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Abstract

Summary: Large-scale genetic screens using CRISPR/Cas9 technology have emerged as a major tool for functional
genomics. With its increased popularity, experimental biologists frequently acquire large sequencing datasets for which
they often do not have an easy analysis option. While a few bioinformatic tools are available, their installation and use
typically require bioinformatic expertise. To make sequencing data analysis more accessible to a wide range of scientists,
we developed a Platform-independent Analysis of Pooled Screens using Python (PinAPL-Py), which we present as an
intuitive web-service. PinAPL-Py implements state-of-the-art tools and statistical models, assembled in a comprehensive
workflow covering alignment, quality control, enrichment/depletion analysis and gene ranking. The workflow supports
multiple libraries, and offers different analysis options for read count normalization or gene-ranking methods. Other tech-
nical parameters can be easily adjusted to allow greater flexibility and customization. Thus PinAPL-Py provides high-
quality data analysis in an easily accessible service.

Availability and implementation: PinAPL-Py is freely accessible at pinapl-py.ucsd.edu with instructions, documentation
and test datasets. Experienced users can run PIinAPL-Py on their local machine using the Docker image
(oncogx/pinaplpy docker). Documentation can be found on GitHub at https://github.com/LewisLabUCSD/PIinAPL-Py.
Supplementary information: Supplementary information for this article is available online.
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Introduction (.fastg.gz) are then efficiently uploaded using on-the- fly
Genetic screens using pooled CRISPR/Cas9 libraries are ~ compression by web-workers technology (Kim et al.,
functional genomics tools that are becoming increasingly ~ 2014). Next, the user assigns read files to the experimental
popular throughout the life sciences to find novel molecular condition (treatment or cont_rol/unt(eated). The provision of
mechanisms and understand complex cellular systems &t least one control sample is required. In contrast to other
(Opdam et al., 2017). Despite the availability of a few bio- tools, PinAPL-Py allows th_e analysis of multlp_le treatment
informatic solutions (Li etal., 2014; Hart and Moffat, 2016; ~ tYPes at once (such as different drugs or time-points),

Winter et al., 2015), the sequencing analysis remains chal- ~ Provided they share the same controls. Next, the user
lenging for most laboratories since installation and execu-  Selects the SgRNA library screened. PinAPL-Py provides

tion can require a bioinformatic expert. Here we introduce ~ SuPport for the most common mouse and human genome-
PiNAPL-Py, a comprehensive analysis workflow, opti- wide CRISPR knock-out library designs such as GeCKO
mized for transparency and user-friendly operation. Pin-  (Sanjana et al., 2014), Brie, and Brunello (Doench et al.,
APL-Py is run on a web-server through an intuitive inter- ~ 2016) Use of custom libraries is possible after the user
face and, thus, makes no requirements to either the user’s ~ UPloads a spreadsheet, specifying gene 1Ds and sgRNA
skill or computer platform. This facilitates standardized, re-  Sequeénces and provides a few additional parameters, such

producible data analysis that can be carried out directly by ~ @S 5’- and 3’- sgRNA adapter sequences. Finally, the user
the scientists conducting the experiments. can adjust configuration settings, such as alternative

methods for read count normalization, gene ranking, or

various technical parameters for individual steps of the
Description workflow.

User input: To start a PinAPL-Py run, the user enters a

project name and an email address to receive start and ~ Analysis workflow:
completion notifications. The sequence read files
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Fig. 1: The PinAPL-Py workflow. Sequence data input is done in 5 easy steps. Output from each analysis step is displayed on separate tabs

and returned to the user as .xIsx, .txt, .png, and .svg files.

PinAPL-Py implements well-established methods to run its
analysis workflow (Fig. 1). Sequence quality assessment is
carried out using fastqc
(http://www.bioinformatics.babraham.ac.uk/projects/fastq
c¢/), providing plots of sequence content, sequencing quality
and read depth. Reads are then processed with the cutadapt
tool to clip sequence adapters (Martin, 2011) and aligned
to the library using Bowtie2 (Langmead and Salzberg,
2012). Read counts per sgRNA and per gene are normal-
ized using either counts per million, total, or size-factor
normalization (Anders and Huber, 2010). Enrichment/de-
pletion of single sgRNAs is determined by comparing the
(normalized) read counts from a treatment sample to the es-
timated counts distribution from the control samples, based
on a negative binomial model (Cameron and Trivedi,
2013). Analysis with only a single control sample is sup-
ported, but for statistical inference, at least two control
samples need to be present. Based on the enrichment or de-
pletion of individual sgRNAS, gene ranking using either the
ES-, STARS, oraRRA metric (as introduced by
MAGeCK) is carried out (Doench et al., 2016; Li et al.,
2014; Subramanian et al., 2005). The results are displayed
through multiple tabs, allowing selection for different sam-
ples and steps of the workflow. A single archive file can be
downloaded containing Excel tables, text files, high-reso-
lution images to enable downstream analysis and pro-
cessing. Running PinAPL-Py and MAGeCK on identical
datasets proved to yield very similar results with respect to
sgRNA enrichment, fold change and gene ranking (Suppl.
Fig. 1). For method details we refer to the supplemental
text.
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