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Abstract of Thesis

CRISPR screens: Data Collection and Prediction of Drug Sensitivity using Public
Resources

High-throughput screening has become a powerful and indispensable tool for systematic
functional analysis of whole genomes. The volume of screening data grows massively,
provides an abundance of information for functional genomics studies and drug target
identification. We present CRISP-view, an integrated database of CRISPR/Cas9 and
RNALI screening datasets with complete metadata annotation, covering multiple
phenotypes and a variety of research areas. Currently, CRISP-view collects 11,384 in
vivo or in vitro screening samples from 169 up-to-date publications. All the datasets are
processed by a standardized MAGeCK-VISPR pipeline, allowing them to be compared
across different experiments. A user-friendly web interface of CRISP-view is also
available, which enables users to browser and search all the datasets, the metadata, and

the quality control results.

Additionally, we developed a machine learning model to predict the response of cell lines
towards drug treatment, utilizing the beta scores of perturbed genes across cell lines and
growth inhibitory activity with drugs. Our model got a precision of 0.889 and an overall
F1 score, 0.391, suggesting that our model is useful and accurate. Moreover, we filter the
crucial genes for each drug with high feature importance from the model, these genes are
potential biomarkers for drug response. The BRAF and SOX10 gene with PLX could be

potent evidence to support our results.
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Chapter 1: Introduction

The clustered regularly interspaced short palindromic repeats (CRISPR)/Cas9 system has
drawn significant attention since the invention of CRISPR/Cas9-based genome-editing
technology ! 2. Along with RNA interference (RNA1), CRISPR/Cas9 technology was
successfully applied to genome-scale screening, which enables high-throughput
sequencing analysis and the exploration of genotype to phenotype problem 3-6, Over the
years, the volume of public available screening data has grown massively, resulting from
large amounts of CRISPR screening experiments regarding cancer progression, drug

response, immune system, virus infection, etc. 7.

To make use of the rich and valuable source of information, several databases are
developed to collect, integrate, visualize and compare these screening datasets.
GenomeCRISPR !0 collects all screens in human cells published by 2017, providing
options and tools to compare different screens and investigate the impact of sgRNAs.
PICKLES !!, a database of Pooled In vitro CRISPR Knockout Library Essentiality
Screens, enables users to explore the essentiality profile of genes of interest. The
extension of BioGRID, called ORCS database '2, annotates CRISPR/Cas9-based screens
that report gene-phenotype and gene-gene relationships. Moreover, a large-scale genome-
wide sequencing project, comprising Project Drive '3, DepMap '# performed in vitro
CRISPR/Cas9 screens across hundreds of cell lines with a centralized web interface.
iCSDB '3, an integrated database compiled DepMap portal and BioGRID ORCS,

removes batch effects and provides estimations of knockout efficiency. However, there



are some limitations that hamper the broad scope of application with screening datasets.
All these databases mainly collected the in vitro screening data, lacking other phenotypes.
Some datasets, like BioGRID ORCS and GenomeCRISPR, that only store published
screen analysis results in papers. GenomeCRISPR and PICKLES are two of the earlier
databases, their data contents are kind of outdated for missing the data in the last 3 years.
The most challenging problem here is to systematically compare genetic screens results

generated by various methods from different studies with a uniformed method.

Currently, treatments selected based on the type of tumor are still the prevailing manner.
Enormous developments in genetic and genomic of many diseases, with the dramatic
technological innovations of the past ten years with the implementation of next-
generation sequencing (NGS), are accomplished, which motivated the improvement of
the precision medicine '%-'®, Numerous studies attempted to discover gene variants
associated with inter-individual variation in drug response or serious side effects'®.
Treatment decisions based on patients’ genomic data have become reality. In 2017,
pembrolizumab ?°, a drug for mismatch repair-deficient solid cancer, became the first
cancer drug based on molecular biomarker approved by FDA. However, detection of
reliable biomarkers remains a challenging work since most of the drug compounds have
no proved biomarkers. The complexity and hugeness of genomic data make it hard to
analyze and derive novel hypotheses with traditional methods. Whereas machine learning
algorithms are devised to automatically detect patterns in data, and suitable for

discovering unexpected relationships and making predictions 2!22,



Here, we describe CRISP-view, a comprehensive database of CRISPR/Cas9 or RNAi-
based genetic screening covering a variety of phenotypes. Currently, CRISP-view
contains 11,384 in vivo or in vitro screening samples across 1271 human and 29 mouse
cell lines. Importantly, all the samples are systematically curated, annotated, and
processed by a standard analysis pipeline. It also provides a web-based interface allowing
users to search, visualize and download the gene-of- interest, associated metadata, and
quality control metrics. Moreover, we developed a machine learning model to predict the
response of cell lines towards drug treatment, utilizing the beta scores of perturbed genes
across cell lines and growth inhibitory activity with drugs. Based on the important feature
derived from the model, we filter the crucial genes for each drug, these genes could be

potential biomarkers for drug response.



Chapter 2: Methods

2.1 CRISP-view

2.1.1 Data sources and metadata annotation

The CRISPR/Cas9 and RNA1 screening data are collected from public available scientific
sources, including gene expression omnibus (GEO) data repository, the supplemental
materials of publications, and raw data obtained directly from the authors. Then, we
manually annotated the metadata of all samples, such as species, cell line, type of
screening, library, experiment conditions, associated PubMed ID, and information of
citations. Our curation for cell lines is consistent with the form of Cancer Cell Line
Encyclopedia (CCLE) and the information of the library is verified with the Addgene

website.

2.1.2 Data processing and quality control

The format of screening datasets we used is either raw sequence (fastq format) or raw
count tables in order to maintain consistency between different datasets. The raw data is
processed by standard MAGeCK-VISPR 23 24 analysis pipeline. In this pipeline, the
MAGeCK algorithm defines a set of quality control (QC) measurements to evaluate the
data quality, call essential gene with beta scores and calculate the sgRNA knockout
efficiency. Additionally, VISPR (VISualization of crisPR screens), a web-based frontend,
provides an interactive visualization of CRISPR screen QC and comparison results.

These two parts are combined to one workflow using the workflow management system



Snakemake 2°, enabling the automatic execution of the whole or part of the MAGeCK-

VISPR pipeline.

Before running the workflow, we prepared the raw data, library files, and other

documents following a certain format under one given work directory. The pipeline was

initialized with the command line interface and the Snakefile was generated

automatically. Then we modified the additional parameters in the configuration file for

different datasets. Once configured, the Snakefile can be executed with Snakemake. The

overview of CRISP-view is exhibited in Figure 1 from 2°,

Figure 1 Overview of the CRISP-view
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The CRISP-view contains three parts: a systematical metadata collection, unified processing and
quality control measurement and a web interface. Figure from: Cui, Yingbo, Xiaolong Cheng, Qing
Chen, Bicna Song, Anthony Chiu, Yuan Gao, Tyson Dawson et al. "CRISP-view: a database of
functional genetic screens spanning multiple phenotypes." Nucleic Acids Research 49, no. D1 (2021):

D848-D854.



2.2 Machine learning Model

For the machine learning prediction section, we utilized two datasets to build the model:
the beta scores of genes across cell lines from Broad datasets that processed by
MAGeCK-VISPR pipeline were considered as “features”. The growth inhibitory activity
of drugs across cell lines, the indication of the drug sensitivity value, was regarded as “y-
label”. The sensitivity value presented the growth inhibitory activity of drug treatment,
thus the lower value corresponding to the higher sensitivity. For each drug, we divided
the samples (cell lines) into two groups based on the drug sensitivity scores, converting
the problem to a binary classification issue. For which, we implemented the Random

Forest Classifier model to train the datasets.

Table 1 Example of input data for machine learning model

Samples Genes Drugs
) BRD-A00077618- BRD-A00100033-
cellline name PIGS MATK TMEM1798B RBMX2 LTK NRG2 236-07-6 001-08-9
A375_A -0.3334 -1.0024 0.14567 0.68076  -0.67659  -0.51158 0 0
A375_B -0.23037 -0.97126  0.018098 0.62831  -0.44457  -0.39297 0 0
A375_C -0.24647  -0.52231  0.21841 0.42108  -0.70068  -0.79312 0 0
A375_D -0.46506  -0.89888 -0.010265 0.76312 -0.1993  -0.79902 0 0
A704_A -0.14323 -0.168 0.81206 0.37265  -0.50492  0.77307 0 0
A704_B -2.27 -1.3687 0.89568 0.4786 -0.16181 1.0649 0 0
A704_C -0.034167  0.50911 0.63173 0.41832 -0.4093 0.79253 0 0
ABC1_A -0.19255 0.061872 -0.029353 0.40906  -0.46361 0.076578 1 0
ABC1_B -0.26138  0.21566  0.076531 0.27369  -0.48968  0.16736 1 0
ABC1_C -0.20165 -0.16197  0.013639 0.26536  -0.52274 -0.010565 1 0
ABC1_D -0.27963  0.18701 0.21871 0.26921  -0.59257 0.040725 1 0
BFTC909_A -0.10848  -0.55702  0.12953 -0.24743  -0.8101 -0.16255 0 0
BFTC909_B -0.019011 0.031742  0.13436 -0.1637  -0.28031  -0.13334 0 0
BFTC909_C 0.18173  -0.042957 0.52173 -0.53275 -0.33016  -0.18643 0 0
BFTC909_D 0.20202  -0.15995  0.25748 -0.60573  -0.7253  -0.052362 0 0

2.2.1 Data sources for modeling
The screening data were obtained from the Broad Institute’s Cancer Dependency project,

which analyzed 501 genome-wide loss-of-function screens implemented in diverse



human cell lines. This dataset was curated, annotated, and processed by the MAGeCK-
VISPR analysis pipeline with quality control (QC) metrics. After that, we extracted the
beta score for all the perturbed genes across all the cell lines to be the “feature” of the
machine learning model. That is to say, we use the output of the MAGeCK-VISPR
pipeline to be part of input data for the prediction model. In addition, the drug sensitivity
data was derived from the PRISM drug repurposing project
(https://depmap.org/repurposing) performed by Broad Institute. This resource contains
the results of pooled-cell line chemical-perturbation viability screens for 4,518

compounds screened against 578 human cell lines.

2.2.2 Pre-processing for modeling

We applied Quantile Normalization (QN) to normalize the distribution of drug sensitivity
scores. After the normalization, we divided the samples into two groups by their
sensitivity value and add label-1 for sensitive or label-0 for non-sensitive. The bottom
25% was selected for the threshold value. For certain drugs, the cell lines with a
sensitivity score smaller than the threshold were considered to be sensitive and then
labeled to 1. In the contrast, the cell lines with a score greater than the threshold were
regarded as non-sensitive and labeled to 0. Besides, genes started with “NO CURRENT”
in the beta score dataset were removed from the “feature” columns because they were the

negative controls for the screening.

2.2.3 Hyperparameter tuning


https://depmap.org/repurposing

The “n_estimator” is the most important parameter for the Random Forest model. Grid
Search function was applied for the parameter tuning with the number of the estimator
range from 0 to 200. Besides, we plotted the learning curve with the first ten drugs to
show the tendency and chose 40 as the value of n-estimator and fixed it for the following

modeling.

2.2.4 Evaluation and feature importance
After the trials on the mini dataset with 10 drugs, we implemented the Random Forest
Classification model for all 4518 drugs. Besides, we re-run the model with the top 100
features that filtered from the feature importance list. The scoring report was exported to
display and compare the performance of our machine learning model before and after
feature selection. The report is the summary of the Precision, Recall, and F1 score for
each class.

Precision = TP/TP+FP

Recall = TP/TP+FN

Precision = Reacll _ 2TP
Precison + Recall 2TP+FP+FN

F1 score =2

Additionally, we outputted the list of Feature Importance in descending order, which
indicates the relative importance of each feature (gene) in the prediction model. The
downstream analysis for new biomarkers was based on the gene with high feature

importance.



Chapter 3: Results and Discussion

3.1 CRISP-view

We present CRISP-view, a comprehensive annotated resource of public CRISPR or
RNAi-based genetic screening data in human and mouse. By March 2021, CRISP-view
has collected over 11,384 samples from 169 publications with unified annotation, manual
curation and standardized quality metrics. Besides, a user-friendly web interface of
CRISP-view is also available, which enables users to browser, and search all the datasets,

the metadata, and the quality control metrics.

CRISP-view represents an integrated collection of genetic screening datasets. Among the
database, we processed samples spanning various phenotypes, including in vitro and in
vivo cell proliferation or viability, immune or immunotherapy response, virus infection,
protein expression (by GFP sorting), etc. (Figure 2 from 29). Different sorts of screening
technologies are covered, embracing CRISPR activation (CRISPRa), CRISPR inhibition
(CRISPR1i), CRISPR knockout, and RNA interference (RNA1). Then, the metadata was
systematically annotated, such as species, cell line, type of screening, library, experiment
conditions, associated PubMed ID, and information of citations. These annotations enable

data discovery and retrieval.

All the samples are processed by the MAGeCK-VISPR standard analysis pipeline
produces QC ?* measurements and beta scores. Collecting the QC measurement from

various levels is the central part of MAGeCK-VISPR, comprising four levels: sequence



level, sgRNA read count level, sample level, and gene level. The distribution of GC
content and base quality is used for detecting problems with sequencing. The read count
level measurement reports the percentage of mapped reads, a good indicator of sample
quality, and the Gini index measuring the evenness of sgRNA read count. Sample level
QC evaluates the consistency between samples by checking their read count distribution,
correlation score, and PCA results. Besides, the extent of negative selection on ribosomal
genes by Gene Ontology (GO) 27 was used to reflect the quality of proliferation-based
screens. We categorized the QC metrics for pass or fail based on the distribution of that
metric in all samples. About the threshold, if a QC metric is better than 2/3 of the samples

in the database, it is considered as “pass”.

Figure 2 Contents of CRISP-view database
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CRISP-view collects screening datasets spanning in vivo and in vitro experiments, covering a
variety of research areas, like gene function, cancer, immunotherapy and virus infection (a).
Besides, these datasets used various screening technologies in numerous diseases (b). Figure
from: Cui, Yingbo, Xiaolong Cheng, Qing Chen, Bicna Song, Anthony Chiu, Yuan Gao, Tyson
Dawson et al. "CRISP-view: a database of functional genetic screens spanning multiple
phenotypes." Nucleic Acids Research 49, no. D1 (2021): D848-D854.
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Beta score is the estimation of gene essentiality in various screening conditions reported
from MAGeCK-MLE, similar to the term “log fold change” in differential expression
analysis. A positive (or negative) beta score implies the corresponding gene is positively

(or negatively) selected under certain conditions.

3.2 Machine learning Model

3.2.1 Preprocessing

Due to the different distributions of drug sensitivity scores across 4000+ drugs, we
applied two methods to normalize the sensitivity scores: sigmoid function and quantile
normalization. Comparing with the results of two normalization approaches, we chose the
quantile method since it better unified the distribution of sensitivity value for various
drugs (Figure 3 a-c). The drug sensitivity scores are divided into two classes, including
sensitive or non-sensitive group, and labeled to 1 or 0 separately, therefore the data was
well prepared for the binary classification model. We regarded the first quartile as the

threshold value to reach the balance of negative and positive training samples.

Obviously, the screening data is a high dimensional dataset, which contains the beta score
for about 20,000 genes for each sample. The high ratio of features and samples make it
extremely difficult for the machine learning model to get a good performance. Thus, it is
necessary to remove the uninformative feature, act as noise, for dimensionality reduction.

In Figure 3 d-e, the plot clearly exhibits the improvement when the negative control

11



genes in screening dataset were removed. The recall and overall F1 score are both higher

than before while the precision score slightly decreased.

Figure 3 Pre-processing for Random Forest model.
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before and after removing the negative control genes.
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3.2.2 Hyperparameter tuning

Using Grid Search, we tuned the hyperparameter for the Random Forest model. Then we
plot the learning curve for the cross validate score with different number of estimators.
The more the estimators the more complex the model, and the more time cost for the
complex model. Therefore, we chose 40 as the number of the estimators to balance the
efficiency and the performance (Figure 4). And then fixed the number for the

hyperparameter for the following study.

Figure 4 Learning curve for RFC model
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3.2.3 Evaluation of the RFC model
After the trials on the mini dataset with 10 drugs, we implemented the model for all 4518
drugs. We drew a boxplot to display the performance of the Random Forest model with

all features (Figure 5 a). The scoring report contains three values: Precision, Recall, and

13



F1 score. Precision is the ratio of correctly predicted positive observations to the total
predicted positive observations. High precision relates to the low false positive rate. The
precision of 0.946 suggests that the model is very accurate for the predicted positive
samples. While recall (sensitivity) is the ratio of correctly predicted positive observations
to all observations in an actual positive. The recall of 0.175 means the model could only
predict a small part of the positive group, which is the limitation of the model. There is a
trade-off between the two scores in one model. Thus, F1 Score of 0.294, the weighted
average of precision and recall, is required for the general evaluation of the model.

Overall, our model is good but conserved, and we could focus on high precision.

Figure 5 Boxplot: report of the Random Forest model
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The boxplot of scoring report of Random Forest Classification model with all features(a) and top 100
important features(b). The overall F1 score suggests that the performance of second model has
improved.
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Also, we implemented the feature importance function and exported the ordered list of
features(genes) with importance. The top features(genes) are crucial for classification and
then these features were selected to be the features for re-running the model (Figure 5 b).
Compared with the previous report, though precision is slightly decreased, “0.899”
remains a high score that indicates that our model is accurate. Also, the new model has a
much higher recall which accounts for the higher F1 score, 0.391. The report
demonstrates that, with only the top 100 features, the performance of the model has been

apparently improved.

3.2.4 Prediction of potential biomarkers and confirmation

For each model of certain drug or compounds, we have an ordered list of the genes with
descending importance scores. The high importance scores indicate that these genes are
crucial features for the classification model to categorize the cell lines to sensitive or not.
Our goal is to explore whether these genes could be the new markers for drug efficacy.
Then, a waterfall plot, in which we plotted beta scores of all cell lines of a certain gene
colored by the sensitivity of one drug, was applied to exhibit the connection of key genes
with the corresponding drug. The recognized relationship between drug and genes was

utilized for examination, for example, the PLX-4720 and the top genes from its model.

3.2.4.1 Evidence of BRAF, SOX10 and PLX
The connection between BRAF and PLX (BRAFi) is well known to us. Then, we
manually check the top 5% of all cell lines with high sensitivity of PLX-4720 (28 of

565), among which 75% are B-Raf(V600E) mutated. This is the basis for the following

15



analysis. According to the descending list of feature importance obtained from the PLX

model, the top 1 gene with the highest importance is SOX10, and BRAF ranked 3#. Cell

lines with a low beta score of BRAF or SOX10 gene are more likely to be sensitive to

PLX, where red bars concentrate (Figure 6).

beta score

Figure 6 Waterfall plot for genes and corresponding drug
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Cell lines (x-axis) with low beta score of BRAF (or SOX10) are more likely to be colored by red,
which means sensitive to PLX.

B-Raf(V600E), the most frequent oncogenic protein kinase mutation, is a driver mutation

28,29 colorectal cancer 3 and

in a proportion of certain diagnoses, including melanoma
hairy cell leukemia, etc. PLX-4720 exhibits selective inhibition against B-Raf(V600E)
(IC50 = 13 nM) rather than wild type B-Raf (IC50 = 160 nM)?*'. PLX-4720 potently

inhibits ERK phosphorylation in tumor cell lines harboring B-RafV600E, induces cell

cycle arrest and apoptosis, or causes tumor growth delays in tumor cells.
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Same as BRAF, SOX10 is discovered to be a reliable marker for identifying metastatic
melanoma in 201432, Then, studies unveiled the regulatory mechanism of SOX10 and the
way it mediates adaptive resistance to RAF inhibitors in mutant BRAF melanoma cells.
SOX10 is both necessary and sufficient for FOXD3 expression induced by RAF
inhibitor. Phosphorylation of SOX10 by ERK1/2 signaling interfering with the
sumoylation of SOX10 inhibits its transcription activity 3. Conclusively, the depletion of
SOX10, the upstream regulator of FOXD3, sensitizes the BRAF mutant melanoma cells
to BRAFi. The waterfall plot distinctly illustrates the correlation between the beta score
of the BRAF/SOX10 gene and the sensitivity of the corresponding cell line treated with

PLX, and also validated by the previous studies.

3.2.4.2 Evidence of ZNF609 gene and evacetrapib

We also find another interesting relationship between the ZNF609 gene and evacetrapib.
In the model of evacetrapib, ZNF609 gene has an importance score over 0.6 and there is a
clear relationship between its beta score and the response to evacetrapib in the waterfall
plot (Figure 7) below. This waterfall plot is kind of different from the above two plots.
The red bars focus on the area of the high beta score, which indicates ZNF609 is a cancer
suppressor gene. We did some literature research about this association. Evacetrapib is a
CETP inhibitor that is intended to reduce the risk of atherosclerosis (a cardiovascular
disease, CVD) by improving blood lipid levels ** 33, CVD is a class of diseases that
involve the heart or blood vessels *. CVD includes coronary artery diseases (CAD). As
reported, circRNA ZNF609 in peripheral blood leukocytes acts as a protective factor and

a potential biomarker for coronary artery disease (CAD) *’. These findings are consistent

17



with the waterfall plot, which could be another evidence for the good performance of our

model.
Figure 7 waterfall plot for ZNF609 in evacetrapib model
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Chapter 4: Conclusions

The CRISP- view, a comprehensive database of CRISPR/Cas9 and RN A1 genetic screens
with systematical metadata annotation, is a powerful source for functional genomic
studies. All the datasets are uniformly processed by MAGeCK-VISPR pipeline with QC
measurements, thus results of screens from different studies could be compared for the
analysis. CRISP-view contains 11, 384 samples from newly published papers spanning
various phenotypes and different screening technologies. The web-based interface allows
researchers to explore the visualized gene-of-interest and associated metadata with QC

metrics.

The machine learning model for drug response prediction is robust and accurate. We
filter the crucial genes for each drug with high feature importance from the model, these
genes are potential biomarkers for drug response. The relationship of PLX and its
associated gene, including BRAF and SOX10, could be a piece of strong evidence. The
model spanning 4000+ drugs and a large panel of cell lines enables to capture the
diversity of human cancers and treatments. There are also several limitations, like the
recall of our model is low that can only detect a minority of the positive samples. We
need more work to improve our model. Another obstacle is the high feature to sample
ratio, the typical problem in genomics data, demanding more sample collection and

effective method for pre-processing.
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