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Abstract

Background: Next-generation sequencing (NGS) is nowadays the most used high-
throughput technology for DNA sequencing. Among others NGS enables the in-depth
analysis of immune repertoires. Research in the field of T cell receptor (TCR) and immu-
noglobulin (IG) repertoires aids in understanding immunological diseases. A main
objective is the analysis of the V(D)J recombination defining the structure and speci-
ficity of the immune repertoire. Accurate processing, evaluation and visualization of

article immune repertoire NGS data is important for better understanding immune responses
and immunological behavior.

Results: ImmunoDataAnalyzer (IMDA) is a pipeline we have developed for automa-
tizing the analysis of immunological NGS data. IMDA unites the functionality from
carefully selected immune repertoire analysis software tools and covers the whole
spectrum from initial quality control up to the comparison of multiple immune reper-
toires. It provides methods for automated pre-processing of barcoded and UMI tagged
immune repertoire NGS data, facilitates the assembly of clonotypes and calculates key
figures for describing the immune repertoire. These include commonly used clonal-

ity and diversity measures, as well as indicators for V(D)J gene segment usage and
between sample similarity. IMDA reports all relevant information in a compact sum-
mary containing visualizations, calculations, and sample details, all of which serve for a
more detailed overview. IMDA further generates an output file including key figures for
all samples, designed to serve as input for machine learning frameworks to find models
for differentiating between specific traits of samples.

Conclusions: IMDA constructs TCR and IG repertoire data from raw NGS reads and
facilitates descriptive data analysis and comparison of immune repertoires. The IMDA
workflow focus on quality control and ease of use for non-computer scientists. The
provided output directly facilitates the interpretation of input data and includes infor-
mation about clonality, diversity, clonotype overlap as well as similarity, and V(D)J gene
segment usage. IMDA further supports the detection of sample swaps and cross-sam-
ple contamination that potentially occurred during sample preparation. In summary,
IMDA reduces the effort usually required for immune repertoire data analysis by provid-
ing an automated workflow for processing raw NGS data into immune repertoires and
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subsequent analysis. The implementation is open-source and available on https://bioin
formatics.fh-hagenberg.at/immunoanalyzer/.
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Background

Lymphocytes play an essential role in the human immune system. Amongst other
aspects, lymphocytes protect us from potentially pathogenic microorganisms and can-
cer cells. An essential aspect of the major lymphocyte types, T and B cells, is the ability
of random rearrangements of the variable (V), diversity (D), and joining (J) gene seg-
ments of the lymphocyte receptor. [1, 2] This V(D)] recombination is important for the
unique antigen receptors such as T cell receptors (TCR) and immunoglobulins (IG).
These unique receptors and especially the third complementary-determining region
(CDR3) are necessary to recognize and bind different peptides. These peptides are com-
monly presented by major histocompatibility complexes (MHC) and belong to poten-
tially pathogenic microorganisms or endogenous molecules. [3] V(D)] rearrangement in
early T and B cell development contributes to the diversity of the immune system. [4]

Modern sequencing methods allow determining the V(D)] gene segment nucleo-
tide sequences. Next-generation sequencing (NGS) is the current state of the art high-
throughput technology for DNA sequencing. The advantages of this methodology,
including lower costs and effort, supersede the automated Sanger method [5] in clinical
and scientific research. Owing to the increased speed of DNA and RNA sequencing and
continuous improvement of read length, usage of such high-throughput systems results
in large amounts of data. [6]

Sequencing of the TCR and IG repertoire for deciphering the V(D)J] gene segments
and CDR3 region allows for the quantitative description of the immune repertoire and
its clonal composition. Therefore, several different immune repertoire measures are
used in the community as the analysis of clonality and diversity of immune repertoires
are of fundamental interest [7]. In addition, these two measures can provide information
about the composition of the adaptive immune response. For example, differences in the
samples of healthy and diseased individuals can be identified.

Immune repertoire measures

First, clonotypes are defined as clonally related cells derived from a common progeni-
tor cell. Clonotype count and frequency measures are used for clonality calculations [8].
Within the V(D)] recombination, T cell clones have identical amino acid (AA) sequences
of the CDR3 region and identical V and ] gene segment pairings. B cells additionally
undergo somatic hypermutation (SHM) events. [9, 10] The CDR3 region is a unique
or highly similar nucleotide sequence for each T or B cell clone and contributes to the
specificity and structure of the TCR or IG. [9] Therefore, the CDR3 regions are of high
interest when studying IG and TCR repertoires. Clonality analysis includes quantifying
unique CDR3 regions, CDR3 AA length investigation, and examining identical V and ]
gene segments. Using these measures we can describe immune reactions and offer the
potential for monitoring healthy and diseased individuals and innovative treatments.
[11] Both CDR3 sequence and CDR3 sequence length may aid in determining the struc-
ture and specificity of the TCR or IG. TCR CDR3 sequence specificity, can be analyzed
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using VDJdb!, a TCR sequence database which contains over 42,211 different TCR
sequences [12]. Further, responses to an antigen can be described, among other factors,
by recognizing changes in the CDR3 lengths and the AA length distribution and over-
represented clonotypes. [13, 14]

Second, as an other immune repertoire measure, the diversity describes the hetero-
geneity of the TCR or IG repertoire. In general, diversity indices are calculated using
continuous measures of quantity [15], or more concise, the steadily increasing number
of distinct objects in a particular context (here: identical clonotypes). It is estimated that
there are about 10'2 different T and B cells in humans [7]. A diverse lymphocyte receptor
repertoire is essential in the defense against potentially pathogenic organisms and malig-
nant cells. [16]

Besides clonality and diversity, further crucial measures in immune repertoire analysis
are the investigation of the V(D)] gene segments and their pairings. For instance, V and J
gene segment pairing analysis can indicate over-represented clonotypes and aberrations
in the clonotype fractions. [17] For immune repertoire analysis, each of these measures
is of interest for individual samples, but also for comparison of multiple samples.

Multiple-sample analysis and comparison are essential in immunological research and
not yet fully automated starting from raw NGS data. A comparison of two or more sam-
ples with each other aids in answering scientific questions about quality and character-
istic immunological measures. These investigations are, for instance, significant in the
case of time-series, longitudinal samples with pre-, within- and post-treatment informa-
tion, and comparison of individuals or samples. Commonly used methods are pairwise
clonotype overlap analysis of samples for the identification of shared clonotypes and
quality control in the case of replicates [17, 18]. Unsupervised hierarchical clustering is
additionally used for analyzing the similarity among input samples based on aspects of
the TCR or IG repertoire, namely clonality, diversity, and V(D)] gene segments. Hierar-
chical clustering reveals an overview of similarities based on patient or sample charac-
teristics (e.g., treatments).

Furthermore, information about the TCR and IG repertoire analyses are relevant,
but the quality of the entire sequencing data should also be investigated. In general,
within each sequencing run, sequencing platform-specific adapters with sample indices
are attached to the (c)DNA, and these indices are recorded for each read as part of the
sequencing process. During de-multiplexing, reads are assigned to their respective sam-
ple based on these indices and are commonly written into separate files. Non-assignable
reads that cannot be assigned with sufficient accuracy to a specific sample are routinely
collected within a dedicated file for undetermined reads. [19, 20] Reasons for unsuc-
cessful assignments can be poor quality of indexing reads (indicated by a low average
Phred quality score [21, 22]), missing or erroneous adapter sequences. Investigation of
the undetermined reads reveals insight into their composition.

Over the last years, applications of machine learning (ML) have become increasingly
important in computational immunology. Applying ML methods promotes the discov-
ery of models that describe the provided dataset and possibly aid in identifying features

! available at https://vdjdb.cdr3.net/.


https://vdjdb.cdr3.net/

Vetter et al. BMC Bioinformatics (2022) 23:21 Page 4 of 24

(e.g., peculiarities in V(D)] pairings) that lead to a specific phenotype [23]. There are sev-
eral frameworks that are widely accepted and frequently used in this area of research,
such as scikit-learn [24], keras [25], HeuristicLab [26], and WEKA [27], e.g. Therefore,
the output of data (pre-) processing tools should adhere to the file structure required by
these ML frameworks.

In summary, scientists in the immunological field are often forced to invest much time
in acquiring basic information about immune repertoire NGS datasets. Therefore, tools
which automatically process these datasets and provide the results in a compact sum-
marized format are essential for scientists. When working with TCR or IG data, clonal-
ity and diversity are commonly analyzed. Additional interesting components are overlap
and similarity analyses to compare multiple samples. While supporting these features,
quality control within the whole data processing workflow has to remain traceable.

Implementation

ImmunoDataAnalyzer (IMDA) is an automated processing pipeline for immune rep-
ertoire NGS data implemented in Python 3.9. It supersedes manual step-by-step pro-
cessing by providing an automated processing workflow for raw sequencing data. In
addition, IMDA produces compact summaries and visualizations describing specific
measures and compositions of immune repertoires. Consequently, IMDA provides
methods for determining clonality, diversity, and measures for multiple-sample com-
parison (e.g., clonotype overlap analysis) and allows immediate first interpretations of
immune repertoire measures and the sequencing quality. A complete overview of IMDA
is shown in Fig. 1.

IMDA comprises four well established open-source software tools for NGS data pre-
processing, clonotype assembling, immune repertoire measure calculation, and read
mapping to reference sequences:

(1) MIGEC? for read assignment (de-multiplexing) by barcode and unique molecular
identifier (UMI) consensus assembling [28], (2) MiXCR? for gene mapping and identi-
fication and quantification of clonotypes [29], (3) and VDJtools* for format conversion
and calculation of additional diversity indices [30]. (4) Furthermore, Bowtie2® for map-
ping the undetermined, non-assignable reads on reference genes [31].

IMDA concerts the execution of these open-source tools. Initially, de-multiplexing,
UMI consensus assembly and clonotype construction are performed using MIGEC and
MiXCR. In IMDA, automated de-multiplexing and UMI clustering are performed by
using MIGEC. If this is achieved using other open-source tools, e.g., pRESTO® [32], the
IMDA workflow can be started at the MiXCR entry point. MIGEC (and pRESTO) are at
present designed for UMI tagged mRNA/cDNA. Thus, usage of MIGEC in IMDA is only
recommended for sequenced RNA or cDNA.

2 available at https://github.com/mikessh/migec.
3 available at https://github.com/milaboratory/mixcr.

4 available at https://github.com/mikessh/vdjtools.

° available at https://github.com/BenLangmead/bowtie2.

© available at https://bitbucket.org/kleinstein/presto/downloads/.
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Fig. 1 Schematic representation of the IMDA pipeline for automated processing of barcoded and unique
molecular identifier (UMI) tagged immune repertoire NGS data starting with input files (compressed or
non-compressed FASTQ files) and the barcode file (barcodes.txt). Optional files are represented in dashed
white boxes. This includes the usage of different library files for better comparability and more efficient
performance, e.g., the IMGT library used by MiXCR. Raw data pre-processing using open-source software
tools such as MIGEC and MiXCR runs parallel to pre-processing of the undetermined reads. However,
Undetermined Read Mapping and Analysis can only be performed if a Bowtie2 library file is provided. A FACS
Error Correction module is implemented for cell subset disambiguation within the sub-process named IMDA
Prep. If different cell types of one sample separated using FACS or magnetic sorting are sequenced, cell
sorting errors can be reduced. The Contamination Analysis module enables the identification of shared UMIs
within all samples as a measure of quality control in the case of cross-sample contamination. These two IMDA
Prep modules are optional (dashed lines) and not mandatory required for IMDA Core analyses. The module
IMDA Core provides methods for calculating clonality, diversity, clonotype overlap, sample similarity and V(D)J
gene segment analysis, and undetermined read investigations. All data describing the dataset is summarized
in a compact format, provides a general overview, enables first interpretations and quality control, and can
be used as input for subsequent ML. * MIGEC, MiXCR, Bowtie2 and VDJtools are called and used as third-party

After the initial pre-processing phase, results from clonotype construction are used as
input for the calculation, evaluation, and visualization of commonly used immune rep-
ertoire measures such as clonality, diversity, clonotype overlap, sample similarity, and
V(D)J gene segment usage. As part of the pre-processing, automated quality control
is performed, and a processing resume is generated. Optional modules for cell subset
disambiguation and contamination analysis can be included directly after the pre-pro-
cessing phase. In Fig. 1, these optional modules are surrounded by dashed lines. Using
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the cell subset disambiguation module (named FACS Error Correction) is intended for
removing shared clonotypes from pairs of samples using a frequency fold change cri-
terion. This method is designed for cell fraction cleanup. Thus, it can be used for cells
separated according to specific cell characteristics (e.g., cluster of differentiation (CD)
antigens—especially CD4* and CD8%) using FACS or magnetic sorting to avoid errors
in the sorting process. The Contamination Analysis based on UMI tagging and identical
V(D)]J hits reveals information about shared reads within multiple samples. This method
is intended to be used if cross-sample contamination is indicated. IMDA further holds
functionality for analyzing sequencing reads that could not be assigned to any sample;
these functionalities are implemented in the module Undetermined Read Analysis. All
relevant information is collected and exported in different format, namely presenta-
tion, spreadsheet, and tab-delimited files. The presentation file contains essential visu-
alizations generated within the IMDA pipeline for immediate interpretation and data
control. The spreadsheet file provides all relevant calculated numeric data. Finally, the
tab-delimited file contains sample specific information and can be consumed by com-
monly used machine learning applications.

Implementation details

IMDA includes five semi-independent processes. The pipeline can be invoked starting
from any of these sub-processes once the required input files are available. The execu-
tion of each process can be enabled independently of the others according to the users’
requirements. Within IMDA, for each analysis mentioned in Fig. 1, a Python implemen-
tation is provided.

The first sub-process performs read de-multiplexing by barcodes that are part of
the raw sequencing reads and consensus assembling based on UMIs using the open-
source tool MIGEC (see Fig. 1—MIGEC, colored in red). For this sub-process, FASTQ
files (in compressed or non-compressed format) and an additional text file containing
barcode information are required. This text file has to contain the barcode sequences
for each sample which can optionally include a UMI region (see Table 1 in “Input for-
mats” section). The second sub-process performs clonotype assembly using the open-
source tool MiXCR (see Fig. 1—MiXCR, colored in yellow). All commands necessary
for constructing clonotypes (nucleotide and AA sequences of CDR3 region and V(D)]
gene segments) are automatically executed. Within the third sub-process undetermined
reads are mapped to reference genes and genomes using Bowtie2 (Fig. 1—colored in
green). IMDA pre-processing methods implemented in the fourth sub-process named
IMDA Prep (Fig. 1—colored in dark blue) include the cell subset disambiguation mod-
ule named FACS Error Correction and the cross-sample contamination analysis method
based on UMIs. These methods are optional (surrounded by dashed lines). The last sub-
process named IMDA Core (Fig. 1—colored in light blue) performs the actual analysis
of the immune repertoires and includes methods for processing, calculating, evaluating,
and visualizing the results provided by MIGEC, MiXCR, and the methods of IMDA Prep
as well as the undetermined read mapping results for interpretation.

Clonality, diversity, and clonotype overlap analyses are evaluated based on CDR3 AA
sequence counts and frequency calculations. V(D)] gene segment and similarity analyses
use the V(D)J gene segment information. IMDA Core further includes the use of the
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open-source tool VDJtools for calculating multiple diversity indices (Fig. 1—VDjtools,
colored in violet). In the final step, all results are stored in summary files. These contain
all relevant information, including tool settings, read counts, alignment rates, calcula-
tions, and visualizations. All relevant results calculated and visualized using IMDA will
be described later in “Results and discussion” section.

IMDA makes use of Python Standard Libraries and, the SciPy [33] as well as the pan-
das [34] library for data handling. For visualization we use the seaborn [35], plotly [36]
and HoloViews [37] data visualization libraries. For summarizing and providing a com-
pact overview of all calculated and visualized information we use the libraries python-
pptx [38] and xlsxwriter [39] which is integrated in pandas. Both, python-pptx and
xlsxwriter provide methods for writing data into a presentation and a spreadsheet file,
respectively, which are compatible with Microsoft Office and LibreOffice.

Input formats

The main input file format for executing the first and second sub-process of IMDA,
namely MIGEC for de-multiplexing and MiXCR for clonotype identification and quan-
tification, are compressed or non-compressed FASTQ files. Additional mandatory input
is a tab-delimited file specifying the barcode and UMI sequence for each sample (see
Table 1), following the format instructions defined by the open-source tool MIGEC.
IMDA reuses this information specified in the barcode file, so no further sample, bar-
code and UMI description are necessary. By executing the MIGEC sub-process using
IMDA, suitable files for MiXCR in FASTQ file format are generated and automatically
processed.

Optionally, the international InMunoGeneTics information system® (IMGT®) library
can be used for alignment and clonotype assembly in MiXCR for better comparabil-
ity with results generated by IMGT/HighV-QUEST [40]. The library is available from
https://github.com/repseqio/library-imgt/releases. IMGT/HighV-QUEST is a web based
standalone alternative to MiXCR and provides the most complete database for immune
repertoire analysis. In IMDA, MiXCR is used because it is a command-line tool, its ease
of use, and it offers PCR and sequencing error correction.

If undetermined read analysis is required, the open-source tool Bowtie2 is needed,
which requires compressed or non-compressed FASTQ or FASTA files. Furthermore,
IMDA allows for the usage of individual Bowtie2 libraries for mapping the undeter-
mined reads. This file can easily be built from a FASTA file, including all sequences on
which the undetermined reads should be mapped using the bowtie2-build command
integrated in Bowtie2.

For using the optional cell subset disambiguation method named FACS Error Correc-
tion, a tab-delimited text file is required defining pairs of samples that shall be cleaned
(see Table 2).

Usage, pipeline options and method summary

Execution of IMDA is controlled in a single settings file. This file includes all paths and
the required methods can be activated or deactivated. As part of the general setup, the
paths to the four open-source tools have to be defined. Analysis specific information
comprises the paths to the input files (sample and/or undetermined) and the barcode
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Fig. 2 Schematic representation of the sequenced TCR B chain region including Illumina adapters, primers,
barcodes, UMIs, the V(D)J gene segments, and the CDR3 region. Here, both reads, forward and reverse,
include barcodes and UMIs

Table 1 Example for tab-delimited table structure serving IMDA as input adapted from the barcode.
txt file of the provided test data. The format is analog to the one used by MIGEC. This file should
contain for each sample: a sample ID defining the name of the sample and the barcode sequence
containing the barcode (here: CAGAT) and optional UMI (represented by “N”). Further, if available, an
additional barcode sequence can be defined. Mandatory inputs are the FASTQ files containing all
sequencing reads, forward (#1) and reverse (#2)

#Sample ID Master barcode sequence Additional FASTQ #1 FASTQ #2

(barcode and UMI) barcode
sequence

1_A_nS_r1 NNNNNNtCA- idx1_R1_001.fastgq.gz idx1_R2_001 fastq.gz
GATtINNNNNNTtcttgggg

1_A_nS_r2 NNNNNNtCA- idx2_R1_001fastq.gz idx2_R2_001 fastq.gz
GATtINNNNNNTtcttgggg

2 A nS_ri

2_A nS_r2

file. If a cell subset disambiguation for e.g., FACS error correction is required, the path to
the pairs text file needs to be set. All methods implemented in IMDA are summarized in
Table 3.

Subsequently, the entire IMDA pipeline can be invoked by running the settings file

(settings.py).

Error handling

In IMDA, all entered file directions and file paths are checked for their existence. Fur-
thermore, during its execution, IMDA prints the most important information to the
console. Here, possible errors that may occur during the workflow are reported.

Results and discussion

The usage of the here described ImmunoDataAnalyzer (IMDA) is exemplified using
TCR B chain sequencing data. In this section, the inputs, visualizations, calculations,
and functionality of the IMDA pipeline will be discussed. The following features are cov-
ered: the processing of raw data into clonotypes, the analysis of the undetermined reads,
FACS error and cross-sample contamination correction, and the calculation of the dif-
ferent metrics for describing and comparing immune repertoires (clonality, diversity,

clonotype overlap, V(D)] gene segment usage and repertoire similarity analysis).

Dataset
The here used dataset comprises five apparently healthy volunteers (two female, three
male; 23-47 y/o). From those individuals, blood was collected and peripheral blood



Vetter et al. BMC Bioinformatics (2022) 23:21 Page 9 of 24

mononuclear cells (PBMCs) were isolated. One way mixed lymphocyte reactions
(MLRs) have been performed to identify an individuals T cells that respond against cells
from one of the other potentially human leukocyte antigen system (HLA) mismatched
individuals. Two of the five individuals (individuals A and B) were used as responders.
The remaining three individuals were used as stimulators. MLRs were carried out sepa-
rately for each responder-stimulator pair. For each individual, a baseline sample (BL) is
available as well as a non-stimulated (nS) sample where no MLR has been performed. In
addition to the BL and nS samples, NGS data from MLRs with lymphocytes from three
other individuals are provided (MLR1-3) for each individual. NGS TCR g libraries were
constructed for all T cell bulk samples from all five individuals and the stimulator spe-
cific T cells identified in the MLRs. A data subset can be found on our website (https://
bioinformatics.fh-hagenberg.at/immunoanalyzer/).

Libraries were sequenced on Illumina NextSeq500. Two sequencing runs with techni-
cal replicates were performed (I_ or 2_ in sample names). The sequencing runs were
spiked with Illumina PhiX bacteriophage genome PhiX Control v3 in a concentration of
30% to increase the diversity which is required by these modern NGS machines. [41, 42]
Sample de-multiplexing based on Illumina indices was carried out during FASTQ gen-
eration and separate FASTQ files were generated for each sample. Resulting reads con-
tain barcodes and UMIs (see Fig. 2). As shown, the region of interest (the TCR S chain),
is flanked by oligonucleotides including UMI (here: forward and reverse reads contain
UMIs), barcode, and primers as well as adapters (here: Illumina adapters), commonly
specified by the used sequencing platform. During cDNA synthesis, the nucleotide
strands of each individual are tagged with oligonucleotides. [42] These oligonucleotides
include the mentioned barcode and UMI. Compared to platform depending indices, the
use of additional barcodes introduced directly during cDNA synthesis minimizes the
risk of cross-sample contamination as the barcodes are introduced prior to any PCR
amplification steps. During the cDNA synthesis and the amplification steps in the PCR,
quantitative errors and sequencing errors are possible. [43]

The use of UMIs has multiple advantages. It allows for the quantification of the tran-
scripts, the tracing back of the amplicons to their original RNA, the elimination of PCR
errors, and the detection of true variants. [44] Therefore, UMIs are used for making
statements about the number of RNA strands whose cDNA was synthesized and ampli-
fied successfully during PCR.

It is additionally shown that replicates better correlate when using UMIs and consen-
sus assembling of the reads based on their UMI is performed [45]. UMIs can be further
utilized for cross-sample contamination analysis [46]. Shared UMIs in two samples can
indicate a cross-sample contamination. If barcodes, as described above, are used, other
cross-sample contamination detection methods have to be applied for detecting poten-
tial contamination before cDNA synthesis.

If FACS error correction is required, an additional tab-delimited text file defining pairs
of samples is necessary. The formats of these two tab-delimited files have been described
before in the “Input formats” section.
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Fig. 3 Read assignment visualization of the number of assigned reads after executing MIGEC commands in
MIGEC sub-process. The left column shows the raw data read counts for each available input file in FASTQ file
format. The central column shows the number of reads after de-multiplexing and the right column shows the
number of reads after UMI assembling and consensus sequence building. For all files, reads that could not

be assigned to a specific sample, due to barcode or primer errors, are assigned to undef-m (=undetermined
reads)

Raw data pre-processing

As an initial step, the raw sequencing data in FASTQ file format are processed. IMDA
automatically executes MIGEC commands for de-multiplexing and UMI consensus
assembling (Fig. 1 - MIGEC, colored in red). Subsequently, MiXCR methods are exe-
cuted to perform clonotype construction for obtaining CDR3 sequences and V, D and ]
gene segment hits (Fig. 1—MiXCR, colored in yellow). MIGEC and MiXCR are executed
using MIGEC and MiXCR sub-processes, respectively. Both tools implement methods
for PCR and sequencing error correction. Especially, MiXCR takes special care of clono-
types with identical CDR3 sequence and different V(D)] gene segment sequences to be
more robust against sequencing errors [29].

In order to be able to follow the read counts during the read assignment and UMI
consensus assembling within MIGEC sub-process of the reads better, IMDA generates a
Sankey diagram. This Sankey diagram is generated using plotly for an (interactive) over-
view of the read assignments from raw input data up to final assembled reads by UMIs
(see Fig. 3) in HTML file format.

Undetermined read processing and analysis

While raw data is being processed, IMDA allows mapping of the undetermined reads
and non-assignable reads from MIGEC checkout assigned to the undef-m file on pre-
defined reference genes within a Bowtie2 library (using Bowtie—in Fig. 1 colored in
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Count Percentage [%]
PhiX 79,300,034.0 90.69
PhiX
TCR junk 2,713,199.0 3.1
- Junk
Low quality 2,556,947.0 2.92 Other
TCR junk
Junk 2,165,775.0 2.48 _
Low quality
Other 704,637.0 0.81

Fig. 4 Representation of the IMDA output of the undetermined reads. All reads are assigned to one of

the following five groups: PhiX; TCR junk, Low quality, Junk reads (which contains reads with consecutive
nucleotides in unexpectedly high number) and the group Other, whose reads cannot be assigned to one of
the other groups. The non-assignable reads within this group Other are stored in a FASTQ file providing the
possibility for further analysis using, e.g., BLASTn or other sequence alignment tools

green). In this analysis, we used the bowtie2-build command to build a reference library
containing TCR reference genes and the Illumina PhiX reference genome. The undeter-
mined file(s) contain non-assignable sequences, where the assignment to a specific sam-
ple failed because of insufficient accuracy. Bowtie2 provides the mapped reads in SAM
file format which then will be evaluated within the IMDA Core module (Fig. 1—light
blue).

After all sequences have been processed and mapped with or without success on
the reference gene library using the Bowtie sub-process and the IMDA Core method
EvaluateUndetermined is activated, all reads within the SAM output file(s) (undeter-
mined from sequencing and undef-m from MIGEC de-multiplexing) are assigned to
one of the following five groups: (1) PhiX, (2) Low quality, (3) Junk, (4) TCR junk, and
(5) Other: (1) PhiX includes all reads successfully aligned on the PhiX reference genome.
(2) If the analyzed read shows a mean Phred quality score lower than 30, the read is
assigned to the Low quality group. (3) Else, if a read contains consecutive nucleotides
in unexpectedly high number (here: number of nucleotide “N” > 10 or more than 1/4 of
all nucleotides are “G”), it is assigned to Junk. Since the assignment by platform specific
index and primer has failed, no biological relevance is assumed but for further investiga-
tion these sequences are exported to a FASTQ file. (4) TCR junk contains all reads suc-
cessfully mapped to TCR reference genes which have a mean Phred quality score greater
than 30. (5) Reads, which are not assigned to any of the mentioned groups are assigned
to the group Other and written into a FASTQ file for further investigations using, e.g.,
BLASTn’ [47] or other sequence alignment tools.

In the case of custom reference libraries there is no distinction between the groups
PhiX and TCR junk. All successfully mapped reads are assigned to the same group
named Mapped.

The analysis of the undetermined or non-assignable reads reveals information about
the composition of the undetermined reads. As shown in Fig. 4, the majority of the

7 available at https://blast.ncbi.nlm.nih.gov.
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Fig. 5 An exemplary representation of shared clonotypes of T cell subsets by clonotype frequency as, for
instance, CD41 and CD8™ T cells. Blue-colored clonotypes belong to sample A; green-colored clones are
T cell clonotypes of sample B. Shared clonotypes (shown in red) are assumed to be in both samples due to
inaccurate FACS or magnetic sorting and will be eliminated for further analysis

undetermined reads derived from the sequencing run is assigned to the PhiX refer-
ence genome. Another large number of reads is rejected due to its poor Phred quality
score. The amount of TCR junk, Junk and Other reads is rather low. The main reasons
for an unsuccessful assignment of these reads to a specific sample are absent or erro-
neous Illumina adapters or barcodes when using MIGEC de-multiplexing. Additionally,
the number of reads are compared to the successfully aligned reads by Illumina, where a
percentage of about 70 % is expected due to the 30 % PhiX spiked samples.

Cell subset disambiguation (FACS error correction)

If subsets of T or B cells are separated using FACS or magnetic sorting, inaccurate cell
separation can occur. To counteract cell sorting errors, IMDA Prep provides a cell subset
disambiguation method (named FACSCorrection—colored in dark blue in Fig. 1). Pairs
defined within the pairs text file (see format description in the “Input formats” section)
are compared and the shared clonotypes are removed. Figure 5 shows the FACS error
correction result of two samples. Clones that do not exceed a two-fold change difference
between the two samples are considered ambiguously assigned. These clones are visual-
ized (in red) and finally eliminated from both samples for subsequent analysis in IMDA
Core. Clones that clearly belong to one of the two samples are shown in green and blue,

respectively.

Contamination analysis
Besides the cell subset disambiguation method named FACS Error Correction, IMDA
Prep includes a cross-sample contamination analysis based on UMIs and V(D)] gene

Page 12 of 24
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Shared UMIs

310550 Sample B

499452 32501 455877

Sample C Sample A
Fig. 6 Venn diagram of shared UMIs combined with V(D)J hits for cross-sample contamination detection in
two samples. While there are no shared UMI-V(D)J hit-combinations found in samples A and B or sample C
and B, samples A and C show an intersection

Table 2 Example for tab-delimited table structure defining sample pairs where cell subset
disambiguation is required based on the available pairs text file for the provided test dataset

#SamplelD1 SamplelD2
1_A_nS_CD4* 1_A_nS_CD8*
1_B_BL_CD4" 1_B_BL_CD8"

segment hits (ContaminationAnalysis—colored in dark blue in Fig. 1)). Since UMIs
are assumed to be unique within simultaneously prepared samples, shared UMIs
can be analyzed and indicate cross-sample contamination [46]. Large amounts of
sequenced material may exceed the number of possible UMI combinations. Accord-
ingly, in IMDA, UMI sequences of each read are combined with V(D)] hits and are
compared between two or more samples. For using this method, the UMI sequence
needs to be defined in the header of the reads within the FASTQ files, as shown
below. If the IMDA method MIGEC is used for consensus assembling of the reads by
UMI, FASTQ files in the required format are automatically provided:

@MIG.132988 R1 UMI:TAGTCGACGACG:2
ACAGTGACCCTGATCTGGTAAAGCTCCCATCCTGCCCTGACTCTGTCATGGGCACCAGGCTCCTCTGC
+

ITITIIIITIIIIIIIIITIIIIIIIITIIIIIIIIIITIIIIIIIITIIIIIIIIITIIIIIIIIIIIIII

The UMIs are extracted, and the shared UMIs and V(D)] hits are calculated and
visualized as Venn diagrams as shown in Fig. 6. Nevertheless, for the dataset used in
this study, applying this method is not recommended as this dataset contains data
from multiple initial samples that were mixed and sequenced together. To distin-
guish the samples from each other, the adapters contain UMIs as well as a 5 nucleo-
tides long barcode (Table 1). These 5 nucleotides long barcodes allow to assign reads
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Fig. 7 CDR3 AA length distribution (left) and top n clonotypes (here:n = 20) of a sample (right). Numeric
data is provided by MiXCR output and visualized using ClonalityAnalysis method implemented in IMDA Core
for facilitated interpretation

Table 3 All methods implemented in IMDA (Fig. 1) for automated immune repertoire analysis

Method Description Input (I)/Output (O)

MIGEC Read assignment by barcode (de- I: NGS files in compressed or non-com-
multiplexing) and consensus assembling  pressed FASTQ file format O: assembled
based on UMIs using the open-source reads in FASTQ file format
tool MIGEC.

MiXCR Execution of MiXCR commands for clono- I files in compressed or non-compressed

ContaminationAnalysis

FACSCorrection

VDJtools

Bowtie

EvaluateUndetermined

ClonalityAnalysis

DiversityAnalysis

OverlapAnalysis
SimilarityAnalysis

VDJAnalysis

type identification and quantification for
receiving nucleotide and AA sequences

of the CDR3 region and V(D)J gene seg-

ments.

Calculates shared UMIs and V(D)J hits
of multiple samples for cross-sample
contamination analysis.

Cell subset disambiguation of clono-
types from cells separated using FACS or
magnetic sorting (e.g., CD4" and CD8™)
and elimination of clonotypes within a
twofold change range.

Executes methods of the open-source
tool VDJtools (convert and calculate diver-
sity indices) for diversity stats visualization
later-on.

Analyze undetermined reads from
sequencing run and from MIGEC assign-
ment using the open-source tool Bowtie2
for non-assignable read composition
analysis.

If undetermined read analysis using Bow-
tie2 has been performed, evaluation and
visualization of the results is done.

Clonotype and CDR3 sequence length
analysis and visualization is performed.

Diversity curves are calculated and
visualized as well as the diversity indices
calculated using VDJtools.

Shared clonotype analysis and visualiza-
tion.

Hierarchical clustering of all samples is
performed and visualized.

Calculation of Vand J gene segment
pairings and visualization using Chord
diagrams.

FASTQ file format O: immune repertoire
profiling measures (e.g., V(D)J gene seg-
ments, CDRs etc.) in text file format

I: MiXCR output, MIGEC output or non-
compressed FASTQ files containing the UMI
sequence in the read ID O: cleaned FASTQ
files

I: filename of pairs for analysis (pairs.txt) and
MiXCR output O: cleaned files in MiXCR text
file format

I: MiXCR output O: diversity indices for all
samples

I: file path to the undetermined files in
compressed or non-compressed FASTQ file
format and to MIGEC undef-m output file,
and path to Bowtie2 library O: mapping
information is collected in SAM file format

I: the Bowtie2 output in SAM file format O:
read counts for each category (see Unde-
termined Read Processing and Analysis)

I: MiXCR output O: CDR3 AA length distribu-
tion and clonotype counts

I: MiXCR output and VDJtools output O:
diversity curves and diversity measures

I: MiXCR output O: shared clonotype over-
laps (heatmap and LM plots)

I: MiXCR output O: hierarchical clustering
information

I: MiXCR output O: chord diagrams
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to a specific sample using MIGEC. On the contrary, the contamination analysis
method described in this section is recommended when no additional barcodes are
used.

Clonality analysis

For answering scientific questions it is important to know the clonotypes present in a
sample and their frequency. Another important piece of information is the length of
the CDR3 AA sequence. Both aspects are relevant for the investigation of the func-
tionality of T and B cells. The CDR3 AA sequence is decisive for the specificity and
structure of the TCR and IG, respectively. Information about the clone frequency,
V(D)J hits, and CDR3 sequence of a sample are extracted from MiXCR output files.
The IMDA Core method ClonalityAnalysis generates a histogram of each sample
showing the length distribution of the CDR3 AA sequences and visualizes the clone
counts of the top # clonotypes for better interpretability.

In Fig. 7, an exemplary AA length distribution plot based on the MiXCR output files
and the frequency of the top n (here: n = 20) clonotypes are visualized. In this case,
the majority of the clonotypes have a CDR3 sequence length of 14 and 15 AAs. The
top clonotype accounts for about 0.9% of all 229,404 different clonotypes.

Diversity analysis

The open-source tool VD]Jtools provides a comprehensive set of diversity measures
for describing the immune repertoire (colored in violet in Fig. 1). These results allow
to correlate the immunological status with immune repertoire diversity, compare
individuals, and evaluate the number of unique clonotypes. In the step VDJtools, VD]-
tools commands are automatically executed to calculate diversity measures. Further-
more, the diversity analysis approach described in ImmunExplorer (IMEX) [48, 49]
can be applied to all samples for calculating and visualizing the diversity curve of each
sample by including the DiversityAnalysis method.

To improve the comparability of diversity curves between different samples, we
standardize their clonotype counts (14,4 is defined as the lowest number of clono-
types, but is set to 150,000 if the lowest number of clonotypes of one sample falls
below 150,000). For receiving the diversity curves an amount of # clonotypes (default
n. = 2500) of the whole amount of clonotypes is continuously inferred and the unique
CDR3 sequences are counted. Parameter optimization is performed using the Python
module optimize from the SciPy library which allows to fit a function f to the previ-
ously calculated clonotype counts with a stepsize of 2500. The estimated parameters
describing the diversity curves and the results of different diversity indices calculated
using VDJtools can be directly interpreted by the user.

Figure 8 shows an exemplary output of the diversity analysis. The diversity plot (left)
allows comparison of the samples using the calculated Shannon Wiener [50] index
mean values provided by VDJtools and according to their diversity curves (right). All
samples derived from individual B. Technical replicates of the BL samples are shown
in blue, technical replicates of MLR2 samples are shown in orange. As expected, the
BL samples show a higher diversity than the MLR samples. Diversity analysis using
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Fig. 8 Diversity analysis visualizations of one of the various calculated and estimated diversity indices (left,
here: Shannon Wiener index) using VDJtools as well as diversity curves for four samples (right). Technical
replicates of the baseline (BL) sample of individual B are shown in blue, technical replicates of the MLR2
sample of individual B are represented in orange
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V and | Gene Segment Analysis

Fig. 9 Within the V(D)J recombination, different V and J gene segments are combined. IMDA provides for
each sample Chord diagrams for visualizing the clonotype distribution based on V and J gene segment pairs.
Every connection represents aV and J gene segment pair. The top n (here: n = 5) V and J gene segments are
labeled

the Shannon Wiener index only shows small differences, but the diversity curves
show a clear difference. Since the samples (BL and MLR, respectively) are technical

replicates, a high agreement of the curves and diversity indices is desired.
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Fig. 10 Examples for clonotype overlap output of two samples and their replicates. Left: Correlation matrix of
multiple samples compared to each other are plotted as heatmap. Right: LM plot of two samples (replicates)
for clonotype overlap analysis

V-J gene segment analysis
In addition to the diversity analysis and for understanding V and ] gene segment
usage, Chord diagrams are generated using the visualization library HoloViews [37].
These diagrams show the V and ] gene segment pair distribution (see Fig. 9). In
addition, the widths of the Chord diagram show the proportion of clones containing
specific V and ] gene segments, respectively. For better interpretability, only V and ]
gene segment pairs which explain 98 % of all V and ] gene segments, are visualized.
Additionally, only the top # (here: n = 5) V and ] gene segments are labeled.

V and ] gene segment usage is shown in Fig. 9 and shows heterogeneous pairing.
For example, this sample’s most occurring V and ] gene segment pair is TRBV5-1
and TRBJ2-7. Such Chord diagrams allow for visual identification of over-repre-

sented V-] pairings and to compare e.g., expanded V-] pairs in different samples.

Clonotype overlap analysis

The clonotype overlap analysis (OverlapAnalysis) reveals information about the
shared clonotypes between two samples. It allows for detecting errors that occurred
during the wet-lab experiments and potential sample contamination. In the case of
replicates, clonotype overlap analysis enables to assess library prep reproducibility.
IMDA automatically generates linear model (LM) plots visualizing pairwise com-
parisons of all samples and calculates the correlation given as Pearson R? values (see
Fig. 10). Additionally, a heatmap plot showing the correlations represented as Pear-
son R? is plotted using the Python library seaborn [35]. The correlation matrix can
be found in the spreadsheet summary file generated by IMDA.

Figure 10 shows a subset of the correlation matrix (left) generated as part of the
clonotype overlap analysis. The correlation matrix is visualized as a heatmap. The
heatmap shows a high accordance within the four biological and technical replicates
(R? > 0.75). An exemplary LM plot of two MLR samples shows the shared clono-
types of these two samples (right). Since the two samples in the LM plot are techni-
cal replicates, a high Pearson R? value was expected.
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Fig. 11 Hierarchical clustering is used for similarity analysis. The graphic shows the similarity of the samples
according to V and J gene segment frequencies. Standardization within the columns (samples) is done for
accurate comparability. The samples can be divided into two groups—individual A (green) and B (orange).
According to this results, four samples (2_A_MLR1_r2,2_A_MLR3_r1,2_B_MLR3_r1,2_B_MLR3_r2) should be
excluded, since mishaps during laboratory work potentially occurred

The clonotype overlap is crucial for detecting contamination and for quality con-
trol. Pairwise clonotype overlap analysis can further facilitate identifying expanded
clonotypes in response to an immune stimulus (e.g., MLR). By calculating the over-
lap between BL and MLR samples, expanded clonotypes can be detected. Overlap
analysis is especially important for research regarding allosensitization in transplan-
tation as well as vaccination and autoimmune diseases. [17, 51]

Similarity analysis

In addition to the clonotype overlap analysis, IMDA Core includes the method
named Similarity Analysis for automated application of hierarchical clustering
methods from the seaborn and SciPy [33] libraries. For reliable interpretation of the
results, a standardized approach of the calculated values is needed. Therefore, V and
] gene segment frequencies of every sample are used. With the use of hierarchical
clustering, we are able to detect contamination, erroneous samples, or sample swaps
by grouping the samples by V and ] gene segment similarity.

Through using the V(D)] gene segment frequencies and the hierarchical clustering
approach (see Fig. 11) we show the similarity and grouping of all samples. As dem-
onstrated, through clustering the samples according to their V and ] gene segment
frequencies, the samples can be divided into two groups—individual A (green) and
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Fig. 12 Threefold cross-validation accuracies of the classification of the provided samples according to
sample affiliation (individual A or B) using different classification algorithms provided by the Python library
scikit-learn. LDA Linear Discriminant Analysis, KNN k-nearest neighbors classifier, CART decision tree classifier,
NB Gaussian Naive Bayes, SVM support vector machine, RF random forest classifier, NC nearest centroid
classifier, ADA AdaBoost classifier, LDA linear discriminant analysis, QDA quadratic discriminant analysis

individual B (orange). However, four samples (2_A_MLRI_r2, 2_A_MLR3 rl1, 2_B_
MLR3 r1, 2_B_MLR3_r2) stand out because they do not belong to the individual to
whom they were assigned according to their V(D)] similarity. This is due to a bar-
code swap. This example confirms that by using hierarchical clustering immediate
first interpretations can be performed and mishaps during laboratory workflow can

be discovered.

Summary output
Throughout the processing and analyzing procedure of the data, well-selected infor-
mation is collected and written to a spreadsheet file. Included are the following

information:

+ important sample information like barcodes and UMI definitions,

+ read counts and trend of the read counts,

« alignment rates,

+ clone counts,

» average CDR3 AA sequence length and standard deviation,

« diversity calculations including different diversity indices and curve parameter
description,

« aclonotype overlap matrix with the calculated Pearson R? values for all samples,

+ V, D, and ] gene segment frequencies,

« and the used commands for the included open-source software tools.

Most relevant plots are collected in presentation file format for an immediate over-

view, quality check, first interpretations, and further research steps.
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Data export for machine learning

Additionally, the pipeline provides a tab-delimited file (ml.csv) which contains
selected key features for each sample and can be used as input for ML approaches.
This file includes the diversity indices, the diversity curve parameters, and the V(D)
J gene segment counts. For more comparable results, the V(D)] frequency values
are written to a second tab-delimited file (ml_norm.csv). These files can be used for
unsupervised ML algorithms (e.g., clustering algorithms) and for supervised learning
algorithms (e.g., classification or regression algorithms). An additional column defin-
ing the target has to be added for labeling the provided data for supervised learning
algorithms. We recommend using the normalized data as input for algorithms imple-
mented in the scikit-learn [24] or keras [25] as well as for software tools providing a
user interface for non-programmers like Weka [27] and HeuristicLab [26].

For demonstration, we applied several classification algorithms of the Python library
scikit-learn on the data discussed before. The target variable is the correspondence to
individual A or B. In Fig. 12 we visualized the accuracies of the different classification
algorithms. Algorithms such as the decision tree classifier, random forest, and AdaBoost
classifier were able to assign all samples correctly and achieve an average accuracy of 100
% in three-fold cross-validation. All three algorithms are based on decision trees, which
means if one V or ] gene segment occurs only in one of the two individuals, all samples
can be classified correctly.

Conclusions

The calculations and visualizations provided by our ImmunoDataAnalyzer (IMDA)
cover a wide range of crucial aspects of TCR and IG repertoires. IMDA allows auto-
mated processing and evaluation of immune repertoire NGS data. It supports the pro-
cessing of barcoded and UMI tagged NGS data. IMDA is built around well-established
open-source tools (MIGEC, MiXCR, VDJtools, Bowtie2) and automatizes their execu-
tion and thus alleviates NGS immune repertoire data analysis. Furthermore, IMDA
comes with cross-sample contamination analysis and cell subset disambiguation meth-
ods that are not available elsewhere and automatically provides multiple-sample com-
parison results.

The IMDA pipeline supports compressed or non-compressed FASTQ files. In the first
two steps, MIGEC and MiXCR, open-source software tools are used for primer trim-
ming, barcode and UMI extraction, consensus assembling (MIGEC), and reconstruction
of the actual clonotype sequences (MiXCR). Using MIGEC, IMDA offers the oppor-
tunity to process batches of files and IMDA Core methods provide information about
relations and differences between the input samples. The tools used are firmly anchored
in the immunologic community and are state of the art bioinformatics tools for stud-
ying the adaptive immune system. Using IMDA, it is no longer necessary to perform
consecutive manual execution of MIGEC and MiXCR commands. Provided results are
automatically aggregated and the read counts, alignment rates, and all other information
listed in the “Summary output” section are extracted from intermediary results. They are
written into a single spreadsheet summary file.

In addition to the automated pre-processing, the undetermined reads are processed
and mapped to reference sequences supplied as a Bowtie2 library. Undetermined
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read analysis allows the detection of potential contamination, aberrations during the
sequencing run and describes the composition of the undetermined reads.

For additional data cleaning, IMDA provides within the IMDA Prep module two
methods: FACS error correction method for the elimination of shared clonotypes of two
samples after FACS or magnetic sorting (e.g., CD4" and CD8" cell separation) and con-
tamination analysis method, providing information about shared UMIs combined with
V(D)J hits within all samples.

The core of the IMDA pipeline is the evaluation of the pre-processed data. This
includes relevant measures for the immunologic community: clonality, diversity, and
clonotype overlap analysis in the case of replicates, time-series, or other comparable
aspects. Additionally, visualizations of the similarity of the samples according to their V
and ] gene segments and their diversity are provided. Furthermore, sample comparison
can be made regarding the provided Chord diagram information of the V and ] gene
segment pairings, allowing first interpretations of over-represented or extended use of
specific V and ] gene segments. This evaluation and preparation for interpretation are
done automatically after the pre-processing. All output files, calculations, and results
generated during the process are reported, stored, and available for further custom
analyses, validation, and investigations. By providing results of the most crucial aspects
of the immunologic field, IMDA supports identifying specific patterns in IG and TCR
repertoires.

In summary, IMDA is a bioinformatics framework for quality control and process-
ing immune repertoire NGS data providing the user a broad overview. Samples can be
processed from raw data to a well-selected set of key measures and explanatory figures
in one go using the contiguous IMDA pipeline. In addition, the evaluation module of
IMDA can also be used independently of the MIGEC and MiXCR sub-processes for ana-
lyzing clonotype tables obtained elsewhere.

The IMDA pipeline provides a great overview regarding the CDR3 region, the V(D)]
gene segments, and the similarities among samples. Hence, IMDA is perfect for evalu-
ating immunologic NGS data and planning further research steps since all calculations
and visualizations are summarized in two compact output files. Furthermore, by inves-
tigating the output information, it is further possible to improve the laboratory effort.
An additional feature is the third summary file which contains the V and ] gene segment
information, the diversity indices, and curve parameters and serves as input for various
ML methods. In conclusion, IMDA automatically processes FASTQ files and evaluates
CDR3 and V(D)]J specific measures, summarizes all information, visualizations, and cal-
culations for providing a general overview and provides insights into possible sources of
error and gives inspiration for further research. Thus, the most significant advantage of
IMDA is providing a good overview of immune repertoire NGS data in an efficient way.

Availability and requirements

Project name: ImmunoDataAnalyzer (IMDA); Project home page: https://bioinforma
tics.th-hagenberg.at/immunoanalyzer/; Operating system(s): Windows and Linux OS
(64-bit); Programming language: Python; Other requirements: Python 3.7 or higher, Java
1.8.0, Perl 5.12.3 or higher; License: see License Agreement on IMDA website https://
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bioinformatics.fh-hagenberg.at/immunoanalyzer/; Any restrictions to use by non-aca-
demics: None.
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AA: Amino acid; BL: Baseline; CDR3: Third complementarity-determining region; FACS: Fluorescence-activated cell sort-
ing; HLA: Human leukocyte antigen system; IG: Immunoglobuline; IMDA: ImmunoDataAnalyzer; IMEX: ImmunExplorer;
IMGT: International ImMunoGeneTics information system; LM plot: Linear model plot; ML: Machine learning; MLR: Mixed
lymphocyte reaction; NGS: Next-generation sequencing; nS: Non-stimulated; PBMC: Peripheral blood mononuclear cells;
TCR: T cell receptor; UMI: Unique molecular identifier.

Acknowledgements
Additional credits go to Anna M. Lin for proofreading.

Authors’ contributions

JV designed and implemented the computational algorithms, analyzed the data, and wrote the manuscript. SS and
SW supervised analyses and the development of the pipeline and edited the manuscript. AH designed the laboratory
experiment, advised on the analysis strategy and edited the manuscript. CA, RRS, KJ, KH, RO designed and performed
laboratory experiments and edited the manuscript. All authors read and approved the final manuscript.

Funding

This work received funding from the Scientific Funds of the Austrian National Bank-OeNB project number 17289 (https://
www.oenb.at), the dissertation program of the FH OOE (funded by Land OOE) and FH OOE's Center of Technical Innova-
tion in Medicine (TIMed). The funding body had no influence on design of the software or design, collection, analysis
and interpretation of data or writing the manuscript.

Availability of data and materials
The most recent version of IMDA, source code, documentation and a test data subset are available online: https://bioin
formatics.fh-hagenberg.at/immunoanalyzer/.

Declarations

Ethics approval and consent to participate
All study participants provided signed informed consent and all aspects of the study were approved by the institutional
review board of the Medical University of Vienna (EK-Nr. 1939/2018).

Competing interests
The authors declare that they have no competing interests.

Author details

'Bioinformatics Research Group, University of Applied Sciences Upper Austria, Softwarepark 13, 4232 Hagenberg im
Muehlkreis, Austria. 2Division of Nephrology and Dialysis, Department of Medicine lll, Medical University of Vienna,
Waehringer Guertel 18-20, 1090 Vienna, Austria. 3Department of Biosciences, University of Salzburg, Hellbrunnerstrasse
34,5020 Salzburg, Austria.

Received: 3 March 2021 Accepted: 14 December 2021
Published online: 06 January 2022

References

1. Tonegawa S. Somatic generation of antibody diversity. Nature. 1983;302(5909):575.

2. Alt FW, Oltz EM, Young F, Gorman J, Taccioli G, Chen J. VDJ recombination. Immunol Today. 1992;13:306-14.

3. Rock EP, Sibbald PR, Davis MM, Chien Y-H. CDR3 length in antigen-specific immune receptors. J Exp Med.
1994;179(1):323-8.

4. Hesslein DG, Schatz DG. Factors and forces controlling V(D)J recombination. Adv Immunol. 2001;78:169-232.

5. Sanger F, Nicklen S, Coulson AR. DNA sequencing with chain-terminating inhibitors. Proc Natl Acad Sci.
1977;74(12):5463-7.

6. van Dijk EL, Auger H, Jaszczyszyn Y, Thermes C. Ten years of next-generation sequencing technology. Trends Genet.
2014,30:418-26.

7. MoraT, Walczak AM. How many different clonotypes do immune repertoires contain? Curr Opin Syst Biol. 2019;6:66.

8. Miron M, Kumar BV, Meng W, Granot T, Carpenter DJ, Senda T, Chen D, Rosenfeld AM, Zhang B, Lerner H, et al.
Human lymph nodes maintain TCF-1hi memory t cells with high functional potential and clonal diversity through-
out life. J Immunol. 2018;201(7):2132-40.

9. Yassai MB, Naumov YN, Naumova EN, Gorski J. A clonotype nomenclature for T cell receptors. Immunogenetics.
2009,61:493-502.

10. Hershberg U, Luning Prak ET. The analysis of clonal expansions in normal and autoimmune B cell repertoires. Philos
Trans R Soc B Biol Sci. 2015;370(1676):20140239.


https://bioinformatics.fh-hagenberg.at/immunoanalyzer/
https://www.oenb.at
https://www.oenb.at
https://bioinformatics.fh-hagenberg.at/immunoanalyzer/
https://bioinformatics.fh-hagenberg.at/immunoanalyzer/

Vetter et al. BMC Bioinformatics (2022) 23:21 Page 23 of 24

19.
20.

22.

23.

24.

25.
26.

27.

28.

29.

30.

31
32.

33.

34,
35.

36.
37.

38.
39.
40.

. Boyd SD, Marshall EL, Merker JD, Maniar JM, Zhang LN, Sahaf B, Jones CD, Simen BB, Hanczaruk B, Nguyen KD, et al.

Measurement and clinical monitoring of human lymphocyte clonality by massively parallel VDJ pyrosequencing. Sci
Transl Med. 2009;1:12-231223.

. Bagaev DV, Vroomans RM, Samir J, Stervbo U, Rius C, Dolton G, Greenshields-Watson A, Attaf M, Egorov ES, Zvyagin

IV, et al. VDJdb in 2019: database extension, new analysis infrastructure and a t-cell receptor motif compendium.
Nucleic Acids Res. 2020:48(D1):1057-62.

. Wang C-Y, Fang Y-X, Chen G-H, Jia H-J, Zeng S, He X-B, Feng Y, Li S-J, Jin Q-W, Cheng W-Y, et al. Analysis of the CDR3

length repertoire and the diversity of T cell receptor @ and B chains in swine CD4+ and CD8+ T lymphocytes. Mol
Med Rep. 2017;16(1):75-86.

. Kou ZC, Puhr JS, Rojas M, McCormack WT, Goodenow MM, Sleasman JW. T-cell receptor Vg repertoire CDR3 length

diversity differs within CD45RA and CD45RO T-cell subsets in healthy and human immunodeficiency virus-infected
children. Clin Diagn Lab Immunol. 2000;7(6):953-9.

. Hill MO. Diversity and evenness: a unifying notation and its consequences. Ecology. 1973;54(2):427-32.
. Janeway Jr CA, Paul T, Walport M, Shlomchik MJ. The generation of lymphocyte antigen receptors. In: 5th edition

(ed.) Immunobiology: the immune system in health and disease, 5th edn. New York: Garland Science; 2001. pp.
150-86.

. DeWolf S, Grinshpun B, Savage T, Lau SP, Obradovic A, Shonts B, Yang S, Morris H, Zuber J, Winchester R, et al.

Quantifying size and diversity of the human T cell alloresponse. JCI Insight. 2018;3(15):66.

. Pogorelyy MV, Elhanati Y, Marcou Q, Sycheva AL, Komech EA, Nazarov VI, Britanova OV, Chudakov DM, Mamedov

1Z, Lebedev YB, et al. Persisting fetal clonotypes influence the structure and overlap of adult human T cell recep-
tor repertoires. PLoS Comput Biol. 2017;13(7):1005572.

lllumina: An introduction to next-generation sequencing technology; 2016.

Martin K, Susanna S, Matthias M. Double indexing overcomes inaccuracies in multiplex sequencing on the
illumina platform. Nucleic Acids Res. 2011;40(1):3-3.

. Ewing B, Hillier L, Wend| MC, Green P. Base-calling of automated sequencer traces using Phred. |. Accuracy

assessment. Genome Res. 1998:8(3):175-85.

Ewing B, Green P. Base-calling of automated sequencer traces using Phred. Il. Error probabilities. Genome Res.
1998;8(3):186-94.

Schaller S, Weinberger J, Jiménez-Heredia R, Danzer M, Winkler SM. Classification of the states of human adap-
tive immune systems by analyzing immunoglobulin and T cell receptors using ImmunExplorer. In: International
Conference on Computer Aided Systems Theory; 2015. Springer. pp. 302-9.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, Blondel M, Prettenhofer P, Weiss R, Dubourg
V, Vanderplas J, Passos A, Cournapeau D, Brucher M, Perrot M, Duchesnay E. Scikit-learn: machine learning in
Python. J Mach Learn Res. 2011;12:2825-30.

Chollet F, et al. Keras. https://keras.io; 2015.

Wagner S, Kronberger G, Beham A, Kommenda M, Scheibenpflug A, Pitzer E, Vonolfen S, Kofler M, Winkler S,
Dorfer V, Affenzeller M. Advanced methods and applications in computational intelligence. Topics in intelligent
engineering and informatics, vol. 6. Springer; 2014. pp. 197-261; Chap. Architecture and Design of the Heuristi-
cLab Optimization Environment.

Hall M, Frank E, Holmes G, Pfahringer B, Reutemann P, Witten IH. The WEKA data mining software: an update.
SIGKDD Explor. 2009;11(1):10-8.

Shugay M, Britanova OV, Merzlyak EM, Turchaninova MA, Mamedov IZ, Tuganbaev TR, Bolotin DA, Staroverov
DB, Putintseva EV, Plevova K, Linnemann C, Shagin D, Pospisilova S, Lukyanov S, Schumacher TN, Chudakov DM.
Towards error-free profiling of immune repertoires. Nat Methods. 2014;11:653-5.

Bolotin DA, Poslavsky S, Mitrophanov |, Shugay M, Mamedov IZ, Putintseva EV, Chudakov DM. MiXCR: software
for comprehensive adaptive immunity profiling. Nat Methods. 2015;12:380-1.

Shugay M, Bagaev DV, Turchaninova MA, Bolotin DA, Britanova OV, Putintseva EV, Pogorelyy MV, Nazarov VI,
Zvyagin IV, Kirgizova VI, Kirgizov Kl, Skorobogatova EV, Chudakov DM. VDJtools: unifying post-analysis of T cell
receptor repertoires. PLOS Comput Biol. 2015;11:66.

Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2. Nat Methods. 2012;9:357-9.

Vander Heiden JA, Yaari G, Uduman M, Stern JN, O'Connor KC, Hafler DA, Vigneault F, Kleinstein SH. pRESTO: a
toolkit for processing high-throughput sequencing raw reads of lymphocyte receptor repertoires. Bioinformat-
ics. 2014;30(13):1930-2.

Virtanen P, Gommers R, Oliphant TE, Haberland M, Reddy T, Cournapeau D, Burovski E, Peterson P, Weckesser W,
Bright J, van der Walt SJ, Brett M, Wilson J, Jarrod Millman K, Mayorov N, Nelson ARJ, Jones E, Kern R, Larson E,
Carey C, Polat |, Feng Y, Moore EW, Vand erPlas J, Laxalde D, Perktold J, Cimrman R, Henriksen |, Quintero EA, Har-
ris CR, Archibald AM, Ribeiro AH, Pedregosa F, van Mulbregt P, Contributors S. SciPy 1.0. Fundam Algorithms Sci
Comput Python Nat Methods. 2020;17:261-72.

McKinney W. Pandas: a foundational Python library for data analysis and statistics.

Waskom M, Botvinnik O, O'Kane D, Hobson P, Lukauskas S, Gemperline DC, Augspurger T, Halchenko Y, Cole

JB, Warmenhoven J, de Ruiter J, Pye C, Hoyer S, Vanderplas J, Villalba S, Kunter G, Quintero E, Bachant P, Martin
M, Meyer K, Miles A, Ram Y, Yarkoni T, Williams ML, Evans C, Fitzgerald C, Brian Fonnesbeck C, Lee A, Qalieh A.
mwaskom/seaborn: v0.8.1 (2017).

Inc,, PT.: Collaborative data science. https://plot.ly.

Stevens J-L, Rudiger P, Bednar J. HoloViews: building complex visualizations easily for reproducible science;
2015.

Canny S. python-pptx Documentation; 2019.

McNamara J. Creating Excel files with Python and XIsxWriter; 2019.

Alamyar E, Giudicelli V, Duroux P, Lefranc M-P. IMGT/HighV-QUEST: a high-throughput system and web portal for
the analysis of rearranged nucleotide sequences of antigen receptors. JOBIM. Paper 63; 2010.


https://keras.io
https://plot.ly

Vetter et al. BMC Bioinformatics (2022) 23:21 Page 24 of 24

41. Chen K, Hu Z, Xia Z, Zhao D, Li W, Tyler JK. The overlooked fact: fundamental need for spike-in control for virtu-
ally all genome-wide analyses. Mol Cell Biol. 2016;36(5):662-7.

42. Aschauer C, Jelencsics K, Hu K, Heinzel A, Vetter J, Fraunhofer T, Schaller S, Winkler S, Pimenov L, Gualdoni GA,
Eder M, Kainz A, Regele H, Reindl-Schwaighofer R, Oberbauer R. Next generation sequencing based assessment
of the alloreactive T cell receptor repertoire in kidney transplant patients during rejection: a prospective cohort
study. BMC Nephrol. 2019;20:66.

43. Islam S, Zeisel A, Joost S, La Manno G, Zajac P, Kasper M, Lénnerberg P, Linnarsson S. Quantitative single-cell
RNA-seq with unique molecular identifiers. Nat Methods. 2014;11(2):163.

44. Sena JA, Galotto G, Devitt NP, Connick MC, Jacobi JL, Umale PE, Vidali L, Bell CJ. Unique Molecular Identifiers
reveal a novel sequencing artefact with implications for RNA-seq based gene expression analysis. Sci Rep.
2018;8:66.

45. Egorov ES, Merzlyak EM, Shelenkov AA, Britanova OV, Sharonov GV, Staroverov DB, Bolotin DA, Davydov AN, Barsova
E, Lebedev YB, et al. Quantitative profiling of immune repertoires for minor lymphocyte counts using unique
molecular identifiers. J Immunol. 2015;194(12):6155-63.

46. Simon JS, Botero S, Simon SM. Sequencing the peripheral blood B and T cell repertoire-quantifying robustness and
limitations. J Immunol Methods. 2018;463:137-47.

47. Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ. Basic local alignment search tool. J Mol Biol. 1990;215(3):403-10.

48. Schaller S, Weinberger J, Jimenez-Heredia R, Danzer M, Oberbauer R, Gabriel C, Winkler SM. ImmunExplorer (IMEX):
a software framework for diversity and clonality analyses of immunoglobulins and T cell receptors on the basis of
IMGT/HighV-quest preprocessed NGS data. BMC Bioinform. 2015;16:252.

49. Schaller S, Weinberger J, Danzer M, Gabriel C, Oberbauer R, Winkler S. Mathematical modeling of the diversity in
human B and T cell receptors using machine learning; 2014.

50. Shannon CE, Weaver W. The mathematical theory of communication, vol. 96. Urbana: University of lllinois Press;
1949.

51. Vollmers C, Sit RV, Weinstein JA, Dekker CL, Quake SR. Genetic measurement of memory B-cell recall using antibody
repertoire sequencing. Proc Natl Acad Sci. 2013;110(33):13463-8.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC




	ImmunoDataAnalyzer: a bioinformatics pipeline for processing barcoded and UMI tagged immunological NGS data
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Immune repertoire measures

	Implementation
	Implementation details
	Input formats
	Usage, pipeline options and method summary
	Error handling

	Results and discussion
	Dataset
	Raw data pre-processing
	Undetermined read processing and analysis
	Cell subset disambiguation (FACS error correction)
	Contamination analysis
	Clonality analysis
	Diversity analysis
	V–J gene segment analysis
	Clonotype overlap analysis
	Similarity analysis
	Summary output
	Data export for machine learning

	Conclusions
	Availability and requirements
	Acknowledgements
	References


