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Abstract 

In recent years, CRISPR technology has become widely applied in scientific research, being simpler , cheaper , and more precise than previ- 
ous gene-editing techniques. This editing technology can be used for various applications, such as gene knockout, gene knock-in, CRISPR 

activation (CRISPRa), CRISPR interference (CRISPRi), CRISPR screens, base editing, and prime editing. The share of pipelines to analyze 
the variety of CRISPR editing methods is low, and until now, none of them caters to both gene editing and CRISPR-based functional ge- 
nomics. Here, we introduce nf-core/crisprseq, a Ne xtflo w DSL2 pipeline for the assessment of CRISPR gene editing and screening assa y s. 
T he w orkflo w is written in a modulariz ed f ashion to allo w the easy incorporation of ne w steps. nf-core/crisprseq is the first generic pipeline 
enabling the analysis of the broad spectrum of CRISPR designs. We show the performance and usability of the software using publicly available 
datasets. 
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n recent years, CRISPR technology has become widely ap-
lied in scientific research, being simpler, cheaper, and more
recise than previous gene-editing techniques [ 1 , 2 ]. CRISPR-
as technology enables precise DNA editing and can be ap-
lied to a wide range of research areas, including drug discov-
ry , molecular biology , functional genomics, disease modeling,
griculture, and gene therapies [ 1 , 3 ]. Its utility extends to un-
erstanding gene function, identifying therapeutic targets, and
dvancing precision medicine [ 1 , 3 ]. 

This editing technology can be used for various applica-
ions, such as gene knockout (KO) [ 2 , 4 ], gene knock-in (KI)
 4 ], CRISPR activation (CRISPRa) [ 5 ], CRISPR interference
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(CRISPRi) [ 6 ], CRISPR screens [ 7 ], base editing (BE) [ 8 ], and
prime editing (PE) [ 9 ]. 

To manipulate a single gene for a K O , a Cas9 enzyme is
guided to the specific gene sequence by a complementary sin-
gle guide RNA (sgRNA). Cas9 then cuts the DNA at the tar-
get site, leading to gene depletion [ 2 ]. This approach is widely
employed in functional genomics, drug discovery, and disease
modeling [ 3 , 7 ]. 

In CRISPR KIs, double-strand breaks are repaired by
homology-directed repair (HDR) to insert new DNA or entire
genes. This technique is used in biotechnology, recombinant
protein production, cell line viability, and disease modeling
[ 1 ]. 
25 
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CRISPRa and CRISPRi enable gene expression regulation
for diverse research applications, such as developmental biol-
ogy and drug resistance screening [ 3 ]. 

More recent techniques include BE and PE, which enable
precise single nucleotide substitutions and small insertions
and deletions for the latter [ 8 , 9 ]. 

Such techniques can be applied to a single gene of inter-
est or used in CRISPR screens. Screening experiments consist
of a library of sgRNAs designed to target a wide range of
genes simultaneously. Through Next-Generation Sequencing
(NGS), the effects of gene depletion or activation on cellular
phenotypes can be assessed in a comprehensive manner. This
technique facilitates large-scale studies, unraveling genotype–
phenotype relationships for drug discovery, as it allows to de-
termine gene essentiality. A gene is considered essential in a
cell line if its loss of function leads to the individual’s compro-
mised viability or significant reduction in overall fitness. On
a population scale, essential genes are identified by observing
intolerance to loss-of-function variants [ 7 ]. 

Analyzing these various experiments involving CRISPR
editing requires a collection of tools. Many alternatives for
every step of the analysis have been presented in recent years.
This complexity challenges the analysis, interpreting the re-
sults and extracting meaningful insights from the data. Most
importantly, it makes tool benchmarking difficult and, thus,
no community agreement for the choice of tools has been es-
tablished. 

Many tools have been developed for the assessment of
genome editing. For the analysis of targeted gene editing,
these include ampliCan [ 10 ], Cas-analyzer [ 11 ], CRISPR-
Analytics [ 12 ], CRISPResso [ 13 ], CRISPResso2 [ 14 ], CRISPR-
GA [ 15 ], CRISPRnano [ 16 ], CRISPRpic [ 17 ], cris.py [ 18 ],
and CrispRVariants [ 19 ]. From these, only CRISPR-Analytics
(CRISPR-A) and CRISPResso2 are able to analyze all kinds of
CRISPR editions (K O , KI, BE, and PE), and only CRISPR-A is
a pipeline built using a workflow manager. 

For the analysis of screening experiments, many tools have
been developed, such as BAGEL2 [ 20 ], CRISPRcleanR [ 21 ],
MAGeCK [ 22 ], Chronos [ 23 ], and DrugZ [ 24 ], which are of-
ten then used in custom in-house scripts, sequentially. Cus-
tom in-house scripts, being not open source, limit ease of de-
ployment, optimal use of computational resources, and clus-
ter scalability. However, workflow management systems, such
as Nextflow or Snakemake, allow scalable, reproducible, and
portable workflows, and simplify application. To this date,
only one workflow, MAGeCK-VISPR [ 25 ], exists that makes
use of a workflow management system, i.e. Snakemake [ 26 ]
for CRISPR-Cas9 screening analysis. Comprehensive analysis
workflows are essential to ensuring the reliability and inter-
pretability of research findings [ 27 ], and should achieve sev-
eral critical objectives to ensure robust and reliable outcomes
in scientific investigations. Currently, no analysis workflow al-
lows analysis of both screening and targeted gene editing ex-
periments. The number of CRISPR-mediated research datasets
deposited in repositories, such as the European Nucleotide
Archive (ENA) [ 28 ] or Gene Expression Omnibus [ 29 ], and
the BioGRID ORCs [ 30 ], is continuously increasing. 

Here, we introduce nf-core/crisprseq , a Nextflow DSL2
(domain-specific language) pipeline for the assessment of
CRISPR gene editing and screening assays. DSL2 allows
data analysis pipelines to be scaled and modularized. nf-
core/crisprseq is the first generic pipeline enabling the anal-
ysis of the broad spectrum of CRISPR designs, from targeted
gene edits to large-scale functional screens, allowing the char- 
acterization of KOs, KIs, base, and PE, and gene modulation 

experiments. It is the first workflow available that is container- 
ized, improving portability, reproducibility, and easy scalabil- 
ity, thanks to being coded in Nextflow. The workflow is part 
of the nf-core collection of community-curated, best-practice 
pipelines. In addition to its broad applicability, we show addi- 
tional performance in the analysis by contributing new state- 
of-the-art software and easier usability. 

Materials and methods 

Implementation 

nf-core/crisprseq is written in Nextflow DSL2 (domain- 
specific language), a workflow system for creating scalable,
portable, and reproducible workflows [ 31 ]. The pipeline is 
part of the nf-core community, which collects a curated set 
of analysis pipelines, enforcing best-practice guidelines. 

The pipeline provides extensive documentation and com- 
munity support. Reproducibility is ensured through version- 
ing of each production release and the containerization of 
all dependency tools. Containerization, seamlessly integrated 

by Nextflow, is essential for obtaining consistent results and 

ensuring portability across diverse computing systems. Every 
pipeline version is tested using a small dataset through con- 
tinuous integration and a full-size dataset run on AWS. 

Applicability to the analysis of publicly available 

datasets 

In order to assess the versatility of nf-core/crisprseq, we se- 
lected public datasets from the ENA, filtered by the keyword 

“crispr.” We categorized them based on relevant keywords 
into distinct types of experiments. From 6599 projects, we 
were able to classify 65.89% into four categories: RNA-seq,
single-cell, screening, and targeted experiments. Through this 
classification, we quantified the percentage of public datasets 
that our pipeline can effectively analyze. 

Results accuracy benchmarking 

Our benchmarking methodology consists of evaluating nf- 
core/crisprseq’s ability to recover expected indel signal using 
spike-in data for the targeted subworkflow and to recover 
a list of essential genes for the screening subworkflow. Both 

subworkflows were contrasted with their competitive existing 
tools. 

To evaluate the performance of the targeted subworkflow,
spike-in samples were used to compare the detected indel rates 
with the expected rates. Two different datasets were selected.
The dataset from Sentmanat, et al. (2018) [ 32 ] consisted of 
spike-in samples, which were obtained by mixing a 100% 

edited sample with a WT sample at proportions 0:1, 2:8, 4:6,
6:4, 8:2, and 1:0, where the edited samples were obtained 

by KO experiments. The second dataset (PRJEB53901 ENA 

project) [ 12 ] consisted of samples obtained by mixing a 100% 

edited sample with a WT sample at proportions 1:4 and 1:0,
where the edited samples were obtained by site-directed muta- 
genesis. The nf-core/crisprseq detected indel percentages were 
compared with the expected percentages. For CRISPR-A, the 
indel percentage values were obtained from the original pub- 
lication. 

For the evaluation of the screening subworkflow, seven 

FASTQ sample files from the melanoma A375 cell line 
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tions of cumulative deletions and insertions based on the read 
creened with the Brunello library using both a modified tracr-
NA (trans-activating CRISPR RNA) and a non-modified
ne were obtained from project PRJNA508200 [ 33 ] and
rocessed with both MAGeCK-VISPR and nf-core/crisprseq.
oth MAGeCK-VISPR and nf-core/crisprseq were run to com-
are A375 Brunello replicates against the Brunello plasmid li-
rary. In our benchmarking, we defined two design matrices,
omparing, first, the dropout screen replicates A and B to the
lasmid DNA Brunello, and second, the dropout screen repli-
ates with a modified tracrRNA sequence A, B, and C to the
lasmid with a modified tracrRNA sequence. We use the gold-
tandard gene sets of 1580 essential and 927 non-essential
enes to evaluate the gene essentiality metrics provided by the
ifferent tools [ 34 ]. 

omputing performance benchmarking 

or the benchmarking of computational resources, the perfor-
ance of nf-core/crisprseq targeted was benchmarked against
RISPR-A. A workstation was used to run three replicates
ith both workflows. The resources for all processes were set

o 6 CPUs, 32 GB of memory, and 10 h of maximum time
or all runs to allow the comparison of the results. To eval-
ate the resources consumed by a workflow run, a dataset
onsisting of a 6196 samples was selected from ENA project
RJNA326019 [ 35 ] in order to evaluate a real-world experi-
ent. 
For running the targeted as well as the screening workflow

n a computing cluster with a queuing system, an HPC with the
cheduler Slurm with 24 nodes with 32 cores and 64 threads
ach, with 20 248 GB of RAM was used. The maximum num-
er of tasks allowed to run in parallel by a user was 100. The
PC is shared, and resources per user are allocated by a Fair-

hare policy. 

esults 

ipeline overview 

f-core/crisprseq allows the evaluation of the quality of gene
diting experiments using targeted NGS data, as well as the
iscovery of important genes from CRISPR-Cas9 screens us-
ng CRISPR pooled NGS DNA data. The two major types
f analysis are divided into two subworkflows, named “tar-
eted” and “screening,” respectively. 

The pipeline allows assessing gene KOs, KIs, and base and
E experiments with the analysis of targeted sequencing data,
s well as assessing screening experiments, which can be based
n KOs, CRISPR activation, or CRISPR interference (Fig. 1 a).
The workflow consists of pre-processing steps, including
erging of paired-end reads when applicable, quality control
f the reads, adapter trimming, and quality filtering. 
The targeted subworkflow includes the handling of uni-
olecular identifiers (UMIs). Reads are mapped to a reference

enome. The assessment of editing outcomes is performed by
arsing the CIGAR string. A filtering step is performed to in-
rease the accuracy of the results. The analysis of targeted am-
licon reads is based on the existing CRISPR-A tool [ 12 ]. Our
mplementation of the specific targeted workflow is able to
mprove the overall performance of the analysis in terms of
ime and resources by increasing the modularization and par-
llelization of processes (see “Benchmarking” section). 

The screening subworkflow includes the alignment of reads
o the reference library sgRNAs, followed by statistical anal-
ysis of sgRNA abundances. This includes, when applicable,
gene-level scoring to ascertain their level of essentiality un-
der the specific experimental conditions. For this, four algo-
rithms are used: MA GeCK RRA, MA GeCK-MLE, BA GEL2,
and DrugZ [ 24 ]. BAGEL2 requires a list of non-essential
and essential genes, which are automatically provided in nf-
core/crisprseq for Homo sapiens and are the default lists used
in the BAGEL2 software. The user can also specify custom
lists for other species. Visualizations and pathway analysis are
done with FluteMLE [ 36 ] for MAGeCK MLE and comple-
mentary plots for BAGEL2 and MAGeCK RRA. When the
user runs both MAGeCK MLE and BAGEL2 to identify es-
sential genes in their experiments, a Venn diagram is provided
showing the intersection with an FDR (false discovery rate)
of 10%. This allows to modulate the sensitivity of the an-
alytical approach by allowing varying degrees of inclusivity
in identifying essential genes. Considering only the common
significant genes between BAGEL2 and MAGeCK MLE ef-
fectively reduces the pool of candidate genes to investigate.
Users can also identify the significant fitness genes by using
the Hitselection module. This module is an implementation
of RNAiCut [ 37 , 38 ] for estimating the best score threshold
from ranked gene lists based on the interconnectivity of sub-
graphs of the BIOGRID physical protein-protein interaction
(PPI) network [ 30 ]. The core concept of Hitselection is that
true positive hits should be densely interconnected on the PPI
networks. This module can take as input the gene ranks from
MA GeCK, BA GEL2, or DrugZ. This module runs a simula-
tion using a Poisson distribution applied to the ranked list of
screened genes. It calculates the -log P value to assess the in-
terconnectivity of the actual subnetwork, comparing it to a
randomly generated subnetwork where each gene’s degree is
matched. The Hitselection algorithm requires for the moment
the library to map to genes with a Homo Sapiens EntrezID. 

An overview of the workflow is provided in Fig. 2 . 
To assess the versatility of nf-core/crisprseq and its ap-

plicability to real-world CRISPR experiments, we classified
publicly available datasets. This classification showed that
41.59% of the projects correspond to DNA data, 34% of
the projects were unclassified, and 24.3% correspond to RNA
data. From the DNA data, nf-core/crisprseq demonstrates its
capability to analyze 95.3% of the classified projects, consist-
ing of screening and target experiments (Fig. 1 b). 

This shows the ability of nf-core/crisprseq to analyze a di-
verse range of CRISPR-edited datasets and its potential to re-
analyze existing datasets in a standardized way. 

Pipeline output and quality control 

To ensure transparency and comprehensive quality control, a
MultiQC [ 39 ] report is provided for both subworkflows. This
allows the assessment of the different pipeline steps, including
statistics for FastQC and cutadapt steps, and a summary of
alignment and indel assessment for the targeting workflow. 

To assess the outcome and frequency of targeted edits, a
table summarizing read processing statistics and plots illus-
trating the types of detected editions and indel quality filters
are provided. Additionally, the same tables are provided as in-
dependent interactive pie charts ( Supplementary Fig. S1 a and
b). 

A series of plots is provided to allow a more detailed in-
terpretation of the outcome. These plots include representa-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
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Figure 1. Available analysis types in nf-core/crisprseq. ( a ) Decision schema for each experiment type. Overview of the types of experimental data that 
can be analyzed with the nf-core/crisprseq pipeline, and the pipeline parameters a user should use to analyze each type of data. ( b ) Analysis type of 
public datasets. Public datasets containing the k e yw ord “CRISPR” from ENA classified by using keywords according to the type of experiment. 
Datasets that can be analyzed with nf-core/crisprseq are shown in green for screening experiments, and purple for targeted experiments. Datasets 
consisting of single-cell data are shown in blue. 

Figure 2. Ov ervie w of the analy sis w orkflo w. T he used tools and the flo w of the analy sis are represented. T he targeted w orkflo w consists of f our 
sections: preprocessing, alignment, optional UMIs clustering, and variant calling. The different analyses of KIs and KOs are shown in orange and green, 
respectiv ely. T he screening w orkflo w consists of f our sections: preprocessing , mapping , read normalization, and reporting of gene essentialit y. The 
steps used to analyze the data are shown in purple, an alternative of starting the pipeline providing a count table and skipping the first two sections is 
shown in red. Mandatory steps are represented with a circle, and optional steps are represented with a square. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

position, and LOGO plots showing the most abundant edi-
tions and their percentage in the sample ( Supplementary Fig.
S1 c and d). 

The classification of editing outcomes into in-frame and
out-of-frame indels, along with reporting their percentages,
allows users to quickly assess the success of an experiment
by determining whether the expression of a particular gene
will be properly disrupted or whether the expected edition is
present, and at what frequency. 

For the functional screening subworkflow, significant
changes in sgRNAs abundance can be determined through dif-
ferent scores depending on the tool used. MAGeCK provides
either a negative/positive score through MAGeCK RRA or a
beta score through MA GeCK MLE. BA GEL2 provides a Bayes
Factor. Each of these scores has its corresponding adjusted P -
value and distribution plots. For BAGEL2, for instance, the 
distribution of the Bayes Factor ( Supplementary Fig. S2 a) and 

precision-recall curves ( Supplementary Fig. S2 b) are shown as 
quality control metrics. In the Hitselection module, the gene 
rank with the highest -log P values serves as a threshold for 
the list of significant genes in the ordered MA GeCK, BA GEL2,
and DrugZ results ( Supplementary Fig. S2 c). 

Quality control plots, enrichment analysis, and distribu- 
tion plots are provided for MAGeCK-MLE outputs through 

the FluteMLE module [ 36 ]. This allows the visualization of 
the distribution of the beta values compared to the DepMap 

data, which contains the dependency scores of 1089 anno- 
tated screened cell lines. Exemplary results are provided in 

the Supplementary Fig. S2 . Each subgroup of a gene set from 

the 9-square plot ( Supplementary Fig. S2 e) is also available 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
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s a table, which is submitted for downstream GO term and
yoto Encyclopedia of Genes and Genomes (KEGG) [ 40 ]
athway enrichment analysis ( Supplementary Fig. S2 f). nf-
ore/crisprseq therefore gives the user an overview of up- and
own-regulated pathways within the cell line treated in com-
arison to the DepMap cell lines data. 
The full description of the results provided by the pipeline

an be found at https://nf-co.re/crisprseq/docs/output. 

enchmarking 

argeted 

f-core/crisprseq targeted shares a foundation with CRISPR-
; thus, the benchmarking was performed by comparing the
etected indel rates and the computational resource usage
f both pipelines. CRISPR-A reported comparable results to
RISPResso2, and better performance than other tools such
s CRISPRpic, CRISPR-GA, or CrispRvariants [ 12 ]. 

nf-core/crisprseq was used to reanalyze two datasets of
amples with a known percentage of indels, and results are
eported comparing the detected indel percentage with the ex-
ected indel percentage. nf-core/crisprseq shows a comparable
atio of detected versus expected percentage of indels (Fig. 3 a).

A dataset consisting of 6196 samples was used to bench-
ark computational resource usage for the targeted edit-

ng workflow. nf-core/crisprseq targeted shares a foundation
ith CRISPR-A; thus, the benchmarking was performed com-
aring both pipelines to assess the DSL2 implementation
mprovement in computational performance. Although the
quivalent processes between nf-core/crisprseq and CRISPR-
 run with comparable time and memory resource ex-
enses, the overall performance of a complete run favored nf-
ore/crisprseq. An average run of nf-core/crisprseq on the local
orkstation takes 14 h 12 m 45 s and uses 222 CPU hours,
hile an average run of CRISPR-A takes 31 h 59 m 8 s and
ses 1919 CPU hours ( Supplementary Table S1 ). 
Several factors explain the difference in CPU hours and

sage. When using CRISPR-A for the analysis of the full-
ize dataset, we encountered the need to partition input sam-
les into 12 subgroups to circumvent the run failing, re-
ealing a limitation in its ability to handle a larger volume
f samples in a single run. CRISPR-A executed certain pro-
esses redundantly, including those associated with UMI clus-
ering or template-based experiments, even when such pro-
esses were unnecessary. To provide a more realistic setup, nf-
ore/crisprseq targeted and screening analyses were performed
n a computing cluster with a queuing system ( Supplementary
able S2 ). 

creening 
or nf-core/crisprseq screening, the average run is 2 h, 31 min,
8 s, and uses 92.65 CPU hours ( Supplementary Table S2 ). 
Both MAGeCK-VISPR and nf-core/crisprseq pipelines use

astQC for quality control, and MAGeCK count as a sgRNA
ounting method. nf-core/crisprseq outputs a MultiQC re-
ort for initial quality metrics from FastQC, such as sequence
ounts, sequence quality for all samples, and also the out-
ut of MAGeCK count quality metrics, such as mapping rate,
ini index, and total number of sgRNAs in the library. A

eneral quality control report is not provided for MAGeCK-
ISPR, although FastQC is also run, and the output of the
AGeCK count quality metrics is also provided. The output
of MAGeCK count outputs the same mapping results for both
workflows. 

In MAGeCK-VISPR and nf-core/crisprseq, MAGeCK MLE
succeeds in identifying common essential genes while not iden-
tifying known common non-essentials (Fig. 3 b). 

In nf-core/crisprseq, BAGEL2, however, finds another 3302
essential genes (Fig. 3 d). BAGEL2 is shown to detect subtle
changes in overall gene effects, hence explaining the higher
number of essential genes detected (Fig. 3 c). Unlike null
hypothesis-based algorithms like MAGeCK MLE, which need
deeper sampling or more pronounced phenotypes, BAGEL2 is
optimized for negative selection [ 41 ], where genes are identi-
fied by their depletion. We performed Gene Ontology enrich-
ment analysis [ 40 ] on the 3302 genes detected by BAGEL2,
which reveals pathways highly related to cell survival, thereby
identifying an additional set of genes of interest (Fig. 3 e). The
265 genes detected by MAGeCK MLE only did not lead to
any significant pathway enrichment. 

The visualization of MAGeCK-VISPR was not possible
with the recommended visualization portal, despite thor-
oughly following the documentation. 

Discussion 

Here, we present a novel pipeline allowing researchers to
use one framework to analyze a comprehensive collection of
CRISPR experiments. nf-core/crisprseq is more user-friendly
and has optimized CPU and time usage compared to CRISPR-
A. The input preparation for CRISPR-A proved to be intricate,
requiring specific file names in a predetermined folder struc-
ture and including fake parameters, irrespective of their actual
usage. The input for nf-core/crisprseq is facilitated through
a sample sheet describing the samples and associated meta-
data, making rendering the pipeline straightforward and user-
friendly. In addition to the pipeline’s applicability, we high-
light its broad usability. A typical application of CRISPR-
Cas9 technology involves performing a screening experiment
to identify relevant targets. These targets are then validated
by editing and analyzing them more precisely. Many studies
utilize various analysis pipelines to dissect CRISPR-mediated
experimental data. This practice introduces complexity, and
hinders reproducibility and comparability across studies. 

Some examples include the study from Mamedov MR et al .
[ 42 ], where pathways that regulate T cell killing and expres-
sion of a particular protein are identified. Three different tools
were used to analyze the screening experiments (MAGeCK,
GSEA, and Correlation AnalyzeR), and Crispresso2 was used
to analyze amplicon sequencing used for validation. In a dif-
ferent study, Schubert OT et al . [ 43 ] performed base editor
screenings to study the effect of individual mutations on pro-
tein abundance. They use custom R scripts for the analysis
of screenings and Crispresso2 for the characterization of BE
efficiency. 

In contrast to existing tools and pipelines tailored to a
specific type of experiment, our study presents a unique ap-
proach to CRISPR data analysis. Using a unified pipeline al-
lows the researcher to perform diverse analyses with greater
ease. Our approach simplifies the analysis and enhances re-
producibility, making it a valuable resource for the CRISPR
research community. The modularity of nf-core/crisprseq also
allows for new integrations, whereas MAGeCK-VISPR de-
ploys only tools that relate to the MAGeCK ecosystem, and
does not offer easy interfaces for pipeline extensions. Using

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf214#supplementary-data
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Figure 3. Benchmarking. ( a ) Benchmarking of indels detected with the targeted subw orkflo w. T he detected indel percentage is shown in function of the 
expected indel percentage. The analyses are performed with nf-core/crisprseq (yellow) and compared against CRISPR-A (purple). The edited samples 
were obtained by mixing a 100% edited sample with a WT sample at proportions 0:1, 2:8, 4:6, 6:4, 8:2, and 1:0. Two samples, PC15 and PC19, are 
shown, with three replicates per condition. The side-directed mutagenesis (SDM) samples were obtained by mixing a 100% edited by SDM sample with 
a WT sample at proportions 1:4 and 1:0. For the diluted samples, 11 replicates were performed with different polymerase chain reaction cycles and total 
volume. ( b ) ROC curve of the gene essentiality tools in the screening subworkflow. Compares the performance of BAGEL2 from nf-core/crisprseq and 
MAGeCK MLE from nf-core/crisprseq and MAGeCK-VISPR in distinguishing true positives from true negatives. BAGEL2, trained on a smaller dataset, 
demonstrates note w orth y effectiv eness, but MAGeCK MLE sho ws slightly superior perf ormance. ( c ) Upset plot of the gene essentiality tools in the 
screening subw orkflo w. Sho ws common intersection gene sets betw een BA GEL2 from nf-core/crisprseq and MA GeCK MLE from nf-core/crisprseq and 
MAGeCK-VISPR. ( d ) Venn Diagram of the gene essentiality tools in the screening subw orkflo w. Comparison between common genes with an FDR < 

0.1 from BAGEL2 and MAGeCK MLE. Results were obtained with the nf-core/crisprseq pipeline. ( e ) KEGG Gene Ontology analysis conducted on the 
3302 genes identified using BAGEL2 from the screening subw orkflo w. T he analy sis highlights se v eral pathw a y s that are integral to cell surviv al, 
indicating that these genes play crucial roles in essential cellular functions. Results were obtained with the nf-core/crisprseq pipeline. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

software such as BAGEL2 or DrugZ is not enabled as part
of MAGeCK-VISPR. Undergoing nf-core/crisprseq develop-
ments aim at adding functions from the CRISPRcleanR pack-
age to correct copy number variation biases [ 24 ]. 

In the era of big data, reusing publicly available datasets
holds great potential for accelerating scientific discoveries.
Park et al . [ 44 ], for instance, identified hits from CRISPR
screens by correcting the fold change in sgRNA frequency by
the actual observed frequency of indel mutations generated
by targeted experiments. They successfully applied the sgRNA
activity data to previously published screening data to identify
novel genes. 

The cited studies show the benefit of using publicly acces-
sible datasets in conjunction with the integration of screen-
ing and targeted experimental data. This methodological ap-
proach helps find genes that may otherwise not be detected. 

In a different study, Legut et al . [ 45 ] combined screening
analysis performed with different Cas9 proteins and sgRNAs
with different protospacer adjacent motifs with the analysis of
indels at the DNA level with amplicon sequencing. They suc-
cessfully assessed the correlation between protein expression
and biases in non-homologous end-joining outcomes. These
analyses leverage publicly available datasets to show emerg-
ing trends. nf-core/crisprseq would, therefore, allow faster and
reproducible reprocessing. 
By integrating tools and methodologies for targeted gene 
editing and large-scale functional screens, nf-core/crisprseq 

addresses a critical need in the research community for a uni- 
fied, reproducible, and scalable analysis platform. Our bench- 
marking demonstrates significant performance, accuracy, and 

usability improvements compared to existing tools. 
nf-core/crisprseq is a reproducible, portable, and scalable 

workflow for the analysis of CRISPR experiments, enabled by 
its implementation using the Nextflow workflow management 
system. Compared to existing tools, it provides improved us- 
ability and supports a wide range of CRISPR analysis strate- 
gies. Its architecture offers scalability and efficient execution,
making it particularly suitable for large-scale applications. Its 
modular design ensures that it is easily extendable, and facil- 
itates the integration of emerging methodologies and tools as 
the field evolves. 
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extflow pipelines. A full list of nf-core community members

s available at https:// nf-co.re/ community . 
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