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Abstract

Background
Analyzing the T-cell receptor (TCR) repertoire is important with the advent of precision medicine and
immunotherapy, as TCR repertoire could serve as a biomarker of immune response and disease
progression. Though many TCR analysis methods have been developed for analyzing various aspects of
the TCR repertoire, the usage of these methods requires experience in bioinformatics and is technically
cumbersome. There is an urgent need to develop an easy-used online server for TCR repertoire analysis.

Methods
TCR CDR3 sequence with clinical information were collected from TCRdb. In TCR repertoire general
analysis, Renyi entropy and 1-Pielou’s index was used to calculate diversity and clonality of the TCR
repertoire, respectively. GIANA and iGraph were used to discover possible disease-speci�c TCR CDR3
sequences and construct a TCR network in network analysis. OLGA was used to calculate the generation
probability of a CDR3 sequence in healthy individuals in public analysis. PHATE was used to embed TCR
repertoire in embedding analysis.

Results
In this study, we introduce TCRosetta, a powerful platform for analyzing and annotating TCR repertoire.
Above 244 million complementary determining region 3 (CDR3) sequences of TCR beta chain (TRB) with
disease information are integrated into the webserver, enabling big-data-based CDR3 annotation for the
�rst time. The main functions of TCRosetta are as follows: (i) General feature analysis for TCR repertoire,
including diversity, V/J gene usage, CDR3 length distribution, and clonality etc.; (ii) Annotate the disease
preference of TCR repertoire and TRB CDR3 sequences; (iii) TCR repertoire network construction and
analysis; (iv) Calculate generation probability of TRB CDR3 sequences. TCRosetta is the �rst
comprehensive online server for TCR repertoire analysis and is useful for immunology research.

Background
T-cell receptor (TCR) is the protein complex on the T-cell surface, which recognizes antigenic peptides
bound to major histocompatibility complex molecules. A TCR consists of heterodimer of two chains (αβ
or γδ), both of which are products of V(D)J recombination. Estimates of the number of different TCRs in
the human body range from 1012 to 1018 [1]. The high diversity of TCR is caused by genetic
rearrangement of the variable (V), diversity (D), and joining (J) genes, also known as V(D)J
recombination, a mechanism of somatic recombination during the T-cell maturation [2]. Complementary-
determining region 3 (CDR3) is the most variable portion in TCR because the CDR3 is encoded by the
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junctions between V, (D), and J genes. The CDR3 region contacts with the presented epitope and is
considered the main driver of T-cell speci�city [3].

All TCRs make up the TCR repertoire, re�ecting the immune status of an individual and associating with
human health. Analyzing general features of TCR repertoire (e.g., diversity and V/J gene usage) and
discovering key TCR CDR3 sequences can contribute to a understanding of immune response [4] and
support further clinical development of immunotherapy [5]. For example, the diversity of TCR repertoire is
considered a potential biomarker for tracking the response to immunotherapy [6]. Features of TCR beta
chain (TRB) can also assist cancer early-stage diagnosis [7] and treatment selection [8]. TRB has been
used to detect malignant clones in some blood diseases and demonstrated better sensitivity and
accuracy than traditional methods [9]. Additionally, discovering disease-speci�c TCR sequences could
help to make TCR-engineered T-cells speci�cally recognize tumor antigens [10].

Currently, the post-processing of TCR repertoire data to reveal the function of T cells in the immune
microenvironment has gained more attention. Various methods have been developed for analyzing and
visualizing general features of TCR repertoire, such as ImmunExplorer [11], tcR[12], VDJtools [13], and
VDJviz [14]. Some methods such as TCRdist [15], GLIPH [16], and GIANA [17], focus on identifying
antigen-speci�c TCR by TCR similarity. Other methods, IGoR [18] and OLGA [19] could calculate
generation probabilities of TCR amino acid sequences. However, these methods can only be run locally
and are di�cult to users without programming skills.

Therefore, it is essential to develop an online platform integrating all these TCR analysis methods for
comprehensive TCR analysis. In this study, we propose TCRosetta
(http://bioinfo.life.hust.edu.cn/TCRosetta/), a powerful server for analyzing and annotating the TCR
repertoire based on big data.

Methods

TCRosetta overview
TCRosetta is a user-friendly and powerful server for analyzing and annotating the TCR repertoire.
Because the TRB has higher diversity than TCR alpha chain, most TCR-Seq data only focus on the
TRB [20]. Thus, all analyses for TCR repertoire in TCRosetta refer to the TRB. TCRosetta supports several
input formats, including CDR3 sequence list, AIRR-compatible formatted �le, .csv/.tsv formatted �le, as
well as output �le from TCR extraction software like MiXCR [21], CATT [22], IMSEQ [23] and RTCR[24]. The
input data will �rstly get through pre-processing to ensure data quality (Figure 1A). TCRosetta provides
two modes of analyses for TCR repertoire. The general analyses include repertoire diversity, CDR3 length
distribution, V/J gene usage, V-J gene utilization, and clonality (Figure 1B). The advanced analyses
contain network analysis, public analysis, embedding analysis, and enrichment analysis (Figure 1C). 

Data pre-processing
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All input TCR sequences are further processed to ensure the reliability and quality of the sequences. The
quality control will be performed based on the following rules: (i) Identical CDR3 sequences with different
V/J genes will be merged and only keep the V/J gene with the highest frequency; (ii) Different alleles of
the same V/J family will be merged and only keep the family information; (iii) Only sequences containing
the V gene, J gene, and complete in-frame CDR3 sequences will be retained; (iv) The complete CDR3
sequence should begin with the cysteine (C), end with the phenylalanine (F) or tryptophan (W) and
contain no stop codon according to the IMGT (ImMunoGeneTics) rules [25]; (v) Then the low-quality
CDR3 sequences with length less than 8 and greater than 24 will be removed. 

Measure TCR repertoire diversity by Renyi entropy
The diversity measures the number of distinct clones and their frequencies in the T-cell repertoire. We
adopt the widely used Renyi entropy to quantify the TCR repertoire diversity [26]. Renyi entropy can
graphically represent the distribution of abundant clones and rare clones within a given repertoire, in
addition to assigning a numerical value to repertoire diversity. Here   is the frequency of the sequence in
TCR repertoire;   is the number of unique sequences in TCR repertoire;   is the base of the logarithm, which
determines the choice of units of entropy measure. The order   sets the degree of sensitivity of the
diversity index to sequences abundance in TCR repertoire, as shown in formula (1). When  , all sequences
are weighted equally. The entropy measure becomes a function of the number of unique sequences, but
not dependent on their abundance. When  , the Renyi entropy is equivalent to the Shannon entropy.

 

The TCR repertoire clonality analysis
Aside from the diversity of TCR repertoire, the description of equivalency in species abundance can also
be used to measure the dominance of clones in a repertoire; thus, referred as clonal evenness [27]. The
clonal evenness of a repertoire can be calculated using Pielou’s index, and the complement of clonal
evenness is often used as clonality. Thus, we use 1-Pielou’s index to calculate the TCR repertoire
clonality [28]. A clonal score of 0 represents a maximally diverse population with even frequencies, and a
value close to 1 means a repertoire driven by clonal dominance, as shown in formula (2). Here,   is the
frequency of the sequence;   is the number of unique sequences, and   is the base of the logarithm.

 

Cluster TCR sequence and construct TCR network
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Similarity in TCR CDR3 sequences implies structural resemblance for antigen recognition, which may
share antigen speci�city [29]. Therefore, clustering similar CDR3 sequences is an important way to
identify antigen-speci�c receptors. Although there are a few methods for TCR clustering, GIANA is the
best tool for clustering large scale TCR repertoire (> 106 sequences) with higher clustering accuracy,
speci�city and e�ciency[17]. GIANA converts the sequence alignment and clustering problem into a
classic nearest neighbor search in high-dimensional Euclidean space. Thus, we integrate the GIANA into
network analysis in TCRosetta to cluster TCR sequences and then construct TCR network. The work�ow
of network analysis contains the following steps: (i) Use GIANA to cluster similar CDR3 sequences; (ii)
Use the Muscle [30] to align sequences obtained in the previous step and then convert it to a distance
matrix by calculating Hamming distance between these sequences; (iii) Transform the distance matrix
into a adjacency matrix, where two sequences are connected if their Hamming distance is less than 3; (iv)
Construct network by igraph (https://igraph.org/) based on the distance matrix from the previous step; (v)
Calculate the betweenness of each node in the network by betweenness centrality, which is a measure of
the centrality in a graph based on the shortest paths and re�ects the control of the node in graph theory;
(vi) Mix the betweenness and degree as the weight of a node in the network; (vii) Use the random walk
algorithm [31] to discover network communities in the TCR network.

Calculate public score of TCR sequence
Each TCR sequence can be generated in a large number of ways, comprising the recombination of V(D)J
segments, random insertions and deletions [18], which make the generation process cannot be described
exactly. High-throughput sequencing of large TCR repertoires has enabled the development of methods to
predict the probability of generation by V(D)J recombination. Among several methods calculating the
generation probability of TCR sequence, OLGA [19] is the best one balanced the accuracy and e�ciency
by dynamic programming methods. Therefore, we apply OLGA to calculate the generation probability in
TCRosetta. We de�ne the public score as the generation probability of a TCR sequence generated in
healthy individuals to re�ect the healthy degree of the sequence. The parameters of OLGA model were
trained by a background, which consists of 5,000,000 randomly selected TCR sequences from healthy
samples in TCRdb [32]. The Mann–Whitney U test is used to compare the difference in the public score
distribution between input data and background to distinguish whether the input data are healthy.

Embedding analysis based on 3-mer TCR motif
Previous studies demonstrated that only partial CDR3 sequences called “motifs” would contact speci�c
peptides, which forms a part of the TCR speci�city [33]. Based on this observation, we employ the k-mer
(k = 3) abundance distribution of a TCR repertoire to represent the feature of the TCR repertoire. Each TCR
repertoire is represented by a distribution of 3-mer abundance over 203 = 8000 dimensions. Such high
dimension has more speci�city information of TCR repertoire but also introduces lots of noise in the data.
Among those dimensionality-reduction methods, PHATE [34] generates a low-dimensional embedding
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speci�c for visualization, which provides an accurate, denoised representation of a TCR repertoire, and is
highly scalable both in memory and runtime. Therefore, we apply PHATE to embedding TCR repertoire in
TCRosetta.

We use the TCR data of eight diseases (Breast cancer, COVID-19, Crohn’s disease, Melanoma, Yellow fever
vaccine, classical Hodgkin lymphoma, Non-small cell lung cancer and Cytomegalovirus) in TCRdb to train
a PHATE model to learn the embedding representation of k-mer abundance distribution of TCR repertoire.
We perform the following steps for training the model. (i) For each sample, split all sequences into 3-mer
using a sliding window with step length 1; (ii) Count all 3-mer motifs to form a TCR motif count matrix
and exclude samples with either an extremely large (top 20%) or small number (bottom 20%) of motifs;
(iii) Filter out motifs that do not appear in more than 50% of the disease samples because that a disease-
speci�c motif should be present in most of samples of this disease; (iv) We use the Mann–Whitney U test
with P-value > 0.05 to calculate the difference between the motifs distribution of healthy samples and
disease samples to �lter out non-disease-speci�c motifs; (v) Remove the batch effect by scprep
(https://scprep.readthedocs.io/en/stable/index.html) and normalize using Z-score for integrating the
motif count matrix from eight diseases; (vi) Use PHATE to train a distribution model. For input data, we
split all sequences into 3-mers using a sliding window and count all 3-mers motifs to form a TCR motif
count matrix. We then embed the matrix into two-dimensional space by our pre-trained model (described
above) to obtain its position in the two-dimensional distribution and to discover its possible disease
information.

Annotation-based disease preference evaluation
The existing amount of TCR sequences with clinical information motivates us to further explore the
possibility of annotating clinical information for unknown samples, which is a function missing in all
current tools. The annotation function in TCRosetta allows users to search multiple CDR3 sequences in
our reference consisting of 244 million high-quality and annotated CDR3 sequences over 55 clinical
conditions. We use Elasticsearch (https://www.elastic.co/), a fast and distributed search engine for all
types of data, to quickly and exactly search in large scale CDR3 sequence data. Because only a few CDR3
sequences are potential disease-speci�c sequences and they are usually cloned with relatively high
frequencies in a TCR repertoire [35]. TCRosetta only keeps the top 3000 (sorted by frequency) sequences
for fuzzy search with 0 or 1 mismatch amino acid for CDR3 sequence annotation. We then perform
statistics to access potential disease preferences based on annotation results. Because sequences
annotated for different diseases are more likely to be nonspeci�c sequences, we exclude sequences
annotated with more than �ve different diseases in the above annotation results. Then we calculate the
number of unique sequences for each disease in the upload sample. To further investigate the possible
disease preference for the upload data, we use the Fisher Exact test to calculate   for disease  , which
represents the signi�cance of difference between input data and reference, as shown in formula (3). Only
diseases with   will be left. We calculate the   for each disease , which represents the number of
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sequences annotated with this disease. Here   is the number of total sequences in annotation result,   is
number of total sequences in reference.   is the number of sequences for disease  in reference.

 

Results

Input
TCRosetta provides a user-friendly �le manager for users to upload and manage data (upload, remove,
and clear). TCRosetta supports three different types of input data: (i) Output �le of MiXCR [21], IMSEQ
[23], CATT [22] or RTCR [24]; (ii) CDR3 sequences list; (iii)  AIRR-compatible formatted �le and .csv/.tsv
formatted �le. The resulting �le from MiXCR, IMSEQ, CATT and RTCR can be directly uploaded from the
user local machine on the “Analysis” page by clicking the “Choose �le” button. File or data uploaded by
users will be deleted after 24 hours. Users can also download example �les by clicking the download
button or “Run example” to run the example directly. To meet different needs of users and save time, we
developed two analysis modes in TCRosetta. If users would like to annotate their interested sequences
instead of analyzing the entire TCR repertoire, they could enter CDR3 sequences in the input box and
select Annotation, Enrichment analysis, and Public analysis. If users would like to analyze TCR repertoire
and discover possible disease-speci�c CDR3 sequences, users could upload the TCR repertoire directly
and additionally select Network analysis, General analysis of the TCR repertoire and Embedding analysis
(Figure 2A).

Download
TCRosetta allows users to download the analysis results. By clicking the “Export to TSV” button below
the data table in analysis results, users can download data in “.tsv” format and open it in Excel. The
download data contain TCR sequences information. TCRosetta also allows users to download charts by
clicking the download icon in the upper right corner of the chart.

General analysis of TCR repertoire
Some changes like diversity and clonality allow for sensitive tracking of dynamic changes in antigen-
speci�c T-cells and help to predict response to immunotherapy [36]. TCRosetta provides general feature
analyses for the TCR repertoire: (i) the CDR3 length distribution; (ii) TCR diversity (calculated by Renyi
entropy); (iii) the V-J gene utilization; (iv) the sequence logo of the �rst and last �ve amino acids of CDR3
sequences; (v) the V/J gene usage; (vi) the clonality and its’ distribution; (vii) the top ten CDR3 clonotypes
by frequency (Figure 2B). TCRosetta also provides a background sequence and V/J gene reference, which
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are 100000 CDR3 sequences and TRB V/J genes randomly selected from healthy samples in TCRdb
database. The reference CDR3 sequences are used to �nd the difference between the input data and
background.

Public analysis for calculating probability generated from
healthy individuals
Due to the high diversity of TCR, most TCRs are private to individuals and don’t exist in other individuals.
However, some TCRs are shared by multiple individuals, called public TCRs. Previous studies presented
that public TCR sequences may be associated with self-related immunity [37] and SARS-CoV-2 epitopes
[38]. In public analysis, TCRosetta calculates the public score (details in Methods) of a CDR3 sequence
and obtains the TCR repertoire public score distribution using OLGA. TCRosetta also calculates the
signi�cance of the difference in public score between sample and background to determine whether there
is skewing in the public score distribution of input samples (details see Methods). The public analysis
results are shown in tables and graphs (Figure 2C). The public score distribution of the sample is
displayed in an interactive box chart. The red and black colors are the distribution of sequences in
samples and background, respectively. The P-value is shown at the top of the boxplot, with the higher P-
value indicating that the input data are less likely to be generated from healthy individuals. The
relationship between public score and frequency of sequences in TCR repertoire is displayed in a scatter
chart. The public scores of sequences are displayed in a dynamic table with a �ltering function. 

Embedding analysis for discovering TCR disease
information
CDR3 is the main peptide-contacting region of TCR and the distribution of CDR3 sequence motifs may
re�ect the disease-speci�c information (43). TCRosetta splits all CDR3 amino acid sequences in upload
data into 3-mer to reveal possible disease speci�city from CDR3 motif distribution and obtain a high-
dimensional distribution of motifs. Then, TCRosetta embeds it into a pre-trained model PHATE (details
see Methods). The embedding analysis result is shown in a scatter chart, where different colors represent
different diseases. We used a lung cancer data set from immunoACCESS to evaluate the function of the
embedding analysis. We embedded the data set into two-dimensional space by our pre-trained model and
found that the points of the data set exactly fell in the region of Non-small Cell Lung Cancer (NSCLC)
samples (Figure 2D).

Annotation and Enrichment analysis for annotating unknown
sample
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TCR-Seq has been developed rapidly and a large number of TCR-Seq data with disease information are
available in public. An important issue is how to use such a large amount of TCR sequences to annotate
the disease condition of unknown samples. TCRosetta annotates sample by batch search similar TRB
CDR3 sequences in reference and then annotates sample disease information based on the statistic of
search results (details in Methods). Results of annotation are displayed in a dynamic table with �lter and
export function on the “Annotation by batch search” page. Users can �lter the table by selecting disease
or inputting interested CDR3 sequence and export the table with TSV format by clicking the “Export to
TSV” button. The statistics for search results are displayed on the “Enrichment analysis” page as follows.
1) The enriched disease distribution of upload data is displayed in a treemap (Figure 2E). Different
square colors represent different diseases, and the size of the square is the number of unique sequences
annotated with this disease. Users can further browse the CDR3 sequence, Vregion, and Jregion usage by
clicking the square. 2) The corrected enriched disease distribution is shown in a pie chart. The size of the
sector represents the ratio of the disease. 3) The result of the Fisher exact test is represented in the table
sorted by the signi�cance from largest to smallest. Each row represents a disease, and each column
contains the Condition, P-value, and Effect Size. A large effect size means that a �nding has practical
signi�cance. Users could discover the possible disease information of the upload data through the P-
value and Effect size.

Network analysis for clustering similar CDR3 sequences
In TCRosetta, the upload TCR repertoire will be transformed to a TCR network to visualize similar
sequences. The TCR network is displayed in an interactive and zoomable chart. Each node represents a
unique CDR3 sequence, and the edge between two nodes represents the Hamming distance of two
sequences less than 3. The node size indicates the node importance and different colors of nodes
represent different communities (modules) in the network (Figure 3A). The similarity of sequences within
a community is greater than that outside the community. The sequences of the network are displayed in a
dynamic table with �ltering and exporting functions (Figure 3B). To better observe the usage of amino
acids in each position on the CDR3 sequence, we make the sequence logo of each cluster in network to
show the position weight matrix of the complete CDR3 sequence, re�ecting cluster conservation (Figure
3C).

Case study: analyses of TCR repertoire for an
immunotherapy dataset by TCRosetta
To illustrate the powerful function of TCRosetta in TCR repertoire analysis, a dataset of anti-PD-1
immunotherapy for oral carcinoma [39] has been used, including 10 pre-treatment samples and 10 post-
treatment samples. A total of 136,992 and 174,885 TRB CDR3 sequences with V, J gene usage were
obtained for pre-treatment and post-treatment sample, respectively. Two groups were separately
uploaded into TCRosetta with all analyses selected. The results were summarized in Figure 4. There is no



Page 10/20

difference between the two groups on the CDR3 length distribution. By comparing the two groups, we
observed trends of the lower diversity upon anti-PD-1 treatment (Figure 4A). For clonality, the post-
treatment’s clonality increases during the treatment, which is consistent with the original study,
suggesting T cell clonal expansion could be bene�cial in oral carcinoma immunotherapy. Next, we
compared the clonal expansion of CDR3 sequences between the two groups. The CDR3 sequence with
highest clonal frequency in the pre-treatment group (CASSEEAGTIYEQYF) is different with the post-
treatment-group (CATSRESPGQGIDEQ) (Figure 4B). Then, we explored V and J gene pairing usage bias
for two groups. In the pre-treatment group, the most frequently used V-J gene pairing segment is TRBV5-
1/TRBJ1-2, while in the post-treatment group, it is TRBV15-1/TRBJ2-1 (Figure 4C). For every single V and
J gene segment, there are some V and J gene segments with increased or decreased frequency in the
post-treatment group comparing with the pre-treatment group, such as TRBJ1-1, TRBJ1-2, TRBV7-9 and
TRBV21-1 (Figure 4D). These differences in V/J gene usage may help predict immunotherapy response.
Finally, we studied the potential disease-speci�c CDR3 sequences by clustering similar CDR3 sequences
in the pre-treatment group and the post-treatment group. We found that the distributions of network
nodes are different in the two groups, potentially supporting the unique function of TRB CDR3s in antigen
recognition. For each CDR3 cluster in the network, we observed that “GTG” is the conserved residues
based on the distribution of amino acid usage frequency in the pre-treatment group, which could be
favorable residues for antibody-antigen binding (Figure 4E). 

Web implementation
For the website front end, we use Vue.js (https://vuejs.org/), a progressive JavaScript framework, to build
the web server and communicate with user clients. The website is designed to be user-friendly with six
pages: Home, Analysis, Document, Help, Contact, and Result. The main pages are Analysis, Result, and
Help. On the Analysis page, users can upload a �le or input a CDR3 sequence list to analyze. The Result
page shows the interactive charts using Echarts (https://echarts.apache.org), a free, powerful charting,
and visualization library. The manual of the webserver is on the Help page. For the back end, we build the
webserver using Flask (https://�ask.palletsprojects.com/en/2.0.x/) and Python 3.7
(https://www.python.org/). Flask is a lightweight web application framework.

Discussion And Conclusions
Analysis of the TCR repertoire may help to gain a better understanding of the immune system. However,
the huge increase in analysis methods requires extensive skills in bioinformatics and programming. Thus,
we developed a comprehensive T-cell repertoire analysis platform: TCRosetta. TCRosetta could not only
analyze the features of TCR repertoire and display them in interactive plots but also is the �rst platform
with batch search function and TCR annotation function.

TCRosetta can be applied to many situations. For example, calculating the features (CDR3 sequence
length distribution, diversity, V-J utilization, and clonality) of the TCR repertoire can be used as
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biomarkers for predicting response to immunotherapy [36]. Besides, Network analysis could help to
identify T-cell clones speci�c to the tumor by clustering similar TCR sequences, which could play an
important role in some tumor immunotherapy and TCR-T therapy [29]. Moreover, Public analysis in
TCRosetta may assist in predicting the autoimmune disease prognosis by discovering TCR CDR3
sequences shared between individuals associated with self-related immunity [37].

TCR beta chain has the highest diversity and plays an important role in tumor antigen recognition. Some
studies have shown that TCR alpha chain also has function in tumor antigen recognition. TCRosetta
mainly studies the features on the TCR beta chain and ignores the alpha chain, which may limit the its
usage. TCRosetta integrated More than 244 million reliable TRB CDR3 sequences with clinical condition
in annotation reference, which make it possible to annotate TCR repertoire with big data. But due to the
high diversity of TCR in human body (range from 1012 to 1018), these data are not su�cient to annotate
all TCRs. With the development of TCR studies, we will continue to add more analysis functions for the
TCR repertoire analysis and support more TCR pro�ling tools. Future updates will further improve the
data volume of the reference to ensure that more TCR sequences could be annotated. We believe that
TCRosetta would facilitate TCR-related research and clinical applications.
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Figure 1

Overview of TCRosetta. (A) Input data format and pre-processing in TCRosetta. TCRosetta supports
several input formats, including TCR sequence list and output �les from TCR extraction software like
MiXCR, CATT, and IMSEQ. Data pre-processing is used to obtain reliable and high-quality TCR sequences.
(B) The general analysis for TCR repertoire in TCRosetta includes diversity, clonality, clonetype, V/J
usage, V-J gene utilization and CDR3 length distribution. (C) The advanced analysis in TCRosetta
contains network analysis, embedding analysis, public analysis and enrichment analysis.
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Figure 2

Functional web pages of TCRosetta. (A) Analysis page. Users can input their interested TCR sequences or
upload �le for analysis. (B) TCR repertoire general analysis. The TCR repertoire features of the upload �le
include V/J gene usage, diversity, clonality and so on. (C) Public analysis. Calculate the public score for
TCR sequences. (D) The result of embedding analysis on an independent test set. The legend is at the
bottom left of the picture and “New” in the legend represents the samples in the test set. The green points
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in the red box are the result of embedding analysis for samples in the test set. (E) Annotation analysis
and enrichment analysis, Users can annotate their interested TCR sequences and obtain enriched disease
information for TCR repertoire. 

Figure 3

Results of network analysis in TCRosetta. (A) Network of TCRsequences. Red nodes are hub sequences.
(B) Table of hub sequences. Each column contains CDR3 sequence, Vregion, Jregion, cloneFraction, and
Ratio. (C) Sequence logo of hub sequences in the network.
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Figure 4

A case study analyzing T-cell receptor repertoire by TCRosetta. (A) The Renyi diversity plots of the pre-
treatment group and the post-treatment group. The gradient of the slope increases as the distribution of
the repertoire becomes more monoclonal. (B) The TRB CDR3 clone type distribution in the pre-treatment
group and the post-treatment group. The top1 clone has been shown in the �gure. (C) The TRB V-J gene
pairing usage of two groups. The color represents the frequency, where darker color represents higher V-J
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gene pairing usage. The top1 V-J gene pairing usage is shown in the �gure. (D) The TRB V gene usage in
two groups. (E) The network and sequence logo of the pre-treatment group and the post-treatment group.
TRB CDR3 sequences and sequence logo of cluster in network (black box) are shown at the right of the
network. Conserved CDR3 motif residues in the middle are highlighted in red in CDR3 alignments. 


