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immune system’s recognition of pathogens as well as 
antigens, and their analysis can provide valuable insights 
into areas such as treatment efficacy in cancer and other 
diseases [1–3]. An immense clonal diversity arises from 
V(D)J recombination, which results in the hypervariable 
antigen-binding complementarity-determining region 3 
(CDR3). Diversity is further amplified by certain genetic 
mechanisms such as imprecise gene segment junc-
tions or somatic hypermutation in the case of B-cells. 
The outcome is a potential diversity of over 1020 unique 
TCR immune receptor sequences and 1018 unique BCR 
sequences [4, 5]. The collection of TCRs & BCRs within a 
specific individual constitutes its immune repertoire. The 
immune repertoire reflects both the immune history and 

Introduction & background
Lymphocytes are central players in the adaptive immune 
system, and while they have been widely explored from 
a transcriptional perspective, the detailed coupling of 
these profiles with lymphocyte clonality has only recently 
become a focal point of high-resolution immunologi-
cal research. The immune repertoire comprises a vast 
diversity of B-cell receptors (BCRs) and T-cell recep-
tors (TCRs). BCRs and TCRs play a central role in the 
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Abstract
crocketa (single-Cell Repertoire Organization & Combined Kinetics Exploration for Transcriptomic Analysis) is an 
automated and adaptable Snakemake pipeline designed to perform fundamental initial stages of single-cell analysis 
for both transcriptomic and immune repertoire data, with additional steps for detailed assay characterization. 
crocketa stems from the imperative need to devise an optimal methodology for integrating and analyzing single-
cell RNA sequencing (scRNA-seq) alongside single-cell T-cell Receptor (scTCR-seq) or B-Cell Receptor (scBCR-seq) 
data in an automated way by means of state-of-the-art tools. This pipeline encompasses basic steps from primary & 
secondary scRNA-seq along with the incorporation and analysis of immune repertoire, capable of accommodating 
both human and mouse datasets. crocketa addresses this need by providing a reproducible and automated 
framework for integrated analysis of single-cell transcriptomic and immune-repertoire data.
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Graphical Abstract
Schematic representation of crocketa workflow. Created in BioRender: https:/​/BioRen​der.com​/mvj​sfdh

https://BioRender.com/mvjsfdh
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current status of the individual [6–9]. Adaptive immune 
responses to threats involve clonal expansion and selec-
tion of B-cells and T-cells [10]. The repertoire is highly 
dynamic and adaptive, and its study sheds light on the 
disease prognosis and therapeutic outcomes [11]. CDR3 
constitutes the identifier of individual lymphocyte clonal-
ity: lymphocytes with identical CDR3 regions are defined 
as belonging to the same clone [12].

Recent years have seen rapid and unprecedented 
advancements in scRNA-seq technologies, both in tech-
nical capabilities and analytical methodologies. Con-
tinuous improvements in sensitivity, resolution and 
scalability have revolutionized transcriptomics, enabling 
a more precise exploration of cellular heterogeneity 
[13]. Concurrently, high throughput sequencing tech-
nologies have enabled the exponential development of 
methods for immune repertoire accession and analysis, 
leading to a significant increase in the demand for opti-
mal approaches to large-scale clonal analysis [14–16]. 
These advancements now provide the opportunity to 
integrate both data sources, allowing for single-cell 
level insights and exploration of new research horizons. 
The integration of these two technologies facilitates the 
investigation of immune transcriptional heterogene-
ity throughout the disease process while accounting for 
clonality [17].

Recent years have seen significant progress in estab-
lishing benchmarking frameworks for core scRNA-seq 
analytical tasks, such as clustering and feature selection 
[18, 19]. However, while the field has moved toward more 
standardized practices for transcriptomic data itself, the 
integrated analysis of transcriptional states and immune 
repertoires remains hindered by methodological hetero-
geneity [20]. Current approaches to immune repertoire 
analysis often rely on fragmented pipelines, limiting 
seamless integration between transcriptional profiling 
and clonal characterization. While tools such as Bollito 
[21], Platypus [22], and scRepertoire [23] offer partial 
solutions, none provide a unified workflow that enables 
efficient integration of single-cell data while maintaining 
the flexibility to accommodate user-specific analytical 
strategies. Moreover, most existing tools lack state-of-
the-art methodologies for the combined analysis of tran-
scriptional and clonal dynamics.

Here, we introduce crocketa (single-Cell Repertoire 
Organization & Combined Kinetics Exploration for 
Transcriptomic Analysis), an automated workflow based 
on Snakemake [24] that integrates transcriptional and 
clonal analysis within a unified framework. By systemati-
cally combining established tools rather than introducing 
new algorithms, crocketa ensures reproducibility, scal-
ability, and configurable analysis from raw sequencing 
data to integrated insights. Crucially, its ability to cor-
relate transcriptional states with clonal expansion has 

direct implications for cancer immunotherapy, where 
identifying expanded clones associated with exhaustion 
or memory phenotypes could inform cellular therapy 
development. By providing this fully automated, integra-
tive solution, crocketa addresses a critical gap in single-
cell multi-omic analysis pipelines.

Results
The workflow outlined in the Methods section and illus-
trated in the Graphical Abstract yields a wide range of 
results.

crocketa outputs aggregate quality control reports 
from multiple stages of the processing in a MultiQC [25] 
report. Regarding single-cell analysis, a wide variety of 
pdf-formatted visualizations are generated for each stage 
including UMAP visualizations, reporting figures, clonal-
ity-descriptive plots and others. Additionally, each analy-
sis stage performed in Seurat [26] provides its respective 
single-cell object in .rds format for downstream process-
ing. Moreover, statistical results in column-formatted 
files are also created for further inspection. An in-depth 
and comprehensive description of the results is available 
at ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​O​n​c​o​​l​o​​g​y​H​N​J​/​c​r​o​c​k​e​t​a, while key 
transcriptomic and clonal findings are presented below.

Repertoire analysis
Once transcriptomics data is properly processed up to 
the cell clustering step (Fig. 1A), clonal data is integrated 
and analyzed. Initially, clonal single-cell data is summa-
rized in UMAP coordinates, where clonal cells are ranked 
according to certain relative or absolute user-defined 
clonal frequency ranges (default relative values: Single < 
= 10 − 4< Small < = 10 − 3< Medium < = 10 − 2< Large 
< = 10 − 1 < Hyperexpanded < = 1). Bar plots illustrat-
ing clonal diversity results, cell counts, relative propor-
tions and unique number of clones, are generated (Fig. 
1B). In the case of TCRs, viral annotation is performed 
as detailed in the methods section, and results can be 
extracted and visualized for alpha-chain, beta-chain and 
paired-chain viral annotated TCRs. As observed in this 
dataset, viral annotation had a greater impact on condi-
tions C and D than in conditions A and B, in terms of 
both absolute and relative counts (Fig. 1C). Following 
TCR viral annotation, the same analyses are applied to 
both the full and non-viral single-cell object, enabling 
users to either explore both approaches or select the 
one best suited for their needs. Some per-sample results 
can be generated to elucidate the most frequent clones, 
visualized in either bar plots or UMAP visualizations 
(Fig. 1D). Additionally, results concerning clonal overlap 
among samples or conditions of interest are reported. 
Venn diagrams and/or Upset-like plots are provided for 
one-to-one and all-to-all comparisons (Fig. 1E) in order 
to observe all possible combinations across conditions 

https://github.com/OncologyHNJ/crocketa
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simultaneously through ggvenn (​h​t​t​p​​s​:​/​​/​c​r​a​​n​.​​r​-​p​​r​o​j​​e​c​t​.​​o​
r​​g​/​w​​e​b​/​​p​a​c​k​​a​g​​e​s​/​​g​g​v​​e​n​n​/​​r​e​​a​d​m​e​/​R​E​A​D​M​E​.​h​t​m​l) and 
UpsetR software [27]. Further visualizations are included 
to identify common clones to all conditions (e.g. UMAP 
plots, Fig. 1E), in addition to an alluvial plot illustrating 
frequency fluctuations across conditions for each individ-
ual sample/condition (Fig. 1F). More results and updates 
will be provided on the online GitHub documentation.

Post-clustering analysis
Upon completion of the repertoire analysis, crocketa pro-
ceeds to the final stage of the workflow, which, while not 
essential, serves as an optional secondary step in the tran-
scriptional analysis. Output for differential expression 
analysis, functional enrichment, and trajectory inference 
may be computed. crocketa includes an intermediate cell 
annotation step in order to elucidate cell identity. Sev-
eral visualizations will be provided for each of the genes 
of interest specified through Seurat-based methods such 

Fig. 1  Immune repertoire analysis. A UMAP dimensionality plots colored by condition of interest [left] and cell cluster [right]. A-to-D define different 
co-culture conditions (see Methods). B Immune repertoire dataset. UMAP dimensionality plot colored by clonal frequency [left]; Bar plot showing the 
proportion and number of cells per clonal frequency range in each condition of interest [right]. C TCR viral annotation analysis. Table summarizing 
viral-annotated TCRs clones per chain, displayed as absolute counts and normalized to the total pool of clones per condition. Alluvial plots illustrate the 
distribution of relative viral-annotated clones across single-α, single- β and paired α/β categories. D Most frequent clones per condition through bar plots 
(Top 100) and UMAP dimensionality plots (Top 5). E Clonal overlapping across conditions of interest through Upset-like plot and UMAP dimensionality 
plot. F Frequency fluctuation of common clones across conditions of interest through alluvial plot. Created in BioRender. ​h​t​t​p​​s​:​/​​/​B​i​o​​R​e​​n​d​e​​r​.​c​​o​m​/​6​​a​h​​z​4​p​b

 

https://cran.r-project.org/web/packages/ggvenn/readme/README.html
https://cran.r-project.org/web/packages/ggvenn/readme/README.html
https://BioRender.com/6ahz4pb
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as FeaturePlot graphics (Fig. 2A). To explore functional 
enrichment, several methods might be applied to high-
light transcriptional activation of biological pathways. 
According to Vision [28], the expression of E2F-targets 
(based on Hallmarks) seems to be enriched in clusters 
1 and 7 (Fig. 2B), consistent with MKI67 expression as 
a proliferation marker and with preliminary scType [29] 
annotation results, identifying these cells as proliferating 
CD4 + T cells (Fig. 2C).

Automatic-annotation results are generated for each 
tool and reference applied at a cell or cluster level, with 
corresponding UMAP plots produced for each approach 
(Fig. 2C). Specifically, scType employs a customizable ref-
erence to annotate cell populations; these initial labels are 
subsequently refined through integration with scANVI 
[30] to resolve previously unclassified cells. While scType 
serves as the default mandatory annotation tool, addi-
tional software (detailed in the Methods section) can be 
optionally applied. Through the combination of all pos-
sible annotation results from the specified approaches, 
user can finally assign a robust label to each of the cell/
clusters in the assay.

To further characterize the dynamic nature of the data-
set, trajectory inference and RNA velocity analyses can 
be optionally performed to elucidate cell-state transi-
tions. Slingshot [31] is utilized to model global lineages 
and pseudotime architectures based on cluster con-
nectivity (Fig. 2D). In parallel, to capture the directional 
momentum of individual cells, RNA velocity can be esti-
mated via Velocyto [32]. These velocity vectors are sub-
sequently integrated into a hybrid CellRank [33] kernel 
(60% splicing, 40% gene expression), combining tran-
scriptomic similarity with splicing dynamics to produce 
refined, high-confidence cell fate predictions (Fig. 2E).

This study presents descriptive results to illustrate 
the potential of the analysis pipeline, which may gain 
additional relevance when placed in the context of real-
world use cases. Within the crocketa analysis framework, 
multiple visualizations linking T cell states to experi-
mental conditions of interest are generated. As an illus-
trative example, distinct culture conditions are explored 
to assess their effect on T cell development and clonal 
expansion. Using crocketa, culture condition C seemed to 
be associated to a marked expansion of the naïve T cell 
compartment, which shows the highest representation 

Fig. 2  Cell annotation. A Expression of MKI67 gene, marker of proliferation. B Vision results for Hallmark_E2F_targets, pathway associated with cell pro-
liferation. C Cell annotation results. Identification of cell types through the integration of scType and scANVI, showing successful resolution of previously 
unclassified labels across the dataset. D Slingshot trajectory inference. UMAP projection showing predicted lineages with cells colored by cluster [left]. 
Heatmap illustrating transcriptional dynamics along a specific trajectory (e.g. transition from cluster 7 to cluster 3) [right]. E RNA Velocity and cell fate 
prediction. UMAP projection showing individual cell future states projected via Velocyto alone or integrated with CellRank hybrid kernel. Cells colored by 
cluster. Created in BioRender. ​h​t​t​p​s​:​​​/​​/​B​i​o​R​e​​n​d​e​​​r​.​c​​o​​m​/​​n​b​​b​6​y​e​e

 

https://BioRender.com/nbb6yee
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among the most frequent clonotypes under this con-
dition. Overall, this analysis enables the association of 
specific T cell states with expanded clonotypes, thereby 
identifying conditions that preferentially promote the 
expansion of particular T cell states or TCRs of interest 
(Supplementary Fig. 1). These results are intended as an 
illustrative application of the pipeline and do not repre-
sent conclusions derived from real-world experimental 
validation.

Benchmarking
To evaluate the computational efficiency and functional 
scope of crocketa, we conducted a comparative analysis 
against two established pipelines for immune repertoire 
integration: Immunopipe [34] and Dandelion [35]. A 
standardized public test dataset of ~ 500 cells (available 
in the crocketa repository) was processed on identical 
hardware to compare runtime, memory footprint, and 
workflow completeness.

crocketa stands out as the only benchmarked pipeline 
that provides a seamless, end-to-end automated work-
flow from raw FASTQ files to integrated analysis objects, 
eliminating the need for manual preprocessing. In con-
trast, both Immunopipe and Dandelion require external 
inputs (e.g. count matrices and V(D)J annotations) gener-
ated by third-party tools. Notably, for this benchmarking, 
crocketa had to to be executed in first place in order to 
generate STAR and CellRanger outputs required as input 
for the other tools.

A detailed, step-by-step breakdown of performance 
metrics for comparable analytical stages is provided in 
Supplementary Tables 1 and 2. Overall, crocketa demon-
strated a trend toward lower memory usage and faster 
execution times across equivalent processing stages, such 
as cell annotation and clonotype integration when com-
pared to Immunopipe. While Dandelion proved efficient 
performance for specific, isolated tasks, its nature as a 
modular toolkit (rather than a full automated pipeline) 
requires extensive manual scripting to achieve a com-
parable analytical scope. Consequently, its performance 
metrics are highly dependent on the user’s specific imple-
mentation, complicating direct, standardized comparison 
with the strictly reproducible workflows of crocketa and 
Immunopipe.

Due to the nature of the test dataset (a minimal simu-
lated subset of a public B cell reference) biological con-
clusions are inherently limited. Regarding cell recovery 
and QC, crocketa identified a total number of 579 cells 
through STAR alignment, retaining 514 high-quality cells 
after filtering. Similarly, when the same count matrix was 
provided to Immunopipe it rescued 525 cells with mini-
mal parameter differences; however, its rigid T/B cell 
selection step led to a notable loss of information. Spe-
cifically, Immunopipe misclassified minor subpopulations 

as T cells (gamma-delta and double negative states) or 
platelets. While these classifications were likely artifacts 
of the feature-reduced dataset, the primary concern lies 
in Immunopipe’s subsequent automated discarding of the 
cells, preventing for further manual inspection or reclas-
sification. In a real-case study, this lack of granular con-
trol and automated exclusion of “ambiguous” populations 
could result in the loss of biologically relevant informa-
tion such as rare, intermediate cell states. In contrast, 
crocketa yielded a consistent B-cell characterization (pri-
marily in a naïve state) through the previously described 
annotation workflow, with an unclassified portion of cells 
which were then cross-validated as B-cells via SingleR.

In terms of repertoire analysis, the integrated Cell-
Ranger module in crocketa successfully assigned clono-
types to 509 cells (99.02% recovery). When Immunopipe 
processed the same CellRanger-derived annotations, 399 
cells (76% recovery) were identified as B-cells with an 
associated clonotype, direct result of its annotation filter-
ing step.

Beyond this stage, direct comparison is not feasible, as 
the evaluated tools implement different analytical para-
digms and generate heterogeneous outputs.

A feature comparison (Table 1) highlights that crocketa 
offers the most comprehensive and configurable suite for 
integrated transcriptomic and repertoire analyses. While 
Immunopipe and Dandelion include certain specialized 
features not in crocketa’s initial release (e.g., metabolic 
analysis, clonal networks), crocketa provides superior 
granularity in reporting through detailed statistical tables 
which are absent in Immunopipe. Furthermore, crocketa 
guarantees full reproducibility via its Snakemake imple-
mentation and supports both T- and B-cell receptors 
within a unified framework (Supplementary Table 2).

Table 1  Comparative functional scope of single-cell immune 
repertoire analysis pipelines.
Feature crocketa Dandelion Immunopipe
Integrated GEX + VDJ 
Analysis

Yes Yes Yes

GEX-Only Analysis Path Yes No Yes (Limited)
Raw FASTQ Input 
(End-to-End)

Yes No No

Configurable Analytical 
Parameters

High Low Medium

Functional Signature 
Analysis

Yes No Yes

Trajectory Inference Yes Yes No
Metabolic Landscape 
Analysis

No No Yes

Combined TCR & BCR 
Support

Yes Yes No

Viral Clone Annotation Yes (TCR) No No
Clonal Network & 
Clustering

No Yes No
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This combination of efficient performance on core 
tasks, a unique end-to-end automated workflow, and 
extensive, reproducible functionality positions crocketa 
as a practical and accessible solution for integrated sin-
gle-cell multi-omic analysis.

Discussion
crocketa integrates a carefully selected set of widely rec-
ognized, high-impact tools (e.g., Seurat, Immunarch 
[36], STAR [37]) that have been benchmarked in peer-
reviewed studies, ensuring both methodological rigor 
and reproducibility. The pipeline is based on well-estab-
lished and validated approaches, combining flexibility 
and modularity to accommodate a wide range of research 
contexts, from fundamental immunology to translational 
oncology. Researchers can analyze transcriptomic and 
repertoire data separately or together, with customiz-
able workflows designed to prioritize specific research 
objectives.

The integrated outputs enable users to interpret clon-
ality patterns (e.g., expansion, overlap) in direct relation 
to transcriptional states, exploring functional relation-
ships within the unified analysis object. Default param-
eters for quality control, clonotype frequency bins, and 
normalization are grounded in current best practices to 
ensure robust out-of-the-box performance while remain-
ing fully configurable. Snakemake’s parallelization fur-
ther enhances the pipeline’s scalability, making it suitable 
for large-scale cohorts. By automating the integration 
of clonal and transcriptomic data, crocketa significantly 
reduces analytical variability and accelerates hypothesis 
generation. The pipeline’s automated multi-step integra-
tion (e.g., clonotype-transcriptome mapping) minimizes 
manual biases, enabling faster and more reliable hypoth-
esis testing. This approach is valuable across a broad 
spectrum of applications, from basic immunology stud-
ies to the discovery of clinical biomarkers in oncology 
and immunotherapy research. While the current version 
provides a ready-to-use analytical framework for bioin-
formaticians, future development will focus on broad-
ening accessibility through a user-friendly Shiny-based 
interface and will incorporate advanced tools like TESSA 
[38] for Bayesian modeling of transcriptional and clonal 
states, enabling more rigorous joint statistical inference.

However, crocketa has some constraints. Its reliance 
on CellRanger [39] for BCR/TCR alignment limits rep-
ertoire analysis to 10x Genomics datasets, excluding 
non-10x platforms like SMART-seq, though scRNA-seq 
analysis remains feasible. Additionally, while Snakemake’s 
resource management aids in handling large datasets, 
the pipeline still inherits the computational demands 
of single-cell tools, such as Seurat’s memory-intensive 
clustering, which requires high-performance computing 
(HPC) or cloud environments for large-scale analyses (> 

1,000,000 cells). Furthermore, the integration of clono-
type and transcriptome data assumes high-quality input, 
meaning that low RNA-seq library complexity or sparse 
TCR/BCR reads can lead to incomplete or inaccurate 
cell-clonotype pairings.

Conclusion
crocketa represents a versatile, robust and scalable solu-
tion for the integrated analysis of transcriptional and 
clonal data at the single-cell level. Built on Snakemake, 
it ensures parallelization, reproducibility, and modu-
lar customization, addressing key challenges in multi-
omic single-cell studies. Unlike fragmented approaches, 
crocketa streamlines the entire workflow, from raw data 
processing to advanced immune repertoire characteriza-
tion, facilitating the identification of expanded T- and 
B-cell clones and their transcriptional states. Its seam-
less integration of gold-standard tools for clonal annota-
tion, transcriptomic signatures, and visualization makes 
it a powerful resource for researchers exploring immune 
dynamics in cancer, autoimmunity, and infectious 
diseases.

Designed with flexibility and scalability in mind, 
crocketa is compatible with diverse experimental designs 
and sequencing technologies. The pipeline will undergo 
continuous updates, incorporating new analytical fea-
tures and improved compatibility with emerging method-
ologies. By enabling the correlation of immune clonality 
with functional states, crocketa has the potential to con-
tribute significantly to immunotherapy research, particu-
larly in identifying clonal expansions linked to exhaustion 
or memory phenotypes.

Materials & methods
Example use-case
crocketa pipeline has been rigorously tested with samples 
sequenced from over 20 leukemic mice using scRNA-
seq data, and more than 10 pediatric oncology patients, 
including cases of sarcomas and neuroblastomas, with 
multiomic datasets comprising scRNA-seq, scTCR-seq 
and scBCR-seq.  For the results presented in this study, 
analysis was focused on tumor-infiltrating lymphocytes 
(TILs) derived from pediatric oncology patients under 
four distinct co-culture conditions. Single-cell sequenc-
ing was carried out to characterize the transcriptome and 
immune repertoire at a high resolution. The data gener-
ated from these analyses are currently being prepared 
for publication, and the results hold significant scientific 
and clinical value, particularly in understanding tumor-
immune interactions and identifying potential thera-
peutic targets. While full clinical data remains restricted 
due to ongoing research, here we provide partial results 
for a subset of the sequenced cells cultured from a 
human patient, visualized in Figs. 1 and 2. Additionally, 
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an independent public dataset is provided in the GitHub 
repository for testing purposes.

Although the primary dataset described in the study 
does not include BCR data, the presented framework is 
capable of processing BCR and TCR datasets either inde-
pendently or jointly. The provided GitHub public dataset 
involves BCR analysis. The only step not implemented 
yet for BCRs is the viral clone annotation step, which is 
currently available only for T-cells.

Implementation details
crocketa is an automated and adaptable Snakemake pipe-
line designed to perform fundamental stages of single-
cell analysis for both transcriptomics and repertoire data. 
The pipeline enables the parallelization of analysis and 
resources whenever feasible. Snakemake facilitates the 
parallel execution of analysis steps while ensuring that 
the workflow is carried out sequentially, following a pre-
defined order. The pipeline was developed and tested on 
Ubuntu 24.04 LTS but is designed to run seamlessly on 
any standard Linux distribution. For Windows users, it 
can be easily deployed within a Docker container, ensur-
ing compatibility across different operating systems. We 
chose Snakemake as the workflow management system 
due to its robust scalability, reproducibility, and ease 
of containerization. Unlike other workflow managers, 
Snakemake natively supports wrapper integration within 
Docker, allowing all dependencies to be encapsulated in a 
controlled environment while maintaining high compu-
tational efficiency.

Containerizing the pipeline in Docker offers multiple 
advantages, including isolation from system depen-
dencies, cross-platform compatibility, and streamlined 
deployment in cloud or HPC environments. Creating a 
Dockerized version of the pipeline is straightforward:

1.	 Define a Dockerfile specifying the required 
environment (e.g., base image, dependencies, and 
Snakemake installation).

2.	 Build the image using: docker build -t 
pipeline_image.

3.	 Run the pipeline within the container using: docker 
run --rm -v $(pwd):/workspace pipeline_image 
snakemake --cores all.

This approach ensures that the workflow remains por-
table, scalable, and reproducible across diverse computa-
tional infrastructures.

The pipeline encompasses multiple stages, including 
sequencing and cell-specific quality control (QC), align-
ment, dimensionality reduction, cell clustering, cluster 
marker extraction, cell annotation, differential expression 
analysis, functional enrichment, trajectory inference, and 
RNA velocity. crocketa incorporates several widely used 

single-cell resources, such as CellRanger, STAR, Doublet-
Finder [40], Seurat, scANVI, SingleR [41], Azimuth [42], 
and Immunarch, among others, and stands out in terms 
of parallelization, flexibility, reproducibility, and custom-
ization. The pipeline establishes an environment for each 
step through bioconda and conda-forge repositories [43], 
reducing complexity and enhancing reproducibility.

Pipeline setup
Workflow configuration relies on three files that allow 
users to set up the analysis from the outset and specify 
input files and experimental details. These configura-
tion files include samples.tsv (which contains informa-
tion about the samples to be analyzed), units.tsv (which 
provides paths to the input data), and config.yaml (which 
contains all pipeline-customizable parameters). Input 
data can be provided in various formats, including 
FASTQ files and expression matrices.

The pipeline workflow is summarized in the graphical 
abstract, and each stage of the analysis is detailed below.

Quality control
When FASTQ files are provided as input and crocketa is 
initiated, a quality control (QC) analysis step is executed 
to assess quality of the sequencing using widely employed 
tools such as FastQC [44]. Additional MultiQC reports 
are obtained summarizing FastQC and FastQ screen [45] 
information and integrating this data with other software 
such as RSeQC [46]. When matrix input is employed, this 
step is skipped.

Alignment, data preprocessing & clustering (transcriptional 
primary analysis)
Sequence alignment and quantification are performed 
only when FASTQ files are provided as input. This step 
is carried out using STAR & STARsolo, ensuring high-
performance alignment for single-cell sequencing data. 
The alignment parameters are fully configurable via the 
config.yaml file, which serves as the master configuration 
file for all tools and software within the pipeline, ensur-
ing flexibility and adaptability to diverse experimental 
setups. While default standard parameters are provided 
to accommodate common sequencing technologies (e.g., 
10x Genomics, Drop-seq), users can easily modify these 
settings to tailor the alignment process to their specific 
dataset. The configuration supports various chemis-
try versions and multi-omic configurations, including 
5’ Chemistry for multi-omic data and 3’ Chemistry for 
scRNA-seq data exclusively.

Once these steps are performed, all analyses are carried 
out in R environments through Seurat.

Regarding primary analysis of transcriptional data, 
initial preprocessing is required. This preprocessing 
includes a cell-level QC, in which certain thresholds are 
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user-specified in configuration file. Specifically, users can 
define stringent threshold for minimal and maximal UMI 
counts (default > 200–500), molecule counts, and maxi-
mum mitochondrial/ribosomal gene expression (< 20% 
and < 40%, respectively). Rare genes are similarly filtered 
based on a minimum cell-expression frequency (n > 3). 
This step allows for the removal of low-quality, empty 
droplets, or apoptotic cells. In addition, DoubletFinder 
algorithm can be applied to identify and remove hypo-
thetical multiplet artifacts in each analyzed sample.

While recommended settings are provided and fur-
ther detailed in the GitHub repository and fully docu-
mented at the configuration file (config.yaml), crocketa 
maintains flexibility, allowing experienced users to tune 
these parameters according to their specific experimental 
requirements.

Retained cells will then undergo normalization (via 
standard methods or SCTransform), dimensionality 
reduction (PCA, UMAP), clustering explored across an 
editable, wide resolution range (typically 0.1–1.2) & visu-
alization. At the data normalization stage, crocketa offers 
flexible handling of batch effects, which is critical given 
the pipeline’s design to automate and process large-scale, 
multi-sample datasets. Users can apply standard cor-
rection methods or even integrate datasets when batch 
effects are particularly pronounced.

Repertoire data extraction, integration & analysis
If only scRNA-seq data is provided, this step can be 
skipped if wished.

When input repertoire data is FASTQ formatted, 
sequencing data are subjected to a second alignment 
through CellRanger pipeline. This enables clonotype data 
extraction from scTCR-seq or scBCR-seq technologies. 
Consequently, a filtered_contig_annotations.csv output 
file is generated, containing clonotype data for each cell 
across all analyzed samples. This file is essential for rep-
ertoire integration to single-cell object. In addition, Cell-
Ranger provides additional QC reports complementary 
to previously obtained MultiQC reports in which we can 
check TCR/BCR-seq quality.

If matrix files are provided as input, contig csv- for-
matted file must be provided and specified in the corre-
sponding section of the configuration files.

Data integration is accomplished through scRepertoire 
R software. Moreover, based on the specific research 
focus or the studied disease, users might only be inter-
ested in clones not associated with viruses (labeled as 
non-viral) as happens in a tumoral context. Therefore, 
clonotype analysis includes a preliminary annotation 
of TCR clones as viral or non-viral, according to the 
VDJ database (VDJdb) [47] through the Immunarch R 

package. Once completed, two different Seurat objects 
are generated: one containing all available information 
and another containing only non-viral cells, filtering out 
cells associated with clones matching VDJdb. Analysis is 
conducted on both objects.

At this stage, several repertoire metrics can be obtained 
in order to elucidate clonal expansion, clonal diversity, 
clonal overlap and other metrics within each single sam-
ple, while also enabling comparisons across all of them.

Post-clustering analysis
Finally, post-clustering analyses are applied if enabled 
by the user to the single-cell object. Analysis starts with 
a cell annotation step, in which crocketa aims to eluci-
date cell identity, and avoid any bias regarding computa-
tional software or cell references. With this purpose, two 
approaches are carried out:

 	• Automatic annotation: The pipeline integrates 
scType as the primary annotation tool, utilizing a 
customizable reference framework to identify cell 
populations. For enhanced precision, these labels are 
further refined with scANVI, specifically to reclassify 
ambiguous or unclassified cells. Additionally, the 
pipeline supports optional annotation through 
SingleR and Azimuth. In contrast to scType’s user-
editable reference, these tools rely on pre-defined 
reference datasets, enabling advanced users to cross-
validate cell identities, selecting specialized reference 
sets for high-resolution benchmarking.

 	• Manual data explore: A gene-set of interest is 
user-provided and expression for every gene is 
assessed in our single-cell object through Seurat. 
This information is complementary to automatic 
annotation approach to confirm annotation results. If 
there is no gene-set specified, a general list of marker 
genes regarding bone-marrow subpopulations is 
provided.

Results are extracted at both single cell level and cluster 
level. The main point is to integrate all cell- label infor-
mation in order to provide a robust cell annotation.

Furthermore, this post-clustering analysis will enable 
population marker extraction through differential expres-
sion analysis, up/down-regulated biological pathways 
from functional enrichment analysis, and different cell 
states in a pseudotime space from trajectory inference 
analysis. These analyses are performed using rigorously 
validated software including Vision, GSEA-Preranked 
method from MSigDB [48], Slingshot, Velocyto and 
CellRank.
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