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Abstract

Single-cell sequencing technologies provide us with information at the level of individual cells. Combining single-cell RNA-seq and single-cell TCR-
seq profiling enables the exploration of cell heterogeneity and T-cell receptor repertoires simultaneously. Integrating both types of data can play
a crucial role in enhancing our understanding of T-cell-mediated immunity and, in turn, facilitate the advancement of immunotherapy. Here, we
present immunopipe, a comprehensive and flexible pipeline to perform integrated analysis of scRNA-seq and scTCR-seq data. In addition to the
command line tool, we provide a userfriendly web interface for pipeline configuration and execution monitoring, benefiting researchers without
extensive programming experience. With its comprehensive functionality and ease of use, immunopipe empowers researchers to uncover
valuable insights from scRNA-seq and scTCR-seq data, ultimately advancing the understanding of immune responses and immunotherapy

development.

Introduction

T cells play an essential role in the adaptive immune system
and are critical for the success of immunotherapy. The im-
mune system safeguards our bodies from various illnesses,
including cancer, by generating a diverse list of T-cell recep-
tors (TCRs) through V(D)J recombination. These TCRs en-
able T cells to recognize and target specific antigens [1]. To
study the diversity and clonality of the TCR repertoire at the
single-cell level, single-cell TCR-sequencing (scTCR-seq) has
emerged as a powerful technique [2]. Additionally, single-cell
RNA sequencing (scRNA-seq) allows for the analysis of gene
expression in individual cells, providing insights into cellular
heterogeneity and functional states [3]. By integrating scRNA-
seq and scTCR-seq data, researchers can gain a comprehensive
understanding of T-cell-mediated immunity and its potential
applications in immunotherapy [4, 5].

Recent advances in single-cell sequencing have enabled
the simultaneous capture of transcriptomic profiles and TCR
repertoires, which is crucial for understanding immune cell
heterogeneity, clonal dynamics, and mechanisms underlying
immunotherapy response and resistance. Although a few
tools, including Dcirpy [6], Dandelion [7], Playtpus [8],
scRepertoire [9], and immunarch (https://immunarch.com/),
are available to analyze these data, immunopipe incorpo-

rates novel analytical steps—such as the physiochemical at-
tribute analysis of CDR3 sequences and the incorporation
of TESSA for phenotype-associated TCR repertoire analy-
sis. The pipeline’s comprehensive design supports both qual-
ity control and downstream analysis, including differential
gene expression (DGE), gene set enrichment analysis (GSEA),
and metabolic landscape analysis. thereby addressing a
broader spectrum of analytical needs compared with existing
implementations.

In this work, we have developed a flexible pipeline named
immunopipe that facilitates the analysis of scRNA-seq and
scTCR-seq data, empowering researchers to unlock valuable
insights and accelerate the development of immunotherapeu-
tic strategies. With its user-friendly web interface and compre-
hensive functionality, immunopipe is accessible to researchers
with varying levels of programming experience.

Materials and methods

Immunopipe is implemented on top of pipen (https://github.
com/pwwang/pipen), a flexible and extensible pipeline frame-
work written in Python (https://python.org). Its architecture
makes it easier to build complex workflows by breaking them
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down into smaller and reusable processes. The extensibility of
pipen enables a variety of plug-ins that add to its already com-
prehensive capabilities. Immunopipe benefits from two partic-
ularly essential plug-ins, namely pipen-report (https://github.
com/pwwang/pipen-report) which streamlines the process of
organizing and generating reports for pipelines, and pipen-
board (https:/github.com/pwwang/pipen-board) which sup-
plies a user-friendly web interface for configuring the pipeline,
starting and monitoring the execution.

The implementation of each process is not restricted by
programming languages, allowing for the incorporation of
existing tools and packages. Immunopipe wraps both exist-
ing tools and in-house scripts to perform the analysis. Seurat
(https://satijalab.org/seurat) is the core tool for the pipeline,
not only for the common practices of scRNA-seq data analy-
sis but also for data integration. The TCR clonal information
is loaded into the Seurat object as metadata at the cell level and
passed down to the downstream analysis. Enrichr [10] is used
for enrichment analysis, and fgsea [11] is employed for GSEA.
Automated cell type annotation is performed using scCATCH
[12], sctype [13], celltypist [14], or hitype (https://github.com/
pwwang/hitype). The scTCR-seq data are loaded into the
pipeline by immunarch (https:/immunarch.com), which per-
forms basic analysis, including statistics on TCR clones, di-
versity metrics, gene usage, repertoire overlap, and clonotype
tracking. Clustering by TCR sequences is conducted by GI-
ANA [15] or clusTCR [16]. Metabolic landscape analysis
is performed by the pipeline provided by Xiao et al. [17],
which is modified to fit into immunopipe. The physicochem-
ical attribute analysis of the CDR3 amino acid sequences is
performed using TiRP [18]. TESSA [19] is incorporated to
identify the phenotype-associated TCR repertoire. The sub-
sequent analyses and visualizations are conducted using in-
house scripts, which include T-cell selection, visualization of
gene expression patterns, and exploration of cell distribution
across different cell types.

We provide the documentation for immunopipe online as
a manual and a web interface to generate the configuration
file, where the description of the options is shown immedi-
ately upon focus. To illustrate the utilization of immunopipe
in the analysis of scRNA-seq and scTCR-seq data, we provide
an illustrative example employing a publicly available dataset
[5] (see Data availability). The example includes a minimal
configuration file with only the necessary configuration for
running the pipeline, ideal for a quick start, and other con-
figuration files with different options enabled, which can be
used as a reference for users to adjust the parameters to suit
their specific needs. It also contains the results and report gen-
erated by the pipeline, which can be viewed online (see Data
availability). We have also compiled a gallery of repositories
containing the configuration files for the pipeline and the re-
sults of the reanalysis of nine publicly available datasets (see
Data availability).

Results

Abstraction of the analysis for scRNA-seq and
scTCR-seq data

The abstraction of the analysis enhances the robustness and
flexibility of the pipeline. Figure 1 illustrates the fundamental
analyses implemented in immunopipe by showcasing repre-
sentative sample figures for key steps, including the common

steps for scRNA-seq and scTCR-seq data (marked as essential
processes in Supplementary Figures S1 and S2), respectively. T-
cell selection is performed to avoid bias introduced by non-T
cells. The selected T cells are then re-clustered and integrated
with the clonal information. Various downstream analyses,
including DGE and GSEA, are performed for the integrated
data. In addition, the pipeline includes innovative approaches
from recent methodological advancements in the literature.

Common practices for scRNA-seq data analysis

The scRNA-seq data analysis starts with quality control to
assess the overall data quality and identify potential outliers
or technical artifacts. Several metrics commonly used by the
community [20] are included, such as the number of cells
with expression for a gene and, for individual cells, the num-
ber of features and the proportion of mitochondrial, riboso-
mal, hemoglobin, and platelet genes [20]. Normalization, sam-
ple integration, dimension reduction, and clustering are con-
ducted to group cells with similar expression profiles, which
aids in identifying distinct cell types or populations. The mark-
ers of the clusters and the enriched pathways offer valuable
insights into the functional states and potential roles of var-
ious cell subsets, thereby aiding in cell population identifica-
tion. Additionally, the cell type annotation process can be au-
tomated or achieved using supervised clustering by mapping
the cells to well-annotated reference datasets.

Common practices for scT'CR-seq data analysis

The scTCR-seq data analysis starts with basic analysis and
statistics of TCR clones, such as the number of unique TCRs,
clonality, and diversity metrics. Advanced analysis, such as
gene usage, clonotype change tracking, expanded or enriched
TCR clone identification, and repertoire overlap detection be-
tween different samples or conditions, can be performed sub-
sequently. The clone residency analysis is useful to examine
the presence and persistence of T-cell clones across different
samples or time points [5]. V-] usage plots investigate the V-]
gene conjunction patterns within the TCR sequences, shed-
ding light on the repertoire diversity and potential antigen
specificity [21]. Moreover, clustering based on the TCR se-
quences allows identification of T-cell clusters or refinement
of clonotypes, aiding in characterizing specific T-cell popula-
tions [15, 16].

T-cell selection

To integrate scTCR-seq data with scRNA-seq data and avoid
the bias introduced by non-T cells, a T-cell selection process
allows for the seamless integration of T-cell populations with
scRNA-seq data. Cells are first clustered and T cells are se-
lected based on the clonotype percentage in each cluster from
scTCR-seq data and the expression of marker genes, includ-
ing positive markers CD3E, CD3D, and CD3G [22], and neg-
ative markers, or exclusive markers for other cell types, such
as CD14, CD19, and CD68 [23]. The selected T cells are then
re-clustered and analyzed following the common practices for
scRNA-seq data analysis.

Integration of scRNA-seq and scTCR-seq data

Immunopipe integrates scRNA-seq and scTCR-seq data
through cell barcodes so that the TCR repertoire can be
explored with different cell types annotated by scRNA-seq
data. For example, we can compare the diversity of TCR
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Figure 1. lllustration of analysis by immunopipe. The analysis initiates with quality control (QC) of scRNA-seq data, followed by comprehensive data
integration. Dimensionality reduction techniques are subsequently applied, facilitating clustering and annotation or supervised clustering of the data.
Concurrently, single-cell TCR profiling encompasses clonality analysis and diversity assessment. The tracking of TCR clones over time, VJ gene usage,
and clustering of TCR repertoires further refine the analysis. The integration of T-cell selection data from both scRNA-seq and TCR profiling is centrally
depicted, highlighting an innovative approach for comprehensive analysis. The outputs, illustrated in the bottom panel, include cell composition, clone
residency, differential gene expression (DGE), gene set enrichment analysis (GSEA), and other analyses. This integrated methodology delivers an

in-depth understanding of immune cell heterogeneity and dynamics.
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Table 1. Publicly available datasets reanalyzed by immunopipe
No. of No. of No. of No. of matched

GEO Condition individuals samples cells TCR sequences Reference
GSE144469 Colitis and therapy 22 22 75 569 68 760 [24]
GSE176201 COVID-19 lung tissue 5 6 34781 23081 [21]
GSE180268 HPV and head and neck cancer 6 19 53303 26 844 [20]
GSE114724 Breast cancer 3 N 28 341 24 039 [25]
GSE161192 Lewy body dementia 2 4 6438 5642 [19]
GSE179994 Anti-PD-1 therapy in lung cancer 38 47 150 849 77 030 [4]
GSE148190 Skin cancer 1 2 8794 4904 [23]
GSE139555 Anti-PD1 therapy 14 32 194 519 67 700 [5]
GSE145370 Esophageal cancer 7 14 108 226 35449 [22]

clones between different cell types or identify the TCR clones
specific to a given cell type. In addition, it is possible to per-
form further analysis that involves clinical phenotypes, such as
immunotherapy response. This analysis helps identify clones
linked to specific clinical phenotypes, aiding the development
of therapeutic strategies.

Differential gene expression analysis and gene set enrichment
analysis

DGE analysis is a common practice in scRNA-seq data anal-
ysis. It allows for the identification of genes that are differ-
entially expressed between two groups of cells, providing in-
sights into the functional differences between these groups.
GSEA is widely used to gain deeper insights into the functional
states of cells and the underlying biological mechanisms. Us-
ing DGE analysis and GSEA, immunopipe enables researchers
to understand the functional states of cells comprehensively.

Incorporation of innovative approaches

Additionally, immunopipe incorporates innovative methods
that were introduced in recent publications. Metabolic land-
scape analysis at single-cell resolution [17] is designed to
study metabolic programs in single cells. Physiochemical at-
tribute analysis of the CDR3 amino acid sequences can be
performed by comparing two groups of cells, typically regula-
tory T cells and resting conventional T cells. It quantifies hy-
drophobicity, isoelectric point, and volume of the amino acids
in CDR3, which are associated with the self-reactivity of the
TCR [18]. TESSA [19] characterizes the TCR repertoire by
embedding TCR sequences and integrating them with scRNA-
seq data, which has shown superiority over methods using
TCR sequences only, in associating TCR clones with clinical
phenotypes.

Flexible configuration and execution options
Immunopipe offers significant flexibility at various levels,
from the overall workflow based on input data to the de-
tailed configuration of specific analyses. Although it is pri-
marily designed to analyze scRNA-seq and scTCR-seq data
(as demonstrated in Supplementary Figure S1), immunopipe
can be used for scRNA-seq data analysis alone (as shown in
Supplementary Figure S2). The essential analyses that adhere
to common practices are mandatory, while most other anal-
yses are optional. Additionally, immunopipe offers granular
control of each analysis, enabling users to adjust the parame-
ters to align with their research design. Many parameters are
pre-configured with carefully selected values, making the anal-
ysis process flexible and straightforward.

The analysis performed by immunopipe heavily relies on
the cell grouping information within the data that could be
retrieved from scTCR-seq and clinical data. Users can directly
reference the relevant variable from the metadata in the con-
figuration, aligning with their specific research requirements.
It is also possible to derive new variables in the configuration
from existing variables by modifying the metadata, which can
subsequently serve as grouping information for future analy-
sis, adding another layer of flexibility. Moreover, data filtra-
tion is allowed through configuration, which enables focusing
on a subset of cells of interest.

In addition to running on a local machine, immunopipe
is equipped with built-in executors, including Sun Grid En-
gine, Slurm Workload Manager, and SSH. Docker images were
compiled (see Code availability) to enable seamless deploy-
ment across diverse computing environments. It also simpli-
fies the installation procedure and mitigates the potential for
dependency conflicts which can be a big hurdle for less expe-
rienced users.

The pipeline generates reports in HTML format, which can
be easily delivered or hosted on a server for easy access and in-
terpretation. Immunopipe is also accompanied by a web inter-
face, which facilitates effortless configuration file generation,
and initiation and monitoring of the execution. This interface
streamlines the analysis process and provides convenient ac-
cess to log files, intermediate results, and final reports. The
web interface offers detailed descriptions of each configura-
tion option, allowing users to make informed decisions and
adjust the parameters to suit their needs.

Reanalysis of publicly available datasets

To demonstrate the capabilities of immunopipe, we have rean-
alyzed nine publicly available datasets [4, 5,24-30] (see Data
availability). The datasets are provided with both scRNA-
seq and scTCR-seq data. However, it is noteworthy that the
study by Luoma et al. [29] contains an additional dataset with
scRNA-seq data only (CD45+ cells), which can also be an-
alyzed by immunopipe. The datasets cover not only cancer
but COVID-19 cases. The number of samples in each dataset
ranges from 2 to 47, and of individuals from 1 to 38; the
number of cells varies from 6438 to 194 519 and the number
of matched TCR sequences from 5642 to 77 030 (Table 1).
To demonstrate the scalability and efficiency of immunopipe,
we benchmarked computational performance metrics, includ-
ing runtime and memory usage, for each analytical step (see
Supplementary Table S1).

The primary aim of the reanalysis is to demonstrate the
capabilities of immunopipe, and provide a reference for re-
searchers to adjust the parameters, visualize the correspond-
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ing results, and facilitate the interpretation of the results. The
reanalysis is not a reproduction of the analysis in the original
publications, and the results may not be directly comparable.
This is due to the lack of transparency in some publications
regarding the pre-processing steps and the use of different pa-
rameters in the analysis. Moreover, the tools used in the orig-
inal analyses may have been updated since the publication,
which can also lead to differences in the results. The configu-
ration files, results, and reports for the reanalysis are available
in each repository (see Data availability).
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documentation can be found at https://pwwang.github.io/
immunopipe/. The docker image for immunopipe is also
available on Docker Hub (https://hub.docker.com/r/justold/
immunopipe).
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