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Pre-processing of single-cell RNA sequencing data

Acquisition of raw gene expression matrix

The first step in pre-processing consists of the conversion of raw sequencing output data to a
more human interpretable and downstream usable gene expression matrix. The acquisition of raw
gene expression matrix includes read assignment to individual samples and cells based on cellular
barcodes (demultiplexing), genome and/or transcriptome alignment, and read quantification. For
data generated through the 10X Genomics Chromium platform, the company provides a native tool
called Cell Ranger [1]. For data acquired through other methods, software tools such as kallisto
bustools [2, 3], Alevin-fry [4] and STARsolo [5] as well as Cell Ranger can be applied. Although these
non-commercial tools boast higher speed and lower computational resource usage than Cell Ranger
[6], they are restricted to mRNA processing and are thus unable to process V(D)J amplification data.
V(D)J amplification data processing requires some additional steps, including de novo assembly of
reads to full length transcripts (contigs).

Quality control

Even after assigning all reads to a cellular barcode, not every barcode will correspond to living cells
of sufficient quality for downstream analysis. Additionally, a small but non-negligible proportion of
the data will consist of distinct multiple cells which have been captured and measured as one single
cell. These multiplets do not accurately depict the biological states of the underlying separate cells,
potentially confounding downstream analyses. Thus, quality control, involving the removal of low
quality cells and multiplets, is typically performed directly after acquisition of the raw gene expres-
sion matrix. Here, four commonly used metrics can be taken into account per barcode, namely: the
number of UMI’s (counts), the number of detected genes (features), the fraction of reads that map
to mitochondrial genes and the fraction of reads that map to ribosomal genes. The distributions of
these metrics can be used to filter out outliers based on certain thresholds.

Multiplets can be filtered out by roughly setting a threshold at double the number of the de-
tected genes distribution peak, with the major caveat this might exclude potentially relevant non-
multiplet cells. Another alternative for filtering out multiplets is using a number of computational
tools specifically developed for multiplet identification (extensively benchmarked in [7]).
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Normalization

When comparing the gene expression of distinct cells, the number of reads for a specific gene is used
as a proxy measure for expression. However, this metric is affected by technical variation, like a
difference in sequencing depth between samples or expressed genes that are left undetected in part
of the samples. Thus, to adequately compare gene expression levels across cells, they first need to
be normalized to relative gene expression levels. The most popular method for normalization is
Log Normalization, however, it has been reported that the more recently developed SCTransform
method shows improved downstream analysis performance [8].

Integration of samples and control

Even after normalization, some unwanted variability might still exist including both technical and
biological factors. Technical variability such as batch- or sample-specific sequencing effects can often
be observed directly after dimensionality reduction, as this variability results in clear distinction
between batches or samples. If such variability is present, they can be directly regressed out in any of
the chosen analysis tools, or specific batch correction algorithms can be applied. Currently, Harmony
is the method of choice for batch correction as it is fast, accurate and computationally efficient [9].
Correcting for biological factors such as cell cycle variability, however, is not always warranted as it
can mask relevant biological information. It is advised to be careful when implementing correction
of technical variability, as over-correction can occur. An important example of over-correction
leading to erroneous conclusions is the recent supposed finding that plasmablasts transdifferentiate
into developing neutrophils during severe COVID-19 disease [10]. Here, the authors regress out
several potential sources of technical variability, including mitochondrial genes, ribosomal genes,
the number of detected genes and the number of UMI’s after applying SCTransform normalization.
Regressing out the number of UMI’s is, however, not recommended by the authors of SCTransform,
and may lead to overfitting [8]. Indeed, in a reanalysis and critique piece of the Wilk et al. paper,
the original conclusion did not hold [11].

Dimensionality reduction

Single-cell RNA sequencing data is very high dimensional. Moreover, the data is prone to noise
due to a relatively low capture efficiency and sequencing depth. Dimensionality reduction aims to
reduce this high-dimensional space to a low-dimensional space, and subsequently reduce noise in the
data while retaining essential information. Generally, this process involves a principal component
analysis (PCA) (which can also be used to validate quality control performance). Next, a PCA is
often integrated with subsequent non-linear dimensionality reduction methods that enable easily
interpretable visualizations of single-cell RNA sequencing data. The two most popular non-linear
dimensionality reduction techniques are the t-distributed Stochastic Neighbor Embedding (t-SNE)
[12] and the Uniform Manifold Approximation and Projection (UMAP) [13] algorithms. t-SNE was
often used for dimensionality reduction and visualization in earlier scRNAseq literature, however,
in comparison to UMAP it does not sufficiently preserve global structure [14]. Thus, UMAP has
gained popularity and is now the more widely used algorithm for single-cell visualization.

Methods for analyzing the T-cell repertoire

Diversity analysis

Quantifying the clonotypic diversity is essential for understanding repertoire dynamics over time
and across individuals (fig. 2A). Repertoire diversity is a major determinant for effective control of
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infectious pathogens and for the prevention of cancer development [15, 16, 17]. Moreover, adaptive
immune receptor repertoire (AIRR) diversity has been observed to decrease with age [18, 19, 20, 21]
or during regimes of immune suppression [22].

A popular way of expressing the diversity of a lymphocyte population is through the use of Hill
numbers (qD), a mathematical framework derived from the field of ecology [23]. This generalized
framework can express the diversity of a population at different levels, according to the exponent q
used. Hill numbers of order q can be expressed using the general description

qD =

(
N∑
i=1

pqi

)1/(1−q)

, (1)

where pi is the frequency of clone i in the repertoire and N equals the total number of unique clones,
also known as species richness at the Hill number of order q = 0. However, species richness does
not take into account the abundance of individual clonotypes, and is therefore not considered a true
metric for estimating the diversity present within a population. The most popular diversity metric
used in AIRR diversity analysis, Shannon entropy, is the logarithm of 1D. In contrast to species
richness, Shannon entropy assigns more weight to highly abundant clones. Other measurements of
diversity, derived from equation 1, include the Simpson index [24] and the Berger-Parker index [25].
Each of these measures differ in the extent to which they assign weight to the frequency of clones.
These metrics thus complement each other as they describe different aspects of the underlying
species-frequency distribution [26]. Nevertheless, these common repertoire diversity metrics are
heavily subjected to sampling bias. Thus, caution is warranted when using these metrics to compare
across individuals as this may lead to bias due to limitations of these metrics. However, models
exist that take into account the sampling error and attempt to correct this [27, 28].

Clonal overlap

Calculating the overlap between repertoires provides information about the similarity between any
two repertoires (fig. 2B). Generally, overlap between two repertoires is quantified by the Jaccard
index:

J(A,B) =
|A ∩B|
|A ∪B|

(2)

This metric describes the proportion of overlapping clonotypes across two repertoires. A popular
alternative to the Jaccard index is the Morisita index. Different from the Jaccard index, the Morisita
index takes into account the diversity of two compared samples. Formally, Morisita overlap is
expressed as:

CD =
2
∑S

i=1 xiyi
(Dx +Dy)XY

(3)

where xi and yi represent the number of times species i is derived from the total X and Y respec-
tively. The Dx and Dy parameters represent the Simpson’s diversity indices for samples x and y.

Based on the computed distances between repertoires, hierarchical clustering can be applied to
identify groups of subjects that share significant repertoire overlap. Such clustering analysis may
reveal distinct immune responses among groups of individuals that share the same pathology.
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V(D)J Gene usage

Several pathologies have been associated with strong biases in the use of specific V and J genes, both
for BCRs and TCRs [29, 30, 31, 32]. Moreover, the Human Leukocyte Antigen (HLA) repertoire
seems to shape the TCR V and J gene usage, with specific Major Histocompatibility Complex
(MHC) molecules dictating the binding restriction of T cells [33]. Bar charts are a common way
to compare V(D)J gene usage between repertoires, and statistical testing can be applied using
ANOVA to test for significant differences in germline gene usage between groups. Alternatively,
one can visualize gene usage using more elaborate graphical methods like Sankey diagrams, chord
diagrams or heatmaps (fig. 2C). These visualizations potentially reveal strong patterns of co-
occurrence between V, D and J gene segments that may not have been observed with a simple bar
chart. Such biases may refer to the existence of rare cell subsets associated to disease.

Clonotype tracking

Clonotype tracking is a common procedure where the frequency of a fixed set of clonotypes are
analysed across samples or timepoints (fig. 2D). This is particularly useful in immunotherapy
studies, where it is often interesting to track the behaviour of a confined set of clonotypes reacting
to the administered treatment [34, 35]. For example, by tracking the frequencies of 25 adoptively
transferred tumor-specific cytotoxic T lymphocytes (CTLs), Chapuis et al. observed that these
CTLs exhibit proliferative advantages, indicating effective long-term tumor control [36]. In general,
clonotype tracking can be applied to assess the effect of any type of therapy or intervention on the
frequency of a set of T-cell clones of interest.

CDR3 spectratyping

CDR3 spectratyping is a long-standing technique that measures the distribution of CDR3 lengths
(fig. 2F). Originally, this technique was used to assess aberrant CDR3 length distributions that
could indicate clonal expansions [37]. With the advent of V(D)J sequencing, the use of CDR3
spectratyping as an experimental approach has steeply decreased, because the same information
can be directly extracted from AIRR-seq data. Still, CDR3 length information is used to elucidate
potential biases related to certain pathologies [38] or the use of certain V/J gene fragments [39].
Combined with gene expression information, CDR3 spectratyping may also reveal CDR3 length
distribution bias in certain cell subsets, which may lead to the identification of rare cell types [40].

K-mer extraction and motif logos

T cells targeting the same epitope often share conserved sequence features within their TCR [41, 42].
Comparing TCR sequences using metrics like Hamming or Levenshtein distance can thus reveal
global similarity between TCRs targeting the same epitope [43]. Alternatively, CDR3 sequences
can be decomposed into smaller k-mers in order to reveal patterns of local similarity. For example,
Amoriello et al. (2020) [44] performed 3-mer extraction on all CDR3 sequences of multiple scle-
rosis patients that received either autologous hematopoietic stem cell transplantation (AHSCT) or
natalizumab (NTZ) treatment. The authors found higher CDR3 subsequence similarity in patients
receiving AHSCT compared to NTZ across timepoints. Furthermore, k-mer encoding is often used
to prepare AIRR-seq data for various machine learning tasks [45, 46, 47]. Additionally, constructing
sequence logos (fig. 2E) from a group of T cells of interest may reveal certain amino acid positions
with low redundancy, potentially representing motifs that contribute to the recognition of the same
epitope.
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Enrichment analysis

Public clones are T-cell clonotypes that are shared among two or more subjects, in contrast to
private clones. Statistical enrichment tests can be used to assess whether certain public clones are
more enriched in one group of samples with a certain condition versus another group. For exam-
ple, Emerson et al. applied Fisher’s exact test on all public clones in a cohort of 666 individuals
with latent cytomegalovirus (CMV) infection or not, in order to identify TCR sequences that are
statistically enriched in CMV+ individuals [48]. Based on the identified sequences, they built a
statistical classifier that managed to discriminate between CMV+ and CMV- subjects with great
accuracy (AUC=0.94 on an independent cohort).

As an alternative to identifying clonotypes enriched in one group versus another, methods have
been developed to identify enriched TCR sequences from individual repertoires [49]. During V(D)J
recombination, some clonotypes are preferably generated over others, resulting in a biased frequency
distribution of common clones and with a long tail of rare clones. Hence, these methods apply a
background distribution of clonotype frequencies against which the studied repertoires are sur-
veyed. TCR neighborhood enrichment test (TCRNET) combines ’healthy’ repertoires as a baseline
to account for common clonal expansions resulting from frequent immunogenic challenges (such as
common viral infections) or clones that have a high probability of being generated through the
process of V(D)J recombination [50]. Another approach, ALICE, uses the probabilistic model of
V(D)J recombination of Murugan et al. (2012) [51] as the background distribution against which
single repertoires can be compared [52].

TCR-epitope specificity

A particular problem with TCR-seq data is the extreme diversity observed within and across sam-
ples. Even though TCRs exhibit extreme heterogeneity, there is a certain degree of redundancy
marked by groups of lymphocytes sharing identical antigenic targets. Because T cells targeting the
same epitopes share common features, we can build epitope-specific models for predicting whether
an uncharacterized TCR will bind a given epitope (fig. 2G) [41, 43]. For example, De Neuter et al.
used a numerical encoding of TCR sequences, based on physicochemical and positional features of
the TCRβ chain, to build highly accurate epitope-specific models using a random forest classifier
algorithm [53]. Based on this approach, Gielis et al. built the TCRex webtool, which hosts pre-
diction models for 96 different epitopes, against which the user can screen TCRβ sequences [54].
Another approach, SETE, uses a k-mer based encoding of the CDR3β sequence and applies an
ensemble learning algorithm to build epitope-specific prediction models [55]. Springer et al. used a
neural network-based approach to tackle the TCR-epitope prediction problem [56]. Lastly, Jokinen
et al. leverage a Gaussian process classifier for predicting binding between TCR sequences and a
specific epitope [57]. Overall, these models have comparable performances and no model clearly
outperforms all others [56]. However, some models achieve higher predictive performance for certain
epitopes, as each method uses different features of the TCR sequence.
Although these prediction tools achieve high classification accuracy, they are restricted to known
epitopes. Predicting binding between any possible pair of TCR and epitope is a challenge that
remains largely unsolved. Recently, some attempts, Interaction Map Recognition (ImRex) and Tcr
epITope bimodal Attention Networks (TITAN), have been made to solve this problem using deep
learning-based approaches [58, 59].

As an alternative to direct (supervised) prediction of binding between TCR and epitope, indi-
rect (unsupervised) approaches can be used to survey the epitope-specificity of TCR repertoires.
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These approaches do not focus on directly predicting the epitope-specificity of a TCR sequence.
Rather, they are used to group together or cluster sequences that are highly similar. Therefore,
they can be used to account for the inherent redundancy that is present in TCR repertoires, due
to the fact that different receptors are able to target identical epitopes. This approach does not
require prior knowledge about the epitope-specificity of TCRs. Because similar TCRs often target
the same epitope, many methods use sequence similarity (local or global) as a proxy for shared
epitope specificity. For example, Dash et al. (2017) [41] developed a TCR-specific distance metric,
termed TCRDist, derived from conserved sequence features based on which sequences with shared
epitope specificity could be clustered. Another method for TCR clustering, iSMART, applies pair-
wise alignment to determine the similarity between sequences in the data set. Using this method,
Zhang et al. identified groups of sequences presumed to target a set of cancer neo-epitopes [60].
GLIPH2 is another popular method for grouping TCRs targeting the same epitopes [61]. The latter
involves the identification of global and local enriched motifs used to assign TCRs to a particular
group. ClusTCR is a highly scalable alternative to other clustering methods [62]. This method
applies a two-step clustering procedure to divide the large clustering problem into many smaller
clustering problems, enabling clustering of millions of TCR sequences.

Network analysis

TCR data can be organized into network formats based on similarity in amino acid sequences (fig.
2H) and investigated using popular software tools for graph analysis such as igraph [63] or networkx
[64]. This representation allows interrogation of the repertoire architecture, thereby providing an
alternative means for assessing the diversity within an AIRR sample. Previously, network-based
approaches have been successfully used to discriminate diverse TCR profiles of healthy from dis-
eased (e.g. cancer or HIV) individuals [65, 66]. Recently, Miho et al. (2019) [67] showed that the
structure of antibody networks remains robust upon the removal of 50-90% of random clones. This
result emphasizes the effectiveness of network representations in accounting for the inherent under-
sampling bias in AIRR-seq experiments [27]. Similarly, Madi et al. showed that the TCR repertoire
network architecture is strongly determined by conserved, public CDR3 sequences around which
other sequences are clustered [68].

Not only can networks be used to visualize the architecture of an immune repertoire, quantita-
tive network analysis can be used to directly compare samples. For example, Priel and colleagues
used two graph theory metrics, betweenness centrality and molecular topology index, to discrim-
inate control from transgenic mice samples with a success rate of 80% [65]. Most importantly,
networks offer a comprehensive visual representation of the overall repertoire structure. For exam-
ple, repertoires with low sequence diversity are represented by large, densely interconnected network
structures that make up the greatest part of the network. Diverse repertoires, on the other hand,
show very limited or small cluster formation [69].

Tools for reconstructing TCRs from single-cell transcriptomic data

BASIC

BASIC (BCR assembly from single cells) was one of the first methods for extracting BCR sequences
form scRNA-seq profiles [70]. However, since the release of version 1.3.1, BASIC is also able to as-
semble TCR sequences from scRNAseq data. The algorithm performs a semi-de novo assembly
process that involves two stages. During the first stage, a pre-compiled database of IMGT-derived
variable and constant gene regions are indexed using the Bowtie2 algorithm. This procedure is per-
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formed individually for IGHV (variable heavy chain), IGHC (constant heavy chain), IGLV (variable
light chain) and IGLC (constant heavy chain), generating four anchor sequences that will guide de
novo assembly. During the assembly phase anchors are first extended in the 3’ direction, following
a minimum entropy approach, until there are no more overlapping reads or a repeat is found. In
the same way, the anchor is extended in the 5’ direction. Finally, the program reports one assembly
if both sequences showed an identical match. Otherwise, two assemblies are reported.

MiXCR

MiXCR is one of the most popular alignment algorithms for V(D)J-enriched sequencing data [71].
The tool uses a custom, built-in reference library of germline V, D and J gene segments against
which reads are aligned. Homologous reads are grouped and assembled into clonotypes, using
a heuristic multilayer clustering approach. This procedure is used to correct for potential PCR
errors. Next, MiXCR performs an additional alignment round in which reads of low quality are
mapped to previously assembled, high quality clonotypes. A more recent version of the algorithm
now also allows assembly of BCR and TCR sequences from (sc)RNA-seq profiles [72]. In addition
to the standard MiXCR pipeline, the updated algorithm first assembles reads into contigs after
selecting candidates that mapped to the reference germline sequences. Next, it performs CDR3
extension (in case of TCRs) to reconstruct the edges of the CDR3 sequence. After that, clonotypes
are assembled using the MiXCR assembler.

scTCRseq

scTCRseq [73] is a pipeline that can be used to recover paired α-β chains from single-cell RNA
sequencing data. To identify full-length TCR sequences, the software uses a 3-step strategy. Firstly,
the program uses a fastq file as an input to perform alignment to reference V and C regions, using the
BLAST algorithm. Secondly, V and C contigs are formed by performing consensus-driven multiple
alignment to a set of candidate genes. The V consensus region is concatenated to its corresponding
C region counterpart, leaving a gap in between. This creates a gapped scaffold on which gap-filling
will be performed to resolve the full-length TCR sequence. Finally, the gap-filling is carried out
using the GapFiller library [74]. The authors illustrate successful assembly of the majority of full-
length V(D)J sequences from mouse T cells and human Jurkat cell lines. At the time of writing
this manuscript, the scTCRseq is not actively being maintained. The source code to the scTCRseq
pipeline can be found at https://github.com/ElementoLab/scTCRseq.

TraCeR

Similar to scTCRseq, TraCeR [75] was developed as a method for assembling full-length, paired
chain TCR sequences from scRNA-seq data, but with the additional functionality of integrating
gene expression profiles with clonotype information. To reconstruct TCR sequences from RNA-seq
reads, TraCeR first generates a ”combinatorial recombinome”, which contains all possible combi-
nations of V and J genes. To account for junctional diversity in the combinatorial recombinome,
ambiguous ’N’ nucleotide sequence characters are added in between the V and J gene junctions.
C region cDNA sequences are also appended to the 3’ ends of the combined sequences from the
recombinome. For the alignment of RNA-seq reads against the recombinome, TraCeR applies the
Bowtie 2 aligner [76]. Aligned reads are then used as input for the Trinity RNA-seq assembler [77]
to generate contigs for each individual chain. The assembled contigs are mapped back to IMGT
V, D and J gene sequences using the IgBLAST program [78]. Finally, it is determined whether the
identified TCR chains are productive. TraCeR uses the following criteria to assess productivity:
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(1) sequences are checked wether they are in-frame, (2) lack stop codons, and (3) whether the hy-
pervariable CDR3 region start with a cysteine (C) residue and ends with the conserved FGXG motif.

For the integration of GEX and V(D)J profiles, it applies a dimensionality reduction approach, in-
dependent component analysis (ICA), to visualize clonotypes in the gene expression space. TraCeR
was succefully applied by Zheng et al. (2017) to identify full-length αβ pairs in 94% (3792/4032)
of T cells in blood and liver tissue of healthy individuals and hepatocellular carcinoma (HCC)
patients[6]. Through TCR reconstruction, the authors observed clonal expansion within the tumor
environment of HCC patients versus healthy controls.

TRAPeS

TCR Reconstruction Algorithm for Paired-End Single cell (TRAPeS 1) [79] is a tool for reconstruct-
ing TCR clonotypes from short-read single cell RNA-seq profiles. Consequently, the tool is highly
similar to scTCRseq, TraCeR, TRUST4 (see later) and VDJPuzzle (see later), all of which aim to
solve the same challenge. However, TRAPeS was specifically developed to reconstruct full-length
TCRs from paired-end sequencing libraries of single cells. Moreover, this approach allows assembly
of TCR sequences from sequences with very short read lengths (25 bp). Reconstruction of TCR se-
quences using TRAPeS is performed on the alpha and beta chain separately. The first step involves
mapping of the RNA-seq reads to the genome. Unlike other methods, TRAPeS does not reduce the
input reads into k-mers. Instead, it works with the original reads. The algorithm attempts to find
mate pairs, whereby one mate maps to a V gene segment and the other to a J gene segment. The
identified V-J pairs are then used as input for the reconstruction of the CDR3 sequence. Next, the
program looks for putative reads originating from the CDR3 region that have a mate that maps to
a V, J or C segment. Subsequently, an iterative dynamic programming solution is used to resolve
the CDR3 region. During the last step, TRAPeS ranks similar TCR sequences originating from the
same mate pair according to their relative abundance (as determined using RSEM [80]). Finally,
TCR productivity is determined by checking whether V and J segments are in-frame and the CDR3
region does not contain a stop codon.

The authors evaluated the accuracy of TRAPeS and other methods (scTCRseq, TraCeR, and VD-
JPuzzle) by comparing against TCR sequences obtained through direct long-read sequencing. This
revealed markedly better recovery of TCR sequences from short reads by TRAPeS as compared
to Trinity-based methods such as TraCeR and VDJPuzzle. However, recent improvements of the
Trinity software now allow TCR sequence recovery from short reads (<50 bp).

TRUST4

Tcr Receptor Utilities for Solid Tissue (TRUST ) is a tool for de novo reconstruction of BCR and
TCR repertoires from RNA-seq data [81, 82]. Other algorithms exist that aim to solve this reper-
toire reconstruction problem: MiXCR, V’DJer, CATT and ImRep. They focus on the assembly
of the hypervariable CDR3 region. However, recent evidence shows that the lesser variable CDR1
and CDR2 regions also contribute to antigen recognition in some cases [83, 84, 85]. Unlike other
methods, TRUST attempts to assemble full-length adaptive immune receptors, thereby including in-
formation about CDR1 and CDR2 regions along with the CDR3 sequence. The successor, TRUST4,
contains improved features including fast extraction of candidate BCR/TCR reads from both BAM
and FASTQ files, quicker candidate read assembly, representing highly similar reads in the contig

1https://github.com/YosefLab/TRAPeS
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consensus. Similar to its predecessor, TRUST4 can assemble full-length V(D)J sequences for TCRs
(both αβ and γδ) but also for BCRs.

VDJPuzzle

VDJPuzzle [86, 87] uses a two-step approach to resolve full length paired α and β TCR or light and
heavy chain BCR sequences from scRNA-seq data. First, the program filters reads by mapping them
to a set of reference genes from IMGT using the MiGMAP (https://github.com/mikessh/migmap)
software. Next, reads that mapped to the reference are assembled using Trinity [77]. The assemblies
are subsequently used as a new reference to realign all reads. This way, VDJPuzzle can retrieve
reads that initially did not match the reference. Again, this step is followed by another round of
Trinity-based assembly.

Tools for analyzing AIRR data

Immcantation

The Immcantation2 toolsuite compromises a range of different Python and R packages, leveraging
an ecosystem for AIRR-seq data pre-processing (e.g. mapping raw sequencing reads) up to ad-
vanced post-analysis (e.g. clustering of clonotypes). The toolsuite integrates the following packages
pRESTO [88], Change-O [89], Alakazam, SHazaM, TIgER [90], SCOPer [91], prestoR , RDI [92], RAbHIT
[93], IgPhyML [94] and sumrep [95]. Immcantation offers a very broad range of features, allowing
start-to-end analysis of AIRR-seq data, through a range of command line tools. Moreover, Imm-
cantation offers direct support for Cell Ranger output. Specific features of the tools integrated in
Immcantation include pre-processing and quality control, clonotype clustering, assessment of clonal
lineages, calculating of repertoire diversity, V(D)J gene usage, analysis of physicochemical proper-
ties or evaluation of dissimilarity between repertoires.

Files used during analysis with Immcantation follow the standardized AIRR-C data format [96].
Although the toolsuite offers a very broad range of functionalities that are applicable to single cell
V(D)J sequencing data, it is not tailored towards the analysis of paired chain immune receptors or
transcriptomic profiles.

immunarch

immunarch3 [97] is an R package that provides an extensive suite of tools for the analysis of BCR and
TCR sequencing data. The package supports the majority of common AIRR input formats, includ-
ing the output of the Cell Ranger software, MiXCR, ImmunoSEQ and ArcherDX. Analyses provided
by immunarch include clonotype abundance, repertoire overlap, gene usage estimation, repertoire
diversity, clonotype tracking and CDR3 spectratyping. Additionally, the package contains tools for
calculating k-mer distributions and statistics related to these distributions. This approach could
be used for identifying enriched sequence motifs in cell subtypes or disease-associated repertoires.
Sequence motifs can also be constructed to provide more insight into the amino acid preference of
a group of clones. Moreover, immunarch also provides functions for annotating clonotypes using
meta-data available in various immune receptor databases including VDJdb [98], McPAS-TCR [99]
and TBAdb (PIRD) [100]. For example, these database annotations can be used to assign antigen-
specificity or disease tags to clonotypes. Note, however, that these databases are not integrated

2https://immcantation.readthedocs.io/en/stable/
3https://immunarch.com/index.html
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into the package and therefore should be downloaded separately. Finally, immunarch integrates a
Shiny-based tool, FixVis, that can be used to conveniently produce and format figures. Although
the package does not provide single-cell-specific analyses, immunarch can be used alongside the
conventional tools offering more advanced single cell analyses.

VDJtools

VDJtools is a comprehensive software package that provides a wide range of functions for analyz-
ing AIRR-seq data [101]. The package combines various routines for calculating basic statistics
for single repertoires such as clonal abundance, CDR3 length distributions, germline gene usage or
clonotype dynamics. Using VDJtools, repertoire diversity can be analyzed by means of visualization
of normalized clonotype counts, rarefaction plots and different diversity statistics. The latter include
species richness, diversity indices (Shannon-Wiener, inverse Simpson) and diversity estimators like
the Chao [102, 103] or Efron-Thisted estimate [104] for the number of unseen species. Additionally,
tools are provided for comparing repertoires. This involves the calculation of repertoire overlap or
hierarchical clustering of repertoires based on clonotype frequencies. Moreover, VDJtools provides
an implementation for a TCR neighborhood enrichment test (TCRNET) as described in [50] and
[49]. The latter can be used to annotate important clones that are enriched in a single repertoire
compared to a background distribution. Finally, VDJtools output can be interactively visualized
using the clonotype browser, which is an implementation of the VDJviz browser.

VDJtools has been applied by Britanova et al. to study the dynamics of T cell repertoires across
different age groups [105]. Another study used VDJtools to evaluate the overlap between matched
blood and tumor samples, and between regulatory and conventional T cells [106].
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