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SUMMARY

Single-cell technologies are emerging as powerful tools for cancer research. These technologies
characterize the molecular state of each cell within a tumor, enabling new exploration of

tumor heterogeneity, microenvironment cell type composition, and cell state transitions that
impact therapeutic response — particularly in the context of immunotherapy. Analyzing clinical
samples has great promise for precision medicine but is technically challenging. Successfully
identifying predictors of response requires well-coordinated, multi-disciplinary teams to ensure
adequate sample processing for high-quality data generation, and computational analysis for
data interpretation. Here, we review current approaches to sample processing and computational
analysis regarding their application to translational cancer immunotherapy research.

Introduction

Single-cell analysis has become a widespread tool used in cancer research to characterize
the cellular and molecular composition of tumors (Marx, 2021; Sandberg, 2014; Zhu et al.,
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2020). Technologies to profile single-cells are currently able to measure tumor heterogeneity
across molecular levels, including DNA (Navin and Hicks, 2011), RNA (Tang et al., 2009),
protein (Bandura et al., 2009), and epigenetics (Buenrostro et al., 2015). Whereas bulk
technologies are limited to an averaged signal often representing the molecular states of

the most abundant cell populations, single-cell approaches resolve the cellular composition
of the tumor microenvironment (TME). This characterization holds particular promise for
the field of tumor immunology, as comprehensive profiling can determine the cell types

and pathways involved in anti-tumor responses and immune evasion. In addition, recent
spatial transcriptomics and proteomics approaches preserve tissue architecture, enabling the
analysis of cell-to-cell interactions and cellular neighborhoods reflective of the interactions
in immune responses (Schiirch et al., 2020). Samples derived from immunotherapy clinical
trials can benefit from using single-cell-based technologies to capture the nuances of
therapeutic immune cell responses in cancer. The development of immune checkpoint
inhibitors (ICIs) enhanced cancer therapy by providing clinical benefits to a portion of
previously incurable cancers; however, most patients do not respond to ICIs (Ribas and
Wolchok, 2018). Understanding the complex immune cell composition and molecular
pathways associated with cell state transitions during these therapies can potentially identify
mechanistic predictors of response and elucidate new druggable targets to overcome
immunotherapy resistance (Giladi and Amit, 2018).

Current single-cell technologies span a wide array of rapidly advancing methodologies,
with the most common examples for tumor immunotherapy including single-cell RNA-
sequencing (ScCRNA-seq) for transcriptional profiling (Tang et al., 2009), mass cytometry
(CyTOF) for proteomics profiling (Bandura et al., 2009), and spatial molecular profiling
(Giesen et al., 2014; Marx, 2021; Stahl et al., 2016) (Figure 1). Each of these

technologies provides a high-dimensional molecular profile for individual cells, which can
be computationally sorted into distinct cell populations. These technologies profile more
than the canonical cell type markers that are commonly measured in multi-parameter flow
cytometry experiments, for example. The high-dimensional nature of these approaches
can enable more refined annotation of cell types, inference of cellular state transitions,
and association of molecular pathways. These characterizations require complementary
computational techniques to determine the pathways that drive the behavior of each distinct
cell type and infer the intra- and inter-cellular interactions associated with transitions in
cell states. The inference of these pathways mirrors the current clinical research in tumor
immunology, where precision medicine strategies are being developed to use combination
therapeutics to rewire the tumor microenvironment to enable immunotherapy sensitization
(Gohil et al., 2021).

While single-cell approaches hold promise for precision immunotherapy, the selection of
profiling technology and computational analysis methods influence the features that can be
characterized from tumor samples. In the case of clinical samples, single-cell study designs
must balance cost, requirements for sample preservation, labor-intensity of the protocols,
and information content. This review describes technology and analysis approaches for
single-cell analysis in clinical cancer research, with a focus on tumor immunology.
Specifically, we describe the steps involved in single-cell analysis from sample collection to
computational analysis, including recent spatial transcriptomics and proteomics approaches.
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We cover the capabilities of different approaches and discuss additional factors that can
bias the biological interpretation of single-cell data. Overall, this review aims to highlight
the experimental and computational best practices, using benchmarked technologies and
computational tools, in order to ensure that clinical data captures biologically relevant and
reproducible findings.

Single-cell and spatial technologies for immune profiling

Single-cell and spatial approaches can be used to examine tumors in great detail,
characterizing cell type composition and tumor heterogeneity by gene or protein expression
(Berglund et al., 2018; Patel et al., 2014). These approaches have already been implemented
to profile the tumor microenvironment of multiple cancer types, including leukemia,
melanoma, breast, lung, and gastrointestinal, among others.

Here, we summarize benchmarked technologies currently employed for high-dimensional
characterization of tumors in the context of immunotherapy research (Table 1).

Single-cell proteomics

Fluorescent-based flow cytometry is currently the gold-standard method for cell type
identification. It remains the most commonly used single-cell method for cell type
annotation and sorting in immunology (Gadalla et al., 2019). Although this is a reproducible
approach, fluorescent flow cytometry is limited by the number of features that can be
simultaneously analyzed (up to 30 markers) due to the inherent limitations related to
channel spillover and equipment throughput. Thus, a high-parameter study often requires
complex compensation strategies or splitting panels into subpanels with redundancy of
key markers to obtain high-dimensional single-cell proteomic characterization. Sampling
strategies designed to increase the dimensionality of fluorescence-based characterization
ultimately require larger numbers of cells, limiting application for patient biopsies, which
have a limited number of cells (Gadalla et al., 2019).

As an alternative to fluorescent-based flow cytometry, CyTOF detects metal intensities

from antibodies conjugated with isotopically enriched heavy-metal reporter ions. This
design enables CyTOF to profile up to 50 markers simultaneously (Bendall et al., 2011).
Based on the mass range of the reporter ions used when conjugating the antibody panel,
CyTOF methods can theoretically be developed to detect >100 markers in the same cell

to enable high-dimensional molecular profiling. Another advantage of the reliance on heavy-
metal conjugated antibodies over fluorescence-based technologies is the fact that they are
rarely present in biological samples, eliminating analytical challenges resulting from false
signals from intrinsic cellular background (Bandura et al., 2009; Bendall et al., 2011). As
antibody-based technologies, both CyTOF and fluorescence-based cytometry can evaluate
protein isoforms (e.g., CD45R0) and post-translational modifications (e.g., phosphorylation)
(Bendall et al., 2011). CyTOF profiling relies on antibody panels that are ultimately limited
by the number of isotopically enriched metals that can be reliably conjugated and is

highly dependent on antibody quality. This reliance on pre-selected antibody panels restricts
analysis to anticipated cell types, which limits the discovery of new cell types and molecular
changes due to immunotherapy treatment (Hartmann and Bendall, 2020). Still, the metal
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reporters in CyTOF are robust to freezing and thawing, and to a variety of fixation protocols,
making this technology versatile in application and storage needs when compared to other
single-cell methods (Leipold et al., 2018; Sumatoh et al., 2017).

The multi-parameter profiling of CyTOF makes it a powerful technique to understand
variations in immune cell composition before and after immunotherapy (Figure 1A). This
technology has been used to model changes in the distribution of cell type abundances in
preclinical models (Gubin et al., 2018) and peripheral blood mononuclear cells (PBMCs)
of immunotherapy treated tumors (Krieg et al., 2018; Subrahmanyam et al., 2018; Wu et
al., 2020a). Notably, application of a panel of 40 markers for analysis of PBMCs from
melanoma patients before anti-CTLA-4 or anti-PD-1 therapies identified that PBMCs from
anti-CTLA-4 responders were enriched for naive and effector T cells when compared to
non-responders. Among anti-PD-1 responders, central memory and effector memory T cells
were more frequent, suggesting that different cell type compositions are potential predictors
of response to distinct immunotherapies (Subrahmanyam et al., 2018).

Single-cell transcriptomics

Single-cell sequencing approaches perform genome-wide profiling of individual cells. As

a result, they are not limited by pre-determined markers and can be applied to globally
characterize transcriptional profiles (scRNA-seq) (Tang et al., 2009), mutational burden
(single-cell DNA-sequencing) (Navin et al., 2011), and chromatin states (single-cell ATAC-
sequencing) (Buenrostro et al., 2015). Of these technologies, gene expression profiling with
scCRNA-seq is the most commonly used to identify cell types in the tumor microenvironment.
In contrast to previous studies with bulk RNA-seq data, sScRNA-seq profiling does not
require experimental protocols to sort cells before sequencing (Avila Cobos et al., 2020).
The comprehensive, whole-transcriptome profiling of cell types with sScRNA-seq allows for
inference of cell state transitions, differential gene expression, and functional oncogenic and
immunologic pathway analysis (Lim et al., 2020; Trapnell, 2015) (Figure 1B). Such analyses
can be performed from scRNA-seq data directly using computational approaches.

Different technologies have been developed for scRNA-seq and the choice of which
platform to apply depends on the biological questions that need to be addressed. SMART-
seq allows for single-cell analysis of full-transcripts of hundreds of cells that are FACS
sorted into microtiter plates for library preparations (Ramskold et al., 2012). Massively
Parallel RNA Single-Cell Sequencing (MARS-seq) also requires cell sorting and sequencing
is restricted to the 3’ end of the transcript. MARS-seq introduced transcript tagging with
cell-specific barcodes and a unique molecular identifier (UMI) that allows sequencing
counts to be assigned to the respective gene (Islam et al., 2014). Fluidigm C1 became

an attractive option as its microfluidic platform automated cell capture and increased the
number of cells profiled from a few hundred cells to nearly a thousand cells (Xin et

al., 2016). This microfluidic platform allows full transcript sequencing or 3’ sequencing.
The development of droplet-based methods such as inDrop (Klein et al., 2015), Drop-seq
(Macosko et al., 2015) and the widely used 10X Genomics platform (Zheng et al., 2017b)
increased the scalability of single-cell profiling. Droplet-based approaches allow thousands
of single-cells to be sequenced from an individual sample. In these methods, cells are
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captured and encapsulated in gel emulsion beads, inside which barcoding and UMI tagging
occur. A limitation of these platforms is that sequencing will only capture the 3’ or 5’

ends of the transcripts. Still, the barcoding strategies of UMI-based approaches enable the
adaptation to single-cell multi-omics profiling across numerous molecular scales (Lee et al.,
2020). Concurrent profiling of protein and RNA with CITE-seq (Stoeckius et al., 2017) as
well as T and B cell receptor (TCR/BCR) sequencing and RNA (Goldstein et al., 2019; Tu et
al., 2019) are particularly applicable to tumor immunology.

All scRNA-seq technologies can be used to characterize the cellular composition of tumors.
Both the study cohort and underlying biological question should determine which platform
to select for analysis. Methods covering full-transcripts (SMART-seq and Fluidigm C1) are
ideal for identifying rare gene variants and splicing isoforms at a trade-off of profiling a
relatively small number of cells. Therefore, these full-transcript technologies are ideally
suited for high-resolution characterization of rare cell populations. UMI-based methods have
higher cellular resolution, but lower molecular resolution and are subject to signal dropout
that can result in failed detection of genes. Still, the high-dimensional cellular profiling
makes these UMI-based technologies more suitable than full-transcript counterparts to
annotate the diverse cell types in the tumor microenvironment and measure gene expression
changes between treatment conditions (See et al., 2018).

Numerous scRNA-seq studies have examined tumor heterogeneity and identified new cell
types or functional subtypes that are a result of tumor progression (Azizi et al., 2018;
Bernard et al., 2019; Davidson et al., 2020; Guo et al., 2018; Li et al., 2017; Ma et al., 2019;
Patel et al., 2014; Peng et al., 2019; Puram et al., 2017; Tirosh et al., 2016; Zhao et al.,
2020). Since tumor heterogeneity is crucial to understand tumor evolution and anti-tumor
immune responses, SCRNA-seq has been extensively applied to tumor-infiltrating leukocytes
(TILs) in order to identify the immunosuppressive and effector cell types that populate
different tumors and to associate cell types with specific transcriptional signatures to
understand immune modulation (Azizi et al., 2018; Guo et al., 2018; Peng et al., 2019; Savas
etal., 2018; Tirosh et al., 2016; Yost et al., 2019; Zheng et al., 2017a). SCRNA-seq analysis
has also been used to uncover the mechanisms driving resistance to immunotherapy (Gubin
et al., 2018; Jerby-Arnon et al., 2018; Sade-Feldman et al., 2018). For example, Gubin et

al. performed both CyTOF and scRNA-seq profiling of tumors from a preclinical sarcoma
model to assess the cellular composition and functional changes induced by different ICIs
(anti-PD-1, anti-CTLA4, and the combination) (Gubin et al., 2018). The combined use of
scRNA-seq and CyTOF allowed cross-validation of cell type abundances associated with I1CI
response in different data modalities. The measurement of additional molecular parameters
through scRNA-seq enabled de novo discovery of cell state transitions conserved between
mouse and human tumors in data reanalysis by Davis-Marcisak et al., which included a
subset of activated NK cells associated with anti-CTLAA4 response (Davis-Marcisak et al.,
2020).

Spatial analysis platforms

Single-cell approaches like CyTOF and scRNA-seq that are widely applied to characterize
tumors rely on the profiling of dissociated tumor specimens, which results in the loss of
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the spatial organization of cells within a sample. New technologies that maintain the spatial
organization of cells are essential to infer cell-to-cell interactions within the TME. Thus,

in recent years spatial proteomics and transcriptomics analysis are emerging as powerful
tools to characterize the spatial distribution of cell types within a tumor. These technologies
allow for direct measurement of spatial co-localization of cells, which is often associated
with inter-cellular interactions. The emerging high-molecular coverage of these technologies
enables further inference of the cellular and molecular pathways as well as cell-state
transitions associated with interactions between cells (Ji et al., 2020).

Chromogenic immunohistochemistry (IHC) has been the gold-standard approach for clinical
spatial proteomics profiling (Ramos-Vara and Miller, 2014). However, it has limited
multiplexing capacity (4 markers), which represents a challenge for research into the
comprehensive cellular composition of the TME. The development of fluorescent IHC
increased the number of proteins that could be interrogated at the same time (8 markers),
but similar to fluorescent-based flow cytometry the overlap between wavelengths limits the
isolation of large numbers of proteins (Gorris et al., 2018; Viratham Pulsawatdi et al., 2020).
Sequential IHC techniques were developed to profile up to 12 proteins simultaneously

and then can be stripped to allow for restaining, which increases the molecular resolution
(Tsujikawa et al., 2017), but the number of markers is still limited by the quality of the
tissue after multiple cycles of antibody stripping which ultimately limits the resolution

of these technologies. Recent advances have led to the development of protein multiplex
technologies that allow the mapping of roughly 50 markers in the same section. Image mass
cytometry (IMC) (Giesen et al., 2014), multiplexed ion beam imaging (MIBI) (Angelo et
al., 2014), and cyclic imaging detection (CODEX, CyCIF, and MxIF) (Gerdes et al., 2013;
Goltsev et al., 2018; Lin et al., 2015) are approaches that can measure protein levels of up
to 50 markers at the same time and provide the spatial distribution of the signal as well as
information on which cells are in contact with each other (cell neighbors) (Figure 1C).

High-dimensional spatial proteomics technologies have been applied to characterize cellular
interactions in melanoma (Yan et al., 2019), breast (Jackson et al., 2020; Keren et al.,

2018), colorectal (Schiirch et al., 2020), cutaneous squamous cell carcinoma (Ji et al., 2020),
Hodgkin lymphoma (Aoki et al., 2020), liver (Ho et al., 2020), and lung tumors (Xiang et
al., 2020). In the context of immunotherapy treatment, Ho et al. leveraged IMC to identify
cellular neighborhoods containing B cells, helper T cells, and CD68+CD163- myeloid cells
suggestive of an immune response in an immunotherapy responsive liver tumor (Ho et al.,
2020). In the case of immunotherapy treated melanoma, Jerby-Arnon et al. (Jerby-Arnon et
al., 2018) used t-CyCIF to demonstrate that tumor cells can express markers that decrease

T cell infiltration, creating immune cold cell neighborhoods that are detectable prior to
immunotherapy initiation.

Similar to the comparison between CyTOF and scRNA-seq, spatial transcriptional (ST)
profiling provides higher molecular resolution than spatial proteomics technologies and are
reviewed in detail by Maniatis et al. 2021 (Maniatis et al., 2021). Approaches such as Slide-
seq and the 10X Genomics Visium platform enable whole-transcriptome characterization
within spots on a slide that provide near single-cell resolution in fresh frozen samples
(Figure 1D). These technologies use specially designed slides spotted with DNA-barcoded
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beads (Slide-seq) (Rodriques et al., 2019) or oligo-dT/UMI tags (10X Genomics) (Islam et
al., 2014) that will capture the tissue RNA on the slide. The barcoded spots are around 50 to
100um in size, allowing 2 to 10 cells to be captured in each spot, and the sequencing counts
will refer to the population of cells mapped to the slide spots. Computational deconvolution
methods to estimate the molecular profile of single-cells from each spot are currently an
active area of research. Even though the technology lacks single-cell resolution, it is still
possible to identify cellular neighborhoods and the cell types frequently interacting within
such niches directly from the expression profiles of the spots (Moncada et al., 2020) (Figure
1D).

The development of high-dimensional RNA in-situ hybridization technologies led to single-
cell resolution ST analysis with near genome-wide capabilities. Although these in-situ
approaches do not involve transcript sequencing, their ability to detect thousands of
transcripts in tissues allows their classification as ST platforms (Marx, 2021). Lubeck et al.
(Lubeck et al., 2014) developed SeqFISH that uses sequential hybridization and fluorescent
signal detection for single-cell in situ RNA measurement of a few hundred pre-selected
genes. The improved SeqFISH+ (Eng et al., 2019) allows for profiling up to 10,000 genes
nearing the resolution of the whole transcriptome but still requires prior selection of the
genes. Another in situ technique that provides accurate spatial single-cell resolution with
genome-wide coverage is MERFISH (Xia et al., 2019). MERFISH requires multiple steps
of hybridization and imaging, resulting in extensive experimental labor depending on the
number of genes to be profiled (Xia et al., 2019). Emerging multi-omics technologies, such
as DBit-seq allow for concurrent proteomics and transcriptomics spatial molecular profiling,
merging the strengths of both spatial transcriptomics and spatial proteomics for cellular
characterization (Liu et al., 2020).

Tumor sample processing for single-cell profiling in clinical research

Although single-cell profiling has spread rapidly in tumor immunology, the intensive sample
processing required limits application to clinical specimens. Notably, the majority of non-
spatial single-cell technologies, such as sScRNA-seq and CyTOF, require viably dissociated
cells for profiling (Lafzi et al., 2018) (Figure 1A and B). The most commonly used methods
for sample dissociation apply enzymatic-based digestion and heated incubation. The sample
storage prior to dissociation, type of enzyme, and time of incubation all impact the single-
cell profiling and must be optimized carefully for each tumor type (Lafzi et al., 2018).
Digested samples must consist of single-cells upon microscopy examination and accurate
characterization of the molecular states can only be achieved for live cells, with viability
greater than 70%. Nonetheless, dead cells can be filtered as part of preprocessing after
analysis, allowing for lower cellular viability in the case of assays with high-throughput
cellular characterization such as CyTOF. The requirement of viable cells for dissociation
poses a further barrier for the analysis of samples that are most typically preserved non-
viably, such as biopsies. In a clinical environment, maintaining cell viability requires rapid
sample acquisition from the surgical or clinical team, pathological assessment, transportation
to the lab, tumor dissociation, sample resuspension, and sequencing library preparation.
Thus, a highly coordinated routine is required to obtain, process, and preserve samples
rapidly enough to maintain cellular viability — a challenging process for staff limited
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groups and for multi-site clinical trials. An additional challenge posed by the need for this
immediate profiling is that all single-cell technologies are subject to technical artifacts that
arise from processing samples at different times, in distinct profiling batches, or by different
technicians. In clinical research, biospecimens necessarily arise at the time of treatment
making it impossible to control for technical artifacts in experimental design in cohort
studies or time-course profiling during treatment. These batch effects can be overcome

by optimizing preservation protocols so that samples can be processed simultaneously or
including a control sample in each batch that can be used to correct for technical artifacts
computationally. Alternative strategies such as flash freezing for nuclei isolation and single-
nuclei RNA sequencing (SnRNA-seq) have been shown to compare to sScRNA-seq and are
emerging as alternatives for single-cell analysis of cryopreserved samples that can overcome
some of these limitations (Denisenko et al., 2020; Slyper et al., 2020).

Spatial molecular profiling relies on slide-based technologies that retain the cellular
architecture, without requiring tumor dissociation. Requirements for sample preservation
and preparation in spatial proteomic assays depend on the technology. Spatial proteomics
can be performed for both frozen and formalin-fixed paraffin-embedded (FFPE) samples
(Figure 1C). Most current spatial transcriptomics approaches rely on frozen samples, with
approaches to use FFPE samples under development (Gracia Villacampa et al., 2020)
(Figure 1D). The ability to profile FFPE preserved samples enables clinical research on
samples processed for long term storage.

Computational pipelines for single-cell and spatial analysis

The high-dimensional nature of single-cell data makes computational pipelines a critical
component for obtaining cellular and molecular interpretation. Analysis methods are
advancing in step with new technologies, providing a wide range of pipelines to choose
from. These diverse analysis methods fall under several main classifications that together
enable biological interpretation (Figure 2). First, the single-cell data from all platforms

must be preprocessed from raw outputs into estimates of the molecular expression for

each cell while removing poor quality cells. Subsequently, the data are clustered and
visualized with marker genes for annotation of cell types in distinct clusters. Next,
differential expression analysis can estimate changes in molecular markers among and
within cell types between treatment groups. For single-cell transcriptomics, the increased
number of molecular markers allows for in-depth analysis of cell state transitions and intra-
cellular gene regulatory networks. Single-cell network inference algorithms also include
inter-cellular interactions, relying on indirect inference based on ligand-receptor pairs
(Browaeys et al., 2020; Cherry et al., 2020; Efremova et al., 2020). Finally, spatial molecular
analysis algorithms utilize additional spatial statistics and neighborhood analysis for cellular
co-localization that can provide more direct evidence of inter-cellular interactions (Dries et
al., 2019; Luecken and Theis, 2019; Van Gassen et al., 2015).

While commercial software for single-cell analysis exists, the majority of analysis

approaches are implemented in free, open-source software. To ensure broad adoption, this
software is often built upon bioinformatics ecosystems such as the R/Bioconductor project
that provide community standards and peer-review (Amezquita et al., 2020) or community
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curated pipelines in R (ie., Seurat, Monocle, and Giotto) (Butler et al., 2018; Cao et al.,
2019; Dries et al., 2019; Hao et al., 2020; Mclnnes et al., 2018; Qiu et al., 2017; Satija

et al., 2015; Stuart et al., 2019; Trapnell et al., 2014) and Python (ie., Scanpy) (Wolf et

al., 2018). Implementing these analysis pipelines can require extensive compute resources
and computer programming experience. To make these pipelines more generally accessible,
platforms such as Galaxy (Tekman et al., 2020) and GenePattern Notebook (Reich et al.,
2017) provide these methods in interactive, user-friendly interfaces for single-cell analysis
with direct access to cloud computing. Further improvements in creating user-friendly
databases, such as the developing CellxGene platform (Megill et al., 2021), remain an active
area of development for the single-cell community.

Pre-processing and batch correction

The first step of single-cell and spatial data analysis is pre-processing the raw data output
from each technology into measurements of protein or transcript abundances for each cell
or spatial spot in the respective sample (Figure 2A). All downstream analyses rely on these
data summaries, making preprocessing critical to the accuracy of the resulting findings. The
pre-processing approaches depend on machine-specific data outputs and biases, requiring
techniques that are tailored to each technology

Single-cell proteomics technologies typically output FCS files, following the standards of
lower throughput flow cytometry experiments. Whereas these FCS files are the final output
of CyTOF, in spatial proteomics (ie., IMC, CODEX) the data are obtained as images.
Subsequently, a segmentation step is used to determine cellular boundaries prior to protein
quantification and exported into the FCS file formats. The downstream analyses of FCS
files require additional primary analysis steps to obtain protein abundances for each cell:
bead-based normalization to standardize the intensities for each signal, de-barcoding to
isolate the cells for each experiment in a single batch if multiplexed, and in some cases,
compensation to account for spill-over of signal between channels (Nowicka et al., 2017).
Altogether, this pipeline provides an estimate of normalized antibody intensities for each cell
that can be carried forward to subsequent analysis of cell types.

Most single-cell transcriptomics technologies are sequencing-based and provide FASTQ
files containing short reads. The preprocessing of FASTQ files involves alignment to the
human transcriptome and quantification of reads for each transcript or UMI, depending

on the technology. Some software also performs quality control while preprocessing the
raw data (Gao et al., 2020). These alignment and preprocessing steps return a matrix
containing barcodes specific to each cell captured and the counts for detected transcripts.
Whereas single-cell proteomics relies on control beads to normalize the data, single-cell
transcriptomics leverages the higher-dimensional nature of the data to derive a distribution
for data normalization to correct for the overall differences in read depth for each cell
(Hafemeister and Satija, 2019). In normalizing single-cell data, it is important to note that
a value of zero read counts means either that a gene is not expressed in a cell or that

it is randomly not detected among the sequencing short reads. Imputation methods were
developed to estimate missing expression values and well suited to gene-level visualization.
However, these methods can introduce false positives into the data, potentially introducing
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statistical biases if they are used for downstream analysis (Hou et al., 2020). Another step in
pre-processing SCRNA-seq is ensuring that barcodes refer to a unique cell and not to more
than one cell that was captured in the same droplet (doublet) or to empty droplets (no cell).
Those barcodes must be detected and filtered prior to analysis (Luecken and Theis, 2019).
Likewise, dead cells quantified through quantifying the fraction of mitochondrial transcript
counts relative to the total transcript counts must also be filtered for accurate analysis (llicic
et al., 2016).

Spatial technologies based on imaging require an initial cell segmentation step to isolate the
cell boundaries in which protein or RNA abundances are estimated. Segmentation tools are
under rapid development for both spatial proteomics and spatial transcriptomics, building
upon frameworks developed for microscopy (Caicedo et al., 2017). After segmentation,
many of the same pre-processing and analysis methods for single-cell technologies can
then be applied directly to estimates of molecular abundances. Sequencing-based, spot-level
spatial transcriptomics technologies rely on alignment and quantification of the short reads
associated with the barcode for each spot. These transcriptional profiles yield a semi-bulk
estimate for all the cells captured in an individual spot. Spot-based deconvolution processes
are required to estimate the transcriptional profile at single-cell resolution (Elosua-Bayes et
al., 2021).

Normalization procedures are being developed to correct for discrepancies in molecular
abundances or signal variation to ensure that cells obtained from a single processing batch
(CyTOF) or library (scRNA-seq) in single-cell assays are comparable. Nonetheless, different
experimental covariates can introduce unwanted bias, or batch effects, into the estimated
molecular profiles from each data modality. Batch effects can arise due to differences in
incubation periods during dissociation, handling personnel, reagent lots, or timing of sample
processing. Batch effects are pervasive in high-throughput datasets and have been long
recognized in previous generations of bulk technologies (Leek et al., 2010). Technical noise
is amplified in the case of single-cell technologies, requiring even greater attention to study
design and batch correction methods to remove these technical artifacts (Hicks et al., 2018).
The choice of normalization and batch correction methods can have a more substantial
impact on the experimental results than the choice of downstream method for differential
expression, making it a critical step in single-cell analysis pipelines (Bullard et al., 2010).
Experimental designs that ensure each batch shares cells from the same biological condition
allow remaining batch effects to be corrected computationally. Several batch correction
tools have been designed to remove technical artifacts in the low-dimensional embeddings
used to visualize single-cell data. Others correct the data itself by either leveraging the
correlation structures between genes to preserve only biological variation or explicitly
incorporating the batch as a covariate in the model. Batch-aware analysis pipelines should
utilize batch correction techniques to standardize the data visualization and then model batch
as a covariate for downstream differential expression analyses (Tran et al., 2020).

Visualization of data through low dimensional embeddings

Single-cell and spatial data pre-processing, filtering, and normalization methods yield high
dimensional matrices representing an abundance of molecular species (proteins or transcripts
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as rows) by cells (columns). In the case of spatial datasets, the tissue position is added as an
additional layer to these complex matrices and is used for visualization purposes. The high
dimensionality of the matrices limits the direct application of standard data visualization
techniques that often rely on 2- or 3-dimensional plots. Typically, the number of markers
measured with these technologies is higher than the number of distinct biological processes
(e.g., cell types, cell state transitions, etc) captured. These features introduce correlations
between the molecular species measured, which can be captured through a smaller number
of features than the total number of markers in the data, enabling the use of dimensionality
reduction techniques for visualization and analysis (Cleary et al., 2017; Stein-O’Brien et al.,
2019; Wagner et al., 2016).

The most commonly used dimension reduction techniques for single-cell data, and also

for spatial datasets, are t-distributed stochastic neighbor embedding (tSNE) and uniform
manifold approximation and embedding (UMAP) (Figure 2B). Dimensional reduction
techniques are the first step in analysis to enable visual inspection and data interpretation.
Briefly, these methods transform high-dimensional data into a lower dimension embedding
for visualization. In the resulting plot, each point represents a single-cell that is plotted using
a computational method that ensures the distance between cells along the coordinate axes
corresponds to the distance they would have from one another if computed for the entire
molecular profile. In computing these distances, UMAP balances the global structure of
more distant points, whereas the balance between preserving the distance of nearby points
and more distant clusters is a tunable parameter in t-SNE (Becht et al., 2018; van der Maaten
and Hinton, 2008).

Both t-SNE and UMAP are well suited to visualizing clusters for distinct cell types within
the data. Other manifold learning approaches, such as PHATE, have been designed with
additional constraints to ensure that the embeddings not only model clusters but also
preserve continuous transitions between cell states (Moon et al., 2019). Overall, these
embeddings provide a visualization tool to explore the variation and structure of the data but
require further analysis methods to infer biological insights from the representations. Most
translational analyses select a single embedding, typically UMAP, that best distinguishes
cell types and cell states in the tumor microenvironment. This embedding is used to anchor
the visualization of results from subsequent analysis, coloring cells based on cell type
annotations or expression values for genes or proteins that significantly change due to
treatment. In spatial single-cell analysis, after applying the same dimensionality techniques,
these low-dimensional visualizations are often paralleled by visualization of the selected
features directly on the tissue image.

Annotation of cell types in the tumor microenvironment

Accurate cell type identification in sScRNA-seq provides the first step to inferring changes in
cell proportions between samples and from perturbations such as therapies. Gating strategies
used to identify cell types in flow cytometry can also be applied to the proteins or genes

in single-cell assays. However, gating approaches fail to realize the potential of the high-
throughput profiling to comprehensively identify cell types present in the data, characterize
cellular heterogeneity, and discover new cell types. Mirroring the mathematical assumptions
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of t-SNE and UMAP, cells of the same cell type can be expected to have similar gene
expression profiles (Becht et al., 2018; van der Maaten and Hinton, 2008). Thus, clustering
algorithms are effective tools for cell type identification (Figure 2B). The large scale of
single-cell data can require specialized implementations of clustering algorithms to ensure
that these algorithms can run quickly, without requiring extensive computing resources.
Many clustering algorithms employed for single-cell analysis leverage tools from social
network analysis to identify groups of cells with similar molecular profiles and to mitigate
noise from rare cells in the analysis (Blondel et al., 2008; Van Gassen et al., 2015; Xu

and Su, 2015). Genes or proteins that are uniquely expressed in each cluster serve as
marker genes that can be used to annotate the cell types associated with those clusters.
These cell type definitions and labels will depend on the number of clusters used for
analysis. Determining this optimal number of clusters remains an open question. Indeed,
the hierarchical nature of cell types (e.g., subclassification of lymphoid cells into B cells, T
cells, and NK cells, and subsequent subclassification of CD8+ and CD4+ T cells) suggests
that different dimensions will capture different granularity of cell type delineation, reflected
in emerging methods for ensemble-based clustering (Mohammadi et al., 2020; Way et al.,
2020). Therefore, standard practice for cell type assignment currently relies on an iterative
process of clustering cells at multiple dimensions and assessing the expression of marker
genes for known immunological and stromal populations in the resident tissue type. To avoid
the manual nature of this approach, several methods have emerged to leverage reference cell
databases to infer identities of individual cells or clusters (Huang et al., 2020). By using
curated signatures, cell type annotation becomes robust and reproducible across studies.
However, these signature-based methods will not identify cell types that were not previously
included in the signatures and the non-annotated cluster of cells will have to be manually
verified and annotated.

As reference atlases of cell types emerge for tumors through projects such as the Human
Tumor Atlas Network (Rozenblatt-Rosen et al., 2020), the first waves of annotation will
rely heavily on prior biological knowledge for classifying cell types. However, as new
relationships between cell types are discovered new tools will be necessary to help
characterize novel biology and approaches to distinguish stable cell types from cell state
transitions (e.g., between activated and exhausted T cells) remains an open area of research
for single-cell analysis (Trapnell, 2015). The common lineages of tumor cells with their
normal counterpart can make them difficult to identify through marker genes or clustering
analysis alone. In order to distinguish cancer cells from normal cells in SCRNA-seq, copy
number variation (CNV) analysis is a robust approach that detects large chromosomal
variations (gains and losses of large DNA segments) by examining the gene expression
distribution along chromosomes. These methods use RNA expression levels to infer DNA
copy number at a given genomic region, which can separate cells with extensive CNV
alterations, such as cancer cells, from diploid cells (Fan et al., 2018; Gao et al., 2021;

Patel et al., 2014; Tickle et al., 2019). In order to perform CNV inference, it is important
to use methods designed to scale with the size of data being used. Early approaches for
CNV inference (Fan et al., 2018; Patel et al., 2014) were developed using first-generation
scRNA-seq technologies (Fluidigm C1, SMART-seq) (Ramskéld et al., 2012; Xin et al.,
2016), which have lower cell throughput than the more recent high-throughput technologies
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(inDrop, Drop-seq, 10X Genomics platform) (Klein et al., 2015; Macosko et al., 2015;
Zheng et al., 2017b). The development of computational tools with improved speed and
accuracy for large-scale datasets with sparse molecular coverage remains a critical area of
research, with new approaches, such as CopyKAT, starting to emerge that are compatible
with widely used high-throughput platforms (Gao et al., 2021).

Analysis of cell-type dependent molecular changes

After cell type identification is performed, functional changes from perturbations such as
treatment can be determined through differential expression analysis comparing treatment
conditions within each cell type (Figure 2C). Briefly, these analysis methods compare the
distribution of expression values for each protein or gene between treatment groups for the
subset of cells annotated as a given cell type. The optimal statistical test for this differential
expression analysis remains an open question, although approaches based upon negative
binomial tests are emerging as providing the best model of the distribution of the molecular
abundances of both scRNA-seq (Hafemeister and Satija, 2019; Risso et al., 2018) and
CyTOF data (Crowell et al., 2020; Nowicka et al., 2017). Standard pathway analysis tools
can then be applied to determine the molecular pathways that were altered based upon the
results of these differential expression analyses (Irizarry et al., 2009; Subramanian et al.,
2005).

In patients with the same cancer type, tumor heterogeneity can contribute to dramatic
differences in therapeutic outcomes. Thus, characterization of cellular heterogeneity within
the tumor microenvironment is necessary to gain a deeper understanding of tumor
progression and treatment. Metrics to assess differences in heterogeneity between sample
groups detect molecular variability across overall transcriptional profiles (Azizi et al., 2018)
or at the pathway level (Davis-Marcisak et al., 2019; Fan et al., 2016) within individual cell
types. Immune cell populations within tumors can also be highly heterogeneous, making it
valuable to use these methods to determine the heterogeneity among these cells as well.

Whereas differential expression analysis can infer molecular changes from cells of a
pre-specified cell type, changes in molecular pathways and state transitions may occur

for multiple cell types simultaneously resulting in incomplete identification through these
analysis approaches. In contrast, non-negative matrix factorization (NMF) approaches seek
potentially overlapping, but low-dimensional patterns that contribute additively to the
sources of variation in the data. As a result, they capture patterns that may co-occur,

better modeling hierarchies in cellular lineages. Each of the patterns learned from matrix
factorization analysis can represent a distinct biological process, which can be interpreted
biologically through the gene weights of the corresponding features (Stein-O’Brien et al.,
2018, 2019; Zhu et al., 2017). For example, NMF approach was used to identify NK cell
activation in anti-CTLA4 response in our re-analysis of the sScRNA-seq data from Gubin
et al. (Davis-Marcisak et al., 2020; Gubin et al., 2018). The gene signatures from these
NMF approaches are often robust across multiple datasets, allowing for transfer learning
approaches to identify the gene signatures associated with these inferred cell states in new
datasets (Stein-O’Brien et al., 2019). This approach has been leveraged for cross-species
analysis relating pre-clinical and clinical models (Davis-Marcisak et al., 2020), and indeed
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transfer learning is at the core of many supervised signature-based cellular annotations
leveraging single-cell atlases. New non-linear approaches can also learn molecular changes
from perturbations independent of cell type annotations (Burkhardt et al., 2021).

Trajectory inference and pseudotemporal ordering for cell state transitions

The heterogeneous nature of single-cell data allows us to observe not only the diverse

cell types in the sample but also a range of molecular states within each cell type. While
scRNA-seq data represents a single snapshot of the overall sample, it can still contain
individual cells that correspond to a broad range of molecular states (Ji and Ji, 2016).
Trajectory inference methods computationally order the individual cells along a biological
process according to their molecular states (Figure 2B) (Qiu et al., 2017; Setty et al., 2016;
Shin et al., 2015). Many trajectory inference methods also assign a “pseudotime” value to
each cell that represents its relative position along the trajectory. This process allows us to
observe gene expression dynamics and identify cell states on a continuum along biological
processes more directly than the inferences of cell state transitions from NMF methods.
Numerous trajectory inference methods have been developed in recent years, and they differ
on the basis of their underlying algorithms, required prior information, and the expected
topology (e.g., cyclic, linear, bifurcating) of the output trajectories. Although some recent
methods (Qiu et al., 2017) also infer the topology of the trajectory, most methods order
cells along an assumed topology (Setty et al., 2016; Shin et al., 2015). Thus, the accuracy
of the inferred trajectories is dependent on the choice of appropriate analysis method for
the dataset and its associated biological process (Saelens et al., 2019). Since cancer datasets
contain a heterogeneous mix of cell types, trajectory inference methods cannot be directly
applied to the data. Instead, the common approach is to isolate certain cell types (Savas et
al., 2018) and perform trajectory inference only with respect to these cell types.

The determination of cellular state in these analyses relies on successful trajectory inference.
The key challenge for successful trajectory inference is its dependence on the embedding
from techniques such as UMAP. As a result, they only follow cell state transitions in cells

if the shape of that embedding matches the topology of the trajectory. Other dimension
reduction approaches that explicitly model cell state transitions could be better suited for
this inference. For example, RNA velocity (La Manno et al., 2018) uses the spliced and
unspliced mRNAs to calculate a high-dimensional vector representing the time-derivative

of the gene expression state of each cell in the dataset. RNA velocity has recently been
generalized to model gene-specific kinetics (Bergen et al., 2020) and cellular transport
mechanisms for spatial transcriptomics data (Xia et al., 2019). Estimates from RNA velocity
can be used for more detailed visualization of the kinetic state of each cell using directional
arrows in the low-dimensional embeddings. The length and direction of these arrows
correspond to the high dimensional RNA velocity vector of the cell. scMomentum (Soto

et al., 2020) incorporates RNA velocity estimates computed by scVelo for predicting cell-
type-specific directed gene regulatory networks. For every cell-type-specific network, an
energy landscape is generated, where a cell’s energy represents its differentiation potential.
Extending the concept of RNA velocity, the first and second-order kinetics of protein
translation in single-cell multi-omics datasets can be estimated using protein velocity and
acceleration (Gorin et al., 2020). Whereas the unspliced mRNA level of a cell is said
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to represent its future spliced mRNA levels, the current protein expression in a cell can
represent the past spliced mRNA levels. The combination of protein and RNA velocity can
be visualized as a curve calculated from the three points corresponding to past, present, and
future values of the spliced MRNA which represent the kinetics of the cell state. Overall,
the trajectory inference or velocity analyses are relevant for identifying cell state dynamics
and predicting cell fates from the analyses of a single “snapshot” in time, with potential to
estimate the evolution of tumor and immune cells during cancer immunotherapy.

Inferring intra- and intercellular interaction networks from single-cell and spatial
technologies

Gene regulatory network (GRN) inference is a key step to understand the interactions
between genes within and between cells, allowing for inference of the biological processes
underlying molecular regulation (Figure 2E). Numerous GRN inference methods have been
developed in single-cell data with the goal of learning the structure of gene networks from
data directly. Many approaches have been adapted from techniques that were originally
developed for bulk transcriptomics analysis, which quantify network structure based upon
the correlation between pairs of genes (Langfelder and Horvath, 2008) or use machine
learning methods to determine which genes can modify expression the profile of one another
(Huynh-Thu and Sanguinetti, 2015; Huynh-Thu et al., 2010). Newer methods have extended
these approaches to specifically model the heterogeneity of single-cell data (Chan et al.,
2017), including explicit extensions for time-course data (Papili Gao et al., 2018). Notably,
the temporal ordering of cells by trajectory inference methods enables further inference

of GRNs that can use the relative timing of gene expression changes to infer which gene
controls the expression of another based on which is expressed first (Deshpande et al., 2019;
Matsumoto et al., 2017; Specht and Li, 2017).

Whereas data-driven methods for GRN analysis infer intra-cellular signaling networks,
regulatory processes may also occur between cells as through paracrine signaling or direct
cell-to-cell interactions. Consider the case of interactions between dendritic cells (DCs)
and T cells as an example of interacting cell types during immune response. DCs are
antigen presenting cells that stimulate the clonal expansion and cytotoxic function of T
cells (Wculek et al., 2020). To estimate these interactions from scRNA-seq data, a number
of approaches attempt to infer intercellular interactions by identifying co-expressed ligand-
receptor pairs (Cherry et al., 2020; Efremova et al., 2020; Kumar et al., 2018) between

cell types. The incomplete ability of transcriptional data to model receptor activation

and the noisy nature of single-cell data pose limitations to the inference of inter-cellular
signaling networks from single-cell data alone. Spatial molecular technologies provide a
promising source of information to enhance these estimates by modeling inter-cellular
interactions more directly through observations of cellular co-localization. To that end,
recently developed methods (Li et al., 2020; Yuan and Bar-Joseph, 2020) use spatial
transcriptomic data to identify spatially informed GRNs and intercellular signaling genes.
Other interpretations of networks include spatially proximal or interacting cell types to
recognize pairs of cells that have a higher likelihood of colocalization and spatially informed
identification of co-expressed ligand-receptor pairs (Dries et al., 2019). Thus, it is possible
to infer the interactions between DC and T cells from single-cell data through ligand
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receptor network methods, while the direct visualization of cellular colocalization from
spatial datasets can confirm such interactions.

Single-cell multi-omics

One of the advantages of UMI-based scRNA-seq is the ability to attach additional
oligonucleotides barcodes to cells to allow for concurrent measures of multiple molecular
modalities in the same cell with single-cell multi-omics technologies (Zhu et al.,

2020). A notable multi-omics technology for studying the TME is Cellular Indexing of
Transcriptomes and Epitopes by Sequencing (CITE-seq) (Stoeckius et al., 2017) (Figure
2D). CITE-seq simultaneously obtains antibody-based proteomics and transcriptional
profiling, combining the benefits of a priori identification of cell types using proteomics
with the unsupervised analysis of sScRNA-seq. This technology has been applied to
monitor the temporal changes in PBMC composition during chronic lymphocytic leukemia
(CLL) therapy with the targeted agent ibrutinib, demonstrating clonal heterogeneity among
leukemic cells and therapeutic perturbations in cancer and immune cells (Cadot et al., 2020).

The behavior of certain immune cells can also be traced from multi-omics by using

genetic identifiers. T cells and B cells undergo germline DNA recombination that results

in a broad repertoire of T and B cell receptors (TCRs, BCRs). Multi-omics technologies
enable simultaneous transcriptional profiling of T cells and B cells and their respective
receptors (Figure 2D). TCR sequences can be acquired directly from platforms such as 10x
Genomics TCR/BCR and paired transcriptome sequencing, or they can be inferred from
raw sequencing reads of sSCRNA-seq data by computational algorithms such as TraCeR
(Stubbington et al., 2016), BraCeR (Lindeman et al., 2018), and VDJPuzzle (Eltahla et al.,
2016; Rizzetto et al., 2018). The availability of combined scRNA-seq and scTCR-seq data
in these approaches enables the association of cellular states with clonal expansion. In these
analyses, the specific TCR and BCR profiling generates information about antigen-specific
anti-tumor responses (Azizi et al., 2018; Sade-Feldman et al., 2018; Yost et al., 2019).

Paired scRNA and TCR-seq is gaining traction and being applied to a variety of cancers.
A recent pan-cancer study of ICl-treated patients used this combined analysis to identify
the clonal expansion of effector T cells in patients that respond to anti-PDL1 therapy

(Wu et al., 2020b). In addition, expanded clonotypes were detectable across tumor, normal
adjacent tissue, and peripheral blood, suggesting a potential minimally invasive biomarker
of immunotherapy response (Wu et al., 2020b). Clonotype information can also complement
trajectory inference analysis of intratumoral T cells and B cells to track the dynamic
relationships of these lymphocytes as they mount anti-tumor responses and respond to
therapy. For example, a recent study using paired TCR- and RNA-seq to profile CD8+
CAR-T cells from the blood of patients undergoing CD19 CAR-T immunotherapy found
distinct clonal transcriptional dynamics and expansion after adoptive transfer (Sheih et

al., 2020). In basal cell carcinoma, combined scRNA-seq of CD8+ T cells treated with
anti-PD-1 found an increased presence of activated and exhausted populations, as well as
a hybrid population expressing activation and exhaustion markers (Yost et al., 2019), an
expected effect of anti-PD-1 therapy (Sade-Feldman et al., 2018; Wei et al., 2017). TCR
analysis indicated that the largest clones presented exhaustion gene signatures. Also using
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TCR clonality, the authors were able to track those clones in pre- and post-treatment samples
and observed that anti-PD-1 therapy did not convert exhausted T cells to a non-exhausted
state. There was no expansion of the exhausted T cell clones but new clonotypes, absent in
the pre-treatment samples, were detected suggesting that anti-PD-1 therapy attracts new T
cells to the tumor with the potential to identify a new panel of antigens (Yost et al., 2019).
These findings provide an immense contribution to understanding responses to I1CIs and
indicate that these therapeutic agents enhance the ability of tumors to attract additional T
cells as opposed to reactivating exhausted T cells already present in the tumor (Yost et al.,
2019).

While the ability to sequence both TCR chains provides an advantage over bulk single-chain
methods, determining the antigen specificity of captured T cells remains a critical area of
research. Advances into new multi-omics technologies are also actively being developed,
with emerging methods for various combinations of proteomics, transcriptomics, spatial, and
immune receptor profiling. These advances include technologies for resolve the multi-scale
pathways in the tumor microenvironment, including intracellular phospho-proteomic states
(Gerlach et al., 2019), intranuclear sequencing of transcription factors (Chung et al., 2021),
chromatin (Cao et al., 2018), CRISPR-based screens (Hill et al., 2018), barcoding for
lineage tracing of single-cells (AlI’Khafaji et al., 2018; Kong et al., 2020), and concurrent
spatial profiling of RNA and protein (Liu et al., 2020).

Future perspectives

Single-cell and spatial molecular profiling technologies and complementary computational
analysis pipelines are rapidly advancing as tools for cancer research. The inferences from
these technologies rely on the study design, sample processing, and analysis pipelines
selected for profiling. Due to the rapid advance of these technologies, many of the
computational pipelines that enable interpretation of this data are still being developed. As
single-cell data evolve as translational tools, computational methodologies will play a role
in driving new discoveries. While powerful, these high-throughput technologies primarily
serve as profiling tools to generate new hypotheses about the tumor microenvironment

and therapeutic modalities. Therefore, complementary mechanistic bench studies remain an
important complement to translate single-cell research into actionable therapeutic targets.

In translational immunotherapy research, the ultimate test of mechanism is that a therapeutic
intervention yields the hypothesized immune modulation on the tumor microenvironment
within a patients’ tumor. While single-cell technologies can be applied to measure these
effects, full mechanistic characterization requires time-course profiling that would involve
serial sample collection from the same patient which are unethical and unfeasible to
perform. Although monitoring the immune cell repertoire from a patient’s peripheral blood
is more feasible for time-course studies, single-cell studies comparing the immune cell
composition of human tumors and peripheral blood have identified intrinsic differences
(Azizi et al., 2018). Therefore, future studies are needed to provide a more comprehensive
comparison between the tumor immune landscape and that of the periphery to enable the
use of single-cell technologies as therapeutic biomarkers. The heterogeneity between patient
tumors and inability to test more than one treatment regimen in a patient further challenges
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mechanistic single-cell studies in translational research. Single-cell atlas studies pooling
clinical trials studies and perturbation studies from preclinical models can provide important
references to support such human profiling studies. Single-cell profiling of pre-clinical
models treated with immunotherapies can point to the cell types and pathways relevant to
therapeutic response, while cross-species analysis of human samples treated with the same
therapies can reveal which therapeutic responses are conserved. Emerging computational
tools to identify shared responses in mice and humans from single-cell datasets can further
support model selection for preclinical analysis to inform the design of human clinical trials
(Davis-Marcisak et al., 2020; Peng et al., 2021) (Figure 3).

Single-cell experiments must be carefully designed to achieve the desired depth of immune
characterization and to avoid confounding technical biases with phenotypic covariates.
Technology selection should align with the underlying hypothesis of the study. For example,
single-cell and spatial transcriptomics is well suited to drive genome-wide discovery across
unbiased cell populations, and single-cell proteomics is better suited for studies that aim

to profile known molecular targets and cell types. Pathologists can play an important

role in selecting regions that capture the appropriate biological region (e.g., tumor dense
regions) and account for tumor-heterogeneity. Statistical evaluation of sample size is

also an important consideration of study design. Single-cell datasets from large cohorts

are important for biomarker discovery and applications of machine learning to predict
patient outcomes, particularly to avoid overfitting these models with the large number

of molecular features they measure. However, the significant costs of these technologies
impose a practical limitation to designing powered cohorts in single-cell atlas studies.
Thus, a balance of low-dimensional profiling with proteomics technologies on large
cohorts and leveraging selected samples for higher-dimensional, mechanistic studies is a
critical step during experimental design. Computational algorithms for cross-platform data
integration can provide an important complement to balance molecular depth with sample
size in these mixed designs. Close collaboration between experimental, computational, and
statistical scientists can support optimal study design and also prioritize new computational
approaches for data analysis tailored to the translational research goals of each study. A
multi-disciplinary approach will help the cancer research community to overcome these
challenges and use single-cell and spatial platforms to make new discoveries for cancer
immunotherapy.
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Figure 1 -

Higgh dimensional transcriptomics and proteomics approaches for cancer profiling. Several
high dimensional approaches are currently available to understand cancers cellular
composition and inter-cellular interactions. A. Single-cell proteomics (CyTOF) provides
cell composition and cell state information. B. Single-cell transcriptomics allows the same
type of analysis, but its genome-wide coverage can also deliver cell trajectory predictions
and T and B cell repertoires. In order to correlate cell composition and states to cellular
interactions, spatial technologies are more informative than single-cell suspension analysis.
C. With spatial proteomics and its single-cell resolution, it is possible to identify individual
cell types and determine specific cell-to-cell interactions. D. Although it lacks single-cell
resolution, spatial transcriptomics can predict cell interactions based on the molecular
expression of receptors and ligands between different cell neighbors and discover driving
oncogenic pathways among the different cell niches because it is not restricted to previously
selected markers. The selection of which approach to apply will depend on what samples are
available, how they are preserved, and what biological questions need answered.
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Figure 2 -
Computational workflow and methods for single-cell and spatial analysis. Several open

source benchmarked computational tools are available for high dimensional datasets
analysis. Independent of the tools of choice, analytical steps are required in order to
obtain reproducible results and identify markers to predict response and targets for new
therapeutics. A. Single-cell and spatial data analysis will start with raw data preprocessing
for (1) data clean-up to remove poor quality cells and normalization to correct for low

or high numbers of reads associated with experimental artifacts; (2) batch correction to
remove unwanted variation among samples due to experimental discrepancies; (3) and
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data imputation to correct for the real data dropouts (zeros in the data). B. Subsequently,
dimensionality reduction will allow data visualization and cell type annotation using
clusterization tools that assign annotations based on specific markers expressed by

each cluster. From there, the data is ready for downstream analysis depending on the
methodology applied and biological questions. C. Molecular alterations can be identified
using (1) differential expression analysis. In the case of transcriptomics data, it is also
possible (2) to perform pathway analysis to identify drivers of cancer progression and
responses to therapies and (3) to predict cell fate trajectories to understand tumor and TME
modulation across time. D. From proteomics and transcriptomics data, it is possible to take
a snapshot of the (1) molecular (e.g.: protein markers expression, cytokine genes expression,
receptor-ligand expression), and (2) cellular interactions (e.g.: cell proximity analysis) that
potentially drive the different features associated with cancer progression and response

to therapies. E. Finally, multi-omics approaches allowing (1) protein and gene expression
analysis from the same samples (CITE-seq) or (2) T and B cell repertoire analysis in
combination with transcriptional profile add an additional layer of information that increases
accuracy for cell types annotation and investigation of their role in cancer evolution and
therapeutic responses.
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Figure 3 -
Mouse to human studies using high dimensional analysis will drive the next generation of

precision cancer immunotherapies. Single-cell and spatial technologies have the power to
drive discoveries based on the cell types that are commonly affected by immunotherapies

in preclinical and human tumors. Following identification of the commonalities between
models, studies can focus on identifying molecular and cellular markers of response using
multi-omics approaches. The combination of different layers of data will drive patient
selection for the most adequate therapy, better clinical trial designs, and development of new
immunotherapies.

Cancer Cell. Author manuscript; available in PMC 2022 August 09.



Page 33

Davis-Marcisak et al.

- 1sealg $T0Z '[e 18 Uasal9) OINI
- 15001 6T0Z ‘[e 18 UaIad] so1Woa304d [enyeds
- 1sealg ¥T0Z ‘e 19 0jabuy 18N
v@.n_u._.”._o_umm< eWOUBISA ‘e :mmhm_mo -apes
- O713SN 810¢ '[e 18 0NH
- JejnjjaoojedsH 1102 '1e 18 Busyz
- 1se31g 8102 '[e 10 Senes
. BUWOUBIDN 0¢0¢ '[e 18 uospineq
R Je|njjaooredaH 1202 ‘|2 18 Uung
- 217e3I0URd 020z '[e 19 Jabuisa|yas
- J17eaI0URd 6T0Z ‘|e 12 pieulag BasYINNS wo__r";moou.w__mwm_mfu
T e | o
- BUWOUBIBIN 9T0¢ ‘|2 18 ysodiL
} I I ewoISe|qol1S $T0Z ‘[ 19 [91ed
- 917e3I0URd 6102 ‘Ie 18 Buad
} ueLleAQ LT0C ‘Ie Ye Ja)[3yds
- II Isealg 0202 I8 1 J3a1]
nue @H..n_._a_.:c/\ Jlse 0202 "[e 12 ®yjoefeN
.:HN.V_A._%/ 5 J1ea1oued 0202 ‘12 18 N\
T-ad-huy ewouelsIN 8T0Z '[e 18 Baryy
A eLwoURa|N . 810¢ 40145 m_n_vm_wwcw_mwm_hm
YV1LO-huy 1e 18 WeAuewyeigns
. ,mEocmu_wwhﬂmcgo 6102 "I239 Bl[EpED
Adeaay [ELLONS | OtnL ] euntitl 1 poola smﬂ\f _m.ﬁg/wc fouinL adA] 1soue) ERIIEY ETEN ABojouyda
pajyoad sadAy 19D anssi|

Author Manuscript

"S9IpNIS J39URd Uewny ul uonealjdde pue saibojouyds) uoissaidxe uisloid pue auab [euoisuswip ybiH

- TalgeL

Author Manuscript

Author Manuscript

Author Manuscript

Cancer Cell. Author manuscript; available in PMC 2022 August 09.



Page 34

Davis-Marcisak et al.

T-ad-huvy

T-ad-huvy

T-ad-hue
‘PVv1LO-1ue

quuiniql

T-Qd-hue
‘QIunuezoged

Adeaay

fewons | sownp

ewoydwA| ubpoH

0202 'Ie 13 Moy

O ‘besyNYos

19IN
1189 snowrenbs 0Z0Z ‘e I0 ‘solwioydiosues
leneds ‘basyyNHos
[eusl ‘[e19810]02 0202 1210 T

‘[eLIBWOPUR 'OTOSN

euwiouea|N

8702 "Ie 19 uouy-Agusr

J1adued 1sealg

8T0C 'le 13 1zizv

189 |eseq

6T0C '8 19 ISOA

41040
“YOL ‘basyNYos

ewodles

x 8T0¢ '[e 19 UIgNO

basyNy9s ‘40.LAD

(171) erwaxne

020¢ ‘Ie 19 10ped

baswNYos
‘bes-3110

SOIWo-INA

solwojduasuen

solwoydiiosue.y

aunwiw|

pooig

apou
ydwA

lewJou
‘v

pajyoad sadAl 19D

anssi |

J1ealoued 0202 'Ie 13 BpeOUON jeneds jeneds
BUWOUBIBIN 6TOC '[€ 18 UeA HIXIN
[€13810]00 0202 "Ie 18 y2Inyas X3d02
BWOUIDIRD .
le|njjao0edaH 0c0¢ "B 38 0H
0710SN 0202 ' 18 Buerx
1sealg 0202 ‘|e 19 uosyoer
adA] Js0ue) ERIIE ETEN| ABojouyda

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript

Cancer Cell. Author manuscript; available in PMC 2022 August 09.



Page 35

ON SBA ON H0g95/4D19s
SOA ON suonoeJslul Jen|Ie)
SOA _ OoN SOA ON uo19eIa)ul JBN3JoIN
ON SOA ON sa140198lea) 818y [19D
SOA _ ON SOA ON sisAfeue Aemyred
SOA uolssaldxa [enualaylq
SOA 1N [Ele)
SOA uonisodwod |80

SISATVNYV Vivd

Davis-Marcisak et al.

(sauab 0p0'0T 01 dn)

(s1oppdew op~)

(s1oppdew Op~)

siayJew pajas|as-ald SpIM-8UIOUSS siayJew pajas|as-ald SpIM-8UIOUsS slayJew pajis|as-ald abe.9703 3UouaD
anssI) [ew.Jou pue Jown] poojq ‘anssi} [ewJou pue Jown | adAy anssi).
. . (Jowm
3d44 ‘uszol uazol4 3d44 ‘uszoid Uaz013 10 Usalg) 1ajanu digeIA | 1180 pareroossip ajgeIA S]199 pareIdossig a|dwes
, Iw_mu_w.m__\,_ b SOIWOUBD) xQT ‘bes-apIlS bas-wNyus bas-wNYos
+HS14D8S 'HSI4bsS solwosload [eneds sajwoazoad [182-31BuIs ADOTONHOAL

solwoydiiosueay jeneds

solwoydiaosuely |182-3|6uls

Author Manuscript

‘saniunyioddo sisAjeue elep pue sjuswalinbal sjdwes saibojouyda) Jeneds pue |199-316uIS

- ¢ 9lqeL

Author Manuscript

Author Manuscript

Author Manuscript

Cancer Cell. Author manuscript; available in PMC 2022 August 09.



	SUMMARY
	Introduction
	Single-cell and spatial technologies for immune profiling
	Single-cell proteomics
	Single-cell transcriptomics
	Spatial analysis platforms

	Tumor sample processing for single-cell profiling in clinical research
	Computational pipelines for single-cell and spatial analysis
	Pre-processing and batch correction
	Visualization of data through low dimensional embeddings
	Annotation of cell types in the tumor microenvironment
	Analysis of cell-type dependent molecular changes
	Trajectory inference and pseudotemporal ordering for cell state transitions
	Inferring intra- and intercellular interaction networks from single-cell and spatial technologies

	Single-cell multi-omics
	Future perspectives
	References
	Figure 1 -
	Figure 2 -
	Figure 3 -
	Table 1 -
	Table 2 -

