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Single-cell methods have revolutionized the study of T cell
biology by enabling the identification and characterization of
individual cells. This has led to a deeper understanding of T cell
heterogeneity by generating functionally relevant
measurements — like gene expression, surface markers,
chromatin accessibility, T cell receptor sequences — in
individual cells. While these methods are independently
valuable, they can be augmented when applied jointly, either on
separate cells from the same sample or on the same cells.
Multimodal approaches are already being deployed to
characterize T cells in diverse disease contexts and
demonstrate the value of having multiple insights into a cell’s
function. But, these data sets pose new statistical challenges
for integration and joint analysis.
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Introduction

T cells are remarkably complex and heterogencous,
reflecting their capacity for diverse functions. Our under-
standing of T cell heterogeneity has expanded over
decades as studies have characterized functionally dis-
tinct and disease-relevant T cell subsets, like regulatory
T cells and Th17 cells in autoimmune disorders, and
exhausted CD4" and CD8" T cells in infection and cancer
[1-5].

The explosion of high-dimensional single-cell technolo-
gies in the past decade has revolutionized the study of T’
cells by capturing cell-to-cell heterogeneity that is
obscured in bulk methods [6-9]. Methods such as mass
cytometry and single-cell RNA-seq (scRNA-seq) mea-
sure the expression of many surface proteins and genes,
respectively, that reflect each T cell’s functional program,
while single-cell ATAC-seq (scATAC-seq) captures chro-
matin accessibility across the genome and identifies
active regulatory elements [10-13]. Similarly, the devel-
opment of single cell repertoire sequencing now allows
immunologists to trace the expansion of individual T and
B cell clones [14,15].

These single-cell methods have traditionally been carried
out in isolation. While each provides distinct information
about the cell populations being studied, it is challenging
to form a comprehensive picture of T cell identity. Rapid
advances in single-cell technologies — alongside parallel
development of statistical integration methods — are
enabling assays of multiple cellular features all at once
from the same single cells [16]. This new paradigm of
multimodal single-cell analysis will enable more fine-
grained analysis of T cell biology.

T cell identity can be defined in many ways

Functional definitions of T cells are inherently multifac-
eted. Cell surface markers may indicate a T cell’s subtype
and potential function, such as the expression of
CD45R0O on CD4" memory T cells and loss of CD62L
or CCR7 on effector populations [17]. The T cell receptor
(TCR) sequence — identified by antibody or tetramer
staining — can also reflect a cell’s function. For instance,
MAIT cells selectively express TRAVI-2/TRAJ12/20/33,
which recognizes MR1-presented antigens [18]. For dec-
ades, these surface phenotypes have enabled
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investigators to define T cell classes in flow sorting,
tetramer sorting, and immunohistochemistry studies.

Intracellular markers also define a T cell’s identity and
function, but assaying them usually destroys the cell.
RNA expression captures the current state of a 'T' cell,
while epigenetic characteristics illuminate the cell’s his-
tory and potential to express specific genes. For example,
regulatory T cells express FOXP3, which drives a tran-
scriptional program that suppresses T cell activation
[19,20]. Similarly, intracellular protein expression reflects
a T cell’s potential for proliferation and cytokine produc-
tion; for example, Thl cells produce IFN-y cytokine
upon activation, while Th17 cells produce IL.-17 [21].

The fate and function of a 'T" cell are also intertwined with
external factors, like spatial localization and microenvi-
ronment. For instance, specialized tissue-resident mem-
ory T cells are found in barrier tissues where they protect
against external pathogenic threats, while CD62L helps
activated T cells migrate to lymph nodes and sites of
inflammation [22-25].

Historically, these distinct facets of T cell identity have
been studied in isolation with multi-step experiments
that first isolate populations based on phenotypic markers
and then characterize them (Figure 1). Fluorescence-
activated cell sorting makes it possible to isolate live
cells of interest based on the binding of fluorescently
tagged antibodies specific to predefined protein markers,
or a tetramer loaded with an antigen [26]. This is a
powerful approach to study a specific cell type, such as
a population intrinsic to a disease or disease model.

Since sorting is non-destructive, it can be followed by a
more comprehensive secondary assay: for example, gene
expression quantification through bulk RNA-seq or TCR
sequencing. Each secondary assay adds critical informa-
tion. For example, iNKT and MAIT cells were first
described by sorting on their invariant TCR clonotypes,
then carrying out surface marker quantification and func-
tional assays [18,27,28]. More recent studies of rheuma-
toid arthritis (RA) and celiac disease sorted patient cells
on surface markers or tetramer staining, followed by
RNA-seq to characterize the phenotypes contributing
to disease [29,30].

But initial sorting limits the populations that are detect-
able; rare or previously uncharacterized populations may
be missed. It is also challenging to reconcile the relation-
ship between different features — gene markers may
reflect more complex functional specialization than pro-
tein markers, and TCR sequences may not be easily
linked to transcriptomic or proteomic profiles. This is
where multimodal single-cell data can help: They provide
a framework to connect related but non-redundant traits
of a cell and understand not only how those features relate

to each other, but how they jointly define each individual
cell’s identity. Simultaneous examination of complemen-
tary data helps clarify the complex landscape of T cell
function.

Multiple data modalities expand knowledge
about T cell subsets

Describing the full range of T cell heterogeneity requires
multiple high-dimensional single-cell assays: scRNA-seq
and mass cytometry, or scRNA-seq and T'CR sequencing,
for example. In contrast to flow sorting, these methods are
destructive, so they cannot be applied sequentially to the
same set of cells. One strategy is to apply each assay to a
separate aliquot of the same sample and integrate the
resulting measurements (Figure 1). This approach uses
existing high-throughput methods without significant
modification, and avoids the biases inherent in sorting
on known markers. For example, Chihara er 4/ used
scRNA-seq and mass cytometry separately to profile
co-expression of PD-1, TIM-3, LAG-3, and TIGIT in
tumor-infiltrating lymphocytes [31]. Combining informa-
tion about gene and protein co-expression provided dual
readouts suggesting that these genes form a co-inhibitory
module, and that co-expressed markers PROCR and
PDPN are putative co-inhibitory receptors.

In another example, our group applied scRNA-seq, bulk
RNA-seq, and mass cytometry to characterize T cells and
other immune cells within the inflamed synovium of RA
patients as part of the Accelerating Medicines Partnership
RA Phase 1 [32]. Using multiple single cell assays
improved downstream analyses, like case-control compar-
isons of immune population abundances. When we tried
to define cell types based on individual modalities, the
resulting clusters were affected by batch effects that
confounded biological signal. By integrating pairs of
modalities, we were able to identify correspondences
between different types of markers, and define cell types
based on markers that were robust to assay-driven bias.
Using this approach, we defined high-resolution subtypes
of CD8" T cells based on differences in GZMK, GZMB,
and GNLY expression, as well as subtypes of CD4" T
cells, fibroblasts, monocytes, and B cells.

We then identified specific cell types that were expanded
in RA patients compared to osteoarthritis (OA) controls:
sublining fibroblasts, pro-inflammatory monocytes, auto-
immune-associated B cells, and, as recently shown, PD-1-
expressing CD4" 'T" cell populations (T'py or Tyy) [33].
Integrating data from different single-cell modalities was
crucial for better characterization of these cell types. Our
differential abundance analysis required single-cell data,
but could not be carried out with scRNA-seq data alone
due to insufficient sample size. However, we were able to
use protein-based definitions of cell clusters from mass
cytometry to test for differential abundance between RA
and OA, and then annotate disease-relevant clusters
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Figure 1
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Different paradigms for the collection and analysis of multimodal single-cell data.
Traditionally, immune populations of interest have been studied by flow sorting on a surface marker and then characterizing the cell with a follow-
up assay. Now, multiple modalities of data can instead be collected in parallel, either from separate samples of cells or from the same aliquot.

transcriptomically using a joint canonical correlation anal-
ysis (CCA) projection aligning mRNA-based clusters with
protein-based clusters.

The key challenge of applying different technologies in
parallel is the identification of corresponding cells, clus-
ters, and features. It is crucial to have principled statistical
strategies to align the data sets. These strategies often
rely on the assumption that features in multiple data sets
corresponding to the same underlying cell type should
correlate with each other. For example, protein markers
of gated populations in mass cytometry should correspond
to scRNA-seq cluster markers if they capture the same

functional populations. While this may be true in general,
technology-specific biases may confound this assumption.
There are well-documented instances of discordance in
single-cell gene and protein data [34,35]. Aggregating
across cells may yield more comparable measurements,
but reduces the resolution of the analysis [36].

One strategy is to build a linear model that connects data
modalities. The model can be trained on bulk data from
sorted references capturing the desired range of variation.
Buenrostro er a/. used this approach to map scRNA-seq
cells to scATAC-seq cells and identify correlated tran-
scriptional and chromatin accessibility profiles across
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stages of hematopoiesis [37]. They found that a lineage
constructed jointly from correlated scATAC-seq and
scRNA-seq data was less biased by dropout than lineages
based on only scRNA-seq.

Another promising method is CCA, which identifies
correlated linear combinations of features in each data
set or modality [38,39]. Like principal component analysis
(PCA), CCA dimensions maximize the variation cap-
tured, but unlike PCA, CCA has the added constraint
that the variation must be shared between data sets. In
addition to applications in scRNA-seq batch correction,
Zhang et al. use CCA to jointly cluster single-cell RNA-
seq and bulk RNA-seq; the resulting clusters are more
robust to technical artifact because they capture variation
that is in both single-cell and bulk RNA-seq data [32].
Since linear models and CCA both attempt to find corre-
lated features between datasets, they are dependent on
the extent of congruity.

New technologies enable multimodal single-
cell assays of the same cells

Many new single-cell technologies have cleverly repur-
posed sequencing methods to collect high-dimensional
multimodal data from the same single cells (Figure 2).

Figure 2

This eliminates the challenge of aligning data sets col-
lected from different cells and the need to aggregate
across bulk samples or clusters. For example, early
attempts to measure a pre-specified subset of mRNA
transcripts and proteins in the same cells relied on meth-
ods like proximity extension assays and qPCR to quantify
a limited number of proteins and transcripts, respectively
[34,40,41]. Recent development of multimodal assays has
expanded the ability to make unbiased, high-throughput
measurements and assay new combinations of features in
tandem.

mRNA and surface protein markers

High-throughput droplet-based single-cell sequencing
technology has led to the development of methods like
REAP-seq and CITE-seq that quantify genome-wide
RNA expression alongside quantification of over 100 sur-
face markers from single cells [42,43]. Both methods use
DNA oligonucleotide-barcoded antibodies that bind to
surface markers. These barcode tags are then sequenced
alongside the mRNA transcripts from each cell.

While these technologies are not designed explicitly for
studying T cells, they are especially well-suited for this
application because of the existing library of well-
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Methods to collect multimodal data from the same cells.

Current advancements in single-cell sequencing technology have focused on measuring multiple modalities of data in individual cells. The
methods shown here yield high-dimensional data that link different types of features for higher-resolution immunophenotyping.
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characterized surface markers and genes for T cell clas-
sification [44]. Hence they offer a way to link traditional
surface marker-based definitions of T cell identity to
expression profiles. This approach is especially useful
for surface markers without an easily assayable RNA
analog, like CD45 isoforms (CD45RO and CD45RA) that
distinguish memory and naive T cells. It also provides
valuable insight into markers that lack correlated RNA
and protein expression in single cells, such as CD4, which
has high dropout at the RNA level [42]. By combining two
commonly used phenotypic markers, this multimodal
approach has potential to expand traditional unimodal
definitions of many T cell phenotypes.

Peterson ez al. used REAP-seq to demonstrate how mul-
timodal mRNA and protein data can be used for targeted
characterization of functional immune states [42]. They
measured coordinated changes in gene and surface pro-
tein expression between resting CD8" T cells and CD8"
T cells activated with CD27 beads and 'TCR stimulation.
The dual modalities augmented the interpretation of the
data. For example, after activation, IL-7R expression
decreased concordantly at both the mRNA and protein
level, and more cells expressed the CD45RO memory
marker. With both data types, they were able to form a
more complete picture of the activated T cell state.

mRNA and repertoire

TCR diversity is incredibly vast and allows response to
many foreign antigens. Characterizing T'CR sequences of
clones that respond to an infection can lead to a better
understanding of T cell response. But assessing this
phenomenon globally without paired data from the same
cells is almost impossible. Conducting each assay in
isolation provides limited information: 'TCR sequencing
shows expansion of certain clones, but connecting this to
phenotypes is difficult. scRNA-seq captures the spectrum
of phenotypes, but doesn’t trace their clonal lineages.
Since T'CR clones are often very rare (in some cases, as
few as 1 in 100 000 cells) correlating signals across multi-
ple aliquots may be particularly challenging [45].

Adding TCR sequencing to an existing scRNA-seq pro-
tocol is relatively straightforward because both genome-
wide RNA and T'CR information can be inferred from the
same RNA isolated from the cell. Owing to the diversity
of the region, common 7RAV-specific and TRBV-specific
primers are used for targeted enrichment sequencing by
many different standard scRNA-seq protocols. The
resulting data contain whole transcriptome expression
and TCR sequences from the same cell. In an early
application of this technology, Han er a/. sequenced
TCRs and a panel of 34 phenotype-associated genes in
single cells [14]. They found shared TCRs between
functionally distinct T cell states, and similarities in
the TCR sequences of different expanded clones among
tumor infiltrating lymphocytes.

Zemmour ¢/ al. conducted paired whole-transcriptome
scRNA-seq and TCR sequencing on regulatory CD4" T
cells to characterize their clonal diversity, and also
observed that Treg subsets with the same TCR sequence
are transcriptionally similar [46]. A popular application of
single-cell transcriptomic and repertoire data is to trace T
cell clones in cancer, which was used in one study to show
that transitional and dysfunctional 'T' cells may arise from
a common differentiation trajectory [47]. Another tumor
study found that specific TCR sequences were associated
with specific functional phenotypes: for example, higher
or lower activation, or expression of specific gene modules
like gluconeogenesis [48]. This suggests that TCR sig-
naling through specific neoantigens may be partially
responsible for a given T cell’s gene expression. In
RA, paired TCR and RNA sequencing showed that
expanded memory T cells had transcriptional signatures
marked by higher expression of KLRG1, GZMB, and
PRF1 [49]. These studies demonstrate the power that
TCR and transcriptome sequencing in the same cell can
offer, especially to identify clonal T cell states in disease
contexts.

mRNA or protein and spatial localization

Single-cell studies of T cell identity are now able to
consider spatial localization, which offers a window into
extrinsic factors in an iz vive setting. The surrounding
cells and tissue context determine what molecules are
available to bind to the T cell’s surface receptors, as well
as potential intercellular interactions. Traditional meth-
ods to combine information about a cell’s position and its
transcriptome or proteome have been stymied by the
need for tissue disaggregation in single-cell sample prep-
aration, which eliminates spatial information. T'raditional
approaches measure transcripts or proteins iz situ with
methods like fluorescence iz situ hybridization (FISH)
and immunohistochemistry, respectively. However, this
is limited in scope by the number of fluorescently tagged
probes that can be detected simultaneously and offer low-
resolution localization.

Newer methods like multiplexed error-robust FISH
(MERFISH) are augmenting existing FISH by assaying
>1000 genes across individual cells [50]. MERFISH uses
combinatorial barcodes to label a set of transcripts, fol-
lowed by repeated single-molecule FISH (smFISH) to
iteratively visualize each transcript and cell segmentation
algorithms to assign transcripts to cells. This approach is
similar to that of seqFISH [51]. STARmap also assays
>1000 genes with pairs of barcoded DNA probes that
bind mRNA and form an amplicon that can be sequenced
for three-dimensionally resolved gene expression [52].
Fluorescent iz situ sequencing (FISSEQ) has captured
the largest set of genes — over 8000 — in fixed cells, but
at low read depth [53]. Other methods employ high-
throughput sequencing, but are limited by low resolution,
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focusing on local immune cell niches or gridded tiles on a
histological slide [54,55].

To assay cells’ protein markers in their native spatial
orientation, methods utilize metal or fluorescent labels
combined with mass spectrometry or imaging-based
quantification, respectively [56-58]. This is particularly
useful in tumor samples, where immune cell localization
has an impact on disease outcome. In one successful
application, Keren er a/. used multiplexed ion beam
imaging (MIBI) in conjunction with mass cytometry to
quantify nearly 40 proteins on a cell-by-cell basis in a
tumor sample [59]. The combined spatial/protein
approach allowed them to finely dissect the surface pro-
teins expressed by cells on the tumor-immune border.
Another study used metal-tagged oligonucleotides and
antibodies to quantify predefined sets of up to 3 mRNA
transcripts and 16 proteins in breast cancer samples with
mass cytometry [60]. This allowed them to correlate the
expression of transcripts and corresponding proteins and
trace them spatially, identifying clusters of adjacent che-
moattractant-expressing cells that seemed to lure T cells
into the tumor stroma.

mRNA and DNA

Initial efforts to develop low-yield same-cell assays
focused on unbiased transcriptome-wide measurements
alongside genomic DNA features, such as somatic muta-
tions, genomic edits, and differential methylation
[61-63]. These methods amplify RNA and DNA and
sequence both simultaneously. These approaches have
been particularly useful in illuminating high-degree
tumor heterogeneity and functional outcomes of rare
mutations otherwise obscured in bulk analysis. The most
recently developed versions capture single-cell gene
expression and genomic variation in up to 5000 cells
[64-66]. Now that CRISPR/Cas9 gene editing enables
targeted genomic perturbation, there is renewed interest
in understanding how genomic changes affect gene
expression and cellular phenotypes in high throughput
screens [67,68]. While these approaches have yet to be
applied to T cells specifically, they offer tremendous
potential to help define the specific roles of individual
genomic DNA changes in the immune response.

Conclusions

Multimodal single-cell methods offer a new paradigm for
the study of T cells. Before, single-cell studies were
limited to answering one question about a cell: What
genes does it express? What proteins does it present on its
surface? What receptor does it use to recognize antigens?
Multimodal methods open the door to more complex
questions: How do a cell’s surface marker profile and
transcriptome jointly define its function? How does a
particular TCR sequence influence cell localization?

In addition to the mRNA, protein, T'CR, and spatial
methods discussed here, other methods have also intro-
duced new combinations of single-cell data. sci-CAR
combines single-cell RNA-seq with measurements of
chromatin accessibility in the same single cells [69].
Multiple methods combine genome editing-based line-
age tracing with whole transcriptome sequencing in the
same cells [70-72]. ECCITE-seq, alongside parallel
advancements in 10x Genomics’ sequencing platform,
already enables the collection of up to four different data
modalities (gene expression, surface protein markers,
TCR, and CRISPR editing) in the same single-cell
experiment [73].

Measurements do not need to come from different mole-
cules; they can also span different time points, providing a
dynamic, multidimensional view of each individual cell
throughout a process like differentiation or antigen stim-
ulation. Recent studies have already developed novel
methods to assay time-dependent single-cell data, such
as label integration to dynamically track &e novo DNA,
RNA, and protein synthesis or dye dilution to monitor
clonal expansion alongside mass cytometry [74,75]. Gene
expression has also been measured alongside cellular
traits like growth rate and mass [76].

Despite their promise, some multimodal methods still
have room for improvement. Spatial transcriptomics and
proteomics, for example, currently only capture a small
proportion of a cell’s full expression profile. But such
nascent methods can still provide useful — albeit limited
— information that may be augmented with unimodal
strategies until the multimodal methods mature. In this
case, scRNA-seq may be a suitable scaffold for spatial
transcriptomic data; various batch correction and integra-
tion algorithms have been used to combine the two data
sets and estimate full transcriptomes in spatially resolved
cells [77-80].

The technology to perform multimodal assays is now
broadly available, but there are still substantial statistical
challenges that must be addressed before fully reaping
the benefits of these methods. The data they yield are not
only high-dimensional — a problem faced by some unim-
odal experiments as well — but have many distinct yet
non-independent layers, each with a dimensionality,
sparsity, and bias dictated by its technology source. Accu-
rate integration requires an awareness of the modality-
specific structure, as well as shared biologically driven
variation. Even though analysis pipelines for these data
have not yet become standardized, software like Seurat
are beginning to make basic analysis feasible for non-
computational investigators [79]. More complex methods
like CCA and factor analysis may provide appropriate
frameworks for rigorous interpretation of multimodal
data. There are open source R packages to perform these
computations, although wusing them to integrate

Current Opinion in Immunology 2019, 61:17-25

www.sciencedirect.com



Multimodal single-cell approaches shed light on T cell heterogeneity Nathan et al. 23

multimodal data may require some additional customiza-
tion [81-83].

As multimodal technologies improve, and statistical
methods to analyze these data sets expand, there will
no doubt be a redefinition of T cells and their phenotypes.
Having a more complete view of T cells’ many facets may
help us more clearly understand the spectrum of T cell
states and the exogenous factors that influence them.
While collecting two or more modalities of data per single
cell will help us better understand the spectrum of T cell
states, unimodal single-cell studies may continue to sup-
plement these analyses. These approaches will no doubt
augment our knowledge of human disease and the key
cell states that investigators are able to pursue with
limited human samples.
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