confidently
ascribed to a particular cell type. In summary, deconvolution is
a highly useful approach to extract more information from bulk
profiles but the results should be interpreted with great caution,
especially for rare cell types/states and for those with limited
specificity of the marker genes. An accurate and nuanced anal-
ysis of cell states will therefore continue to require single cell
measurements despite advances with bulk deconvolution.

CHALLENGES IN ANNOTATION OF elTH PROGRAMS

We discussed previously the most common elTH programs
including cell cycle, stress, mesenchymal, senescence, im-
mune-related (MHC-II and interferon-response), and various
developmental lineage-related programs. Other elTH programs
not discussed previously but still commonly observed include
those associated with global protein regulation, respiration,
MYC activation, and secretion.®

However, it is important to consider the ambiguity in defining
and naming elTH programs which implies that programs re-
ported in many studies might seem distinct and could be difficult
to fit into any of those categories. For example, consider a tumor
with cancer cells in two equally common lineage-related states
(A and B) and in which 90% of the cycling cells are in state A.
Standard analysis would likely define a signature of A cells that
includes both genuine A markers as well as generic cell cycle
markers (that would also be expressed by cycling B cells).
Such combined signature may be named as proliferating A cells
and hinder the detection of pure signatures of A cells and of the
cell cycle. Similarly, if stress is primarily activated in cells of one
lineage, then stress genes may be contained within a signature
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of that lineage rather than discerned as a separate signature and
cellular state. These examples of proliferation and stress
response accompanying another cell state, reflect a more gen-
eral phenomenon—that cells may turn on programs of multiple
states simultaneously, thereby complicating the detection and
definition of discrete signatures. The degree to which distinct
cellular processes are lumped together in state signatures varies
across studies, depending on their methodology and the coordi-
nation among such processes in the respective cohorts.

Even for a well-defined set of signature genes, there is often
enrichment with various functional gene-sets (e.g., linked to
developmental, mechanistic, and metabolic processes), and
accordingly the signature could be named differently by distinct
researchers, depending on their biological perspective and
exact methodology. These caveats highlight the need to
converge to consistent definitions of cellular states and elTH
programs and at the very least to acknowledge the ambiguities
and the similarities across studies and state definitions.

FUTURE DEVELOPMENTS: EXPANDING THE REACH OF
SINGLE CELL PROFILING

While scRNA-seq of tumor samples has already matured, we
view the next frontier as a broader incorporation of these ap-
proaches in the clinic, enabling the study of both larger cohorts
as well as of highly informative samples, such as on-treatment
samples, pre-neoplastic lesions, and exceptional responders.
This is greatly facilitated by recent technological developments.
snRNA-seq methods’® have opened the possibility of profiling
snap-frozen specimens (either from biobanks or prospectively
collected). Indeed, the collection of fresh tumor tissue for
scRNA-seq in the clinic presents unique challenges, such as
the need for rapid tissue dissociation.”® snRNA-seq bypasses
such needs, as the nuclear membrane remains intact during
freezing. While snRNA-seq provides lower gene counts and
somewhat different gene representation compared to scRNA-
seq, the biological processes highlighted are consistent be-
tween snRNA-seq and scRNA-seq, offering a practical and scal-
able solution to profiling large clinical collections of tissue
specimens.’®

Another key recent development is the possibility of using
formalin-fixed or even FFPE (formalin-fixed, paraffin-embedded)
blocks for scRNA-seq and spatial profiling. These samples have
been extremely challenging to profile as formalin fragments and
crosslinks RNA molecules and degradation of RNA may also
occur prior to fixation of the clinical specimen due to delays
in collection times. Despite these limitations, FFPE represents
the most common archival source of clinical material and
offers exquisite tissue morphology. Recent methods (snPATHO-
seq,”” snFFPE-seq,”® and snRandome-seq’®) have improved
FFPE profiling by optimizing RNA extraction and/or leveraging
random primers (instead of oligo-dTs that fail on degraded
RNA). We view these methods as critical to the broader implemen-
tation of sc/snRNA-seq workflows in cancer medicine.

BEYOND RNA PROFILING

Technological developments are ushering a new era in which
single cell methods extend from RNA profiling to the joint

¢ CellP’ress

profiling of multiple modalities (genome, epigenome, tran-
scriptome, proteome, and/or metabolome) from the same
cell. For example, multi-omic methods can link the genotypes
to the transcriptome, empowering the integration of genetic
and non-genetic mechanisms underlying elTH programs and
cancer evolution.®°"%? Other methods jointly interrogate DNA
methylation and RNA,®® and have been leveraged to glean in-
sights into dysregulated epigenetic mechanisms in glioma-
genesis.®* In these approaches, genotypes may either be fully
sequenced, or may be captured by target-specific primers
that facilitate the combination with measurements of mRNA
(GoT?®"), protein (GoT-Splice®®), or chromatin-accessibility
profiles (GoT-ChA®%). While many multi-omic modalities are
still being developed or are confined to specialized labora-
tories, their broader implementation is expected to empower
the investigation of the link between genotypes, epigenomes,
and phenotypes. By directly comparing different clones in
the same tumor, such approaches also offer an ideal setting
to study the impact of somatic mutations on elTH while con-
trolling for other variables such as patient-specific effects
and TME.

In addition to the modalities noted previously, spatial profiling
methods are particularly poised to revolutionize cancer
research.>*° The exact location of cells in each particular
state will help to uncover mechanisms that drive this state;
proximity between different cell types and cell states will reveal
important cell-cell interactions; and higher-order tumor organi-
zation will provide insights into additional tumor phenotypes
such as the degree of immune infiltration and the presence
of immune hubs that correlate with an effective immune
response.*!87:88

Since 2015-2016, when the first spatial transcriptomics
studies were published,?**° the field of spatial transcriptom-
ics has been expanding dramatically, with multiple methods
that provide much higher resolution, which are either imag-
ing-based (typically hybridization probe-based, e.g., CosMx
and Xenium) or sequencing based (after in situ indexing,
e.g., Slide-Tags®' and Visium HD). The application of spatial
transcriptomics and proteomics to tumors is still in its
infancy and is expected to expand in the next few years.
Methods such as Slide-Tags are compatible with single-cell
multi-omics workflows and may provide a very compelling
approach to interrogate genetic and non-genetic cancer
mechanisms in situ. High-resolution spatial methods may
also play an important role in the detection and characteriza-
tion of pre-neoplastic lesions, by complementing histopathol-
ogy with detailed, spatially resolved, molecular information.®?
As many of these techniques are non-destructive, they pro-
vide a unique opportunity for direct implementation into exist-
ing clinical workflows.
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