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Single-cell T cell and B cell antigen receptor-sequencing data analysis
can potentially performin-depth assessments of adaptive immune cells
thatinform on understanding immune cell development to tracking
clonal expansion in disease and therapy. However, it has been extremely
challenging to analyze and interpret T cells and B cells and their adaptive
immune receptor repertoires at the single-cell level due to not only the
complexity of the databut also the underlying biology. In this Review, we
delveinto the computational breakthroughs that have transformed the
analysis of single-cell T cell and B cell antigen receptor-sequencing data.

M Check for updates

The adaptive immune system relies on the immense diversity of
the immune repertoire to recognize and respond to a wide range of
pathogens and foreign substances. This is mediated by the vast array
of surface-bound T cell antigen receptors (TCRs) and B cell antigen
receptors (BCRs). The latter can also be subsequently secreted as
soluble antibodies when a B cell differentiates into a plasma cell or
plasmablast. The wide range of antigen specificities of these receptors
also enable T cells and B cells to discern self from non-self-antigens,
allowing theimmune system to respond appropriately to threats while
leaving the host unharmed. By studying the specificity of T celland B
cellresponses, immunologists have been able to gain valuable insights
into the dynamics ofimmune responses, immune cell diversity and even
provide predictive and/or prognostic information, for both disease
and treatment outcomes.

Each TCRor BCRisadimer composed of two distinct chains. TCRs
consist of either an & chain (TRA) paired with a 3 chain (TRB) in af3
T cells, or ay chain (TRG) paired with a & chain (TRD) in y5 T cells.
BCRs consist of a heavy chain (IGH) and alight chain; the light chainis
from either the k (IGK) or A (IGL) locus. These chains are the product
of a sophisticated process involving genetic recombination of the
variable (V), diversity (D) and joining (J) gene segments, orchestrated
by the RAG1 and RAG2 proteins', which occurs in developing T cells
and B cells in the thymus and bone marrow, respectively. Random
non-templated (N) and/or palindromic (P) nucleotide insertions can
alsobeintroduced at the junctions of these segments, further adding
to the complexity. These recombination events occur at the junction
called the complementarity-determining region (CDR) 3, while CDR1
and CDR2 are found entirely within the V gene region. As CDRs are

theregions thatbind to cognate antigens, they, particularly the CDR3
region, have been the focus for most downstream analyses. Further-
more, after B cells areactivated, BCRs canundergo (random) somatic
hypermutations (SHMs) throughout the receptor, mediated by the
activation-induced cytidine deaminase (AID). AID is also required
for class switch recombination (CSR) of BCRs, a biological process
that replaces the BCR constant gene encoding the isotype class with
wide-ranging consequences on B cell maturation and overall humoral
immunity. Collectively, these events ensure the diversity and unique-
ness of the resulting TCRs and BCRs, which also allows us to use them
asdistinct molecular barcodes of T celland B cell clones. This serves as
auseful proxy for tracking antigen-specific responses over time and for
correlating with cellular phenotypes and clinical outcome, for example,
inidentifying clonal patterns associated with improved anticancer
treatment response®’, relating TCR repertoire diversity with HIV virus
adaptation*and/or decoding the differences in BCR repertoire to coro-
navirus disease 2019 (COVID-19) infection compared to vaccination’.

There are a variety of ‘bulk’ high-throughput technologies for
immune repertoire sequencing, which involves the analysis of pooled
BCRsor TCRs fromagiven tissue. ‘Bulk’immune repertoire sequencing
technology is largely restricted to analyzing a single chain (for exam-
ple, TRB or IGH only) and does not capture the dimeric nature of the
adaptiveimmunereceptors. Thelibrary construction and sequencing
strategies also prevent the recovery of bonafide paired-chain sequenc-
ing using the ‘bulk’ approach. However, paired-chain sequencing is now
possible, most notably viasingle-cell technology, allowing the profiling
of paired-chained adaptive immune receptors at scale. The variety of
high-throughput technologies for sequencing TCRs and BCRs, as well
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as the analytical tools for bulk repertoire approaches and progress in
pairing or predicting antigen receptor recognition, have been reviewed
elsewhere®’. This Review will focus on the more recentadvancesin the
bioinformatics analysis methods of single-cell TCR or BCR-sequencing
(scTCR/BCR-seq) data.

Briefly, atypical workflow for processing scTCR/BCR-seq datais as
follows (Fig.1): after sequencing single cells, reads arealigned and recon-
structed into TCR/BCR chains for each cell. There are also specialized
toolsthat canreconstruct TCR/BCR contigs from full-length single-cell
RNA-sequencing (scRNA-seq) data. The reconstructed contigs are
then annotated for their respective V, D, ] and constant genes using
reference databases, for example, international InMunoGeneTics
informationsystem (IMGT)?%. The ‘contig-level’ data can then be paired
to ‘cell-level’ dataand various tools handle this differently, implement-
ing further quality-control steps to retain analysis-ready contigs and/
or cells for further analysis. A key quality-control step useful for most
situationsis the filtering of contigs so that eachmature T cell/B cell only
has one productive pair of TCRs/BCRs; there may be some situations
where this may not be required (for example, in developing T cells/
B cells). Other downstream analyses include differential V/D/J-gene
usage analysis, clustering of identical/similar TCR/BCRs into clono-
types, generation of clonotype networks for diversity estimation,
inferringlineage trees to trace clonotype phylogeny, integration with
scRNA-seqdataand more. The complexity of the data presents oppor-
tunities for innovative solutions for appropriate downstream analysis.

Initial scTCR/BCR-seq bioinformatics tools
The advent of scRNA-seq technology started in 2009 (ref. 9) and
scTCR/BCR-seq quickly followed. The field initially focused on recon-
structing the TCR/BCR chains from full-length scRNA-seq data.
TraCeR™ (T cell receptor reconstruction and clonality inference
from scRNA-seq) was one of the first tools introduced to reconstruct
TCR sequences from full-length scRNA-seq data with high accuracy
and sensitivity. TraCeR first aligns RNA-seq reads from each cell to a
curated list including all possible V/J-gene combinations for TCRa/f3
chains. Contigs are then derived from de novo assembly of the aligned
reads and annotated using IgBLAST" with IMGT® reference sequences.
TRAPeS"is another scTCR reconstruction software, but their approach
has some differences to that of TraCeR. Firstly, it aligns reads to V
and ) genes, identifying unaligned reads that were mapped to V/J or
constant regions and reconstructs the unmapped reads into putative
CDR3 sequences. These sequences were extended from both ends
until they merge/overlap. TRAPeS showed a high success rate and even
outperformed TraCeR™ onidenticallibrary types'”. However, TRAPeS
has its own set of challenges. For example, the tool may struggle in
reconstructingsome CDR3 sequences due to high similarities in certain
Vand] segments'?. There are several other tools such as TRUST4 (ref. 13)
and MiXCR" that have since emerged that reconstruct TCR/BCR chains
from 10x Genomics scRNA/TCR/BCR-seq data. TRUST4 also yielded
more TCRs and BCRs and was able to reconstruct «3-TCR, y6-TCR and
BCR contigs from the 10 x 5’ scRNA-seq gene expression data®.
Similarly, several tools are available to reconstruct BCRs from
full-length scRNA-seq data, including BASIC®, BraCer' and VDJPuzzle".
A recent study'® benchmarked six scBCR reconstruction tools using
four experimental datasets and one simulated dataset with differing
characteristics, for example, different B cell types, varying library
lengths and sequencing depth/coverage. The methods were compared

only against datasets generated using low-throughout plate-based
scRNA-seq methods. In the simulated dataset, sequences were simu-
lated with different levels of SHMs. The Immcantation framework"
was used to quantify the number of introduced SHMs as a ground
truth, and the tools were then compared on how the occurrence of
SHMs may impact their performance. Every tool performed well in
their reconstruction with some differences in overall sensitivity and
accuracy. Based ontheir findings, the authors created arecommenda-
tion flowchart for tool selectionaccording to therequiredlibrary type,
accuracy, sensitivity and SHM quantification. For example, BraCer'
was benchmarked to be more suitable for long reads and the most
accurate tool when assessing varying SHM frequencies'®. Among the
tools tested, only TRUST4 was capable of processing BCR data gener-
ated using high-throughput technologies, for example, 10x Genomics.
While MiXCR" was notincluded in the test, it has the same capability.

The popularization of joint assessment of single-cell RNA expres-
sion with paired-chain TCR/BCR-sequencing data rose with the
commercialization of the 10x Genomics 5 immune profiling solution
in 2018-2019. Understandably, analyses of the single-cell immune
repertoire data generated using the 10x Genomics platform before
2020 were primarily based on the tabular outputs from cellranger.
These outputs were also adapted for use in tools that were originally
designed for ‘bulk’ TCR/BCR-seq analysis such as Immcantation suite
and vdjtools®.

The Adaptive Immune Receptor Repertoire (AIRR) Community,
which started in 2015, began the standardization of data formats and
structures from high-throughput immune repertoire sequencing in
2017 (ref. 21). Inclusion of AIRR-standardized format for the 10x Genom-
ics TCR/BCR data did not occur until later versions of cellranger. Several
tools have emerged to provide different analysis options specifically
designed to handle single-cell data, including Scirpy*?, Dandelion®***
and scRepertoire” (Table 1).

Single-cellimmune repertoire data analysis
overview

As the bulk of scTCR/BCR-seq data generation has been performed
on the 10x Genomics platform, we will focus the following sections
on how the data are generally processed and analyzed starting from
that format. Having said that, other scTCR/BCR-seq data generation
methods are emerging, and most outputs would conform to AIRR stand-
ards, allowing datato be analyzed in asimilar fashion, for example, BD
Rhapsody TCR/BCR assays provides an AIRR-standardized output file.

Data preparation

10x Genomics cellranger vdj provides anumber of output files that are
useful for scTCR/BCR-seq analysis. The information associated with
eachoutputfile, together with some descriptions of the algorithms to
achieve them, islisted on the 10x Genomics support website. Here, we
provideasummary of relevant files, as well as theirimpact on analysis,
in Table 2. Most of these files can be used for input into Dandelion,
scRepertoire and Scirpy, with the latter also accepting other data for-
mats such as TraCeR/BraCer’s output.

In general, users would start with files that have the ‘filtered_’
prefix, which indicates that cellranger filtering has been applied to
retain full-length and productive TCR/BCR sequences. This is especially
relevant for studying mature T cells/B cells as their TCR/BCR have
been successfully rearranged. Downstream analysis using the

Fig.1| Typical workflow of scTCR/BCR-seq. Cells are isolated as single cells
followed by amplification of cDNA concentrated on the V(D)) locus to obtain TCR
and BCR sequences. Raw sequencing reads are then aligned and reconstructed
into TCR/BCR contigs, which are then annotated against reference V(D)) genes
either through cellranger or other dedicated software. Gene expression data

are typically read with single-cell analysis tool kits, while V(D)) data can be
reannotated or directly read by scTCR/BCR-seq analysis tool kits. The data

structure for each tool may differ but it has acommon themein linking the
contig-level information to cell-level metadata. Further quality-control steps
are then performed to filter for contigs that match user-defined parameters.
Downstream analyses may include clonotype calling, differential V/D/J-gene
usage, visualization of clonal expansion, integration with multimodal single-cell
dataand many more. Examples of dedicated tools for each step are appended to
illustrate how they can be used together. Created with BioRender.com.
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‘filtered_’ dataset reduces potential noise from irrelevant contigs,
improving the accuracy of, for example, cell-type identification, clon-
ality assessments and mutationrates. If the ‘cellranger multi’ pipeline
was used, contigs that do not match with any cell barcodes in the cor-
responding gene expression data are removed. In contrast, files with
theall_ prefix willinclude any contigs associated witha droplet, regard-
less of whether the droplet contains a cell. It also does not assert the
same filtering criteria at the contig level; therefore, all possible contigs
arereturned. Correspondingly, this increases the amount of noise to
account for when filtering data for downstream analysis. However, if
auser is analyzing developing T cells/B cells, it could be relevant to
retain the nonproductive and non-fully rearranged contigs as they
may be biologically relevant.

Reannotation

The Immcantation suite’ was the first tool that implemented a strat-
egy to parse 10x Genomics V(D)) sequencing data by reannotating
the fasta files using IgBLAST" with IMGT® reference sequences. This
effectively allows Immcantation to convert the output to a tabular
spreadsheet format (later aligned to AIRR standards) and allows access
todownstreamtoolsthatrely on IMGT references. This was necessary as
10x Genomics cellranger vdj uses an Ensembl-based reference for their
annotation, which lacked the gapped information due to the IMGT
unique numbering system or allele-level annotation for V(D)) loci.
Dandelion adopted Immcantation’s reannotation steps and included
additional steps to separately annotate D/) genes, allowing Dandelion
to retain contigs lacking a V gene (discarded by IgBLAST), which also
led to the discovery of ‘J-gene multi-mappers’ (contigs with multiple
sequential J-gene segments)?. It should be noted that 10x Genom-
ics cellranger vdj already recovers contigs without V genes. However,
for contigs with multiple ) genes, where a large proportion of these
also lacked a V gene*, cellranger vdj would annotate the ] genes with
the highest alignment scores regardless of the positioning, instead of
choosing the leftmost ] gene.

As mentioned, there are alternatives to 10x Genomics cellranger
vdjsuch as TRUST4 (ref.13) and MiXCR" and they are capable of de novo
assembly of TCR/BCR sequences followed by V(D)J-gene annotation
from the raw 10x Genomics V(D)) sequence files. Interestingly, both
TRUST4 and MiXCR can reconstruct V(D)) sequences from the 10x
Genomics gene expression library, with outputs highly correlated to
the V(D)] library®. However, as observed in Suo et al.>* in the case of
TRUST4, there may be some bias toward reconstructing V(D)J contigs
by asserting the presence of aV gene; while thisis fine for most use cases
instudying mature T and B cells, this may pose a challenge for studying
datasets containing early developing T cells/B cells where active (D))
rearrangements, and not V(D)) rearrangements, occur (Fig. 2a). Itis also
important to note that, by default, TRUST4 annotates the V(D)) genes
using the IMGT reference, whereas MiXCR uses its own built-in set of
references. Therefore, some discrepancies may arise from using dif-
ferent references and applications to different cell maturation stages,
which users should consider.

BCR/TCR clustering and filtering

TCR/BCR clustering is important for defining clonal relationships
between cells. ATCR/BCR clonotype refers to cells that share either
the same (TCR) or similar (BCR) receptors. Inthe AIRR datastandards,
receptors and cells that are part of the same clonotype will be tagged
with the same ‘clone_id’. This allows researchers to infer that cells of
the same clonotype are derived from the same ancestral cell during
development and/or clonal expansion. Traditionally, TCRs/BCRs are
clustered based on two major criteria: (1) using the same V and ] gene
and (2) CDR3 length. Cells with receptor configurations that fulfill the
former but not the latter indicate that random N/P nucleotide inser-
tions have occurred. These cells could still be considered evolutionarily
part of the same ancestral lineage but cannot be strictly considered

as ‘clones’. Clonal relationships of BCRs are more complex because
SHMs may occur throughout the recombined BCR chains, which can
alsointroduce insertions/deletions into the junctional regions®. The
field has devised different methods to define BCR clonotypes such
as setting a cutoff based on bimodal distribution of pairwise ham-
ming distances” and/or setting an empirical threshold of 85-90%
similarity®. The Immcantation suite provides a variety of metrics to
performthe clonotype grouping, including hamming distance distri-
bution thresholding™%.

Another definition of clonotype thatis frequently used is by group-
ing TCR/BCR sequences as ‘functional clonotypes’. This definition is
reserved for adaptive immune receptor configurations with shared
specificity to the same epitope due to structural similarities and/or
enrichments of certain amino acid motif patterns within the CDR3
junction, also sometimes referred to as the ligand repertoire. Several
approaches have been developed to perform motif clustering based
on edit distance or similarity metrics, for example, GLIPH*°, GLIPH2
(ref. 31), ClusTCR*, GIANA®, terdist®, terdist3 (ref. 35) and iSMART?.
However, they were mostly developed for,and applied to, bulk TCR-seq
data (single-chain only; TRB only). While not strictly falling under the
‘functional clonotype’ category, clustering based on recombination fre-
quencies for scTCR-seq has been proposed in ALICE” (Antigen-specific
Lymphocyte Identification by Clustering of Expanded Sequences) to
helpidentify TCRs and neighboring TCRs involved in ashared immune
response using sequence similarity. ALICE constructs asingle-cell TCR
neighborhood space using stochastic TCR recombination model based
onlGoR**and finds sequences that are clustered more than expected by
random chance. The clustered sequences are proposed to potentially
respond to the same antigens”.

While these methods offer interesting strategies toinfer the rela-
tionships between clonotypes, antigen specificity and overall cell
phenotypes, caution needs to be exercised when applying them to
scTCR/BCR-seqdata. Thesingle-cell dataarelikely to be under-sampled
and notsuitable for running these methods. scTCR/BCR-seq produces
paired-chain data, whereas the tools above were designed for ana-
lyzing bulk TRB-only data. The results may also be challenging to
experimentally validate, and thus may have limited predictive value.
Although they are more challenging, wet-lab-based assays for predict-
ing antigen specificity such as those developed for bulk TCR-seq are
arguably more valuable for finding novel clonotype-phenotype asso-
ciations. For example, the Multiplexed Identification of T Cell Receptor
AntigenSpecificity (MIRA) assay™ expands T cells to peptide pools
followed by bulk TRB sequencing. Su et al.*’ paired data from MIRA
assays with scTCR-seq data and identified T cells from patients with
COVID-19 that share the same TCRf chain configurations (CDR3 amino
acid sequence, V-gene and J-gene usage) as COVID-19-associated
antigen-specific TRB-clonotypes. The cellular phenotypes of these
antigen-specific T cells were then inferred from the single-cell data
and correlated with COVID-19 symptoms*°. There are also emerg-
ing commercial technologies that can capture antigen specificity at
the single-cell level for paired-chain TCR/BCR-seq with scRNA-seq
experiments, for example, 10x Genomics Barcode-Enabled Antigen
Mapping (BEAM)-T and BEAM-Ab, dCode Dextramers. There are also
emerging computational techniques that can leverage these new data
to predict novel antigen binding. For example, pMTnet* uses a trans-
fer learning framework to learn and predict the binding associations
between peptide-major histocompatibility complex (MHC)-land TCRs,
validating its utility on single-cell data from 10x Genomics single-cell
immune profiling paired with dCode Dextramers reagents. Overall,
development and use of these emerging technologies are poised to
revolutionize how scTCR/BCR-seqanalysis and interpretation may be
performed in the future.

Currently, most scTCR/BCR-seq analysis tools have incorporated
functionsto regroup single cellsinto clonotype groups based on their
TCR/BCR sequence and V(D)J-gene usage similarities. Importantly,
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Table 2 | Summary of relevant cellranger vdj output files

Prefix Associated files

What information does it contain

Impact on analysis

filtered filtered_contig.fasta®

filtered_contig_annotations.csv®

The .fasta file contains the sequence of each
reconstructed BCR/TCR contig/chain.

The .csv file contains annotation
information called by cellranger vdj,
including V/D/J/C genes, CDR3 junctional
sequence, clonotype ID and whether the
contig is flagged as a productive contig.

In later versions of cellranger, sequences
of framework and CDR regions are also
included in this annotation file.

In cellranger multi mode, there is another
check to retain only contigs with matching
cell barcodes found in the gene expression
data.

Using filtered’ datasets as a starting point

is the standard practice. The contigs are full
length, productive and do not contain any
premature stop codons. This format is useful
for studying mature T cells/B cells with fully
rearranged receptors.

To reannotate the sequences with other
reference databases, users will need to
supply the fasta file at the minimum.

airr_rearrangement.tsv®

This file contains the annotations for
each ‘filtered’ contig as above but in AIRR
rearrangement format.

This is an alternative to using the above two
files.

Only available from cellranger version 4
onwards.

all all_contig.fasta®
all_contig_annotations.csv®
all_contig_annotations.bed
all_contig_annotations.json

a

The .fasta and .csv files contain information
as above.

The .bed file contains detailed annotation
information on the structure of each
reconstructed TCR/BCR, which can be used
to explain why some contigs are filtered,
for example, not full-length and/or not
productive.

The .json file contains a higher level of
detail for the contig annotations not
present in the .csv file or .bed file, such as
the full reconstructed sequence, start and
end positions for the framework and CDR
regions, and validated/non-validated UMI
sequences.

Using ‘all’ datasets as a starting point is
similar to above with the caveat that this
also includes any contig reconstructed by
cellranger that can be assigned to a droplet.
This may be relevant for analyzing contigs
that are not fully rearranged, for example,
contigs arising from D->J or V->DJ
rearrangement events will be captured here.
As per above, users can reannotate the
contigs using the .fasta file as a minimum.
Otherwise, information contained in the .csv
or .json file can be converted to single-cell
and AIRR formats for downstream analyses
by some of the tools reviewed in this paper.

consensus.fasta
consensus_annotations.csv

consensus

The .fasta and .csv files contain information
as above but reports the information for the
consensus sequence (for each contig) for
each clonotype defined by cellranger.

These files are typically not used by current
scTCR/BCR-seq analysis tool kits.

“Files that are used by current tool kits.

some of these tools have taken special considerations toward the
quality control and filtering of scTCR/BCR-seq databefore performing
clonotype groupings (Fig. 2b), which can greatly influence the results
from downstream analysis. For example, althoughitis commonto sort
contigs by unique molecularidentifier (UMI) count and selecting chain
pairswith the highest UMI counts for downstream analysis, hard filter-
ing by contig UMI count, while not frequently practiced, could reduce
the total number of contigs/chains considered for clonotype calling
and result in different clonotype definitions. We note that for some
tools that handle 10x Genomics scTCR/BCR-seq data, they default to
using the clonotype definitions provided by the cellranger software.
While this is generally suitable for TCR-seq data as cellranger defines
TCRclonotypes based onidentical V(D)] transcripts, this was problem-
atic for BCR-seq data before cellranger v5.0 as the same criteria was
used, effectively not accounting for SHMs. enclone is now provided
as amodule in cellranger v5.0 to group cells into BCR clonotypes,
whichrespects the SHM events. Overall, regardless of which tool users
choose to define the T cell or B cell clonotypes, we recommend that
users should manually inspect whether the clonotype definitions are
suitable for their dataand reperform clonotype classification if neces-
sary, as the quality-control steps for single-cell data greatly influence
the outcome of clonotype calling.

scTCR/BCR-seq data analysis and single-cell integration

As alluded to previously, there were limited options to analyze
scTCR/BCR-seq analysis before 2020. Most software was originally
created for bulk immune repertoire analysis, and developers made
efforts to adapt these methods for single-cell analysis. For example,

the open-source Immcantation' suite is very widely used for both bulk
BCR-seqand scBCR-seqanalysis. It contains a plethora of tools such as
changeo, shazam, alakazam and IgPhyML*, allowing users to quan-
tify SHMs in B cell contigs, define clonal groupings and reconstruct
clonal phylogenetic lineage trees. Recent methods such as SCOPer*’
and Dowser** also implement new methods to define clonal groupings
andvisualize BCR lineages. Dowser’s* unique feature is the development
ofthree parsimony-based summary statistics that characterize migra-
tion, differentiation and isotype switching along B cell phylogenetic
trees. This toolis particularly useful in understanding the migration of
B cellsbetween tissues, their differentiationinto various cell types and
isotype switching. Similarly, SCOPer** introduces a spectral cluster-
ing approach, which works on scBCR-seq data, to identify clones. The
spectral clustering method is a nearest-neighbor approach that helps
group BCR sequences based on junctional sequence similarity in dif-
ferent local neighborhoods®. They also subsequently introduced an
updated approach that accounts for SHM and weights the similarity
measure accordingly®. Overall, theimmcantation suite has charted how
the field analyzed bulk BCR-seq and scBCR-seq data*®. A small caveat is
that theImmcantationsuite do not explicitly interact with the scRNA-seq
analysis tool kits, which can be challenging for some usersindetermin-
ing the relevant analysis strategies for their single-cell datasets.

The data architecture for analyzing single-cell data has largely
been spearheaded by the teams that develop and maintain packages
such as Seurat* and SingleCellExperiment*®in R or Scanpy/anndata*’
in Python (Fig. 1). There are also emerging efforts in creating tools
meant for multi-omics representation, for example, muon’°. Most
single-cellimmune repertoire analysis tools were designed tointegrate
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the scTCR/BCR-seq data with these single-cell data formats to enable
further exploration such as performing filtering and quality-control
checks, clonotyping, clonal expansion quantification and clono-
type diversity estimation. Some considerations for performing
scTCR/BCR-seq filtering are summarized in Fig. 2b.

Scirpy (now part of scverse®) was the first open-source tool that
specifically dealt with the scTCR (and subsequently scBCR) data for-
mat from 10x Genomics cellranger®. Scirpy works as an extension
of Scanpy and primarily interacts with the ‘anndata’ data structure.
Scirpy’simmune receptor model focuses on cells that primarily express
single-and/or dual-immune receptor cells, following TraCeR’s model™.
Cells with more than two pairs of TCR/BCRs are flagged as multi-chain
cells and filtered from downstream analyses. Scirpy uses an ‘AirrCell’
data structure to align with the AIRR standards, naturally populat-
ing essential contig data into the single-cell observations data frame
(adata.obs). Excess chains (and other AIRR rearrangement data) are
stored but not exposed to users so that they are not burdened by the
high number of AIRR rearrangement data not essential for Scirpy’s
functions. Scirpy has ongoing support to parse the outputs from other
scTCR/BCR-seq analysis tools. Recently, Scirpy has been updated to
operate using a new data structure based on awkward arrays, which
supports multi-omics data structure implemented in MuData***', One
major difference in the new version is that the AIRR rearrangement
data are no longer expanded automatically into the single-cell obser-
vations data frame like before. Scirpy implements a network-based
clonotype definition strategy that is initially based on Levenshtein
distance between CDR3 amino acid sequences and subsequently intro-
duced alternative distance metrics such as Hamming distance-based
metrics (to be more aligned with practices for BCR clonotype defini-
tion'), metrics that work on identical CDR3 nucleotide sequences to
group TCRclones, and also a tcrdist® inspired ‘alignment’ metric that

computes clonotypes based on BLOSUM62 (BLOcks SUbstitution
Matrix) distances®. Scirpy leverages the plotting functionalities by
Scanpy and further introduces alternative visualization methods,
suchastheclonotype graphwhere each clonotypeisrepresented asa
sub-graphthat connects all single cellsin aclonotype. The layout uses
arectangle packing strategy to arrange and visualize the sub-graphs
fromthelargest to smallest clonotypes. Users can color the cellsinthe
clonotypesto visualize cell-type-specificinformation associated with
each clonotype, similar to how users would interact with the scRNA-seq
datain Scanpy. The network visualization layout of single-cell obser-
vations was phased out in favor of a clonotype-centric layout where a
single dot represents a clonotype configuration, and the size of dots
scale tothe number of cellsin each clonotype. Scirpy alsoimplements
several useful modules to quantify clonal diversity, expansion and
overlap and to visualize V(D)J-gene usage.

Similarly, scRepertoire® is an open-source R package and was
designed to operate with the 10x Genomics cellranger vdj filtered
contig outputs and works seamlessly together with Seurat (and, sub-
sequently, SingleCellExperiment). scRepertoire appends the TCR/BCR
data to the single-cell metadata and can be used for both contig-only
analysis and combined analysis with gene expression data. It performs
quality control and filtering of the contig data and has functions for vis-
ualizing and quantifying clonotype abundance, differential V(D)J-gene
usage, clonal diversity and overlap. One of the most used features is the
‘clonal space homeostasis’ feature, which bins and quantifies clonotype
proportions into groups, such as fromrare to hyperexpanded clono-
type groups. There are other R-based scTCR/BCR-seq analysis tools
such as Platypus® and Immunarch’* with additional features beyond
scRepertoire. The Platypus package offers functions for immune
repertoire simulation, repertoire classification and structural analysis
of adaptive receptors. On the other hand, Immunarch has extensive
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supportacross multipleimmune repertoire sequencing platforms. As
both packages require customstructures forimmune repertoire data,
it complicates their interoperability with other single-cell workflows.
Like Immcantation, Immunarch does not directly interact with the
scRNA-seq packages and thus may have limited support for analyzing
combined scRNA-seq and scTCR/BCR-seq data.

Dandelion®** is another open-source scTCR/BCR-seq analysis
software package initially inspired by bulk BCR-seq clonotype network
analyses®’ and has functional overlaps with the aforementioned
tools, especially Scirpy. In contrast to Scirpy, Dandelion does not rely
on the anndata data structure and instead focuses on retaining the
contig-level AIRR rearrangement data and separately populating a
cell-level dataframe that canbe merged with Scanpy’s observationslot.
Dandelion calls clonotypes based on similarities of the CDR3 amino
acid/nucleotide sequences using hamming distances while asserting
requirements for identical V/J-gene usages and CDR3 lengths. It con-
structs clonotype networks using minimum spanning trees that con-
nect cells based on the similarity (Levenshtein distance) of the entire
TCR/BCRsequences. Theresulting networks enable diversity analysis
based on Gini indices?’. Dandelion’s data structure is not as strict and
allows for the retention of AIRR rearrangement data that do not pass
normalfilteringin other tools. This allows for aunique representation
ofincomplete/partial and nonproductive contigs (for example, those
lackingaV gene). We will discuss the unique implications of this aspect
in the case study section later. We note that most other tools have
largely ignored these types of ‘nonstandard’ contigs/chains but are
increasingly adopting means to include them for downstream analysis.
For example, Scirpy’s new data structure has removed the previous
limitation of only including productive chains for downstream analysis
and cannow incorporate nonproductive chains. While the Immcanta-
tion suite has always enabled access to this data in a ‘failed’ file, this is
not automatically returned during preprocessing.

Recently, another tool, sciCSR*, introduced an analysis strat-
egy to leverage on SHM and CSR to improve the alignment of B cell
maturation. SHM was enumerated by comparing the V gene sequence
to the germline V gene sequence from IMGT/HighV-Quest®. Based
on the characteristic of how germline transcripts (also known as
sterile transcripts) expression precede and can mark the onset of
CSR®, they created new features based on whether reads from the
5’ geneexpression library mapped to the VDJ region, constant gene or
5’ region upstream of the constant gene. This distinguishes transcripts
as productive or sterile reads, which they referred to as the ‘isotype
signature’. Using nonnegative matrix factorization analysis on this
‘isotype signature’, they defined a new metric called ‘CSR potential’
which underscores how naive-like or memory-like a single B cell is.
By combining the Markov chain model derived from the CellRank®
analysis of the single-cell gene expression, SHM and ‘CSR potential’,
they implemented a transition path theory approach to the resulting
transition matrix. Using data from early time points in time-course
studies, they predicted the probability of CSR events in later timings,
as well as CSR changes in knockout studies.

Finally, 10x Genomics has a tool for analyzing BCR and TCR data
(enclone;inbeta)®. Encloneis writtenin Rustand implements a unique
clonotypingalgorithmthat does not rely on IMGT references. It solves
the previous issue with10x Genomics cellranger vdj clonotype defini-
tion that asserts identical CDR3 sequences in clonotypes, which was
problematic for BCR data. It alsoimplements a‘honeycomb’ represen-
tation of the clonotypes, which were useful for visualizing light-chain
coherence®, a phenomenon observed where memory B cells tend to
use the same light-chain V gene. Enclone also has a unique feature to
infer donor alleles for Vgenes. This may have important consequences
onourinference on how individual genetic variations can lead to varia-
tions of the antibody response due to genetic predispositions®*.

Overall, while each method is largely similar in their function,
their approaches and results may differ. We recommend that users

should consider which biological question they would like to try to
address as each software has unique features, advantages and disad-
vantages for different contexts of lymphocyte biology when choosing
methods for downstream analysis (Figs.1and 2 and Tables1and 2). A
practical choice of scTCR/BCR-seq software package is by choosing
tools that are compatible with the companion scRNA-seq tool kits
of user’s choice. For instance, users would typically pair Seurat with
scRepertoire or Scanpy with Scirpy. However, it is important to con-
sider that some tools are more adept at analyzing specific cell-type or
clonotype properties. For instance, scRepertoire generates intuitive
metrics for quantifying clonal expansion data; Scirpy and Dandelion are
more focused on TCR and BCR data analysis, respectively; Dandelion
isalsomore adept atanalyzing developing T cells/B cells. Overall, due
to AIRR standardization, thereis a consistentinput and output format
for scTCR/BCR-seq data, which encourages interoperability between
the tools. Considerable effort has also been put into developing
packages that convert between scRNA-seq data formats for R and
Python workflows. Therefore, users are encouraged to explore the
various tool kits to fit their analysis needs, facilitating the answering
of biologically relevant questions.

Advanced integrated analysis

One goal for integrated analysis of multimodal data is to strive for
a common embedding or manifold. Some tools and concepts have
been proposed to achieve integrated analysis of scTCR/BCR-seq and
scRNA-seq in this manner.

Tessa® (TCR Functional Landscape Estimation Supervised with
scRNA-seq Analysis) implements a Bayesian model to integrate
scTCR-seqwith scRNA-seq data, generating an embedding of TCR net-
works that reflects similarity in the TCR sequence and gene expression
space. Tessa helped pull apart T cells that appear afterimmunotherapy
treatment, suggested to be due to distinct underlying TCR profiles that
separate T cells present before versus after treatment®,

Similarly, CONGA (Clonotype Neighborhood Graph Analysis)®®
is another tool that constructs a neighborhood graph based on
the TCR sequence similarity between clonotypes and performs a
graph-versus-graph correlation analysis with the gene expression
neighborhood graph, highlighting commonneighborsinboth the gene
expression and TCR neighborhood space. This approach enabled the
characterization of clonotype clusters with shared features (including
differentially expressed genes and TCR sequence properties).

TheBenisse model (BCR embedding graphical network informed
by scRNA-seq) was created with afocus on generating acommon latent
space thatincorporates the gene expression dataand scBCR-seq data
(encoded as Atchley factors®®, which summarizes the biochemical
properties ofindividual amino acid sequences). Thelearntembedding
was proposed toreflect antigen specificity of the BCR sequences, and
the core Benisse model was able to chart the BCR SHM trajectories of
germinal center B cells, which correlated with maturation and memory
gene signatures®.

Atthetime of writing, none of the current scTCR/BCR-seq analysis
tool kits described in the previous section provide native implemen-
tations or direct linkage to these methods. The input files for these
methods typically are/resemble cellranger output files. To interface
these methods with the scTCR/BCR-seq analysis tool kits described
above, users would need to manually prepare the compatible input
files (Fig. 3a). Interms of the output, the tools generally produce afile
containing the new embeddings, which can then be read as a simple
matrix tointeract with the scRNA-seq analysis tool kit of choice. CONGA
has scripts to generate the result plots and returns an Anndata “h5ad’
file that stores the intermediate distance matrices and final scores in
therelevantslots, which users can further explore with the scRNA-seq
analysis packages.

Overall, these tools seek to generate a single-cell representation
of animmune response by combining the AIRR and gene expression
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Potential strategies to interface the multimodal analysis tool kits, scTCR/BCR-
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multimodal data. The integration tools generally start from cellranger output
files. Therefore, users will need to perform all quality control and preprocessing
and prepare the corresponding input files to enable the downstream integration.
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achieved by Zhang et al®”. One recent example of multimodal integration of V(D)
Jdatawith other single-cell data modalities was demonstrated. The authors
utilized asequential WNN approach to integrate the neighborhood graphs of
each datamodality and used it to identify clonally expanded, antigen-specific
CD8'T cells that responded to COVID-19 vaccination. UMAP, uniform manifold
and approximation projection. Created with BioRender.com.

data. As this area is actively expanding, the inclusion of new modali-
ties, like chromatin accessibility or protein quantification with
AIRR data are being explored. Recently, trimodal embedding of
single-cell gene expression, protein and TCR datawas demonstrated®.
Zhang et al. used weighted nearest-neighbor (WNN) analysis in
Seurat’® to combine the neighborhood graphs for each modality
(first WNN graph combines gene expression with cellular indexing
of transcriptomes and epitopes by sequencing (CITE-seq) data, fol-
lowed by a second WNN graph that combines the first WNN graph
with the TCR neighborhood graph derived from CoNGA®® based on
terdist***; Fig. 3b). Using this approach, they defined antigen-specific,
‘antigen-proliferating’ and ‘bystander’ vaccine-induced CD8" T cells

and performed in-depth analysis of the cell states that accompany
vaccine-induced clonal distributions.

Case studies on scTCR/BCR-seq analysis

COVID-19

For the remainder of this Review, we will describe a number of case
studiestoillustrate how scTCR/BCR-seqanalysis led to new findings and
interpretations forimmunology research. As mentioned earlier, there
were limited tools to perform anintegrated analysis of scTCR/BCR-seq
and scRNA-seqbefore 2020. However, with the emergence of COVID-19,
several groups identified that profiling theimmune repertoire during
infection could be informative and thus performed scTCR/BCR-seq.
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These studies analyzed scBCR/scTCR-seq data directly reported from
the cellranger vdj output (Fig. 4a). For example, Ren et al.” explored
the immune response to COVID-19 by analyzing the diversity of B cell
and T cell subsets from peripheral blood mononuclear cells of infected
individuals. They found that the BCR repertoire of individuals with
COVID-19 exhibited biased V(D)) usage compared to healthy controls
andtrained arandom forest classifier using the V(D)] usage frequencies,
whichdistinguished individuals with COVID-19 with moderate or severe
symptoms from healthy controls with relatively high accuracy”. Simi-
larly, Liu et al.”” performed scTCR/BCR-seq on longitudinal cohort of
individuals with COVID-19 with critical disease, finding again that there
was preferential V/J-gene usage in the T cells/B cells in these patients.
Together, these studies suggest that specific T cell and B cell clones
are preferentially expanded in response to severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) infection.

Dandelionwasintroduced in the study by Stephenson et al.” and
incorporated a number of stringent quality-control steps to match
the scBCR-seq data to the single-cell gene expression data (Fig. 4a).
Italsointroduced a way to assess the diversity of clonotype networks
across the different COVID-19 severity stages. This led to the obser-
vation of more pronounced clonal expansion in symptomatic indi-
viduals with COVID-19 compared to asymptomatic individuals and
revealed sex-based disparities in clonotype size and BCR mutations,
withwomen exhibiting higher levels of both measures than men. These
differences in clonal expansion of B cells align with previous reports
of worse outcomes in men with COVID-19, supporting that sex dif-
ferences in the adaptive immune response may contribute to vary-
ing clinical outcomes’. In the same study, effector CD8* T cells were
identified to be the most clonally expanded among the T cell subsets,
and there was a correlation between disease severity and the ratio of
effector-versus-effector memory CD8 T cells. This indicated that the
balance between effector and memory T cell responses may play arole
in determining the severity of COVID-19 (ref. 23).

In the study by Su et al.”, the authors integrated the analysis of
CITE-seq with scTCR-seq using Scirpy and also found marked clonal
expansion of CD8" T cells in individuals with COVID-19. Hierarchical
clustering of the TCRs from CD8" or CD4" T cells separated the TCRs
into two groups for both cell types. For the CD8" T cells, the two TCR
groups were splitaccording to either moderate/severe disease or mild
disease severity. For CD4"T cells, one of the TCR groups was associated
with acluster enriched with cytotoxic gene program; the same cluster
istheonly CD4" T cell cluster that presented with marked clonal expan-
sion. These analyses help unveil unique developmental trajectories
and suggest that TCRs influence cell fate choice and disease severity
in COVID-19 (ref. 74).

In the study by Jaffe et al.%%, it was demonstrated that the light
chains of functional antibodies are highly constrained (Fig. 4a). Using
enclone’s clonotypingalgorithm, they analyzed paired V(D)) datafrom
peripheral blood mononuclear cells of four unrelated individuals
and discovered that B cells with similar heavy chains also tended to
have similar light chains. This was shown to be the case for COVID-19,
and other diseases such as multiple sclerosis and Kawasaki disease®.
The authors concluded that this phenomenon can be generalized to
memory B cells and that they represent how functional antibodies can
ariseinnature.

Long COVID, also known as post-acute COVID-19 syndrome/
sequelae, remains an ongoing public health issue and affects an esti-
mated ~-65 million individuals worldwide”. Cheon et al. performed
scRNA-seq and scTCR-seq on samples from older convalescent indi-
viduals with COVID-19 and found that subsets of respiratory CD8"
Tcellswere correlated with persistent tissue conditions after COVID-19
(ref. 76). Using scRepertoire, the authors showed that clonally
expanded CD8* T cells were present in blood and bronchoalveolar
lavage samples of these individuals. These clonally expanded T cells
also presented with higher expression of effector and/or cytotoxic

molecules, consistent with chronic lung impairment’. This study
revealed important immune features that may support the develop-
ment of persistent lung abnormalities after SARS-CoV-2 infection in
older individuals. In a separate study by Su et al.*°, they analyzed the
scTCR-seq data with Scirpy and used the TCR sharing frequencies
between cellular phenotypes and disease time points as barcodes to
track the dynamics of CD8" and CD4" T cell response between acute
COVID-19 and the convalescent stage (2-3 months after symptom
onset). Hierarchical clustering grouped the TCR frequencies into five
clusters and revealed that TCRs that predominate during the con-
valescent stage are different from those during acute COVID-19. By
comparing the gene expression patterns of the TCR groups associated
withcytotoxicormemory T cell clusters to those that were destined for
clonal contractioninthe convalescent stage, they showed that the cell
typesineach TCRgroup displayed distinct gene expression associated
witheitherimmune activation or suppression accordingly, suggesting
that TCR patterns influence the determination of T cell memory or
contraction after infection*’. These studies are helping to shed light
ontheimmunological heterogeneity potentially associated withlong
COVID development, and we anticipate that future efforts would help
us fully understand the enigma of this disease”.

The above studies provide valuable insights into the immune
response to COVID-19, highlighting theimportance of understanding
the role of B cell and T cell subsets and their clonal expansion in the
context of infection. The research underscores the importance of
V/J-gene usage in shaping the immune response and highlights the
immunological mechanisms underpinning long COVID.

T celland B cell development

Other than tracking clonal expansion patterns, scTCR/BCR-seq analysis
has also been useful for understanding and modeling the processes
underlying the development of T cells and B cells, which occursin the
thymus®”*%° and bone marrow®, respectively.

The Human Cell Atlas®, a global collaborative effort creating
comprehensive reference maps of allhuman cells at the single-cell
level, has used scTCR/BCR-seqto understand the developing human
immune system across various organs. In one of the first thymus
cell atlas papers by the Human Cell Atlas, Park et al.”’ used paired
scRNA-seq and scTCR-seq to explore human thymocyte develop-
ment. They found anotable biasin V(D)J-gene usage from the onset
of recombination to the mature T cell stage. This bias was particu-
larly pronounced in CD8" T cells, which showed a preference for dis-
tal V-] pairsin their TRAV-TRAJ repertoire, suggesting a slower or
less efficient commitment to the CD8' T lineage. In contrast, CD8aa
cellsdisplayed aslight bias toward proximal V-] pairs, more evident
in postnatal thymic samples than in fetal samples. These biases
were not due to the specific sequences guiding recombination
but were instead strongly correlated with genomic position. This
aligns with the looping structure of the locus previously observed
in mice®. They also found that nonproductive TCRa chains were
depleted in quiescent double-positive (DP(Q)) cells, suggests that
cells unable to secure a productive TCRp recombination for the
first allele undergo recombination of the other allele. Overall,
the study highlights the complexity of TCRa recombination and
its role in shaping the T cell repertoire during human thymocyte
development.

Inthe follow-up pan-immune cell atlas study, Conde-Dominguez
etal.”®developed acustomy8-TCR primer set thatis compatible with the
10x Genomics af-TCRlibrary generation workflow (Fig.4b). However,
cellranger vdj was unable to annotate the y6-TCR sequences despite
beingable toreconstruct the y5-TCR contigs (described in detail in Suo
et al.”*). Therefore, the reconstructed contigs were processed using
Dandelion?, which successfully recovered the y8-TCR gene annota-
tions for each chain. While other groups may have also used scTCR-seq
to study the processes underlying human T cell development, most
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would be limited to using the presence or absence of the receptors to
define cell-type annotations. For example, Cordes et al.** also used 10x
Genomics scTCR-seq (af3-TCR) and a custom library kit specifically
designed for y6-TCR sequencing and performed single-cell sequencing
of the human thymic cells. After cell-type annotations were defined
to separate af3-TCR-expressing or y§-TCR-expressing thymocytes
and T cells, they subsequently relied only on gene expression infor-
mation to define the T cell developmental routes®. Using Scirpy?®,
Conde-Dominguez et al.”® explored the TCR clonotype landscape
within tissue-resident immune cells in adult tissues and discovered
that each tissue possesses a unique ‘immune neighborhood’ of clo-
notypes reflective of adaptive immune responses tailored to specific
tissue conditions. Clonal sharing among memory subtypes of CD8"
T cells suggested that these subtypes may share acommon precursor
cell’®. Conde-Dominguez et al.” processed their BCR data using the
Immcantation workflow and found enrichment of isotype usage in a
tissue-specific manner. Forinstance, the dominance of IgA2 inthe gut
region underscores the importance of this isotype in mucosal immu-
nity. The detected bias toward IgAlin memory B cells in the mesenteric
lymphnodesandIgA2intheileum’s Peyer’s patches further highlights
tissue-specific specialization of B cells. These findings suggest that
local immune responses in the gut are tailored to counter specific
pathogens and that B cells undergo class switching to produce the
most appropriate isotype for a given tissue’s immunological needs.
Theanalysis of SHM levels revealed that, as expected, naive B cells had
the lowest SHM frequencies, while plasma cells exhibited the highest
SHM frequencies. Notably, the observed trend toward higher muta-
tionrates in distal classes (IgG2, IgG4 and IgA2) is consistent with the
accumulation of mutations during sequential class-switching events®.

Similar efforts were conducted in the study by Suo et al.*°, but
on fetal tissues. One of their efforts was focused on characterizing
putative human Bl cells. Bl cells are a unique subset of B cells charac-
terized by their self-renewal capacity, high expression of IgM and low
expression of IgD®. These cells are believed to emerge early in develop-
ment and share developmental similarities with regulatory B cells®.
In mice, they are known for their role in the immune response, par-
ticularly in the production of natural antibodies, and can be detected
using flow cytometry based on canonical markers such as CD5, CD27
and SPN (CD43), but it has been challenging to find similar human
counterparts®. Suo et al. used Scirpy and Dandelion to identify these
cells based on the distinct BCR properties compared to other mature
B cells, including differences in the length of the CDR3 due toreduced
random nucleotide insertions in the CDR3 junctions in both heavy
and light chains compared to mature B cells’. These cells displayed a
diverse BCRrepertoire with minimal clonal expansion. They were also
predominantly of the IgM isotype and spontaneously secreted IgM, a
hallmark of Bl cells®”. The adult pan-immune cell atlas”® did not find the
same putative Bl cellsacross the 16 tissues profiled, but they identified
distinct clonal distribution patterns for the more tissue-restricted
long-lived quiescent plasma cells versus the broad tissue distribution
of classical memory B cell clones™.

Inaseparate study, Suo et al. explored deeperinto the datastruc-
ture generated using 10x Genomics scTCR/BCR-seq and cellranger
software and described the concept of the TCR trajectory as a natural
‘time-keeper’ for developing T cells. The trajectory inference method
leverages datain the following three ways: (1) early developing T cells
and B cells may express incomplete/nonproductive chains as part of
the natural stochastic process of V(D)) rearrangement; (2) the 10x
Genomics’ scTCR/BCR-seq technology is capable of capturing these
sequences; and (3) Dandelion’s flexibility in dealing with AIRR data
compared to the other scTCR/BCR-seq tools. Briefly, V(D)) usage fre-
quencies are computed across pseudobulked cell neighborhoods
(using milo®) based on gene expression data. The resulting matrix is
used asinput for trajectory inference using an absorbing Markov chain
approach (implementedin Palantir®; Fig. 4b). Thisapproach providesa

dynamicview of the T cell maturation process in the thymus and shows
that CD4" and CD8" T cell fate trajectories are influenced by the TCR
V(D)) usage patterns®, likely reflecting the selection process involv-
ing interaction with class 1 or class IMHC. This new technique was an
improvement compared tostandard trajectory inference based ongene
expression alone, showingbetter correlationbetween the pseudotime
ordering with CD4"/CD8" defining marker genes and transcription
factors®. It also supported the biases in TCRa V/] recombination as
reported in Park et al.”’. Secondly, Suo et al.** also reported on the
abundance of nonproductive contigs in the 10x Genomics cellranger
vdjdata, alargely ignored aspect by other tools due to their limitations
in only analyzing productive TCR/BCR chains. Suo et al. showed the
importance of these nonproductive TCRsinlymphocyte development
and selection using a TRBJ-based trajectory for innate lymphoid cell
(ILC)/naturalkiller (NK) cell/T cell lineage analysis, which helped sup-
portthedifferentiation paradigms of these innate lymphocytesin the
thymus’®. They also found nonproductive TRB/TRG/TRD expression
inILC/NK cells, supporting the ‘aborted’ double-negative theory that
suggests that ILC/NK/T cells share acommon lineage trajectoryin the
thymus but deviate at some point before successful TCR rearrange-
ment”’. The nonproductive TRB expression was not organ specific but
was observed consistently across various fetal organs. The expression
of nonproductive TRBwas alsoseenin early developing pre-pro B cells
and the putative Bl cluster, suggesting that B1 cells have a different
developmental route compared to other B cells.

Immunotherapy

In the rapidly evolving field of cancer treatment, immunotherapy is
the gold standard for several advanced malignancies due to its effi-
cacy. However, itis still not clear why some patients respond or do not
respond toimmunotherapy.

scTCR-seq has been usedinsome cancerimmunotherapy studies
to examine the TCR changes, including clonal expansions and diversity
of T cell states, before and after treatment in responders versus non-
responders. These include, but are not limited to, studies examining
combinationimmunotherapy with anti-PD-1and anti-CTLA4 in mela-
noma’ and anti-PD-1with chemotherapy in breast cancer® Inarecent
paper on pancreatic cancer, whichis traditionally extremely difficult to
treat, Rojas et al.”” demonstrated that their custom neoantigen mRNA
vaccines were feasible, safe and effective in 8 of 16 unselected patients.
Their bulk TCR-seq data suggested that the vaccine-expanded T cells
comprised up to 10% of all circulating T cells in the vaccine respond-
ers.Incontrast,only1in 8 nonresponders showed asimilar response®.
scTCR-seqanalyzed with Scirpy further demonstrated that the mRNA
vaccines expanded polyclonal effector CD8' T cells after chemotherapy
and vaccine booster®. These expanded T cells expressed lytic mark-
ers and cytokines, resembling effector T cells induced by protective
viralvaccines”.

Spatial profiling of T cell immune response is an emerging field
and spatial TCR/BCR-seq methods are also being developed® . This
was demonstratedinglioblastomawith SPTCR-seq”, where the authors
developed a new experimental and computational workflow to per-
form spatial TCR-seq (Fig. 4¢). By performing spatial deconvolution
of cell-type signatures and multimodal neighborhood analysis with
the reconstructed TCR data, they associated spatial neighborhoods
of increased myeloid cell enrichment with increased TCR diversity®.
The technology potentially offers insights into the regional diversity
of antitumor immune responses. However, the marketis still relatively
new and mature spatial TCR-seq technology is not commercially avail-
able at the time of writing and downstream computational analysis
options for spatial TCR are very limited.

These collective studies highlight how the immune repertoire
aidsindecoding theimmuneresponse to both tumors and treatments.
Studying the observed dynamic shifts in T cell clonality, emergence
of new clones and changes in T cell diversity across various studies
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provide an added window of opportunity to harness the appropriate
therapeutic TCRs for improving anticancer treatment outcomes.

Outlook

Analysis of scTCR/BCR-seq datais challenging. Due to the current tech-
nologies, we are often limited by the number ofimmune receptors we
can sample. Therefore, we often cannot generalize the findings from
the single-cell level to the overall immune landscape. This coincides
with a sampling issue that leads to the overrepresentation of single-
tons (TCR/BCR only represented once in the dataset). It is unclear if
they are true singletons or part of larger clonotypes but were insuf-
ficiently sampled/sequenced. The diversity of individual TCRs/BCRs
adds another layer of complexity. In addition, certain areas warrant
further investigation. For instance, the presence of multiple chains
or single-chain contigs can obscure potentially interesting biology. It
remains unclear whether they are biological or technical challenges,
forinstance, ambient RNAin fluidics or index hopping, which further
complicates the interpretation of the data”.

Challengesin software

There remains several challenges and limitations in the various
single-cellimmune repertoire analysis tools in the handling of TCR/BCR
contigs for downstream analysis. For example, inlight-chainmyeloma
(Bence-Jones myeloma), cancer cells only express light-chain proteins
and not heavy chains’®. This poses a challenge as not every tool can call
clonotypesifthe heavy chainis absent. At the moment of writing, only
Scirpy can define clonotypesin these types of samples asit allows users
to specify whether to consider either or both chains.

Scalability poses another challenge. Current high-throughput
scTCR/BCR-seqtechnology isdominated by 10x Genomics, and alterna-
tive technologies are emerging, for example, the recently announced
10x Genomics’ GEM-X kits, Evercode TCR by Parse Biosciences, BD
Rhapsody TCR/BCR Amplification Kit, BGI’'s DNBelab C4 single-cell
sequencing for full-length transcripts, Omniscope and SeekGene.
These new technologies bring with them the opportunity to sequence
millions of single-cell TCR/BCR sequences, several orders of magnitude
higher than what the original 10x Genomics Gel Beads-in-emulsion
technology can generate for a single sample. It is important to note
thatwhileitis possible toscale up current workflows to more thanafew
millionreceptors, we may still be vastly under-sampling the repertoire.
Secondly, current data structures are also not designed for dealing with
large volumes of AIRR data. Better and more efficient approaches are
needed to deal with the increasing volume of data so as to meaningfully
assess and embed receptors other than computing pairwise distances.
Apossibleavenue is toward featurization using deep learning/embed-
ding techniques, which could lead to a more universal comparison of
sequence similarity. The development of data standards for AIRR data
isalso ongoing; scverse® is working toward a unified dataformatinthe
single-cell spacein collaboration with various stakeholders. Address-
ing these limitations will be key to future advancements in single-cell
immune repertoire analysis.

Although there is considerable interest in spatial profiling of
TCR/BCR, this field is very new. Parenthetically, downstream analysis
optionsare limited. Acommon approach to spatial TCR-seqis by using
MiXCR™ to perform TCR reconstruction from the spatial sequenc-
ing data generated from full-length cDNA libraries. Engblom et al.’®
developed two protocols for spatial TCR/BCR-seq (Spatial VDJ) to
capture paired-chain BCR and TCR sequences, as an extension of the
10x Genomics Visium spatial transcriptomics platform. The long-read
version is compatible for capturing full-length BCR and TCR sequences,
while the short-read version is only for TCR®. For the long-read Spa-
tial VDJ data, relevant reads were prepared into fastq files and MiXCR
was used for gene annotation. Short-read Spatial VDJ data were pro-
cessed using pRESTO? before analyzing with MiXCR. Spatial barcodes
were appended to the MiXCR outputs using custom R scripts, and

downstream clonotyping analysis was primarily achieved by leverag-
ing the Immcantation' workflow. Similarly, the recently described
SPTCR-seq” method includes abespoke probe-based library prepara-
tion protocol that leverages the fact that several commercially avail-
able spatial transcriptomics technologies generate full-length cDNA
libraries at some pointin their respective protocols, allowing them to
sensitively and specifically capture and reconstruct full-length TCR
sequences using long-read sequencing. SPTCR-seqalsoincludesacom-
putational pipeline to extract the TCR-seq data, which includes anno-
tation with IgBLAST against IMGT references and their SPATAimmune
R package to import and visualize the SPTCR-seq data. Overall, while
we note that capturing spatial TCR/BCR information can potentially
provide additional resolution of spatially relevantimmunological part-
ners and immune response, there is a general lack of dedicated com-
putational frameworks or tool kits that can carry out quality-control
checks or performintegrated analysis of spatial information, RNA and
TCR/BCR data. It also remainsto be determined whether the appropri-
ate data structures are available or suitable for analyzing these new
datamodalities.

Emerging technologies in capturing antigen specificity
Concurrently, alternative technologies that can capture TCR/BCR
specificity have emerged, for example, 10x Genomics BEAM-T and
BEAM-Ab, dCode Dextramers, and so on. For the10x BEAM-Ab technol-
ogy, barcode-labeled antigens are incubated with B cells. In contrast,
the BEAM-T assay is designed to take off-the-shelf antigenic peptides,
load them onto MHC monomers that contain a nucleotide label,
followed by incubation with T cells. The output of both BEAM assays is
the pairing of the relative signal of the labeled antigen and its respective
scTCR/BCR-seq data. In a related approach, LIBRA-seq (linking B cell
receptor to antigen specificity through sequencing) technology uses
DNA-barcoded biotinylated antigens and incorporates them into the
10x Genomics single-cell workflow, allowing the tagging of B cells that
are bound to specific antigens'®’. This helped screen for virus-specific
(HIVandinfluenza) B cells and predict reactivity to antigens for other
BCRs at the single-cell level'°°. In contrast, dCode Dextramers use
long chains of sugars with peptide-MHC complexes. Similarly to the
BEAM-T assay, these dextramers are labeled with nucleotide tags to
allow for deciphering epitope specificity downstream during sequenc-
ing. In addition, the fluorescently tagged dextramers can be used for
fluorescence-activated cell sorting of antigen-specific populations
before sequencing. While there are several other experimental tech-
niques that have recently emerged aimed at quantifying single-cell
TCRassociations and binding with peptide-MHC complexes or BCRto
their cognate antigen, the scope of this Review prevents an exhaustive
discussion ofthem. Nevertheless, we look forward to the future uptake
and development of accompanying computational methods that will
beinvaluable for advancing our understanding of adaptive immunity
atthe single-celllevel.

As the scTCR/BCR-seq data analysis domain gradually improves
through the emergence of more comprehensive technologies and
increasing collaboration between various software communities, it will
undoubtedly expand our ability to understand systems immunology
processes atasingle-celllevel. We also hope that similar advancements
will take place for spatial TCR/BCR-seq, which will help understand the
adaptive immune response in tissues. The knowledge gain will help
pave the way toward innovative and personalized immunotherapy
and vaccine options for various immunologically relevant diseases.
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