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Synthetic lethal therapies have the potential to expand cancer treatment options. Synthetic
lethality is a form of context-dependent gene essentiality in which dual inactivation of a gene pair
leads to cell death but single-gene inactivation does not affect viability. When one synthetic lethal
gene is inactivated in cancer, targeting the remaining gene results in tumor cell death while normal
cells remain unaffected. Therefore, synthetic lethal therapies may show substantially reduced
toxicity compared to chemo- or radiotherapy and oncogene-targeted therapies. The successful use
of PARP inhibitors to treat BRCAI or BRCA2-mutant breast, ovarian, and prostate cancers shows
that synthetic lethal therapies are a viable approach. Yet PARP-BRCA remains the only synthetic
lethal target with a clinically-approved inhibitor to date. There thus is an urgent need to find more

targetable synthetic lethal interactions in cancer.



Given the Berger lab’s focus on lung cancer, we developed a dual knockout CRISPR
method to systematically identify synthetic lethal human gene pairs in lung cells. Previous studies
showed that less than 3% of unrelated human gene pairs are synthetic lethal, while duplicated yeast
genes showed a 25% synthetic lethal hit rate. We thus chose to identify new synthetic lethal lung
cancer drug targets by developing a pooled dual-targeting CRISPR-Cas9 library called paired
guide RNAs for paralog genetic interaction mapping (pgPEN). pgPEN targets over 2,000 human
paralogs, or duplicated genes. We applied pgPEN to lung and cervical cancer cell lines and found
that 12% (n = 122) of paralog pairs exhibited synthetic lethality in at least one context. These
synthetic lethal paralogs represent new potential cancer therapeutic targets.

We also developed two computational methods to ensure that pgPEN can be applied by
other researchers and that targeting paralogs is a viable synthetic lethal therapy approach. The first
tool, paired guide mapper (pgMAP), is a user-friendly software pipeline that reproducibly maps
sequencing reads from large, dual-targeting CRISPR sequencing datasets. The second method
leverages existing gene expression and drug sensitivity datasets to identify 68 cases where loss of
one paralog led to significantly decreased cancer cell viability upon treatment with a drug targeting
that gene family. These analysis methods enable other groups to find synthetic lethal paralog pairs
in any cancer type and support targeting paralogs as a potentially viable therapeutic approach.

This work reveals over 100 novel, potentially targetable synthetic lethal interactions in
human cancer cells that can be further tested and translated to the clinic. Additionally, the pgPEN
CRISPR library and the pgMAP pipeline will enable other researchers to identify targetable
synthetic lethal interactions in other cancer types. Synthetic lethal therapy has the potential to
provide a relatively low-toxicity treatment approach that can expand cancer therapy options, help

address the challenge of acquired drug resistance, and improve patient outcomes.



Non-Technical Summary

How can we slow or stop tumor growth, or even cure cancer, without harming the healthy
cells in a patient’s body? This is the central question I have tackled in my dissertation research in
cancer biology. I developed a new technology that will accelerate the identification of drug targets
that kill cancer cells without harming healthy tissue. Current commonly-used cancer therapies like
chemotherapy and radiation target tumor cells as well as fast-growing healthy cells in a patient’s
body, which is why they cause negative side effects like hair loss, gastrointestinal problems,
dizziness, and fatigue. My PhD research has helped to advance a therapeutic approach that uses
drugs to specifically target and kill cancer cells, so it is less toxic to patients and more effective at
shrinking or completely eliminating tumors. I uncovered hundreds of new cancer targets by
developing an approach to simultaneously inactivate thousands of human genes and by analyzing
large datasets of cancer cell growth in the presence of targeted drugs. I have also shared my
experimental methods and analysis pipelines freely so other researchers can identify drug targets
in any cancer type.

To find more cancer drug targets, I first had to develop a new method to inactivate two
genes at once in human cancer cells. This is because the therapeutic approach I study is based on
synthetic lethality, or an interaction between two genes where inactivating either gene alone does
not affect cell growth but inactivating both genes at once kills the cell. Synthetic lethal therapies
exploit the built-in backup systems for key cellular processes like growth and division to kill cancer
cells. These cellular backup systems are like a car’s headlights: if one goes out, you can still drive

safely but you are now very dependent on the function of the remaining headlight. If both



headlights go out at once, it creates a dangerous situation that all drivers want to avoid. Given that
cancer cells usually have many more mutations than healthy cells, we will likely find cases where
one gene in a synthetic lethal pair is inactivated by a mutation in a patient’s tumor but not in their
healthy tissue. By targeting the remaining gene with a drug, we can kill tumor cells without
harming healthy cells. In 2005, scientists discovered the first synthetic lethal therapy that has been
used to successfully treat patients with breast, ovarian, and prostate cancer. But since then,
researchers have been unable to find any other synthetic lethal therapies that can be used to treat
cancer in the clinic.

I decided to look for new synthetic lethal drug targets so that more cancer patients could
benefit from this low-toxicity therapeutic approach. When I started my PhD in 2018, biologists
did not have a way to inactivate, or “knock out”, two human genes at once on the scale of thousands
of gene pairs. I therefore developed a new, large-scale method to simultaneously inactivate
thousands of gene pairs in human cancer cells. My approach uses CRISPR (Clustered Regularly
Interspaced Short Palindromic Repeats) to do genetic loss-of-function experiments in which 2,060
genes are inactivated alone and in pairs. I targeted paralogs, or duplicated genes that arose when
one ancestral gene was accidentally copied to produce two genes that then diverged. CRISPR
screens of non-duplicated human gene pairs showed a synthetic lethal hit rate of less than 0.1%
but 25% of paralogs are synthetic lethal in yeast, a genetically tractable organism that biologists
use to study human genetics. We named our method pgPEN (paired guide RNAs for Paralog
gENetic interaction mapping), and we refer to the set of CRISPR guide RNAs that we designed to
target our duplicated genes of interest as a “library”. pgPEN was the largest paralog dual-targeting

CRISPR library ever developed.



Though our new method can be applied to find synthetic lethal drug targets in any cancer
type, we first used pgPEN in lung and cervical cancer cells. We chose these cancer types because
lung and cervical tumors are highly mutated relative to other cancers, so we would be more likely
to find cases where one synthetic lethal gene was mutated in the tumor but not in healthy tissue.
Using the pgPEN approach, I found 122 new, high-confidence synthetic lethal gene pairs. This
translates to a hit rate of 12%, which is much higher than the synthetic lethal hit rates seen in
previous studies. Moreover, we found that over a quarter of our hits were classified as drug targets.
I published this work in 2021 (Parrish et al., 2021) and my paper has since been cited over 35 times
and was highlighted by multiple science news outlets!. I also shared the pgPEN library via an
online repository and it has been adopted by 10 labs around the world to find synthetic lethal
targets in cancer and other diseases.

It has been very rewarding to dive into the field of synthetic lethal drug discovery to find
new cancer drug targets during my PhD research. To enable other researchers to find synthetic
lethal targets, I am developing software packages to share the code I used for my pgPEN studies?.
To ensure that targeting duplicated genes with drugs is a viable approach, I also developed a
computational approach to analyze large-scale datasets generated by treating cells derived from
many different cancer types with paralog-targeting drugs. Altogether, my PhD work has advanced
the goal of identifying synthetic lethal therapy targets and has had a global impact on the cancer
research field. After further study, synthetic lethal therapies could be implemented in the clinic to

treat or even cure cancer while improving quality-of-life for cancer patients.

1 See articles from: Fred Hutch Science Spotlight, Fred Hutch News, and Science in Seattle.
2 See: https://github.com/FredHutch/pgMAP pipeline and https://github.com/FredHutch/GI mapping.




TABLE OF CONTENTS

LSt OF FIGUIES ..ttt ettt ettt e ettt e et e e bt e eabeeseesnbeenseeenbeenseesnseenseannns v
LSt OF TADIES ..ottt ettt ettt sttt et vii
Chapter 1. INtrOAUCTION ......oouviiiiieiieiie ettt ettt e et e s e e beesaaeesbeeesaeenseesnseenseennns 1
1.1 Current state of the field of synthetic lethal cancer target discovery..........cceevveruiennnnnns 1
1.1.1  Overview of cancer therapeutic approaches ............ccoceevuierieerieniiienienie e 5
1.1.2 Lessons learned from YEaSt.........ccceviieriieriieiiieniie ettt ettt ens 11

1.2 Challenges in synthetic lethal drug target diSCOVEry .........ceevuirriiriiienieiiieieeieeeene 13
1.3 Applying genome editing tools for synthetic lethal target discovery in cancer............ 14
1.3.1 Cas9-mediated CRISPR Knockout..........ccccoeiiiiiiiniiniiiiiiieieecccceceeee 15
1.3.2 CRISPR INEETTEIENCE. ....ceuviiieiieiiiiiesiteieete ettt 21

1.3.3 Casl2a-mediated multi-gene inactivation............ccceereeeiiienieeiieeniieeieesie e eseeeeeeens 22

1.4 Where do we g0 from here?........ccooiiiiiiiiiiiiiiieeeee e 23

Chapter 2. Discovery of synthetic lethal and tumor suppressive paralog pairs in the human

Fo0S 110111 LSOO PSRRI 26
2.1 TN OAUCTION ...ttt ettt eeaeeeeeseeeeeeeeeeeneneennennnnnn 27
2.2 RESUILS ..ottt et eeae et e e eeeeeeeeeeeneneennennnnnn 29

2.2.1 A paralog blind spot limits discovery of essential genes and cancer dependencies . 29
2.2.2  The pgPEN library enables single and double knockout of 1,030 human paralog
FAMILIES ... 31

2.2.3 Direct identification of paralog genetic interactions in human lung cancer cells..... 35

i



2.2.4 A second pgPEN screen identifies shared versus cell line-specific paralog synthetic

Jethal INEETACTIONS ....uviiiiiiiieeit ettt ettt et sb et e e b 39
2.2.5 Identification of tumor suppressor paralog PAITS .........ccceceereeeriierieenieenieeieeereenees 43
2.3 DASCUSSION .uttiieiienteeite sttt ettt et ettt et ettesb e et s et e s bt et e e st e s bt ebesaee s bt enbeeatenbeenteeaeenneenees 46
2.4 Materials and Methods.........cc.ooiiiiiiiiiiiiii s 48
2.4.1 Experimental Model Details ...........ccceeiuiiiiieiiieiiieiieie e 48
2.4.2  Method DEtailS....c..coouiiiiiiiiiiiierieeieetet ettt 48
2.4.3 Quantification and Statistical ANAlYSIS.........ccceeviieiieriiieiieiiieieeee e 55
2.5  ACKNOWIEAZMENLS. .....coiuiiiiiiiiieiieitie ettt ettt et ste et e siae et e s aaeenbeesaaeensaeenaeens 58
2.5 1 FUNAING .ottt ettt et s e et e e st e et e s abeenbeesabeenbeeenneenneas 59
2.5.2  Author CONntriDULIONS .....ooueeiiriieniieieiiesieeieetese ettt 59
2.5.3  ComPEting INEEIESES .....eevuiieiieriieeiierie ettt ettt ettt e et e aeebeesaaeenbeesnseenseas 60
2.5.4 Data and Materials Availability ..........ccccoeriieiieiiieiieieeee e 60
2.6 Supplemental Data...........cccoeviiiiiiiiiieiiee et ens 63
2.6.1  Supplemental TabIes.........cccveriiiiiiiiiieiieieeieee ettt 63
2.6.2  Supplemental FIGUIES........ccccveriiiiiiiiieeiiecie ettt e e e 64

Chapter 3. pgMAP: a pipeline to enable guide RNA read mapping from dual-targeting

CRISPR SCIEENS ....cuttiiiieiiteeite ettt ettt ettt e sat e et sate et e st eebeenaneens 73
3.1 INEEOAUCTION ...ttt st s be et 74
3.2 Materials and Methods........c..coouiriiiiiiiiiieieee s 76
3.3 Usage and EXAMPIES......cccuiiiiiiiiiiiiiiiieiiecie ettt ettt et siae e e 77
3.4 CONCIUSION «..oniiieiietee ettt ettt et s bt et et st e b enees 79
3.5 ACKNOWIEAZMENTS.....ccuiiiiiiiiiiiiieiiecie ettt ettt e s e e e saae e s e 79



351 FUNAING ...ttt ettt ettt ettt e et e sabeeteesabeenbeeenbeensaesnnaens 79

3.5.2  Data availability ......cccuieriiiiiieiieeii e ettt saaeen 80
3.5.3  Conflicts Of INEETEST...c.eeruiiiiriiiiieieeiiert ettt 80
3.6 Supplemental Data..........ccoeiiiiiiiiiiiiiieieeee e 81
3.6.1  Supplemental Tables........ccceeriiiiiiiiiiiiieiieeie ettt et bee s ens 81
3.6.2  Genetic interaction Mapping PIPELINe ......c.eeecvieruieriierieiiieiecie ettt 82
Chapter 4. Finding druggable gene families ...........cccoeviiriiiiiiiiiiiiiieeieeicece e 83
4.1 INEEOAUCTION ...ttt sttt st be et st 84
4.2 Materials and Methods..........c.coiiriiiiiiiiiiie e 86
4.2.1 Code and package VETSIONS ........cccueeruieeiiierieeieeniieeiieeteesteesiteeseeseseenseessseenseessseenseas 86
4.2.2  Linear regression aNalYSIS........ceecierieeiiienieeiiienieeieeeee et site et et e esneeneeas 87
4.2.3 Robustly scaled outlier analysis...........ccceerviieriieriieiieiieeiieee et 88
4.2.4 Filtering for druggable, synthetic lethal paralogs .........cccccecueveeieniiniiiiniiniceee 88
4.3 RESUILS ettt ettt ettt nae s 89
4.3.1 Analysis of a known drug target supports the efficacy our approach....................... 90
4.3.2 Discovery-focused analysis of predicted synthetic lethal gene families .................. 92

4.3.3 Outlier analysis confirms efficacy of using AKT inhibitors to target the synthetic

lethal AKT ene family ......cccuieriiiiiiiiieiiieiee ettt sttt e e ens 94
4.4 CONCIUSION .ttt ettt ettt ettt b et sat e bt et e eatesbe et e eaeenbeenees 98
4.5 Supplemental Data.........c.coovieiiiiiiiiiee e e 100

4.5.1 Code and ReESULLS........eoouiiiiiiiiieiieeeetee et 100

4.5.2  Supplemental Figures and Tables ...........ccceeiiiiiieiiiieniiniieiece e 100

il



Chapter 5. Discussion

5.1 Conclusions

5.2 Broader IMPliCAtiONS.......cc.eeiiiiriiieiiienie ettt ettt tteebe e sbeesaeeesaeesaesnseens

Y



LIST OF FIGURES

Figure 1.1: Synthetic lethality and its applications for cancer therapy..........c.cccoeveeeiiienienciienennnen. 2
Figure 1.2: Overview of the Cas9-mediated CRISPR knockout method. ............cccceveniniennnne. 16
Figure 2.1: Paralog dependencies are missed in single-gene CRISPR knockout screens. ........... 30

Figure 2.2: The pgPEN CRISPR library enables genetic interaction mapping of 1,030 human
PATALOZ PAITS. ..euvieiiieiiieeiie ettt ettt ettt e et e et e et esteeesbe e aeeenbeeseeesbeenseeenseenseesnseenneesnseensaens 33

Figure 2.3: pgPEN uncovers synthetic lethal and buffering interactions. .........c.cccceveveveeviennenne. 36

Figure 2.4: CRISPR validation experiments confirm top PC9 synthetic lethal interactions......... 37

Figure 2.5: Identification of cell line-specific and shared synthetic lethal paralog pairs. ............ 41
Figure 2.6: Paralog buffering interactions include tumor suppressor paralogs. ...........cccceeveeneen. 44
Figure 2.7: pgPEN CRISPR library information and sequencing strategy..........ceccevvverveeruennene. 64
Figure 2.8: PC9 paralog screen quality control, gene expression, and copy number
TNFOTINATION. ...ttt ettt ettt sb ettt sb et eae e bt et e saeenees 65
Figure 2.9: Validation of PC9 screen data using competitive fitness assays..........ccccceeevveeveennnnn. 67
Figure 2.10: Genomic DNA sequencing data for PC9 screen validation paralog pairs. .............. 69

Figure 2.11: HeLa paralog screen quality control, gene expression, copy number, and genetic
interaction SCOTe INFOIMATION. ...c..eevviriiriieieiierie ettt sttt s 71

Figure 3.1: pgMAP reproducibly and scalably maps sequencing reads from dual gRNA

CRISPR SCIEENS. ...cuteiiiiiiieeiteetteete ettt ettt ettt ettt et sat e st sat e et esseeeneesane e 75
Figure 4.1: Overview of paralog druggability analysis. .........ccccceeviiiiieniienieiieeieceeee e 85
Figure 4.2: Overview of PRISM screening approach and paralog druggability analysis............. 86
Figure 4.3: Validating PRISM analysis strategy by comparing EGFR expression to cell

viability after EGFR inhibitor treatment. .............cocoeiiiiiieiiiiiieice e 91
Figure 4.4: Top hits from paralog linear regression analysis. ........cc.ccoceeveerierienennenieneenieneenne 93

Figure 4.5: Outlier-based analysis supports synthetic lethal targeting of cell lines with AK73

1088 USING AKT INIIDITOTS. ..oueviiiiiiiiieiieeie ettt et e st eseeenae e 95
Figure 4.6: AKT3 shows bimodal expression across cell lineages in the PRISM and DepMap

AALASEES. ...ttt ettt bttt 97
Figure 4.7: Schematic for targeting druggable, synthetic lethal paralogs in cancer..................... 98

v



Figure 4.8: Selected hits from linear regression-based paralog drug sensitivity analysis. ......... 100
Figure 4.9: Outlier analysis confirms increased effectiveness of AKT inhibitors
GSK2110183 and AZD5363 in cell lines with low AKT3 eXpression..........ceeeveereeeeveennens 103
Figure 4.10: Analysis of AKT3 expression versus copy number across DepMap cancer cell
lines shows no association between loss of AKT3 expression and decreased AKT3 copy
1111800 o1 SRS OTOSOUO PSSO PURRRPRRPPRRRTN 104
Figure 4.11: The presence of deleterious mutations in PI3K/AKT pathway genes is not
strongly associated with AKT3 gene expression loss (by Fisher’s exact test). ......c...c......... 105
Figure 4.12: The presence of TCGA hotspot mutations in PI3K/AKT pathway genes is not
strongly associated with AKT3 gene expression loss (by Fisher’s exact test). ..........c......... 106

vi



LIST OF TABLES

Table 2.1: Key Resources Table. ........oocuiiiiiiiieiiiiiicececee ettt 60
Table 3.1: Sample output from pgPEN de-multiplexing step. The number and percentage of
[llumina sequencing reads assigned to each barcode is ShOWN.........cccceviiiiriiiiiiiiniincnnne. 81
Table 3.2: Sample quality control output from pgPEN alignment step. .........ccccecueevierieeriiennnnne. 81
Table 4.1: Software and package versions used for paralog druggability analysis. ..................... 86
Table 4.2: Summary of hits from paralog linear regression analysis............cccceercereriienieeniiennenne. 92

Table 4.4: Linear regression summary statistics for AKT inhibitors and the AKT gene family.

vii



ACKNOWLEDGEMENTS

I want to thank the entire Berger lab, particularly Dr. Alice Berger, for helping me think
through, conduct, and interpret all the scientific experiments and analyses in this dissertation. Alice
inspired me with her creative thinking and excitement about science from our very first meeting
where we discussed a potential rotation in the lab and she pitched the project that became pgPEN
to me. Her encouragement, support, and assistance with troubleshooting experiments was
invaluable throughout my PhD research. I also want to thank many past and present members of
the Berger lab who helped me get my project off the ground and supported me throughout the
highs and lows of scientific research. In roughly chronological order, this includes Dr. Athea
Vichas, Dr. April Lo, Dr. Sitapriya Moorthi, Amanda Riley, Shriya Kamlapurkar, Amanda
Bradley, Heather Borror, Callie Rominger, and Daniel Groso. I also want to thank all my mentees
for helping me stay motivated and reminding me that science is exciting.

Thanks to many past and present members of Dr. Rob Bradley’s lab, who provided me a
second scientific home and served as sounding boards and key collaborators for my experiments
throughout graduate school. Rob himself provided extremely helpful advice to me and Alice
throughout the pgPEN and pgMAP development and publication processes. I also want to
acknowledge Dr. James Thomas, Dr. Austin Gabel, Dr. Emma De Neef, and Dr. Emma Hoppe.

My thesis committee-members Dr. Bob Eisenman, Dr. Maitreya Dunham, Dr. Rob
Bradley, and Dr. Jesse Bloom have served as an incredibly useful sounding board and helped guide
me through my PhD research and beyond. I particularly want to thank Rob and Bob for serving on

my reading committee and Maitreya for helping me identify key papers on yeast genetic interaction

viii



mapping and for helpful advice on preparing for my defense, applying for graduate school awards,
and post-PhD career options.

None of my work would have been possible without the support of amazing staff and
administrators in both the Fred Hutch Human Biology Division and the UW Genome Sciences
Department. I would particularly like to thank the Berger lab’s amazing admin James Adams and
the Genome Sciences graduate program admin Brian Giebel for helping me navigate the often-
confusing red tape of academia across two institutions. Thanks also to the Fred Hutch Offices of
Graduate Education and Scientific Career Development for advice on navigating grad school and
post-PhD career options. Finally, none of the computational analyses included in this thesis would
have been possible without the support of the amazing Information Technology and Scientific
Computing teams at UW and Fred Hutch. Thank you to Skylar Thompson, Charles Winston, and
Justin Reichel at UW and Luna Yu, Pat Heath, and David Chambers at Fred Hutch.

I have also been involved in a number of teaching and service opportunities throughout
graduate school. I would like to thank all past and present members of the Genome Sciences
Association for the Inclusion of Marginalized Students (GSAIMS) for their fellowship, support,
and collaboration in promoting diversity, equity, and inclusion in science. Dr. Atom Lesiak
provided invaluable advice on promoting change, applying for funding, and organizing outreach
events. | also want to thank Maureen Larsen, the GS Department Director, for helping us
coordinate funding for GSAIMS events and for her help when I served as the graduate student
representative during GS faculty meetings. Dr. Hannah Jordt and Dr. M. K. Raghuraman provided
extremely helpful advice and support during my teaching assistantships. I aspire to be half as good

at teaching and science communication as they are!

X



The Brewer-Raghuraman lab was the first UW lab I rotated in, and I want to thank all of
the lab-members for helping me find my equilibrium during my first quarter. They helped me feel
welcome in the department and have continued to support me by giving extremely valuable
feedback during practice talks and providing a sounding board for my extracurricular activities
and career plans. Thank you to Dr. Bonny Brewer, Dr. M. K. Raghuraman, Dr. Liz Kwan, Dr.
Rebecca Martin, and Gina Alvino.

I never would have chosen a career in science or applied to graduate school without the
support of past professors and mentors. Dr. A. Malcolm Campbell and Dr. Kevin G. Smith at
Davidson College helped encourage me to choose Biology as a major and to think through the
broader ethical, legal, and social implications of science research. Dr. Patricio Boyer, Dr. Patricia
Tilburg, and many other humanities professors at Davidson taught me to think critically about
gender, history, colonialism, linguistics, philosophy, and so much more. Additionally, my research
experiences in Dr. Campbell’s lab and in Dr. Alan Collmer’s lab in the Cornell University School
of Integrative Life Sciences helped me realize I could pursue science research as a career.
Particular thanks to Dr. Collmer, Dr. Suma Chakravarthy, and Dr. Hai-Lei Wei for their support
during my undergraduate Honors thesis research in plant-microbe biology.

My post-baccalaureate fellowship in Dr. Beth Kozel’s lab at the National Institutes of
Health taught me what it would be like to do science full time. And the experience was so positive,
I decided to go to graduate school! Thank you to Beth for taking a chance on me and giving me a
dataset of whole-exome sequences to analyze even though I had extremely limited coding
experience. Thanks also to Russ Knutsen and the other members of the Kozel lab for their support
during my postbac and beyond. You taught me what working full-time in a healthy, supportive,

and fun lab environment looks like.



Though my mentors and lab-mates have supported me throughout my career, I truly
wouldn’t have been able to get to graduate school—Ilet alone successfully defend my PhD—
without the support of an incredible network of friends and family both within and outside the
world of science. I want to thank my grad school friends especially for helping me navigate the
complexities of academic science all the way from the first day of my first year to submitting my
dissertation. Shoutout to Robin Aguilar, Thomas Pulliam, Katharine Chen, Emma De Neef, Zorian
Thornton, Alberto Rivera, Ken Jean-Baptiste, Maddy Duran, Laila Shehata, Andie Doak, and so
many other UW graduate students in both the Genome Sciences and Molecular and Cellular
Biology PhD programs for advising, commiserating, and celebrating with me throughout this
process. I especially want to thank Robin for role as a friend and co-leader in the DEI-focused
work we did through GSAIMS. Even when my science wasn’t working, the events we ran and the
space we created within the department made my time here feel useful and important.

Additionally, my friends from outside UW provided invaluable support and perspective
throughout my time in graduate school. Thank you to Jenna Goff, Anna Cox, Teta Alim, Amelia
Kaufman, Rachel Wiltshire, Grace Shuk Hang Li, Jose Balcazar, An-Phuong Ha, Zo€ McAlear,
Gabe Nussbaum, and too many other people to list here. Also thanks to all the baristas and
restaurant workers, particularly those at Big Mario’s in Lower Queen Anne and Café An’ Clair,
who kept me caffeinated and fed while I was writing my thesis and who checked in on me after
my defense to see how it went. It’s been wonderful having a community in Seattle and beyond,
and for those of you who couldn’t come to my defense in person I can’t wait to celebrate together
soon!

Finally, I would like to thank my family. My extended family has cheered me on
throughout my entire 21 years of education—I promise I’'m done now! My grandmother, Sally

Xi



Nero, has always been just a phone call away when I need her and always welcomes me to her
house in Maine, my favorite place in the world to relax and eat blueberry muffins. My grandfather
Russell Parrish tells the best stories and gives excellent advice, and also makes delicious scones
for his grandchildren when we visit. Thank you for helping me get to know Grandma better even
though I couldn’t make it to New Zealand during the pandemic. To my cousins, aunts, and uncles
in the U.S. and New Zealand, thank you for giving me places to stay on my travels and for your
support throughout this process! To my sister, Tessa Parrish, you are the smart one for not getting
a PhD. Thank you for always being there when I need you, for your generally snarky but always
helpful advice, and for the cute cat pictures. To my parents, Dr. Colin Parrish and Dr. Debra Nero,
thank you for showing me what a being a smart, thoughtful, kind scientist, teacher, and mentor
looks like. Whenever I need help or advice, you have both always been there to help me navigate
the highs and lows of school, adulthood, career planning, and life. And thank you for being
excellent dog grandparents to my dog, Jack. I guess now I’ll have to get a real job so I can support

him!

Xil



DEDICATION

This dissertation is dedicated to my mom, Dr. Debra Nero. From helping me understand Punnett
squares in high school biology to answering my panicked phone calls and helping me problem-
solve when I’m stressed in graduate school, you’ve always been there for me. Thank you for
being my role model as a strong, opinionated, kind, intelligent female scientist. I couldn’t have

done any of this without you.

Xiii



Chapter 1. INTRODUCTION

1.1 CURRENT STATE OF THE FIELD OF SYNTHETIC LETHAL CANCER TARGET

DISCOVERY

Finding cancer therapies that can kill tumor cells without harming a patient’s healthy cells
is a major challenge for biomedical research. Current widely used therapeutic approaches like
chemotherapy and radiation target cancer as well as other fast-growing cells in a patient’s body.
Though these approaches kill tumor cells effectively, doctors must carefully calibrate the dosage
of chemo- and radiotherapy because of negative off-target effects including anemia, hair loss, and
gastrointestinal disease.

To develop therapies that specifically target tumor cells, cancer biologists have leveraged
advances in sequencing technology to better understand the genetic alterations that drive tumor
formation. This research has resulted in the development of targeted therapies, in which patients
are treated with drugs that target their tumor’s specific mutation. Targeted therapies can quickly
and potently kill tumor cells, but these mutation-specific drugs often still have serious side effects
because many of the targeted genes are essential, or required for growth, in both tumor and normal
cells. To more effectively treat, or even cure, cancer while improving patient quality-of-life, we
must identify new therapeutic targets that are essential in tumor cells but not required for healthy
cell growth.

In 1997, Dr. Leland Hartwell and colleagues proposed a solution to this problem (Hartwell
et al., 1997). Rather than targeting genes that are required in both cancerous and healthy cells, we
can leverage the fact that cancer cells are highly mutated to find cases where a context-specific

essential gene is inactivated only in the tumor. Specifically, we can treat cancer by exploiting
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synthetic lethality, a type of genetic interaction in which inactivating either gene in a pair alone
does not affect cell growth but dual inactivation leads to cell death (Figure 1.1A). If one member
of a synthetic lethal gene pair is inactivated via mutation only in the tumor, targeting the remaining
gene with a drug will result in cancer cell death while healthy cell viability remains unaffected

(Figure 1.1B).
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Figure 1.1: Synthetic lethality and its applications for cancer therapy.

A) Illustration of synthetic lethality in healthy human cells. KO, knockout.
B) Illustration of the synthetic lethal therapy approach for targeting cancer cells. Note that
the loss of Gene A is tumor-specific. Figure created using BioRender.com.
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When Dr. Hartwell et al. proposed this therapeutic approach, the cancer research
community lacked the tools required to identify synthetic lethal targets in human cells. Given that
there are over 200 million possible pairwise interactions between human genes (20,000 x 20,000
genes), mapping all possible genetic interactions in human cells would require a massive effort.
At the time, individual human cancer genes such as KRAS and 7P53 had been identified. Yet the
entire human genome had not yet been sequenced and mapped, which prevented the large-scale
identification of single genes essential for growth—Ilet alone gene pairs required for cancer growth.

The completion of the Human Genome Project in 2001 (Lander et al., 2001; Venter et al.,
2001) provided a map for researchers to individually target and functionally profile every human
gene. To identify essential genes, scientists have applied genetic loss-of-function screening
approaches to simultaneously target and inactivate thousands of human genes in a pooled format.
Typically, the goal is to inactivate, or “knock out”, one gene per cell within the pooled population.
Thus any cells containing essential gene knockouts will be out-competed by fitter cells whose gene
knockouts do not affect cell growth.

The first method developed to inactivate individual genes at scale was RNA interference
(RNA1), which uses small noncoding RNAs to disrupt gene expression in a targeted fashion (Fire
et al., 1998; Harland & Weintraub, 1985; Izant & Weintraub, 1984; Nellen & Lichtenstein, 1993).
Once researchers developed methods to introduce these noncoding RNAs into human cells (Caplen
et al., 2001; Elbashir et al., 2001), they leveraged RNAi screening methods to perturb each of the
20,000 genes in the human genome individually with the goal of determining which genes were
required for cancer cell growth (Baldwin et al., 2010, 2008; Bommi-Reddy et al., 2008;

Grueneberg, Degot, et al., 2008; Grueneberg, Li, et al., 2008).
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But because RNAi screens were difficult to validate due to off-target effects (X. Lin et al.,
2007; Smith et al., 2017), the rigorous identification of essential cancer genes had to wait until the
development of the CRISPR (Clustered Regularly Interspaced Short Palindromic Repeats) system
(O’Neil et al., 2017). The genome editing capabilities of CRISPR were first discovered in bacteria
in 2012 (Gasiunas et al., 2012; Jinek et al., 2012), and subsequent work enabled the application of
CRISPR for genome-scale loss-of-function screens in human cells (Cong et al., 2013; Jinek et al.,
2013). CRISPR is thus the current state-of-the-art technique for identifying essential genes because
it can both precisely target and effectively inactivate target genes. CRISPR screens enable cancer
biologists to mimic the action of targeted therapies to determine which genes are required for
cancer cell growth and should be prioritized for drug development.

Large-scale RNAi- and CRISPR-based efforts to identify individual genes required for
cancer cell growth have since been applied to thousands of cancer cell lines (Pacini et al., 2021;
Tsherniak et al., 2017). Additional studies have sequenced thousands of human tumors to identify
somatic mutations driving cancer growth as well as vulnerabilities that could be targeted to prevent
cancer growth (Bailey et al., 2018; Cancer Genome Atlas Research Network et al., 2013; Cheng
et al., 2015; Hoadley et al., 2018). Finally, many groups have also carried out large-scale screens
using existing drugs to determine whether these drugs could be applied or repurposed for cancer
treatment (Corsello et al., 2017, 2020; Garnett et al., 2012; Yang et al., 2013). Together these
datasets are a rich resource for identifying individual genes required for cancer cell growth (often
referred to as “dependencies”), identifying tumors and cancer subtypes with potentially targetable
mutations in essential cancer genes, and determining which existing drugs can be used for cancer
treatment. Yet though these sequencing and single-gene loss-of-function screening datasets have

improved our understanding of cancer biology and human gene essentiality they cannot be used to
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efficiently identify which genes are cancer-specific versus genes that are also needed by normal

healthy cells on a genome scale.

1.1.1 Overview of cancer therapeutic approaches

Cancer is one of the leading causes of death worldwide, and cancer incidence is growing
rapidly due to aging and population growth (Sung et al., 2021). In 2020, approximately 20 million
people were diagnosed with cancer and another 10 million people died of cancer around the world
(Sung et al., 2021). Finding better ways to detect, treat, and ultimately cure cancer is therefore an

urgent priority for the global biomedical research community.

1.1.1.1 Conventional treatment approaches

First-line treatment for most cancer patients involves some combination of surgery,
chemotherapy, and radiation. These approaches were first discovered in the 19" and 20™ centuries,
and studies have demonstrated that each approach has some effectiveness at shrinking or ablating
tumors and prolonging patient lifespans (Schirrmacher, 2019). However, each approach also has
severe and often disfiguring or debilitating side effects (Chargari et al., 2016; Schirrmacher, 2019;
Tilsed et al., 2022). Below, I summarize the benefits and drawbacks of each approach.

Before physicians and scientists began to elucidate the molecular mechanisms driving
tumor formation and metastasis, surgery was the only effective treatment available to treat cancer
patients. Indeed, early removal of the primary tumor can extend patient lifespans (Debela et al.,
2021). But once the tumor has metastasized, or spread beyond the primary site, relapse will occur
(Schirrmacher, 2019). Moreover, depending on the tissue type in which tumors develop, many
cancer types such as lung cancer may be difficult to detect and to treat surgically.

Chemotherapy, or the use of chemical drugs to kill tumor cells, can overcome the challenge

of metastasis because it is a systemic approach and can thus kill cancer cells regardless of their
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location in the body. The two main types of chemotherapy are cytostatic and cytotoxic drugs:
cytostatic drugs prevent cell division from occurring by targeting the cell cycle (Schirrmacher,
2019) and cytotoxic drugs kill existing cells by disrupting DNA synthesis or replication in order
to trigger a cell death response (Bracci et al., 2014). Chemotherapy can be more effective than
surgery at treating late-stage cancer (Debela et al., 2021) and can be used in combination with
surgery or other therapeutic approaches to improve treatment outcomes at all stages of cancer
progression (Schirrmacher, 2019; Tilsed et al., 2022). But chemotherapy also has major
drawbacks: it targets all fast-growing cells in the body (Debela et al., 2021) and thus can have
extremely short- and long-term severe side effects including gastrointestinal disease, infertility,
and neurotoxicity leading to paralysis or coma (Schirrmacher, 2019). Chemotherapy drugs can
also cause off-target toxicity in tissues like the heart and lung where cells are not rapidly dividing
(Kaelin, 2005). Moreover, chemotherapy contributes relatively little to reducing cancer survival
rates (one study estimated an impact of ~2%) and resistance to chemotherapeutic drugs frequently
develops (Debela et al., 2021; Schirrmacher, 2019).

Radiation therapy, or radiotherapy, is a third commonly used cancer treatment approach in
which X-rays or other types of radiation are used to kill cancer cells. Radiation therapy is highly
effective in treating many cancer types (Baskar et al., 2012; Thariat et al., 2013) and modern
radiotherapy approaches in particular can have limited off-target effects in normal tissue compared
to chemotherapy (Baskar et al., 2012; Chandra et al., 2021; Thariat et al., 2013). Yet since radiation
therapy affects both healthy and cancer cells, it can severely damage tissues and organs near the
tumor site (Debela et al., 2021). Additionally, radiotherapy is still a localized form of treatment

and cannot target cancer cells that have metastasized or tumors that have not yet been detected.



1.1.1.2  Oncogene-targeted therapy

Like chemotherapy, oncogene-targeted therapy uses chemical drugs, often called “small
molecule inhibitors”, to kill cancer cells by targeting tumor-specific genetic alterations that drive
cancer growth. These mutated cancer driver genes are known as oncogenes. The major benefit of
oncogene-targeted therapy over chemotherapy is that, in principle, oncogene-targeted drugs should
specifically kill cancer cells. Chemotherapy drugs have a very narrow therapeutic index, which is
a measure of the toxic dose of a drug relative to its therapeutic dose. On the other hand, since
oncogene-targeted drugs are designed to target tumor-specific mutations they should theoretically
be able to kill cancer cells across a broader range of doses without harming normal cells (Kaelin,
1999).

The first FDA-approved oncogene-targeted therapy, imatinib, targets the oncogenic BCR-
ABL fusion mutation in chronic myeloid leukemia (CML). The first clinical trials for imatinib
took place in 1998, and subsequent studies showed that oncogene-targeted drug was highly
effective at treating leukemia and had fewer side effects relative to chemotherapy (Druker et al.,
2001; Igbal & Igbal, 2014). The discoverers of imatinib were awarded a clinical research Lasker
Award for “‘converting a fatal cancer into a manageable condition’” (Igbal & Igbal, 2014),
highlighting the impact of oncogene-targeted therapy on cancer treatment.

Another oncogene-targeted therapy, the EGFR inhibitor gefitinib, was discovered in 2004.
The advent of more advanced sequencing approaches enabled physicians to group lung cancer
patients treated with EGFR inhibitors based on the presence or absence of EGFR activating
mutations in their tumors. Researchers thus discovered that gefitinib was specifically effective in
patients with EGFR mutations (Lynch et al., 2004; Paez et al., 2004). Another group found that in

addition to gefitinib, a second EGFR inhibitor, erlotinib, showed similar effects (Pao et al., 2004).
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Dozens of targeted therapies have since been developed and used to prolong patient
survival across many cancer types (Bedard et al., 2020; Debela et al., 2021). To date, targeted
therapies have mainly been used to treat chemotherapy-resistant cancers, but they show fewer side
effects relative to cytotoxic chemotherapy (Bedard et al., 2020) and some targeted therapeutics are
used in combination with chemotherapy to increase treatment effectiveness (Bedard et al., 2020;
Debela et al., 2021). In non-small cell lung cancer (NSCLC), more recent studies have shown that
targeted therapies induce stronger responses to treatment and prolong survival relative to
chemotherapy. Overall, NSCLC patients with targetable mutations that are treated with oncogene-
targeted therapy live up to 2-3 years longer than those without (Yoda et al., 2019).

Yet there are major drawbacks to oncogene-targeted therapy. One limitation is the severity
of negative side effects such as gastrointestinal and skin toxicity, particularly in cases where the
targeted gene is highly expressed in both cancer cells and in normal tissue (Bedard et al., 2020;
Schirrmacher, 2019). Drugs that target oncogenes with a single nucleotide variant (SNV) driving
cancer may have a narrower therapeutic window, since it can be more difficult to design drugs that
selectively inhibit the oncogenic protein (Bedard et al., 2020) compared to drugs that target a
fusion oncogene or the amplification of a gene that is lowly-expressed in normal tissue. Another
drawback to oncogene-targeted therapy is that the selective pressure exerted on tumor cells by the
drug often drives the emergence of resistant sub-clones, requiring the development of next-
generation inhibitors to treat patients whose tumors have acquired resistance to first-line targeted
drugs (Bedard et al., 2020; Yoda et al., 2019). Finally, rather than being driven solely by oncogene
hyperactivation many tumors are driven by the loss of a tumor suppressor gene or by dual
activation of an oncogene and inactivation of a tumor suppressor. Thus, only patients with

oncogene-driven cancers can benefit from oncogene-targeted therapies.



1.1.1.3  Synthetic lethal therapy

By 1997, it was clear that cancer was a disease driven by genetic mutations and the
technology was developed to profile these mutations at scale. Biologists including Leland Hartwell
at the Fred Hutchinson Cancer Center proposed using genetic methods to identify new, tumor-
specific cancer drug targets (Hartwell et al., 1997). These researchers proposed using genetic
screens to mimic the action of drugs, thus identifying new cancer targets. At the time, it was
impossible to carry out genome-scale screens in human cells—thus, Dr. Hartwell and colleagues
argued that genetic studies and drug screens in model organisms could be used to identify key
genes required for cancer growth. Specifically, they proposed using synthetic lethal screens in the
model organism Saccharomyces cerevisiae, a species of yeast, to expand drug target identification
beyond the focus on inhibiting oncogene products to include tumor suppressor-driven cancers
(Hartwell et al., 1997). This group and others also noted that synthetic lethal approaches could
widen the therapeutic window at which drugs could kill tumor cells without harming normal tissue,
which would be a major benefit compared to chemotherapeutic approaches (Hartwell et al., 1997;
Kaelin, 1999, 2005).

After the human genome was sequenced and large-scale genetic screening methods like
RNAIi were developed that could be applied in human cells, the identification of synthetic lethal
cancer drug targets became a more realistic goal (Kaelin, 2005). In fact, the first targetable
synthetic lethal interaction was discovered in 2005—though not through genetic screens. Instead,
two research groups studying DNA repair in cancer found that PARP inhibitors can be used in
vitro and in vivo to selectively kill human and mouse cells containing inactivating germline
mutations in BRCAI or BRCA2 (Bryant et al., 2005; Farmer et al., 2005). It took 10 years for this

finding to be translated to the clinic—but PARP inhibitors are now used to treat a range of cancers
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with mutations in the BRCA1/BRCA2 gene family including breast, ovarian, and prostate cancer
(Ashworth & Lord, 2018; Lord & Ashworth, 2017).

Since the development of genome-wide CRISPR screening approaches, more synthetic
lethal therapy targets are being identified and carried forward to clinical trials (Huang et al., 2020;
Mullard, 2022; Setton et al., 2021). Synthetic lethal approaches targeting other DNA damage repair
pathway-members include drugs targeting POLQ in BRCAI/BRCA2-mutant tumors that have
developed resistance to PARP inhibitors (Ceccaldi et al., 2015; Mateos-Gomez et al., 2015) and
the use of PKMYT]1 inhibitors in CCNE-amplified solid tumors (Gallo et al., 2022). Targets
outside the DNA repair pathway have also been identified. These include inhibiting PRMTS5 in
MTAP-deleted cancers, since MTAP is located near the frequently-deleted tumor suppressor
CDKN24 (Kryukov et al., 2016; Mavrakis et al., 2016), and targeting the DNA helicase WRN in
microsatellite unstable cancers (Chan et al., 2019). Inhibitors targeting at least six synthetic lethal
interactions in cancer are currently in development at a range of pharmaceutical companies
(Mullard, 2022).

Though synthetic lethal therapies are overall in an earlier stage of development and clinical
translation compared to other cancer therapeutic approaches, some drawbacks to their use in cancer
have already been identified. Like other targeted therapies, synthetic lethal therapy exerts selective
pressure leading to the emergence of resistant sub-clones, so PARP inhibitor resistance is a
common phenomenon and new therapeutic strategies must be developed and applied to address
resistance (Lord & Ashworth, 2017). Potential concerns for emerging synthetic lethal therapies
include the penetrance of the targeted interaction (Ashworth & Lord, 2018; Huang et al., 2020;
O’Neil et al., 2017), and there is ongoing debate in the field about the benefits and drawbacks of

targeting “private”, or context-specific, versus “robust”, or broadly penetrant, synthetic lethal
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interactions. The prevalence or zygosity of the targeted vulnerability is also a concern: for instance,
biallelic inactivation of BRCAI or BRCA2 leads to a much stronger effect of PARP inhibition
relative to monoallelic inactivation (Setton et al., 2021). A final major concern is the magnitude of
the synthetic lethal effect: cells with BRCAI or BRCAZ2 loss-of-function mutations are up to 100
times more sensitive to PARP inhibitors relative to wildtype cells (Ashworth & Lord, 2018).
Future studies will have to take the lessons learned from the development of PARP inhibitors, as

well as knowledge gained from model organisms, to inform target selection and drug development.

1.1.2  Lessons learned from yeast

Studies in the genetically tractable, unicellular model organism yeast (S. cerevisiae) have
been key in characterizing the prevalence and functional importance of synthetic lethal interactions
in eukaryotic cells. Synthetic lethality was first described by researchers studying Drosophila
(Boone et al., 2007; Phillips, 1998). But since technologies for multi-gene loss-of-function screens
in yeast have preceded those in multicellular eukaryotic organisms and human cells, yeast
geneticists could begin mapping digenic interactions for functionally important genes much earlier
(Tong et al., 2004). Yeast geneticists have subsequently mapped digenic interactions at genome
scale (Costanzo et al., 2010, 2016) and across multiple environmental conditions (Costanzo et al.,
2021) as well as mapping trigenic interactions (Kuzmin et al., 2018). These studies have enabled
yeast researchers to identify broad classes of genes that are likely to be synthetic lethal in both
yeast and human cells (Deshpande et al., 2013).

In particular, genetic interaction studies in yeast have highlighted the increased prevalence
of synthetic lethal interactions among paralogs (Dean et al., 2008; DeLuna et al., 2008; Diss et al.,
2017; Guan et al., 2007; Harrison et al., 2007; Kuzmin et al., 2020). These studies have revealed

that up to 25% of duplicated genes are synthetic lethal in yeast (Dean et al., 2008; DeLuna et al.,
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2008) and that the rate of synthetic lethality varies depending on the type of duplication event that
gave rise to the paralogs (Guan et al., 2007; Kuzmin et al., 2020). On the other hand, random gene
pairs showed a < 0.5% synthetic lethal hit rate (Segre et al., 2005; Tong et al., 2004), and even
functionally-related singleton (non-duplicated) genes showed a < 3% synthetic lethal hit rate (Dean
et al., 2008). Yeast studies have also revealed that many genetic interactions are dependent on
genetic background or environmental context (Costanzo et al., 2021; Harrison et al., 2007).
Researchers studying genetic interactions in yeast and other model organisms have also
developed statistical models to quantify the severity of synthetic lethal (negative or synergistic)
and buffering (positive or antagonistic) genetic interactions (Boone et al., 2007; Collins et al.,
2006; DeLuna et al., 2008; van Leeuwen et al., 2017). Many of these models draw on the relatively
inclusive definition of “epistasis”, or genetic interaction, developed by the statistical geneticist and
eugenicist R. A. Fisher in 1919 (Boone et al., 2007; Felsenstein, 1965; Fisher, 1919). In Fisher’s
definition, epistasis occurs if the fitness consequence of mutating two genes simultaneously differs
from the (multiplicative) product of the fitness effects of mutating the two genes individually. In

other words, a genetic interaction occurs if:

(Gene A mutant) X (Gene B mutant) # (Gene A & B double mutant)

Note that for log>-transformed values (which are often used in human gene fitness screens), this

equation would instead be:

log2(Gene A mutant) + log2(Gene B mutant) # log2(Gene A & Gene B double mutant)

The work of geneticists studying yeast, Drosophila, and other model organisms has thus been
fundamental to our understanding of how to map and quantify genetic interactions, including

synthetic lethality.
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1.2 CHALLENGES IN SYNTHETIC LETHAL DRUG TARGET DISCOVERY

One major barrier to the identification of synthetic lethal interactions between human genes
is simply the number of gene pairs to be tested. Given that the human genome contains
approximately 20,000 genes, there are 200 million possible pairwise gene knockout combinations
to test. Additional complexity arises when moving beyond gene knockouts to look for synthetic
lethal targets in the context of a single cancer driver mutation or of the genetic background
associated with a given tumor or cancer subtype. Additionally, since yeast research has highlighted
the fact that many genetic interactions are dependent on environmental context, it is important to
consider whether the in vitro systems used for genetic screens accurately mimic the in vivo tumor
context.

Another challenge to identifying synthetic lethal interactions is phenotypic robustness due
to duplicated genes and multi-genic phenotypes. The human genome exhibits a high degree of
redundancy as a result of diploidy, gene duplication, and the functional overlap of signaling
pathways (Dandage & Landry, 2019; Dean et al., 2008; Harrison et al., 2007; Lavi, 2015; Ohno,
2013). Given the additional complexity inherent to multicellular organisms (relative to unicellular
S. cerevisiae) and the extensive degree of duplication in the human genome (Dennis & Eichler,
2016; Lan & Pritchard, 2016; Singh et al., 2012), it is likely that experimental evaluation of human
genetic interactions will reveal highly complex patterns of genetic interaction.

The complexity of human genetic interactions due to genetic and functional redundancy is
likely to be further exaggerated in highly-mutated cancer genomes. Indeed, functional redundancy
among human paralogs in cancer has been indirectly observed via analysis of data from single-
gene CRISPR screens in cancer cell lines. These studies showed that inactivating individual

paralogs tends to have a smaller effect on cell fitness than inactivating singleton gene knockouts
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(Dandage & Landry, 2019; De Kegel & Ryan, 2019; Wang et al., 2015). However, there are a

number of drawbacks to this approach which will be discussed in the following section.

To directly identify synthetic lethal cancer targets we must therefore use technologies that
are highly scalable. For instance, rather than doing whole-genome single-gene knockout screens
in all cancer genetic backgrounds it may be more efficient to first execute dual-gene knockout
screens in a subset of cancer cell lines to identify likely synthetic lethal targets. This shorter list of
likely synthetic lethal targets can then be studied in more detail in specific cancer-relevant genetic
contexts and environmental conditions.

A final challenge in the search for human genetic interactions that can be leveraged for
cancer therapy is the consideration of higher-order interactions. Though the classical definition of
synthetic lethality is defined as an interaction between two genes, yeast researchers found that
trigenic interactions occur ~100 times more frequently than digenic interactions, though their
fitness effects tend to be weaker (Kuzmin et al., 2018). Thus, higher-order interactions should be
taken into consideration when developing and applying technologies to search for cancer targets

in human cells.

1.3 APPLYING GENOME EDITING TOOLS FOR SYNTHETIC LETHAL TARGET

DISCOVERY IN CANCER

CRISPR is the current state-of-the-art tool for identifying genes required for human cell
growth. Though RNAi was used in many early screens for human gene essentiality, the results of
these screens were not reproducible and scientists concluded that RNAi simply had too many off-
target effects to be applied effectively for essentiality screening at the genome scale (O’Neil et al.,

2017; Smith et al., 2017), particularly in the context of multi-targeting screens to identify synthetic
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lethal interactions. Since CRISPR approaches are more sensitive and specific than RNAi
approaches, they have become the method of choice for high-throughput identification of essential
genes (Doench et al., 2016; Hart et al., 2017; Kleinstiver et al., 2016; Morgens et al., 2017).
Essential genes identified via CRISPR screening approaches represent potential targets for cancer

treatment.

1.3.1 Cas9-mediated CRISPR knockout

The Cas9-mediated CRISPR knockout system is currently the most widely-used method
for identifying human essential genes. As illustrated in Figure 1.2, this approach uses a guide
RNA (gRNA), which is a ~20 nucleotide single stranded RNA that is complementary to a genomic
target site of interest, to direct the Cas9 endonuclease to target sites near a protospacer adjacent
motif (PAM). Cas9 generates a double strand break (DSB) at the target site of interest, triggering
the cell’s DNA repair pathway to initiate non-homologous end joining, a messy repair process that
frequently generates small insertions and deletions (indels) at the target site of interest. Indels that
occur in the DNA coding sequence frequently generate frameshift mutations which lead to
premature stop codons, thereby disrupting protein function.

Since CRISPR genome editing was first discovered in Streptococcus pyogenes (Gasiunas
et al., 2012; Jinek et al., 2012), initial methods used this version of the Cas9 enzyme, referred to
as SpCas9. The SpCas9 enzyme has since been engineered to more efficiently target and cut DNA
with fewer off-target effects (Chen et al., 2017; Kleinstiver et al., 2016; Slaymaker et al., 2016).
The initial SpCas9 variant recognized a 3’-NGG PAM sequence, but the enzyme has since been
engineered to recognize additional PAM sequences, expanding the range of sites that can be
targeted via CRISPR-Cas9 approaches (Hu et al., 2018; Kleinstiver et al., 2015; Walton et al.,

2020).
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Figure 1.2: Overview of the Cas9-mediated CRISPR knockout method.

Adapted from “2020 Nobel Prize in Chemistry: A Tool for Genome Editing (CRISPR-
Cas9)”, by BioRender.com (2023). Retrieved from https://app.biorender.com/biorender-

templates.

The rules for designing SpCas9 gRNAs with high on-target binding efficiency and low off-
target binding have also been elucidated (Doench, 2018; Hanna & Doench, 2020). Researchers
have designed pooled libraries of effective gRNAs to target each gene in the human genome
(Doench et al., 2016; Gongalves et al., 2021; Hart et al., 2017; Mair et al., 2019; Morgens et al.,
2017; Sanjana et al., 2014; Sanson et al., 2018). These genome-wide gRNA libraries are easily

accessible (https://www.addgene.org/crispr/libraries/), and there are many web-based tools for

gRNA design (https://www.addgene.org/crispr/reference/#grna). These resources enable the
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application of Cas9-mediated CRISPR knockout screening to look for synthetic lethal targets

across cancer subtypes, tumor genetic backgrounds, and environmental conditions.

1.3.1.1 Single-gene CRISPR screens for synthetic lethal target identification

An additional approach for identifying synthetic lethal targets is the use of single-gene
CRISPR-KO screens across multiple cancer genetic backgrounds. In cases where one gene has
been inactivated, such as through a loss-of-function mutation or copy number alteration resulting
in gene deletion, single-gene CRISPR approaches can be used to identify synthetic lethal
interactions with the mutant gene. Publicly-available loss-of-function screening datasets include
the Broad Institute’s Cancer Dependency Map (Meyers et al., 2017; Pacini et al., 2021; Tsherniak
et al.,, 2017), which contains results from whole-genome single-gene CRISPR-KO screens in
hundreds of cancer cell lines. The Cancer Cell Line Encyclopedia has profiled the same cancer
cell lines using omics approaches such as whole exome sequencing, RNA sequencing, and copy
number alteration profiling (Barretina et al., 2012; Ghandi et al., 2019). The Wellcome Trust
Sanger Institute has also generated similar datasets via loss-of-function screening and omics
profiling in cancer cell lines (Behan et al., 2019; Tate et al., 2019; van der Meer et al., 2019).
Together, these datasets can be leveraged for synthetic lethal target identification.

On the scale of individual cancer driver mutations, single-gene CRISPR screens have been
used to identify potential synthetic lethal targets. Some examples include the gene family
MEI/ME2/ME3 in pancreatic ductal adenocarcinoma (Dey et al., 2017), VPS4A/VPS4B in
colorectal cancer (Behan et al., 2019; Neggers et al., 2020; Szymanska et al., 2020), and multiple
synthetic lethal targets in Ras-mutant acute myeloid leukemia (Wang et al., 2017). However, this

type of approach is inefficient for genome-scale synthetic lethal target discovery because the
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identification of all possible synthetic lethal cancer targets would require executing whole-genome
single-gene CRISPR screens in every possible cancer subtype and genetic background.

Multiple research groups have therefore leveraged these large-scale cancer dependency
datasets to computationally predict synthetic lethal interactions in cancer cells (Dandage & Landry,
2019; Lord et al., 2020). These approaches revealed a low synthetic lethal hit rate between
unrelated genes, with the most comprehensive analysis finding a synthetic lethal hit rate of <0.2%
(Lord et al., 2020). To address the issue of a low synthetic lethal hit rate, one group turned to
predicting synthetic lethal interactions among duplicated genes, which resulted in a higher
synthetic lethal hit rate (De Kegel et al., 2021; De Kegel & Ryan, 2019). However, these
computational approaches still have other drawbacks including a bias towards identifying
interactions with commonly-mutated cancer genes such as 7P53 as well as reliance on
computational predictions of variant impact and/or sequencing-based approaches for identifying
copy number alterations, which may be relatively inaccurate.

Moreover, as mentioned previously (Section 1.2) the human genome exhibits a high degree
of redundancy (Dandage & Landry, 2019; Dean et al., 2008; Harrison et al., 2007; Lavi, 2015;
Ohno, 2013). This redundancy thus biases the outcome of all single-gene screens (Dede, Kim, et
al., 2020; Harrison et al., 2007), preventing drug target identification. One of the first single-gene
CRISPR-Cas9 screening papers noted that duplicated genes were underrepresented among hits:
“we ... observed that genes with paralogs are indeed less likely to be essential, which is consistent
with the idea that paralogs can provide functional redundancy at the cellular level (Fig. 2J)” (Wang
et al., 2015). Thus, multi-targeting methods to directly identify synthetic lethal cancer targets have

been developed.
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1.3.1.2  Synthetic lethal target discovery via multi-targeting screens

Multi-targeting, Cas9-mediated CRISPR knockout methods enable the direct experimental
identification of synthetic lethal interactions in human cancer cells. One of the first papers
describing a method for whole-genome single-gene CRISPR-Cas9 screening in human cells
incorporated multi-gRNA arrays to perform combinatorial genome editing (Cong et al., 2013).
Given the high on-target specificity of optimized gRNAs, many research groups recognized the
possibility of using CRISPR approaches to target and inactivate two or more genes simultaneously.
The first wave of these Cas9-mediated multi-targeting CRISPR approaches focused mainly on
targeting genes known to be cancer drivers, tumor suppressors, and/or cancer drug targets (Han et
al.,2017; Shen et al., 2017; Wong et al., 2016). Though these approaches effectively induced dual-
gene knockouts, they had low hit rates overall: methods tested in a single cell line yielded a <0.3%
synthetic lethal hit rate (Han et al., 2017; Wong et al., 2016) while another method showed a < 3%
hit rate across three cell lines (Shen et al., 2017). Moreover, many of the interactions uncovered
were previously known and given that these approaches employed multiple SpCas9-type gRNAs
in one vector, researchers noted relatively high rates of recombination between gRNAs due the
presence of two identical scaffold sequences and/or two identical promoters.

To address the gRNA recombination issue, one group developed a multi-targeting CRISPR
method that used both SpCas9 and S. aureus Cas9 to achieve more specific dual knockouts and
applied it to map interactions among gene pairs that were known or computationally predicted to
be synthetic lethal (Najm et al., 2018). Another group developed a dual-targeting approach using
both SpCas9 and Casl2a to perform dual-gene knockouts of known cancer genes as well as
duplicated genes (Gonatopoulos-Pournatzis et al., 2020). However, these methods require the
expression of multiple Cas enzymes per cell and are therefore unwieldy relative to systems that

use only SpCas9.
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An optimized SpCas9-only dual-targeting CRISPR method mainly focused on technology

development and failed to uncover many new synthetic lethal interactions between human genes
(Sanson et al., 2018). To increase the synthetic lethal hit rate, other groups, including ours,
developed and applied dual-targeting Cas9-mediated screening approaches that target only
paralogs, resulting in an increased synthetic lethal hit rate of 12-15% (Ito et al., 2021; Parrish et
al., 2021; Thompson et al., 2021). These methods incorporate the use of different promoters to
reduce recombination between dual gRNAs.

The major benefit of using Cas9-only approaches for synthetic lethal target identification
is that SpCas9-based gRNA design rules have been extensively studied (DeWeirdt et al., 2022;
Doench, 2018; Doench et al., 2016; Hanna & Doench, 2020; Sanson et al., 2018) and tool-builders
or users can thus choose validated gRNAs from existing genome-wide libraries for effective dual-
gene inactivation. Additionally, as a field we have a better understanding of the effectiveness of
Cas9-based gene inactivation relative to epigenetic silencing of genes or less well-studied Cas
enzymes.

The Cas9-mediated CRISPR knockout screening approach has drawbacks including off-
target toxicity induced by DSBs and the generation of in-frame indels after CRISPR-mediated
DSBs trigger non-homologous end joining. Both these phenomena can mask the true phenotypic
effects of a gene knockout (Doench, 2018; Horlbeck et al., 2018). When screening for essential
genes, off-target toxicity can be a concern since it may mimic the effects of an essential gene
knockout.

The major drawback to using Cas9-mediated CRISPR knockout for multi-targeting screens
is the cloning required when generating new CRISPR libraries. There are multiple reasons for this:

first, the two SpCas9 gRNAs must be driven off of independent promoters and commonly-used
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promoters like human U6 are 200-300 base pairs in length. This makes it expensive to synthesize
the entire construct (gRNAIl-promoter-gRNA2) needed for a one-step cloning procedure.
Additionally, the use of two SpCas9-type gRNA scaffolds may interfere with DNA synthesis
methods. Thus, Cas9-only multi-targeting CRISPR methods require a two-step, large-scale
cloning procedure to enable the incorporation of both gRNAs and both promoters into the plasmid
vector. The use of Cas ortholog Casl2a (Section 1.3.3) eliminates the need for this type of

laborious cloning procedure.

1.3.2 CRISPR interference

1.3.2.1  Background on CRISPRi loss-of-function screens

The CRISPR method has also been adapted for other purposes. One application is the
development of CRISPR interference (CRISPRi), in which a catalytically dead SpCas9 enzyme is
fused to a transcriptional repressor such as KRAB. A major benefit of CRISPRi relative to
CRISPR-KO approaches for identifying essential gene pairs is that CRISPRi does not induce DSBs
which can cause off-target toxicity (Horlbeck et al., 2018; Wang et al., 2015). Additionally, since
CRISPR-KO can induce in-frame indels, there may be cells present in the polyclonal population
that still express the target genes, thereby masking the phenotypic effect of successful knockouts
(Doench, 2018; Horlbeck et al., 2018). For this reason, CRISPRi may be preferred for studying
essential genes.

However, CRISPRi approaches also have quite a few drawbacks. The biggest limitation of
this approach is the variability of transcriptional repression induced. Preexisting chromatin states
or epigenetic modifications in the cell can prevent CRISPRi from efficiently silencing gene
expression. Additionally, CRISPRi silencing can sometimes extend to genes located near the target

in higher-order (or 3D) genomic space (Larson et al., 2013). Moreover, gRNAs for CRISPRi must
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be designed in a narrow range of DNA around the transcription start site of a gene (Doench, 2018),
so users have fewer options when designing multi-targeting gRNA libraries. Finally, our
understanding of how to design optimal gRNAs for CRISPRIi is limited relative to the rules for
CRISPR-KO gRNA design (Doench, 2018; Larson et al., 2013), which have been studied much

more extensively.

1.3.2.2  Multi-targeting applications

One group developed a dual-targeting loss-of-function CRISPRi screening method for
genetic interaction screening among known essential gene pairs. However, this approach resulted
in a synthetic lethal hit rate of less than 3% (Horlbeck et al., 2018). This is likely because the gene
pairs were mostly unrelated as opposed to related paralogs. Additionally, because the authors used
an all-by-all approach for dual inactivation of their target gene pairs, they were only able to target

472 total genes despite screening over 200,000 gene pairs.

1.3.3 Cas12a-mediated multi-gene inactivation

Since the discovery of the CRISPR-Cas9 system, other groups have identified Cas
endonucleases from other bacterial species and engineered these enzymes for new applications.
One example, Cas12a, is of particular interest for synthetic lethal target discovery due to its ability
to cleave arrays of multiple gRNAs in addition to generating DSBs in target DNA. Casl2a,
formerly known as Cpfl, was discovered in Acidaminococcus (Zetsche et al., 2015) and has since
been engineered for improved genome editing (Kleinstiver et al., 2019) and applied for multi-
targeting screens to generate efficient dual and triple knockouts (DeWeirdt et al., 2020). Other
groups have applied Cas12a-based approaches to identify cancer-relevant paralog synthetic lethal

interactions (Anvar et al., 2023; Dede, McLaughlin, et al., 2020).
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The major benefit of using Casl2a versus Cas9 for dual-targeting screens is eliminating
the need for multi-step cloning procedures (DeWeirdt et al., 2020), though a large-scale, one-step
cloning procedure is still required. For pairwise genetic interaction screening, the benefits of a one-
versus a two-step cloning procedure are negligible. However, the real promise of Cas12a lies in its
ability to target more than two genes at once, enabling higher-order genetic interaction mapping
in human cells.

However, Casl2a-mediated CRISPR knockout screening has limitations as well. Since
Casl2a is less well-studied than Cas9, the rules for gRNA design are not yet well understood.
Casl2a is thus less useful for synthetic lethal screening applications due to lower on-target
knockout efficiency (Zetsche et al., 2017) and lack of validated genome-wide gRNA libraries.
Additionally, since Cas9-mediated CRISPR-KO is currently the most widely-used genetic
screening approach, this limits the utility of Cas12a approaches for most users, who may not have

Casl2a reagents on hand.

1.4  WHERE DO WE GO FROM HERE?

The discovery of new synthetic lethal cancer targets is an important step forward in
developing cancer therapies that are better at killing cancer cells while improving patient quality-
of-life. Current therapeutic approaches such as chemotherapy and radiation are not tumor-specific
and thus can also harm healthy cells. Chemotherapy in particular can cause severe toxicity for
cancer patients, since there is a very narrow therapeutic index at which drugs designed to kill all
fast-growing cells are more toxic to tumor cells than normal cells. Radiation therapy is a localized
approach and thus is less effective in treating metastatic cancer or tumors affecting internal organs

than systemic, drug-based therapies.
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Targeted approaches like the use of oncogene-targeted drugs or synthetic lethal therapies
leverage our improved knowledge of cancer genomics to help slow tumor growth or even cure
cancer. Targeted therapies have been successfully applied to treat many types of cancer and have
extended the lifespans of non-small cell lung cancer patients while reducing off-target toxicity.
Synthetic lethal approaches, meanwhile, are even more tumor-specific and PARP inhibitors have
shown clinical success in treating breast, ovarian, and prostate tumors with biallelic inactivation
of BRCAI or BRCA2.

Thanks to advances in genome editing technologies for large-scale, multi-targeting loss-
of-function screens in human cells, we can now begin to identify additional synthetic lethal targets
so the benefits of this therapeutic approach can be extended to more cancer patients. It makes sense
to start applying dual-targeting screens in highly-mutated cancer types, which are most likely to
contain inactivating mutations in targetable synthetic lethal genes. Examples of highly-mutated
cancer subtypes that have been successfully treated via targeted and/or synthetic lethal therapies
include lung adenocarcinoma (Yoda et al., 2019; Yoshida et al., 2020) and cervical cancer
(Chalmers et al., 2017; Lord & Ashworth, 2017).

Yet given the frequency of acquired resistance to targeted therapies in lung cancer and
synthetic lethal therapy in cervical cancer, additional low-toxicity therapeutic options are urgently
needed to extend patient lifespans (Ashworth & Lord, 2018; Dagogo-Jack & Shaw, 2018; Yoda et
al., 2019). Moreover, patients with targetable mutations remain in the minority for most cancer
types, so new targetable mutations must also be uncovered. Synthetic lethal therapies provide an
attractive option for greatly increasing the range of potential targetable mutations while limiting

the toxicity that often occurs with chemotherapy and oncogene-targeted therapy.
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The challenge of identifying new synthetic lethal cancer targets has motivated my research
throughout my PhD. In Chapter 2, I share results from a method I developed to execute dual-
targeting, Cas9-mediated CRISPR loss-of-function screens in lung and cervical cancer cells.
Chapter 3 describes the software package I developed to enable other researchers to apply my
genetic interaction mapping method to identify synthetic lethal targets in any cancer type. In
Chapter 4, I share my work identifying gene families that can be targeted by existing cancer drugs
to prioritize synthetic lethal targets for follow-up study. Altogether, my thesis work has uncovered
hundreds of new synthetic lethal cancer targets that can be further tested and translated to the clinic

as effective, low-toxicity cancer treatments.
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Chapter 2. DISCOVERY OF SYNTHETIC LETHAL AND

TUMOR SUPPRESSIVE PARALOG PAIRS IN THE
HUMAN GENOME

A version of this chapter has been published:

Parrish, P. C. R., Thomas, J. D., Gabel, A. M., Kamlapurkar, S., Bradley, R. K., & Berger, A. H.
(2021). Discovery of synthetic lethal and tumor suppressor paralog pairs in the human
genome. Cell Reports, 36(9). https://doi.org/10.1016/].celrep.2021.109597

I led this work and my contributions to this paper included designing and conducting experiments,

analyzing the data, and writing the manuscript.

CRISPR screens have accelerated the discovery of important cancer vulnerabilities.
However, single gene knockout phenotypes can be masked by redundancy among related genes.
Paralogs constitute two-thirds of the human protein-coding genome, so existing methods are likely
inadequate for assaying a large portion of gene function. Here we develop paired guide RNAs for
Paralog gENetic interaction mapping (pgPEN), a pooled CRISPR-Cas9 single and double
knockout approach targeting over 2,000 human paralogs. We apply pgPEN to two cell types and
discover that 12% of human paralogs exhibit synthetic lethality in at least one context. We recover
known synthetic lethal paralogs MEKI/MEK?2, important drug targets CDK4/CDK®6, and other
synthetic lethal pairs including CCNL1/CCNL2. Additionally, we identify ten tumor suppressor
paralog pairs whose compound loss promotes cell proliferation. These findings nominate drug
targets and suggest that paralog genetic interactions could shape the landscape of positive and

negative selection in cancer.
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2.1 INTRODUCTION

CRISPR-Cas9 technology has revolutionized functional genomics by enabling high-
fidelity, genome-scale, multiplexed loss-of-function screens in human cells. Due to high
specificity and ease of application, genome-wide CRISPR screens are increasingly used to identify
cancer drug targets and determine mechanisms of drug resistance (Bartha et al., 2018; Blomen et
al., 2015; Hart et al., 2015; Tsherniak et al., 2017; Wang et al., 2015, 2017). However, single-gene
knockout studies have a major blind spot: they are unable to assay the function of paralogs —
ancestrally duplicated genes that frequently retain at least partially overlapping functions. The
human genome exhibits a high degree of redundancy as a result of diploidy, gene duplication, and
functional overlap of metabolic and signaling pathways (Dean et al., 2008; Harrison et al., 2007;
Lavi, 2015; Ohno, 2013). Remarkably, paralogs constitute two-thirds of the human genome,
making this blind spot the rule, not an exception, and paralogous genes are less likely to be
essential for cell growth than non-paralogous (“singleton”) genes in CRISPR knockout screens
(Wang et al., 2015). This paralog blind spot therefore obscures our understanding of normal human
genome function and impedes the identification of new cancer drug targets.

Genetic interactions between paralogs have been extensively characterized in yeast,
revealing fundamental insights about the differences between whole-genome and small-scale
duplicates, functional groups that are enriched for interacting paralogs, and paralog mRNA
expression patterns (Dean et al., 2008; Diss et al., 2017; Guan et al., 2007; Harrison et al., 2007).
Essential paralogs that compensate for one another’s function exhibit “synthetic lethality,” a
genetic interaction in which elimination of the entire family is deleterious but individual loss is
tolerated. Yeast geneticists have defined quantitative measures of genetic interactions, which can

capture both positive (buffering) and negative (synthetic lethal) interactions (Collins et al., 2006).
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While paralog genetic interactions are still poorly characterized in mammalian cells, the extensive
degree of duplication in the human genome is similar to that seen in yeast (Dennis & Eichler, 2016;
Lan & Pritchard, 2016; Singh et al., 2012), so experimental evaluation of human cells is likely to
also reveal complex genetic interactions.

Querying the genetic interaction space of the human genome has been limited by current
technology; to survey even every possible pairwise interaction, let alone higher order interactions,
would involve ~200 million unique genetic perturbations. Moreover, the landscape of genetic
interaction among randomly selected genes is exceedingly sparse; existing studies of much smaller
sets of gene pairs in human cells identified genetic interactions in less than 0.1% of unrelated gene
pairs (Han et al., 2017). To proactively identify these rare but functionally important interactions,
research should therefore focus on high-value sets of genes likely to be enriched for functional
interactions, such as paralogs.

Interestingly, the same duplication that makes paralogs difficult to study provides a tactical
advantage for cancer therapy: the highly rearranged genomes typical of cancer often harbor paralog
deletions and inactivating mutations. Cancer-associated loss-of-function of one paralog can confer
a dependency on the continued activity of a duplicated pair (De Kegel & Ryan, 2019; Lord et al.,
2020; Viswanathan et al., 2018) and this phenomenon has been used to identify synthetic lethal
relationships of paralogs such as MAGOH/MAGOHB (Viswanathan et al, 2018),
ARIDIA/ARID 1B (Helming et al., 2014), and SMARCA2/SMARCA4 (Hoffman et al., 2014). If the
remaining actively expressed paralog could be targeted in tumors with loss of its pair, then tumor
cells may show a selective therapeutic window compared to the surrounding normal cells with
expression of both paralog members. A successful example of a therapy based on a synthetic lethal

interaction is the enhanced sensitivity to PARP inhibitors in BRCAI- and BRCA2-mutant tumors
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(Bryant et al., 2005; Farmer et al., 2005; Lord & Ashworth, 2017). We hypothesized that paralogs

could provide a rich source of genetic interactions and that direct experimental identification of
synthetic lethal paralogs could therefore enable future drug discovery efforts.

Recently, several groups have developed innovative methods for assessing human genetic
interactions at scale (Boettcher et al., 2018; Dede, McLaughlin, et al., 2020; DeWeirdt et al., 2020;
Gier et al., 2020; Gonatopoulos-Pournatzis et al., 2020; Han et al., 2017; Horlbeck et al., 2018;
Najm et al., 2018; Shen et al., 2017). Consistently, while the overall rate of genetic interaction
among gene pairs is low, many of the interactions identified were in paralogous genes. To
comprehensively identify genetic interactions between human paralogs, we here report our direct
experimental evaluation of genetic interactions among 1,030 paralog pairs (2,060 genes) in two
human cell contexts. Our analysis revealed not only an extraordinarily high rate of paralog
synthetic lethality, but also identified positive interactions that nominate ten paralog pairs as tumor

suppressor gene families.

2.2  RESULTS

2.2.1 A paralog blind spot limits discovery of essential genes and cancer dependencies

The human genome is highly duplicated, with paralogous genes constituting over two
thirds of protein coding genes (Figure 2.1A). Like other groups (Dandage & Landry, 2019; Dede,
McLaughlin, et al., 2020; Wang et al., 2015), we noticed that paralogous genes are less likely to
be essential for cell growth than non-paralogous “singleton” genes in single-gene CRISPR
knockout screening data (p < 2.20e—16 by one-tailed Kolmogorov-Smirnov [K-S] test, Figure
2.1B) (Vichas et al., 2020). Given the utility of targeting cancer-essential genes for therapy, we
reasoned that this paralog blind spot may prevent detection of important druggable cancer

dependencies.
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Figure 2.1: Paralog dependencies are missed in single-gene CRISPR knockout screens.

A) Pie chart of human genes classified based on whether they are part of a paralog gene
family with 10-99% amino acid sequence identity.

B) Density plot of CRISPR scores for a single gene CRISPR knockout screen in PC9 lung
adenocarcinoma cells. Data is from (Vichas et al., 2020). Dashed lines indicate the
mean CRISPR score of genes in each group. P <2.20e—16 by one-tailed K-S test.

C) Schematic of the EGFR/Ras/MAPK signaling pathway.

D) Dose response curve of PC9-Cas9-EGFRT790M/L858R lung adenocarcinoma cells
treated with erlotinib, trametinib, or a 1:1 combination of both drugs. The fraction of
viable cells was determined by CellTiterGlo luminescence after 96 hours of treatment.
Data was re-analyzed from a larger drug screen from (A. H. Berger et al., 2016).

E) Rank plot of CRISPR scores from an erlotinib sensitization screen in PC9-Cas9-
EGFRT790M/L858R cells (Vichas et al., 2020). MEK1 (alias MAP2K1) or MEK2
(alias MAP2K?2) single gene knockout does not result in significantly decreased cell
growth. Gray dashed line indicates the threshold for negative selection (—0.5).
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To determine whether known therapeutic vulnerabilities are missed in CRISPR knockout
screens, we compared our previous drug sensitivity profiling of PC9-EGFRIS38RT7OM celfs (A, H.
Berger et al., 2016) to recent genetic vulnerabilities identified in the same system (Vichas et al.,
2020). These cells exhibit resistance to the EGFR tyrosine kinase inhibitor, erlotinib, which can
be reversed by treatment with trametinib, a kinase inhibitor of MEK1 and MEK2 — protein kinases
encoded by the paralogous genes MEK] and MEK?2 (also known as MAP2K1/MAP2K?2), which
are part of the Ras/s/MAPK pathway (Figure 2.1C-D). The Ras/MAPK pathway is frequently
activated in lung cancer by mutation of upstream receptor tyrosine kinases such as EGFR, or
activation of KRAS or mutation of MEK] itself (Arcila et al., 2015; Sanchez-Vega et al., 2018;
TCGA, 2014). We noted in single-gene CRISPR knockout data in the same cellular context that
while EGFR and other Ras pathway members such as GRB2 were essential as expected, neither
MEK]I nor MEK?2 was essential when knocked out individually (Figure 2.1E). We reasoned that
paralog redundancy might underlie the apparent disconnect between the small molecule and
genetic assays. We therefore sought to develop a multiplexed CRISPR approach to directly probe
paralog compensation on a genome scale, enabling the discovery of many more paralogous drug

targets that may be missed in current CRISPR-based target discovery efforts.

2.2.2  The pgPEN library enables single and double knockout of 1,030 human paralog
families
To identify synthetic lethal paralogs that could serve as potential lung cancer drug targets,
we focused on duplicated genes — paralog families of only two genes. We identified paralog
families from Ensembl (Vilella et al., 2009) and then selected families in which a maximum of
two genes shared 50-99% amino acid identity (Figure 2.7A). Next, we designed a paired guide

RNA (pgRNA) CRISPR library to knock out each paralog alone or in combination with its



32
respective pair. Using single guide RNA (sgRNA) sequences from the Brunello CRISPR library

(Doench et al., 2016), we designed 16 four-by-four pairwise double knockout (DKO) pgRNAs for
each paralog pair. In addition, we designed single knockout (single KO) pgRNAs containing one
targeting sgRNA paired with a non-targeting control sgRNA having no match to the human
reference genome. This was done for both paralogs to generate a total of 16 single KO pgRNAs.
500 double non-targeting pgRNAs were included as a control. This “paired guide RNAs for
Paralog gENetic interaction mapping (pgPEN)” library (Table S1) was synthesized and cloned at
1000-fold coverage using previously-developed methods (Gasperini et al., 2017; Thomas et al.,
2020). Next-generation sequencing confirmed that >99.99% of pgRNAs were present in the cloned
plasmid pool. The final pgPEN library consists of 33,170 pgRNAs targeting 1,030 paralog pairs
(2,060 genes) in single knockout and double knockout combinations. Over half of the paralogs in
the pgPEN library are unique to this study while the remainder were also assayed in recent genetic
interaction maps (Dede, McLaughlin, et al., 2020; Gonatopoulos-Pournatzis et al., 2020;
Thompson et al., 2021) (Figure 2.7B). 554 of the gene products of pgPEN-targeted genes are
considered “druggable” by recent criteria (Finan et al., 2017) (Figure 2.7C).

To map genetic interactions between paralogs, we applied the pgPEN library to PC9 lung
adenocarcinoma cells previously engineered to constitutively express Cas9 (Thomas et al., 2020;
Vichas et al., 2020) using standard pooled CRISPR screening methodology in triplicate (Figure
2.2A). pgRNAs that were positively or negatively selected were identified by Illumina sequencing
of pgRNA abundance after ~12 population doublings in vitro compared to the starting abundance
in the plasmid pool (Figure 2.2A). The sequencing strategy used for the pgPEN method is outlined
in Figure 2.7D and pgRNA library coverage and gRNA pairing statistics are included in Table

S2. Only properly paired pgRNAs were included in our CRISPR screen analysis. Plasmid pgRNA
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Figure 2.2: The pgPEN CRISPR library enables genetic interaction mapping of 1,030

A)

human paralog pairs.

Schematic of pgPEN screening approach for paralog genetic interaction mapping.

B) Violin plots of target-level CRISPR scores for negative control (double non-targeting

)

control), positive control (single KO pgRNAs targeting known essential genes), all
other single KO pgRNAs, and DKO pgRNAs in the PC9 screen. The double targeting
pgRNA group had significantly lower CRISPR scores than the single targeting pgRNA
group (p < 2.20e—16 by one-tailed K-S test).

Density plot of target-level CRISPR scores for DKO pgRNAs grouped by whether
zero, one, or both targeted genes are expressed (TPM > 2) in PC9 cells. Dashed lines
indicate the median CRISPR score for each group. pgRNAs targeting expressed genes
had significantly lower CRISPR scores than those targeting two unexpressed genes for
both the 2/2 genes expressed (p < 2.20e—16 by one-tailed K-S test) and 1/2 genes
expressed (p = 4.03e—03 by one-tailed K-S test) groups.
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abundance was highly correlated with early time point samples taken immediately following
lentiviral transduction and puromycin selection (mean Pearson’s r = 0.93; Figure 2.8A). End point
samples exhibited expected changes in pgRNA abundance (Figure 2.8B) that were highly
correlated across replicates (mean Pearson’s r = 0.82; Figure 2.8C). Single KO pgRNAs targeting
pan-essential genes (Meyers et al., 2017) showed the expected dropout in late time point samples
(Figure 2.2B). These data indicate that the screen was performed without significant bottlenecking
and that the pgRNAs performed as expected for known essential genes. Similar to previously
established CRISPR screen analysis methods (Meyers et al., 2017), we generated normalized
CRISPR scores by scaling pgRNA logx(fold change) values such that the median CRISPR score
of double non-targeting constructs was zero and the median CRISPR score of pan-essential single
KO constructs was —1.

CRISPR-Cas9 gene knockout involves the generation of double strand breaks that can
themselves inhibit cell proliferation rate (Aguirre et al., 2016). One concern in targeting multiple
loci with Cas9 is that the increased generation of double strand breaks could, independent of any
specific gene effect, result in enhanced negative selection of DKO compared to single KO
pgRNAs. To control for this possibility, we further normalized data such that the median CRISPR
score of all single KO pgRNAs targeting non-expressed genes would be zero and the median
CRISPR score of all DKO pgRNAs targeting two non-expressed genes would be zero (Methods,
Figure 2.8D-E, and Figure 2.2C). After this normalization, DKO constructs still had significantly
lower CRISPR scores than single KO constructs (p < 2.20e—16 by one-tailed K-S test), indicative
of possible genetic interactions in the DKO group. As expected, constructs targeting expressed
genes had significantly lower CRISPR scores than those targeting unexpressed genes for both

single-targeting (p = 1.96e—10 by one-tailed K-S test; Figure 2.8E) and double-targeting (p <
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2.20e—16 by one-tailed K-S test; Figure 2.2C) constructs. After normalization, only a minimal
effect of paralog copy number (Figure 2.8F) on CRISPR score was observed (Figure 2.8G-H).

Scaled CRISPR scores for pgRNAs in the PC9 screen can be found in Table S3.

2.2.3  Direct identification of paralog genetic interactions in human lung cancer cells

Using the PC9 CRISPR scores, we calculated genetic interaction (GI) scores for each
paralog pair under a multiplicative model of genetic interaction following recently developed
methods for human GI mapping (DeWeirdt et al., 2020; Han et al., 2017) (Methods). Comparison
of the expected and observed CRISPR scores for each paralog pair enabled identification of
interacting paralogs (Figure 2.3A-B) and calculation of GI scores for each paralog pair (Figure
2.3C-D and Table S4). This approach identified 87 synthetic lethal and 68 buffering genetic
interactions among the 1,030 paralog pairs. Synthetic lethal interactions (GI <—0.5 and FDR <
0.1) included top pairs CCNLI/CCNL2, CDK4/CDK6, GSK34/GSK3B, G3BP1/G3BP2,
CNOT7/CNOTS, and OXSRI1/STK39 (Figure 2.3B-D). Interestingly, CCNLI/CCNL2 code for
cyclins L1 and L2, which activate the paralogous proteins CDK11A/CDK11B. Active CDK11 is
involved in regulating pre-mRNA splicing and may also play a role in cell cycle regulation (Loyer
& Trembley, 2020; Loyer et al., 2008). We found CDK114/CDK1 1B were synthetic lethal in PC9
cells (Figure 2.3B), and recent work has shown that CDK11A/CDK11B are targeted by the small
molecule inhibitor OTS964 (A. Lin et al., 2019). OXSRI and STK39 encode evolutionarily
conserved kinases involved in the oxidative stress response, and STK39 has a possible role in
promoting apoptosis (Balatoni et al., 2009; Gagnon & Delpire, 2012). We also found a significant
synthetic lethal interaction for MEKI/MEK2 (Figure 2.3B-D), confirming that the discrepancy
between genetic and drug data in Figure 1 was indeed due to paralog redundancy. Known synthetic

lethal
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Figure 2.3: pgPEN uncovers synthetic lethal and buffering interactions.

A) Scatter plot of target-level observed versus expected CRISPR scores in the PC9 screen.
The solid line is the linear regression line for the negative control (single KO) pgRNAs,
while dashed lines indicate + 2 residuals.

B) CRISPR scores for representative synthetic lethal paralog pairs. Data shown is the
mean CS for each single KO or DKO target across three biological replicates with
replicate data shown in overlaid points.

C) Rank plot of target-level genetic interaction scores in PC9 cells. Table insert, top
paralogs based on GI score.

D) Volcano plot of target-level genetic interaction scores in PC9 cells. FDR indicates the
multiple hypothesis-adjusted p values from a two-tailed t test (Methods). Blue,
synthetic lethal paralog genetic interactions with GI < —0.5 and FDR < 0.1; red,
buffering paralog genetic interactions with GI > 0.25 and FDR < 0.1.
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paralogs such as ARIDIA/ARIDIB (Helming et al, 2014) and MAPKI/MAPK3 (Dede,

McLaughlin, et al., 2020; DeWeirdt et al., 2020) were also identified (Table S4).

To experimentally validate these findings, we developed a competitive fitness assay in red
(mCherry) and green (GFP) labeled PC9-Cas9 cells (Figure 2.9A-D). In designing the validation
experiment for top synthetic lethal paralog pairs, we used safe-targeting gRNAs (Morgens et al.,
2017) in place of non-targeting gRNAs to account for the growth effects observed by generating
one versus two double-strand breaks. We transduced PC9-Cas9-GFP-NLS cells with a double safe-
targeting pgRNA, while PC9-Cas9-mCherry-NLS cells were transduced with paralog-targeting
pgRNAs designed to knock out the expression of each paralog individually or both paralogs
together (Table S5). Double safe-targeting cells were pooled with paralog-targeting cells ata 1:1

ratio of GFP:mCherry cells.
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Figure 2.4: CRISPR validation experiments confirm top PC9 synthetic lethal

interactions.
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A) Box plots of growth phenotypes for PC9-Cas9-mCherry cells expressing the indicated
pgRNA compared to PC9-Cas9-GFP cells expressing a double-safe-targeting control
pgRNA. Boxes indicate mean + SEM of six biological replicates, which are shown as
overlaid points. Growth phenotype is defined as the log, ratio of mCherry:GFP cell
counts at the late time point compared to the Day 1 mCherry:GFP cell counts. Expected
DKO phenotypes are the sum of single KO growth phenotypes. The expected and
observed DKO phenotypes were compared using a one-tailed t test. Data shown are for
the time point with the most extreme difference between expected and observed DKO
growth phenotypes, termed the late time point: CCNLI/CCNL?2 (Day 12), CDK4/CDK6
(Day 7), MEK1/MEK?2 (Day 11), and OXSR1/STK39 (Day 10). Full time course data is
shown in Figure 2.9.

B) Fluorescence microscopy images of competitive fitness assays on early (Day 1) and
late time points as indicated above for panel A. Scale bar, 100 pM.

C) Western blot validation of single KO and DKO pgRNA-induced gene inactivation. For
CCNLI1, pie charts of percent mutant alleles based on next-generation sequencing are
shown due to lack of a suitable CCNLI1 antibody for western blotting. Additional
genomic DNA-level validation data are presented in Figure 2.10.

Using this approach, we determined the effects of targeting four top synthetic lethal paralog
pairs from the PC9 screen: CCNL1/CCNL2, CDK4/CDK6, MEKI/MEK?2, and OXSR1/STK39. The
results of these competitive fitness assays mirrored the gene knockout effects observed in the
pooled screen format (Figure 2.4A-B). For CCNLI/CCNL2 and OXSR1/STK39, individual gene
knockouts showed little effect on cell growth, whereas combined knockout of both paralogs
resulted in severe growth effects in both the screen (Figure 2.3B) and the competitive fitness assay
(Figure 2.4A). The CRISPR screen data indicated that CDK4 and MEK? single knockouts were
essential on their own with the double knockout causing further negative growth effects for each
pair (Figure 2.3B), and these effects were also observed in the bichromatic competitive fitness
assays for these pairs (Figure 2.4A). We validated the synthetic lethality of these four pairs by
confirming that the observed DKO growth phenotype was significantly less than an expected DKO
growth phenotype, which was calculated based on the sum of the two single KO growth effects (p

= 9.56e—05 for CCNL1/CCNL2, p = 5.29¢-05 for CDK4/CDK®6, p = 2.20e-04 for MEK1/MEK?2,
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p = 8.49¢-05 for OXSR1/STK39, all by one-tailed t test). Line graphs of growth phenotypes across

the entire competitive fitness assay are shown in Figure 2.9E-H. We experimentally validated two
additional pairs with non-significant genetic interactions, MAGOH/MAGOHB and
PSMB5/PSMBS, confirming a slightly negative but non-significant interaction for
MAGOH/MAGOHB and that the PSMB5/PSMBS DKO growth phenotype was not significantly
less than the expected, summed DKO growth phenotype (Figure 2.91-L). Overall, there was good
concordance between the genetic interactions observed in the pgPEN PC9 CRISPR screen and in
the validation competitive growth assays (Figure 2.9M).

We also confirmed the successful generation of genomic DNA CRISPR edits at sgRNA
target sites and the loss of target protein expression for the paralog pairs shown in Figure 2.4A-B.
Confirmation of genomic DNA edits was done by next-generation sequencing for CCNL1/CCNL?2,
as we were unable to identify a suitable antibody for CCNL1 (Figure 2.4C and Figure 2.10A-D)
and by Sanger sequencing for CDK4/CDK6, MEKI/MEK?2, and OXSR1/STK39 (Figure 2.10E-I).
Western blots for CCNL2, CDK4/CDK6, MEK1/MEK2, and OXSR1/STK39 showed expected
patterns of protein loss based on the pgRNAs expressed in each cell line (Figure 2.4C). Taken
together, these data suggest that pgPEN is an effective strategy for uncovering synthetic lethal

paralog interactions.

2.2.4  Asecond pgPEN screen identifies shared versus cell line-specific paralog synthetic

lethal interactions

Next, we applied the pgPEN approach to a different tissue context, HelLa cervical
carcinoma cells, using similar methodology with the exception of using a doxycycline-inducible
Cas9 system (Cao et al., 2016). Quality control analyses of HeLa screening data again indicated

successful generation of expected gene knockout phenotypes (Figure 2.11A-J and Table S6).
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Calculation of GI scores identified 70 significant synthetic lethal interactions and 44 significant
buffering interactions (Figure 2.5A-B, Figure 2.11K, and Table S4). Many of the top synthetic
lethal pairs were shared between HeLa and PC9 cells, including CCNL1/CCNL2, GSK3A4/GSK3B,
and MEKI/MEK2 (FDR < 0.1 in both cell lines, Figure 2.5C-D). Other paralog families were
synthetic lethal only in one of the cell lines (FDR < 0.1 in PC9 or HeLa only). These included
SOS1/50S2, which were highly essential and synthetic lethal only in HeLa cells (Figure 2.5C-D)
and CDK4/CDK®6, which were only required in PC9 cells (Figure 2.5C-D). In total, 122 paralog
pairs were identified as synthetic lethal in at least one context. Surprisingly, we noted that cell line-
specific synthetic lethal interactions were often not explained by expression differences (Figure
2.5D), demonstrating that paralog dependencies, like other cancer dependencies, are modified by
cellular context or other biological factors besides gene expression.

Some synthetic lethal paralog pairs, including SEC24A/SEC24B, COQ104/COQ10B,
CNOT7/CNOTS, TIA/TIAL, and VPS4/VPS4B have been highlighted in previous studies (Dede,
McLaughlin, et al., 2020; Gonatopoulos-Pournatzis et al., 2020; Lord et al., 2020; Neggers et al.,
2020; Szymanska et al., 2020). However, to our knowledge many of the synthetic lethal paralogs
identified in the pgPEN screens were not previously known to be functionally redundant in human
cells. These include CCNLI/CCNL2 and OXSRI/STK39 along with eukaryotic translation
initiation factors EIFI/EIFIB, DNA and RNA helicase and ¢cGAS/STING pathway members
G3BP1/G3BP2, hexosamine biosynthesis pathway members GFPT1/GFPT2, and PDS54/PDS5B,
which regulate sister chromatid cohesion during mitosis. Individual members of many of these
synthetic lethal paralog families have been previously implicated in cancer; for instance, high

GFPT2 expression has been linked to tumor metabolic reprogramming in lung adenocarcinoma
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Figure 2.5: Identification of cell line-specific and shared synthetic lethal paralog pairs.

A) Rank plot of target-level genetic interaction scores in HeLa cells. Table insert, top
paralogs based on GI score.

B) Volcano plot of target-level genetic interaction scores in HeLa cells. FDR indicates the
multiple hypothesis-adjusted p values from a two-tailed t test (Methods). Blue,
synthetic lethal paralog genetic interactions with GI < —0.5 and FDR < 0.1; red,
buffering paralog genetic interactions with GI > 0.25 and FDR < 0.1.

C) Scatter plot of target-level genetic interaction scores for paralog pairs in PC9 versus
HeLa cells. Blue, synthetic lethal paralog pairs with GI <—0.5 and FDR < 0.1 in either
PC9 or HelLa cells; gray, all paralog pairs with GI >—0.5 or FDR > 0.1.

D) CRISPR scores for representative synthetic lethal paralog pairs identified in the PC9
and HeLa cell screens. Top row: Data shown is the mean CS for each single KO or
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DKO target across three biological replicates with replicate data shown in overlaid
points. Shared synthetic lethal paralogs (e.g. CCNLI/CCNL?2 and MEKI/MEK?) have
FDR < 0.1 in both cell lines, PC9-specific paralogs (e.g. CDK4/CDK6 and
OXSR1/STK39) have FDR < 0.1 in PC9 only, and HeLa-specific paralogs (e.g.
GFTP1/GFPT2 and SOS1/SOS2) have FDR < 0.1 in HeLa only. Dashed lines indicate
CS <-0.5. Bottom row: Paralog gene expression in PC9 and HeLa cells from RNA-seq
analysis. Dashed lines indicate logaTPM = 1, the threshold for gene expression.

E) Box plots comparing the effect of CRISPR-mediated knockout of the indicated gene in
DepMap cell lines with high (top quartile) compared to low (bottom quartile) copy
number of its paralogous gene. For box plots, the middle line, hinges, notches, and
whiskers indicate the median, 25%/75" percentiles, 95% confidence interval and data
points within 1.5X the interquartile range (IQR) from the hinge. P values were
computed using a two-tailed Wilcoxon Rank-Sum test. CRISPR score and copy
number data was obtained from DepMap.

F) Asin (F), but for gene expression.

G) Bar plot indicating the p values (computed using a two-tailed Wilcoxon Rank-Sum test)
obtained by comparing the effect of a single paralog knockout to the copy number (as
in panel (E) or gene expression (as in panel F) of its pair across human cancer cell lines
profiled by DepMap. Bar color indicates whether each pair was synthetic lethal in PC9
only, HeLa only, or both cell lines in the pgPEN screens. Dashed line indicates p =
0.05.

(Zhang et al., 2018) and PDS5B is a negative regulator of cell proliferation and has been
highlighted as a possible tumor suppressor gene in prostate cancer (Maffini et al., 2008).

As a complementary approach to validate our PC9 and HeLa screens, we used single gene
knockout data to determine the essentiality of one paralog in the context of low expression or
spontaneous copy number loss of its pair in hundreds of cancer cell lines profiled by DepMap
(Tsherniak et al., 2017). For this analysis, we grouped cell lines according to whether “gene 1” of
a paralog pair was highly (top quartile) or lowly (bottom quartile) expressed and calculated the
median CRISPR score for “gene 2” in these groups (Table S7). This strategy was also used to
determine the influence of gene copy number, and the inverse analysis (i.e., “gene 1” dependency
in the context of low “gene 2” expression/copy number) was also performed. We found that for

VPS4A4/VPS4B, CCNLI/CCNL2, and TLK1/TLK2, reduced copy number of one family member
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was significantly associated with greater dependency of the paralogous genes (Figure 2.5E). We
observed similar dependencies when considering gene expression for EIFI/EIFIB, TIAl/TIALI,
AP2A1/AP2A42 (Figure 2.5F). All of the top 10 shared synthetic lethal paralogs identified in both
PC9 and HeLa screens displayed evidence of genetic interactions using these approaches (Figure

2.5G and Table S7).

2.2.5  Identification of tumor suppressor paralog pairs

In addition to synthetic lethal interactions, pgPEN screens can identify positive genetic
interactions. We noticed that these positive interactions include both buffering interactions, where
loss of one paralog prevents the deleterious phenotype of loss of the other — we identified 108 of
such interactions in at least one cell context — as well as cases where the combined loss of both
genes synergistically promotes cell growth. The latter are likely to be paralog families with tumor
suppressive functions that require complete loss of the family to reveal the cellular phenotype. To
identify these tumor suppressive paralogs, we restricted our analysis to significant buffering
interactions (GI > 0.25, FDR < 0.1) between expressed paralogs in which the double knockout was
positively enriched in each CRISPR screen (CS > 0.25). Under these relatively stringent criteria,
four tumor suppressor interactions were identified in PC9, and six in HeLa cells (Figure 2.6A).
None of the ten interactions were shared across cell lines, potentially reflecting the differing
biology of HeLa and PC9 cells and the difficulty in achieving positive selection in basal culture
conditions of rapidly proliferating cancer cell lines.

Tumor suppressor pairs identified in PC9 cells include RAB274/RAB27B, encoding Rab-
family GTPases involved in vesicle trafficking (Z. Li et al., 2018), and the BTB/POZ-domain
genes BTBDI10/KCTD20 (Figure 2.6B). In HeLa cells, one of the top pairs identified was

CDKN2A4/CDK2NB (Figure 2.6C), frequently deleted tumor suppressors that encode the CDK4/6
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inhibitors INK4A/ARF and INK4B (Kim & Sharpless, 2006). Another top tumor suppressor
paralog pair in HeLa cells was FBX0O25/FBXO32 (Figure 2.6C), which encode SCF-type E3
ligase proteins. Although little is known about the function of these proteins and their substrates,
the genetic interaction between FBX025 and FBXO32 suggests that these two proteins may share
similar functions or substrates. FBX0O25 and FBX032 have been individually proposed to have

tumor suppressive function in previous studies (Xue et al., 2012; Zhou et al., 2017).
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Figure 2.6: Paralog buffering interactions include tumor suppressor paralogs.

A) Identification of tumor suppressive paralog interactions (GI score > 0.25; FDR < 0.1;
CRISPR score > 0.25).

B) CRISPR scores of PC9-specific tumor suppressive paralog pairs. Data shown is the
mean of three biological replicates with replicate data shown in overlaid points. Dashed
lines indicate CRISPR score = 0.25.
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C) CRISPR scores of HeLa-specific tumor suppressive paralog pairs. Data shown as in
(B).

D) Circos plot showing the genomic locations of tumor suppressive paralog pairs. Blue
arcs indicate paralog pairs located on different chromosomes, while pink arcs represent
paralog pairs located on the same chromosome.

E) Top, diagram of a recurrent deletion seen in uterine corpus endometrial carcinoma
(UCEC) data from TCGA that spans the genomic locus containing ZNF561 and
ZNF562, and a bar plot indicating the deletion frequency. Bottom, diagram of recurrent
deletions in epithelial and glial cancers that span the genomic locus containing
CDKN2A4 and CDKN2B, and a bar plot showing the deletion frequency in each cancer
subtype.

F) Genomic distance between paralogs for the 1,030 paralogs pairs included in the pgPEN
library in three proximity categories: on different chromosomes, on the same
chromosome but >1 megabase apart, and on the same chromosome within 1 megabase.
Inset: Histogram of paralog distance for pairs that are within 1 megabase of one
another.

While this direct identification of tumor suppressor paralog pairs has merit for
understanding basic genome function, spontaneous loss of two unlinked genes in cancer should be
rare, and therefore it is unlikely that double knockout of paralogs contributes to tumorigenesis for
most paralog families. Interestingly however, we noted that two tumor suppressor pairs contained
genes co-located in the same chromosomal locus (Figure 2.6D). In addition to
CDKN2A/CDKN2B, whose combined loss is well known to promote tumorigenesis, ZNF56/ and
ZNF562 are also co-located and reside on chromosome 19p13.2, a frequently deleted region in
uterine corpus endometrial cancer (A. C. Berger et al., 2018; Cherniack et al., 2017) (Figure 2.6E).
Beyond the tumor suppressor paralogs, 13% of all the paralog pairs in the pgPEN library are
located within 1 MB of each other in the human genome (Figure 2.6F), which raises the possibility
that the cell fitness consequences of double knockout of human paralogs could contribute to the
selective forces that drive aneuploidy patterns in human cancer (Ben-David & Amon, 2020; Taylor

etal., 2018).
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2.3 DISCUSSION

This work provides, to our knowledge, the largest direct experimental assessment of
paralog genetic interactions in the human genome to date. The pgPEN library we developed uses
two Cas9-type sgRNAs driven from independent promoters to enable knockout of two paralogs
simultaneously and targets 2,060 duplicate human paralogs. Complementing three other recent
studies of human paralog genetic interactions (Dede, McLaughlin, et al., 2020; Gonatopoulos-
Pournatzis et al., 2020; Thompson et al., 2021), our library adds over 1,000 unique paralogs and
brings the total set of human paralogs assayed to date to just over 3,900. Both Thompson et al. and
the present study use Cas9-type CRISPR systems, whereas the other two studies include Cas12a-
derived enzymes. Casl2a systems have the benefit of using an array of sgRNAs on a single
transcript that is processed by Cas12a, enabling programmable delivery of multiple sgRNAs to the
same cell (DeWeirdt et al., 2020). Continued application of Casl2a for CRISPR screening will
enable the experimental identification of higher order combinatorial genetic interactions in human
cells. However, for pairwise interactions of paralogs, the pgPEN library may provide an ease of
application to investigators with Cas9-expressing cell systems already developed.

Remarkably, our pgPEN screens revealed that 12% of duplicate paralogs exhibit synthetic
lethality, demonstrating that paralogs are a rich source of genetic interactions. A recent meta-
analysis of multiplexed paralog CRISPR screens revealed that this hit rate was consistent with
work published by other groups, and pairwise comparisons of the four studies showed that many
shared paralogs (i.e., those that were screened by both groups) were consistently classified as
synthetic lethal (De Kegel et al., 2021). These findings strengthen our conclusions, underscoring
the importance of simultaneously targeting redundant genes and demonstrating that a large fraction

of cancer dependencies are missed by current single-gene knockout approaches. Like others (De
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Kegel & Ryan, 2019; Viswanathan et al., 2018), we propose that synthetic lethal interactions

among paralogs could be harnessed for cancer therapy, since the aneuploid genomes typical of
cancer cells commonly harbor deletions and inactivating mutations in one or more paralogs.
Targeting lineage-specific essential paralogs or paralog families with partial loss in cancer could
provide an orthogonal approach for cancer therapy to be applied in combination with existing
therapies to provide durable cancer control and improved patient outcomes. In addition, even
paralogs that are not lost in cancer may represent tractable cancer targets; the same homology and
redundancy that complicates genetic identification of paralogs as cancer dependencies could
enable simultaneous targeting of each protein with ease. This strategy is exemplified by the current
use of small molecules targeting several of the top synthetic lethal paralogs we identified, such as
CDK4/CDK6 and GSK3A4/GSK3B. Indeed, a recent study demonstrated in cell lines and
retrospective clinical analyses that tumors with low CDKG6 levels rely on CDK4 expression and
show increased sensitivity to CDK4/6 inhibitors (Wu et al., 2021).

Last, we provide a systematic identification of tumor suppressive paralog pairs. We
identified ten paralog pairs whose combined loss significantly promotes cancer cell line growth.
Although combined loss of some of these pairs is likely to be rare, 2 of 10 we identified are located
in the same chromosomal locus. Many of these loci are frequently deleted in cancer. These data
therefore shed light on the basis for the positive selection of these genome deletions and suggest
that combined paralog loss may shape the landscape of positive and negative selection in human

cancer.
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2.4  MATERIALS AND METHODS

24.1 Experimental Model Details

PC9 cells were originally derived from a metastatic lung adenocarcinoma from a 45 year
old male patient. PC9-Cas9 cells were previously generated (Thomas et al., 2020) and cultured in
RPMI-1640 (Gibco) supplemented with 10% Fetal Bovine Serum (FBS, Sigma). PC9-Cas9-GFP-
NLS and PC9-Cas9-mCherry-NLS cells were generated by transducing PC9-Cas9 cells with
lentivirus containing GFP-NLS or mCherry-NLS-encoding vectors (parental backbone was a gift
from Dider Trono, Addgene #12252). mCherry or GFP positive cells were selected using flow
cytometry. HeLa cells were originally derived from a cervical carcinoma from a 31 year old female
patient. HeLa/iCas9 cells were previously generated (Cao et al., 2016) and cultured in Dulbecco’s
Modified Eagle’s Medium (DMEM, Genesee Scientific) supplemented with 10% FBS. The
HEK293T cell line was originally derived from kidney tissue from a female fetus. HEK293T cells
were obtained from ATCC (CRL-3216) and cultured in DMEM supplemented with 10% FBS. All

cells were maintained at 37°C in 5% CO> and confirmed mycoplasma-free.

2.4.2 Method Details

2.4.2.1 Human paralog analysis and selection

For analysis of human paralog versus singleton essentiality (Figure 2.1A-B), a list of
human protein-coding genes was obtained from Ensembl (Vilella et al., 2009). Mitochondrial
genes and splice variants were removed from the analysis. The remaining genes were divided into
two groups: (1) paralogous genes with >10% amino acid sequence identity and (2) singleton genes.
For the pgPEN library, the list of human paralogs was further filtered to include only those with
>50% reciprocal amino acid sequence identity with only one other gene. Genes encoding

components of olfactory signaling and T cell receptors were also excluded. As shown in Figure
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2.7A, a total of 2,060 paralogous genes (1,030 pairs) were included in the pgPEN library. Note

that paralogs MEKI/MEK?2 may also be referred to as MAP2K1/MAP2K?2.

2.4.2.2 PC9 single-gene CRISPR screen

PC9-Cas9 and PC9-Cas9-EGFRT7PMMLESR gingle-gene CRISPR knockout screen data was
re-analyzed from previously published data (Vichas et al., 2020). The relative essentiality of
singletons versus paralogs in the PC9-Cas9 CRISPR knockout screen using the Brunello library

(Doench et al., 2016) was assessed via a two-tailed Kolmogorov-Smirnov test (Figure 2.1B).

2.4.2.3 PC9 drug sensitivity profiling

PC9-Cas9 and PC9-Cas9-EGFRT79MLS8R erfotinib/trametinib drug sensitivity data was
re-analyzed from previously published data (A. H. Berger et al., 2016). For combination dosing,

erlotinib and trametinib were delivered to cells in a 1:1 molar ratio.

2.4.2.4 pePEN library design and cloning

The pgPEN library was designed using sgRNA sequences selected from the Brunello
library (Doench et al., 2016). sgRNAs containing BsmBI restriction target sequences and U6
termination signals were excluded from the library. Given that previous data demonstrated no
position effects using the pgRNA approach (Gasperini et al., 2017), the sgRNA targeting a given
gene was located at the same site in every pgRNA.

pgRNA oligonucleotides were synthesized by Twist Biosciences and cloned per published
protocols (Gasperini et al., 2017; Thomas et al., 2020). Briefly, the pgRNA oligonucleotides were
amplified (primers RKB1169 and RKB1170, Table S5) using NEBNext High Fidelity 2X Ready
Mix (New England Biolabs) and purified via a 1.8X Ampure XP SPRI bead (Beckman Coulter)
clean-up. Amplified oligonucleotides were then cloned into BsmBI (FastDigest Esp31, Thermo

Fisher Scientific)-digested lentiGuide-Puro (Addgene #52963) (Sanjana et al., 2014) plasmid
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backbone via the NEBuilder HiFi (New England Biolabs) assembly system. Cloned plasmids were

purified using a 0.8X Ampure bead clean-up and transformed into Endura ElectroCompetent E.
coli cells (Lucigen) via electroporation to generate the pLGP-2xSpacer vector. The pLGP-
2xSpacer vector was isolated using the NucleoBond Xtra Maxiprep kit (Macherey-Nagel) and
linearized by BsmBI digest. A GBlock (synthesized by Integrated DNA Technologies) containing
a second gRNA backbone and H1 promoter sequence was digested with BsmBI, purified via a
1.8X Ampure bead clean-up, and ligated into the pLGP-2xSpacer backbone using NEB Quick
Ligase (New England Biolabs). The reaction product was purified using an 0.8X Ampure bead
cleanup and transformed into Endura Electrocompetent E. coli via electroporation to propagate the
final pLGP-pgRNA vectors. The pLGP-pgRNA plasmids were again isolated using the
NucleoBond Xtra Maxiprep kit, and the cloned library was amplified and sequenced as described
below to confirm high coverage. At each cloning step, individual E. coli colonies were sequence
verified via colony PCR and Sanger sequencing with primer RKB1148 (Table S5). Over 1000X
coverage of each pgRNA was maintained throughout plasmid library cloning, amplification, and
sequencing; coverage depth was selected based on our previous screen experience as well as

published recommendations (Doench, 2018; Joung et al., 2017).

2.4.2.5 Lentivirus production and titration

With our cloned library, we produced lentivirus via a large-format transfection in
HEK293T cells using a protocol adapted from Joung et al. (Joung et al., 2017). Briefly, we used
TransIT-LT1 (Mirus Bio) as a transfection reagent, with packaging plasmid psPAX2 (Addgene
#12260) (Stewart et al., 2003) and envelope plasmid pCMV-VSV-G (Addgene #8454; plasmid
was a gift from Didier Trono) and Opti-MEM (Thermo Fisher Scientific). Plasmids were added at

a 4:2:1 ratio of transfer to packaging to envelope plasmid. At 18 hours post-transfection, media
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was changed to high-serum DMEM (30% FBS). Lentivirus was harvested 48 hours post-

transfection. Over 500X coverage of each pgRNA was maintained throughout; coverage depth was

selected based on our previous screen experience as well as published recommendations (Doench,

2018; Joung et al., 2017).

2.42.6 pgPEN CRISPR screens

PC9-Cas9 and HeLa/iCas9 cells were transduced with the pgPEN library at low
multiplicity of infection (~0.3) to ensure the integration of a single pgRNA construct into >95%
of transduced cells (Doench, 2018). Transduced cells were then selected using puromycin (1.0
pg/mL, Sigma) for 48-72 hours until all uninfected control cells were dead. For the PC9-Cas9
screen, cells were split into three biological replicates after infection but before puromycin
selection, and genomic DNA (gDNA) was harvested from each replicate after puromycin selection
for an early time point sample. For the HeLa/iCas9 screen, cells were kept in the pooled format
until puromycin selection was complete, resulting in a single early time point sample. HeLa/iCas9
cells were then induced using doxycycline (1.0 pg/mL, Sigma) and split into three biological
replicates. For both screens, cells were then passaged for approximately 12 population doublings
while maintaining over 500X coverage of each pgRNA at every step. An endpoint gDNA sample
was harvested from each biological replicate and stored at —80°C. Genomic DNA was extracted

using the QIAamp DNA Blood Maxi Kit (Qiagen).

2.4.2.7 pgPEN library preparation and sequencing

Plasmid and gDNA samples were amplified and sequenced at >500X coverage per pgRNA
according to our previously established methods (Thomas et al., 2020). All primer sequences used
for library preparation are included in Table S5. First, 2.5 pg of gDNA was used as input for each

reaction, with a total of 48 reactions (120 pg total input gDNA) to ensure >500X coverage per
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sample. Input DNA was amplified using NEBNext High Fidelity 2X Ready Mix with primers

RKB2713/RKB2714 followed by 1.8X Ampure bead clean-up. Second, the amplicon from PCR
#1 was used as input for PCR #2, with 10 ng input DNA in one reaction per sample. The input
DNA was amplified using primers RKB2715/RKB2716 followed by 1X Ampure bead clean-up.
Third, 10 ng of the amplicon from PCR #2 was used as input for PCR #3 and was amplified using
a common forward primer (RKB2717) and a sample-specific barcoded reverse primer (see Table
S5) to allow for multiplexed sequencing. Product from PCR #3 was purified using a 1X Ampure
bead clean-up, quantified by a Qubit assay (Thermo Fisher Scientific), and pooled at equimolar
amounts prior to [llumina sequencing. The custom sequencing strategy used for pgPEN is outlined

in Figure 2.7D.

2.4.2.8 pgRNA cloning for validation

Validation pgRNA oligonucleotides consisted of two sgRNA sequences separated by the
H1 promoter and were synthesized by Genewiz (Brooks Life Sciences). All pgRNA sequences
used for validation experiments are available in Table SS. Each validation pgRNA was cloned into
a BsmBI-digested LentiGuide-Puro backbone using a one-step Gibson reaction using the
NEBuilder HiFi (New England Biolabs) DNA assembly system, as described above for pgPEN
library cloning. Cloned plasmids were transformed into One Shot Stbl3 Chemically Competent E.
coli (Invitrogen). Individual colonies were sequence verified via colony Sanger sequencing with
primer RKB1148 (Table S5), then the final pgRNA vector was isolated using the Plasmid Plus

Midi Kit (Qiagen).

2.4.29 Competitive fitness assay

For the bichromatic competitive fitness assay, PC9-Cas9-GFP-NLS cells were transduced

with a control pgRNA and PC9-Cas9-mCherry-NLS cells with either a paralog single KO pgRNA
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or a paralog DKO pgRNA. After 48-72 hours of selection with puromycin (1 pg/mL), cells were

pooled at an equal ratio and seeded in tissue culture-treated plates (Corning). The day cells were
pooled was termed Day 0. For the MAGOH/MAGOHB paralog pair, non-targeting control (NTC)
gRNAs were used as controls and each competition (double NTC vs. MAGOH single KO, double
NTC vs. MAGOHB single KO, double NTC vs. MAGOH/MAGOHB DKO) was carried out in
triplicate. For all other competitive fitness assays (CCNLI/CCNL2, CDK4/CDK6, MEKI/MEK?2,
OXSRI1/STK39, and PSMB5/PSMBS), safe-targeting gRNAs that target intergenic regions
(Morgens et al., 2017) were used as controls to account for the different number of double-strand
breaks generated by single KO versus DKO pgRNAs and each competition was carried out in six
biological replicates. After pooling (Day 0), cells were imaged 24 hours later (Day 1) using a
Cytation 5 imager (BioTek Instruments). Raw counts of mCherry- and GFP-expressing cells were
computed using Gen5 v3.02 software (BioTek Instruments) to determine the initial paralog-
targeting and safe-targeting pgRNA abundance. Cells were imaged and mCherry and GFP cell

counts were taken every 1-3 days.

2.4.2.10 Genomic DNA sequencing for validation

Genomic DNA was extracted from validation cell lines using the DNeasy Blood & Tissue
Kit (Qiagen). On-target editing efficiencies for each gene target were determined via PCR and
Sanger or next-generation sequencing. sgRNA target regions were amplified using NEBNExt
High-Fidelity 2X PCR Master Mix (New England Biolabs) and custom primers designed for each
target; primer sequences are available in Table S5. PCR products were then purified via Ampure
bead clean-up and submitted for sequencing by Genewiz. For Sanger sequencing, results were

analyzed wusing the online tool Tracking of Indels by Deconvolution (TIDE,

http://shinyapps.datacurators.nl/tide/) which uses Sanger traces to approximate CRISPR editing



54

efficiencies (Brinkman et al., 2014). Next-generation sequencing results were mapped, aligned and

CRISPR indels were quantified using the CRISPREsso v2 pipeline (Clement et al., 2019).

2.4.2.11 Cell lysis and western blotting for validation

Whole-cell extracts for immunoblotting were prepared by incubating cells on a rocker at
4°C in RTK lysis buffer [20 mM Tris (pH 8.0), 2 mM EDTA (pH 8), 137 mM NacCl, 1% IGEPAL
CA-630, 10%Glycerol] plus Pierce protease and phosphatase inhibitors (Thermo Scientific) for 20
minutes. Following centrifugation (>15,000 x g for 20 minutes at 4°C), protein lysates were
quantified using the Pierce BCA Protein Assay Kit (Thermo Fisher Scientific). Lysates were
separated by SDS-PAGE and transferred to PVDF membranes using the Trans-blot Turbo
Transfer System (BioRad). Membranes were blocked in Intercept Blocking Buffer (LiCOR) with
0.1% Tween 20 Solution (BioRad) for 1 hour at room temperature followed by overnight
incubation at 4°C with primary antibodies diluted in blocking buffer. IRDye (LiCOR) secondary
antibodies were used for detection and were imaged on Odyssey CLx Imaging system (LiCOR).
Loading control and experimental protein were probed on the same membrane in all cases. For
clarity, loading control is cropped and shown below experimental condition in all panels regardless
of the relative molecular weights of the two proteins.

Primary antibodies used for Western blotting: CCNL2 (Novus Biologicals #NB100-87009,
1:2000), MEK1 (Cell Signaling Technology #2352, 1:1000), MEK2 (Cell Signaling Technology
#9147, 1:1000), OXSR1 (alias OSR1, Cell Signaling Technology #3729, 1:1000), STK39 (alias
SPAK, Cell Signaling Technology #2281, 1:500), CDK4 (Cell Signaling Technology #12790,

1:1000), CDK6 (Cell Signaling Technology #13331, 1:1000), vinculin (Sigma #V9264, 1:10,000).
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243 Quantification and Statistical Analysis

Unless otherwise noted, results were analyzed for statistical significance with Rv3.6.3 in
an Rstudio v1.2.5 environment. Statistical details of all experiments can be found below or in the

corresponding figure legends.

2.4.3.1 pePEN CRISPR screen sequencing analysis

Sequencing, image analysis, and base calling for pgPEN screens were performed on the
[llumina HiSeq 2500 with RTA 1.18.66.3 software. FASTQ files were generated using Illumina’s
bel2fastq v2.20 conversion software. Reads were trimmed using FASTX-Toolkit v0.014, and

samples were demultiplexed using idemp (https://github.com/yhwu/idemp). Sequencing reads for

each pgRNA were mapped separately to the pgPEN library annotation using Bowtie v1.2.2
(Langmead et al., 2009). Aligned SAM files were converted to BAM format and sorted using
SAMtools v1.9 (H. Li et al., 2009). pgRNA counts were obtained using a custom R script

(https://doi.org/10.5281/zenodo0.5081113) with R v3.6.2 and R packages Rsamtools v1.34.1

(accessed via Bioconductor v1.3.0, (Huber et al., 2015)) and Tidyverse v1.2.1 (Wickham et al.,
2019). Based on the reference set, correctly-paired pgRNAs were retained while incorrectly-paired
gRNAs were discarded. pgRNAs with <2 reads per million (RPM) in the plasmid pool or with a
read count of zero at any time point were also removed. The logs-scaled fold change (LFC) of each
pgRNA was then computed using the MAGeCK v0.5.9.2 (W. Li et al., 2014) test command to
compare initial abundance in the plasmid pool to abundance at early and late time points.

LFC values were scaled so that the median of negative control (double non-targeting)
pgRNAs was set to zero, while the median of positive control (single-targeting pgRNAs targeting
Project Achilles pan-essential genes (Meyers et al., 2017)) pgRNAs was set to —1 (Figure 2.2B

and Figure 2.11D). We also used RNA-seq data from each cell line (Thomas et al., 2020) to control
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for growth defects caused by the double-strand break generation and repair process. To do this, we
adjusted pgRNA LFCs so that the median LFC of single- and double-targeting pgRNAs targeting
unexpressed genes (TPM < 2) was set to zero (Figure 2.2C, Figure 2.8D-E, and Figure 2.11E-
G). Finally, we analyzed copy number effects using data from DepMap, accessed via Bioconductor
v1.3.0 (Huber et al., 2015) package depmap v1.0.0. We grouped pgRNAs by the combined copy
number of targeted genes for each construct and analyzed the CRISPR scores of each copy number
group (Figure 2.8F-H and Figure 2.11H-J). Given that the copy number of the vast majority of
paralogs included in our library was close to 2, we did not adjust for copy number effects. The
scaled and normalized LFC for each pgRNA was termed a CRISPR score (CS). Target-level
CRISPR scores were calculated by taking the mean across pgRNAs with the same single KO or
DKO paralog target. Final CRISPR scores were computed by taking the mean across the three

biological replicates for each screen.

2.4.3.2  Genetic interaction score calculations

To compute a genetic interaction (GI) score for each paralog pair, we combined two
previously published methods for genetic interaction mapping in human cells (DeWeirdt et al.,
2020; Han et al., 2017). We first calculated an expected and observed CS for each pgRNA. For
DKO pgRNAs (pgRNA-Paralogl Paralog2), we calculated the expected CS by first taking the
mean CRISPR scores of each single KO pgRNA with the same targeting sgRNA sequence paired
with a non-targeting control (NTC) sgRNA sequence (i.e., mean(pgRNA-Paralogl NTCI,
pgRNA-Paralogl NTC2) and mean(pgRNA-NTC1 Paralog2, pgRNA-NTC2 Paralog2)). We
summed these two single KO mean CS values to calculate an expected CS for each paralog pair,
and compared this expected CS to the observed DKO CS (pgRNA-Paralogl Paralog?). To

establish a distribution of non-interacting GI scores, we used single KO pgRNAs as a negative
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control. We calculated an expected CS for single KO pgRNAs by computing the sum of (1) the

CS for the other single KO pgRNA containing the same targeting sgRNA sequence paired with a
different NTC sgRNA sequence (pgRNA-Paralogl NTC2) and (2) the mean CS of double NTC
pgRNAs (pgRNA-NTC1_NTC2) containing the same NTC sgRNA sequence (i.e., mean(pgRNA-
NTC1 _NTC2, pgRNA-NTC1 _NTC3)). This single KO expected CS was then compared to the
observed single KO CS (pgRNA-Paralogl NTC1 or pgRNA-NTCI1 Paralog2). Target-level
single KO and DKO expected and observed CRISPR scores were calculated by taking the mean
across pgRNAs.

We then obtained the distribution of CRISPR scores for control (single KO) pgRNAs by
calculating the linear regression of control expected versus observed CS values (Figure 2.3A for
PC9 and Figure 2.11K for HeLa). GI scores were determined by calculating the residual of each
observed CS value for each paralog pair from the control regression line. Statistical significance
of DKO GI scores was determined using a t test compared to the distribution of control (single
KO) GI scores. A Benjamini-Hochberg false discovery rate (FDR) correction (Benjamini &
Hochberg, 1995) was then applied, and FDR < 0.1 was considered significant.

Synthetic lethal paralogs were defined as those with a GI score < 0.5 and FDR < 0.1,
while buffering paralogs were defined as those with GI score > 0.25 and FDR < 0.1. Tumor
suppressor paralogs were defined as buffering paralogs with an additional filter for DKO CS >
0.25 in either PC9 or HeLa cells. Cancer deletion data for paralog tumor suppressor analysis shown
in Figure 2.6E were obtained from The Cancer Genome Atlas Copy Number Portal (Beroukhim

etal., 2010).
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2.4.3.3 Competitive fitness assay analysis

For each competition, the ratio of mCherry (targeting) to GFP (control) cells was computed
for each sample replicate at each time point. The log> fold enrichment of pgRNAs relative to Day
1 was calculated by dividing each subsequent day’s mCherry:GFP ratio by the Day 1 ratio. The
expected DKO growth effect under a null model of no interaction was calculated by arbitrarily
pairing single KO target (i.e., Genel Safe and Gene2 Safe) replicates to calculate the sum of
single KO growth effects. For each paralog-targeting pgRNA and for the previously calculated
expected (single KO sum) growth phenotypes, the mean and standard error of the mean (SEM) of
across replicates were calculated at each time point. Failed replicates were excluded from the
analysis. The expected growth effect was compared to the observed DKO growth effects using a

one-tailed t test (Figure 2.4A and Figure 2.9E-H, K-L).

2434 DepMap validation analysis

For each paralog pair, we determined the effect of CRISPR-mediated knockout of one gene
in cell lines with high (top quartile) compared to low (bottom quartile) expression or copy number
of its paralogous gene (Figure 2.5E-G). CRISPR score, expression, and copy number data was
obtained from DepMap via the Bionconductor package depmap v1.0.0. We compared the effect of
paralog 1 knockout in paralog 2 low vs. high cell lines using a two-tailed Wilcoxon Rank-Sum

test.
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Data and materials used for the pgPEN study are outlined in Table 2.1, the Key Resources Table.

Table 2.1: Key Resources Table.

REAGENT or RESOURCE | SOURCE | IDENTIFIER
Antibodies
Rabbit polyclonal anti-CCNL2 (Cyclin L2) Novus Biologicals Cat #NB100-
87009;
RRID:AB 120114
4
Rabbit polyclonal anti-OXSR1 (OSR1) Cell Signaling Cat #3729;
Technology RRID:AB 215761
0
Rabbit polyclonal anti-STK39 (SPAK) Cell Signaling Cat #2281;
Technology RRID:AB 219695
1
Mouse monoclonal anti-MEK1 Cell Signaling Cat #2352;
Technology RRID:AB 106937
88
Rabbit monoclonal anti-MEK2 Cell Signaling Cat #9147,
Technology RRID:AB 214064
1
Rabbit monoclonal anti-CDK4 Cell Signaling Cat #12790;
Technology RRID:AB 263116
6
Rabbit monoclonal anti-CDK6 Cell Signaling Cat #13331;
Technology RRID:AB 272189
7
Mouse monoclonal anti-vinculin Sigma Cat #V9264;
RRID:AB 106036
27
Deposited data
Raw and analyzed CRISPR screen data This paper GEO: GSE178179
DepMap Tsherniak et al., 10.1016/j.cell.2017
2017 .06.010
TCGA Copy Number Portal Beroukhim et al., 10.1016/j.cell.2017
2010 .06.010
PC9 and HeLLa RNAseq data Thomas et al., 2020 | GEO: GSE120703
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EnsemblCompara GeneTrees

Vilella et al., 2009

10.1101/gr.073585
107

Experimental models: Cell lines

Human: PC9-Cas9 cells

Thomas et al., 2020

https://doi.org/10.1
038/s41588-019-
0555-z

Human: iCas9/HeLa cells

Thomas et al., 2020

https://doi.org/10.1
038/s41588-019-

0555-z

Human: PC9-Cas9-mCherry-NLS cells This paper N/A

Human: PC9-Cas9-GFP-NLS cells This paper N/A

Human: HEK293T cells ATCC CRL-3216

Oligonucleotides

All oligos used, see Table S5 \ This paper \ N/A

Recombinant DNA

pgPEN plasmid library This paper Addgene #171172

pLentiGuide-Puro Sanjana et al., 2014 | Addgene #52963

pRRLSIN.cPPT.PGK-GFP.WPRE N/A (unpublished) Addgene #12252

psPAX2 Stewart et al. 2003 Addgene #12260

pCMV-VSV-G N/A (unpublished) Addgene #8454

Software and algorithms

pgRNA sequencing_analysis This paper; Zenodo | https://doi.org/10.5
281/zenodo.50811
13

MAGeCK v0.5.9.2 Lietal., 2014 https://sourceforge.
net/projects/magec
k/

Bowtie v1.2.2 Langmead et al., https://sourceforge.

2009 net/projects/bowtie

-bio/;

RRID:SCR 00547
6

SAMtools v1.9

Lietal., 2009

https://www.htslib.
org;
RRID:SCR 00210
5

Tidyverse v1.3.0

Wickham et al.,
2019

https://CRAN.R-
project.org/packag
e=tidyverse;
RRID:SCR 01918
6

Bioconductor v3.1.0

Huber et al., 2015

https://www.bioco
nductor.org/install;
RRID:SCR 00644
2
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Gen5 v3.02

BioTek Instruments

https://www.biotek
.com/products/soft
ware-robotics-
software/gen5-
microplate-reader-
and-imager-
software/;
RRID:SCR 01731
7

TIDE

Brinkman et al.,
2014

http://shinyapps.da
tacurators.nl/tide/

CRISPResso

Clement et al., 2019

https://github.com/

pinellolab/CRISPR
€s502

2.5.4.1 Lead Contact

Further information and requests for resources and reagents should be directed to and will be

fulfilled by the lead contact, Dr. Alice Berger (ahberger@fredhutch.org).

2.5.4.2  Materials Availability

The pgPEN CRISPR plasmid library has been deposited to Addgene as the Human Paralog
Knockout Library (pgPEN), #171172. All other plasmids and cell lines generated for this study

will be shared by the lead contact upon request.

2.5.4.3  Data and Code Availability

RNA-seq data and raw and processed CRISPR screen (GEO GSE120703) and sequencing
data for the PC9-Cas9 and HeLa/iCas9 pgPEN CRISPR screens (GEO GSE178179) has been
deposited to GEO. All GEO-deposited data is listed in the key resources table (Table 2.1) and is
publicly available as of the date of publication. This paper also analyzes existing, publicly
available datasets. The accession numbers for these datasets are listed in the key resources table.

All other data reported in this paper will be shared by the lead contact upon request.
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Custom pgRNA counting code can be downloaded from Zenodo:

https://doi.org/10.5281/zenodo.5081113.

Any additional information required to reanalyze the data reported in this paper is available

from the lead contact upon request.

2.6 SUPPLEMENTAL DATA

2.6.1 Supplemental Tables

All Supplemental Tables referenced in this chapter can be found at the following link:

https://doi.org/10.1016/j.celrep.2021.109597.
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2.6.2  Supplemental Figures

B C
A ( 6,696 human paralogs ] Sonatotpt_)ulos- Druggability tier
(50-99% AA sequence identity) ournatzis 1 2 3A 3B
— Thompson . . - :

2,060 paralogs
(maximum 1 family-member)

v v v

16 double knockout 16 single knockout 500 double-NTC
pgRNAs per pair PgRNAs per pair pgRNAs

v v hd

(Total library size: 33,170 pgRNAs )

D

P5 lllumina read 1 primer read 2 primer barcode primer sample P7 lllumina
adaptor binding site binding site binding site barcode adaptor

sgRNA1 sgRNA backbone H1 promoter sgRNA2 sgRNA backbone
RKB2969 RKB2970 RKB2971
read 1 (20 bp) read 2 (21 bp) read 3 (6 bp)

Figure 2.7: pgPEN CRISPR library information and sequencing strategy.

A) Schematic of filtering strategy used to select paralogous genes for inclusion in the
pgPEN library. AA, amino acid.

B) Venn diagram of paralogs included in this study, Dede et al. (2020), Gonatopoulos-
Pournatzis et al. (2020), and Thompson et al. (2021).

C) Pie chart depicting the number of genes considered “druggable” based on classification
from Finan et al. (2017). Tier 1 genes encode proteins targetable by approved and
clinical trial-phase drugs; Tier 2 genes encode proteins targetable by known small
molecules or have high sequence identity to known drug targets; Tiers 3A and 3B
include secreted and extracellular proteins, as well as those with lower sequence
identity to known drug targets and other members of known druggable families not
included in higher tiers.

D) Schematic of pgPEN sequencing strategy. Custom sequencing primers and read lengths
to sequence sgRNAI (standard Illumina read 1), sgRNA2 (standard Illumina 17/index
1 read), and the sample barcode (standard Illumina i5/index 2 read) are indicated.
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Figure 2.8: PC9 paralog screen quality control, gene expression, and copy number

information.

A) Heat map illustrating Pearson correlations between sequencing reads in counts per
million (CPM) supporting each pgRNA for all samples from the PC9 screen.
Dendrogram, unsupervised clustering of CPM by the complete-linkage method.

B) Cumulative distribution of pgRNA counts at each time point (mean across three
biological replicates) in the PC9 screen. Each point represents the proportion of total
pgRNAs with the corresponding count in a given sample.
C) Scatter plot of pgRNA target logx(fold change) (LFC) values for the late time point
compared to plasmid for the indicated replicate comparisons in the PC9 screen. Contour

lines indicate the density of points in 2D space.
D) Histogram of gene expression in PC9 cells for all paralogs in the pgPEN library.
Dashed line indicates log2(TPM) = 1, the cutoff used for expression. TPM, transcripts

per million.



E) Density histogram of CRISPR scores for single KO pgRNA targets, grouped by target
gene expression in PC9 cells. Dashed lines indicate the median CRISPR score for each
group. pgRNAs targeting expressed genes had significantly lower CRISPR scores than
those targeting unexpressed genes (p = 1.96e—10 by one-tailed Kolmogorov-Smirnov
test).

F) Scatter plot of PC9 logx(copy number) for paralogs in the pgPEN library. Red dashed
line indicates the mean PC9 copy number of pgPEN library paralogs. Copy number
data was obtained from DepMap.

G) Box and overlaid dot plot of CRISPR scores for single KO paralog target genes,
grouped by PC9 copy number. Box plots indicate median =+ interquartile range (IQR)
for each group.

H) Box and overlaid dot plot of CRISPR scores for double KO paralog target gene pairs,
grouped by the combined PC9 copy number of the two genes. Box plots indicate
median + IQR for each group.
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Figure 2.9: Validation of PC9 screen data using competitive fitness assays.




A) Representative images of PC9-Cas9-GFP-NLS and PC9-Cas9-mCherry-NLS cells.
Scale bar, 200 uM.

B) Representative images of detecting GFP and mCherry positive cells within a 50:50
mixture. Scale bar, 200 pM.

C) Line graph of PC9-Cas9-GFP-NLS and PC9-Cas9-mCherry-NLS cell relative viability
across a 10-day time course. Data shown is the mean = SEM of three biological
replicates. Right, representative images of mixture at early (Day 1) and late (Day 10)
time points are shown. Scale bar, 100 uM.

D) Schematic of the competitive fitness assay.

E) Competitive fitness assay time course for CCNL1/CCNL2 showing line graph of
growth phenotypes for PC9-Cas9-mCherry-NLS cells expressing a pgRNA to generate
the indicated gene KO compared to PC9-Cas9-GFP-NLS cells expressing a double-
safe-targeting control pgRNA. Growth phenotype is defined as the log2 ratio of
mCherry:GFP cell counts at the late time point compared to the day 1 mCherry:GFP
cell count ratio. Data shown is the mean + SEM of six biological replicates. Single KO
pgRNAs contained one gene-targeting sgRNA and one safe-targeting sgRNA.
Expected DKO growth phenotypes (labeled “Exp DKO”) were calculated as the sum
of single KO growth phenotypes, with purple shaded regions indicating the excess
negative growth effect seen in the observed DKO (labeled “Obs DKO”) compared to
the null model of no interaction. One-tailed t test p values for expected vs. observed
DKO growth phenotypes are indicated as follows: * = p <0.05, ** =p <0.01, and ***
=p <0.001.

F) As (E), but for CDK4/CDKG6.

G) As (E), but for MEK1/MEK2.

H) As (E), but for OXSR1/STK39.

I) CRISPR scores for the MAGOH/MAGOHB paralog pair in the PC9 screen. Data
shown is the mean CRISPR score for each single KO or DKO target across three
biological replicates with replicate data shown in overlaid points.

J) Asin (I), but for PSMB5/PSMBS.

K) Line graph of MAGOH/MAGOHB competitive fitness assay time course, performed
as in (E) except that the data shown is the mean + SEM of three biological replicates
and non-targeting sgRNAs were used instead of safe-targeting sgRNAs. Statistical
analysis and significance symbols are as described in (E).

L) Asin (E), but for PSMB5/PSMBS.

M) Bar plots comparing the Gls observed in the validation competitive growth assays to
those seen in the PC9 CRISPR screen. Top panel shows the area of the purple shaded
region from panels E-H and K-L, and bottom panel shows the GI score calculated for
each paralog pair in the PC9 pgPEN screen. Bars are colored to indicate whether the
PC9 screen GI FDR was considered statistically significant at a cutoff of FDR < 0.1.

68



A sequenced CCNL1 alleles

pgRNA:  safe/safe safe/CCNL1 safe/CCNL2 CCNL1/CCNL2
Allele 1.01 17.7: i
Wild type
B Mutant 98.99 98.96 8507
c []Inserted base - Deleted base i Predicted cut-site D

REFFTGCAGGTGGCGATGGCAACGGGGCAGGTGT

69

sequenced CCNL?2 alleles

safe/safe safe/CCNL1 safe/CCNL2 CCNL1/CCNL2
0.15 0.42 5. '
60.05
99.85 99.58
[[] Inserted base - Deleted base ; Predicted cut-site

REF. CACAGAGACCGACCTCCGCGTGGTGGGCTG

CCNL1 Exon 2 CCNL2Exon 1
Percent Percent
| Reads | Reads
safe/safe ITGCAGGTGGCGATGGCAIACGGGGCAGGTGT 956% safe/safe ICACAGAGACCGACCTCCIGCGTGGTGGGC TG 9867%
|
TGCAGGTGGCGATGGCAACGGGGCAGGTG 17.39% safe/CCNL7ICACAGAGACCGACCTCCIGCGTGGTGGGCTG 98.34%
TecAGGeTGGCcGATGGCAlACGGaaCcAGG TG T 13.05% !
safe/CCNLT [T6cAGGTGGCGATGGCAl- - - - - - - - GGTGT 972%
TGCAGGTG - - - - = = - - - | T 872% CACAGAGACCGACCTCCIC/6CGTGGTGGGC T 21.70%
TGCAGGTGGCGATGGCA-CGGGGCAGGTGT 498% CACAGAGAGCCGACCTC GCGTGGTGGGC TGS 1610%
safe/CCNL2|C ACAGAGACCGACCTCCIGCGTGGTGGGCTG 11.71%
! CACAGAGACCG - - - - - - l. . . TcGeTcGGCc TG 205%
safe/CCNL2|TGCAGGTGGCGATGGCA'ACGGGGCAGGTGT 96.15% cAcAGAGACCGACC---lecceTeeTeeac TG 1.78%
|
TGCAGGTGGCGATGGCAACGGGGCAGETGT 6202% cacacacaccoaccTtccleceTeaTesacTo s780%
TGCAGGTGGCGATGGCAACGGGGCAGGTG 8.18% cacacacacceaccTcclcleceTeeTeaac T 1071%
CCNL1/CCNL2 [TccAaceTGeGCcGATGGCAl- - - - - - - - GeTGT 303% CCNLT/CCNL2|CACAGAGACCGACCTC-IGCGTGGTGGGCTG 645%
TGCAGGTG - - - - - - - - - l= o 2 coc===c--o < T 275% CACAGAGACCG - - - - - - |---TGGTGGGCTG 096%
TGCAGGTGGCGATGGCA-CGGGGCAGGTGT 168% CACAGAGACCGACC---|GCGTGGTGGGCTG 068%
G PgRNA
E CAGGCTGATGGACGTCTGTGCCACATCCCGAACTGACCGGG] TCAAGGTAACCCTGGTGTTT TGT \CCAGG.
CDK4 Exon 3 safe/safe safe/CDK4 safe/ CDK6 CDK4/CDK6
CDK4 gRNA <
5 3 321 1
b 46.8
O
caterate. MMt A A W A, hm < 100 %9
CAGGCTGAT TCTGTGCCACATCCCGAACTGACC! TCAAGGTAACCCTGGTGTTTGA( TGT 9
g
©
X 0 05
satercora MAWIWIWANMWWW WA W Wl AaAaAA " <| 8 25.2 366
CAGGCTGATGGACGTCTGTGCCACATCCCGAACTGACCGG! TCAAGGTAACCCTGGNNTTTTNAGATT! NAG O
100 99.5
sarcorc MR ol
(VYW PV A O WV H bgRNA
CAGGCTGATGGACGTCTGTGCCACATCCCGAACTGACC! TCARGGTAACCCTGGTGTTTGA( TGT CAGG.
safe/safe safe/MEK1 safe/MEK2 MEK1/IMEK2
coraicors. WAV WA MANAAN W WA AN AA A hpr st fin
CAGGCTGATGGACGTCTGTGCCACATCCCGAACTGACC! TCAAGGTAACCCTGGTGTTTGAACATGTARANCNAG
L% 0 ‘ 08 ‘
c| = 100 & 99.2 84.3
Q
Qo
F o
GGTGGCGGTGCTGAGGCACCTGGAGACCTTCGAGCACCCCAACGTGGTCAGGTGAGC! GGAGCTGCGCCCTCGCCATC E o 0 0 291
CDK6 Exon 2 & - 371
S 100 100
safe/safe | ) A X \ I pgRNA
GTGGCGGTGCTC GCACCT ANCTTCGAGCANNNCAACGTGGTCAGGTGAGC! GGAGCTGCGCCCTCGCCATC
safe/safe safe/OXSR1 safe/STK39 OXSR1/STK39
safe/CDK4 b ‘ ‘ l ‘ \ ‘ \ |
VAV VA AN O WA WA AR A -
GGTGGCGGTGCTGAGGCACCTGGAGACCTTCGAGCACCCCAACGTGGTCAGGTG 'CAGGGAGCTGCGCCCTCGCCATC @ 0 0
2] 417 446
X
| © 100 100
safe/CDK6 A AA Q
GGTGGCGGTGCTGAGGCACCTGGAGACCTTCGAGCACCCC ' TCCCCCCCCCCCGCC g
o
E|l 9 '
< Q 0 1.6
5 67.1
K 100 984 : s

GGTGGCGGTGCTGAGGCACCTGGAGACCTTCGAGCACCCC C

TCCCCCTCECOEGE

Figure 2.10: Genomic DNA sequencing data for PC9 screen validation paralog pairs.

A) Pie charts summarizing next-generation sequencing of CCNL/ alleles from PC9 cells
expressing Cas9 and the indicated pgRNAs. Percent wild-type (gray) and mutant (red)

alleles are indicated.
B) Asin (A), but for CCNL2.

C) Sequences of the five most frequent alleles from (A). The location of the CCNLI-

targeting sgRNA is also shown.



D) Sequences of the five most frequent alleles from (B). The location of the CCNL2-
targeting sgRNA is also shown.

E) Representative Sanger sequencing of CDK4 from PC9 cells expressing Cas9 and the
indicated pgRNAs. The location of the CDK4-targeting sgRNA is also shown.

F) Asin (E), but for CDKG6.

G) Pie charts summarizing Sanger sequencing of CDK4 and CDKG6 alleles from PC9 cells
expressing Cas9 and the indicated pgRNAs. Percent wild-type (gray) and mutant (red)
alleles are indicated.

H) As in (G), but for MEK] and MEK?.

I) Asin(G), but for OXSRI and STK39.
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Figure 2.11: HeLa paralog screen quality control, gene expression, copy number, and
genetic interaction score information.

A) Heat map illustrating Pearson correlations between sequencing reads in counts per
million (CPM) supporting each pgRNA for all samples from the HeLa screen.
Dendrogram, unsupervised clustering of CPM by the complete-linkage method.



B) Cumulative distribution of pgRNA counts at each time point (mean across three
biological replicates) in the HeLa screen. Each point represents the proportion of total
pgRNAs with the corresponding count in a given sample.

C) Scatter plot of pgRNA target LFC values for the late time point compared to plasmid
for the indicated replicate comparisons in the PC9 screen. Contour lines indicate the
density of points in 2D space.

D) Violin plots of target-level CRISPR scores for negative control (double non-targeting
control), positive control (single KO pgRNAs targeting known essential genes), all
other single KO pgRNAs, and DKO pgRNAs in the HeLa screen.

E) Histogram of gene expression in HeLa cells for all paralogs in the pgPEN library.
Dashed line indicates log2(TPM) = 1, the cutoff used for expression.

F) Density histogram of CRISPR scores for single KO pgRNA targets, grouped by target
gene expression in HeLa cells. Dashed lines indicate the median CRISPR score for
each group.

G) Density plot of target-level CRISPR scores for DKO pgRNAs grouped by whether
zero, one, or both target genes are expressed in HeLa cells. Dashed lines indicate the
median CRISPR score for each group.

H) Scatter plot of HeLa cell loga(gene copy number) for paralogs in the pgPEN library.
Red dashed line indicates the mean HeLa cell gene copy number of pgPEN library
paralogs. Copy number data was obtained from DepMap.

I) Box and overlaid dot plot of CRISPR scores for single KO paralog target genes,
grouped by HeLa cell gene copy number. Box plots indicate median = IQR for each
group.

J) Scatter plot of target-level observed versus expected CRISPR scores in the HelLa
screen. The solid line is the linear regression line for the negative control (single KO)
pgRNAs, while dashed lines indicate + 2 residuals.
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Chapter 3. PGMAP: A PIPELINE TO ENABLE GUIDE RNA

READ MAPPING FROM DUAL-TARGETING
CRISPR SCREENS

A version of this chapter is being prepared for prepared for submission to a peer-reviewed journal.
A similar version has been posted on arXiv as a preprint:
Parrish, P. C. R., Groso, D. J., Thomas, J. D., Bradley, R. K., and Berger, A. H. (2023). pgMAP:

a pipeline to enable guide RNA read mapping from dual-targeting CRISPR screens. In arXiv
[g-bio.GN]. arXiv. http://arxiv.org/abs/2306.00944

I led this work and my contributions to this paper included building a reproducible and scalable
Snakemake pipeline, processing next-generation sequencing data, improving efficiency of code
shared by collaborators, writing custom R and Python scripts, and writing the manuscript.

Motivation:

Multiple groups have recently developed dual-targeting CRISPR screen methods for genetic
interaction mapping in human cells. But most of these methods use custom sequencing
strategies and analysis code, limiting reproducibility and accessibility for other users. We thus
need user-friendly software tools to enable reproducible identification of gene pairs required
for cell growth.

Results:

We developed pgMAP, an analysis pipeline to map gRNA sequencing reads from dual-
targeting CRISPR screens. pgMAP output includes a dual gRNA read counts table and quality
control metrics including the proportion of correctly-paired reads and CRISPR library
sequencing coverage across all time points and samples.

Availability and Implementation:

pgMAP is implemented using Snakemake and is available open-source under the MIT license

at https://github.com/FredHutch/pgMAP pipeline.
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3.1 INTRODUCTION

Cancer therapies that target synthetic lethal interactions have the potential to expand treatment
options for patients. In recent years, several genome-scale, dual-targeting CRISPR-mediated
knockout (KO) screening approaches have been developed to map genetic interactions (Gls) in the
human genome (Dede, McLaughlin, et al., 2020; Gonatopoulos-Pournatzis et al., 2020; Ito et al.,
2021; Koferle et al., 2022; Parrish et al., 2021; Tang et al., 2022; Thompson et al., 2021). These
methods enable functional profiling of duplicated gene families and expand the range of potentially
targetable synthetic lethal interactions in cancer (Dandage & Landry, 2021; Ryan et al., 2023).
However, computational methods for GI mapping from human CRISPR screen data are poorly
established, which may impede interpretation of dual-targeting CRISPR screen data and thus
prevent identification of actionable synthetic lethal targets.

Commonly-used tools for analyzing single-targeting CRISPR KO screen data, e.g.
MAGeCK (W. Li et al., 2014) and BAGEL (Hart & Moftfat, 2016), have limited utility for multi-
targeting CRISPR screens. These tools can be used to quantify the fitness effects of each dual
gRNA construct once sequencing reads have been mapped to a reference. However, neither
MAGeCK nor BAGEL can be used to directly map sequencing reads generated by dual-targeting
CRISPR approaches, nor can they map GIs since they were designed to be used only with single-
targeting CRISPR approaches.

Some software packages to analyze sequencing data from dual-targeting CRISPR screens
have been developed (Ward et al., 2021; Zamanighomi et al., 2019). However, these methods have
some drawbacks. One method requires a counts table as input, meaning users must use custom
code to map their dual gRNA sequencing reads prior to using the tool (Zamanighomi et al., 2019).

Moreover, since both existing tools are implemented as R packages, their dependencies are not
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version-controlled and individual scripts must be run one-by-one, which limits scalability,

reproducibility, and ease-of-use for users with limited computational experience.

A)

Input: Dual gRNA Align reads to Count dual gRNAs and Output: counts table
sequencing data CRISPR library compute pairing statistics and QC metrics
S I
T PgRNA Day00 Day2l
FASTQ — gy — 2 iy 7 — TXT
2 & ST
demux_fastqgs
Sample | # correctly | % correctly Library Runtime
name paired reads|paired reads| coverage (mins.)
trim_reads Plasmid | 38,471205 | 78.84 1,160X 120
l DaysS ' | 32028200 | 7021 965X 85
: (pooled) e,
align_reads
Day 22,
Rep A 29,144 511 72.17 879X 78
make_sorted_bams Day22, | 35678141 | 72.28 1,104X 95
- - Rep B e : ’
Day 22,
Rep C 36,448,291 71.56 1,099X 120

get_stats count_pgRNAs

combine_counts

Figure 3.1: pgMAP reproducibly and scalably maps sequencing reads from dual gRNA
CRISPR screens.

A) Illustrated overview of the pgMAP pipeline.

B) Key Snakemake rules used to align sequencing reads and count dual gRNAs.

C) Sample QC metrics for dual gRNA pairing and library coverage from the HeLa-iCas9
pgPEN CRISPR screen.

Here, we present pgMAP (paired guide RNA Mapper), a Snakemake-based analysis
pipeline to map sequencing reads and generate a dual gRNA counts table from dual-targeting
CRISPR-mediated KO screening data (Figure 3.1A). This read-mapping strategy was originally

designed to analyze data from the pgPEN (paired guide RNAs for paralog genetic interaction
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mapping) screening method (Parrish et al., 2021). pgMAP represents several improvements to the
code base, including the use of the Snakmake workflow manager (Mdlder et al., 2021) and Conda
environments (Anaconda Software Distribution, 2016) to ensure scalable and reproducible
analysis. pgMAP also calculates and outputs summary statistics to enable quality control analysis.
pgMAP will allow users to apply pgPEN to model systems of interest and enable discovery of

genetic interactions across many organisms, genetic backgrounds, tissues, and cancer types.

3.2  MATERIALS AND METHODS

pgMAP computes dual gRNA counts and quality control (QC) statistics from reads
generated by the pgPEN Illumina sequencing strategy in an automated fashion. Reads are trimmed

with FastX-Toolkit v0.0.14 (http://hannonlab.cshl.edu/fastx_toolkit/) and demultiplexed using

idemp (https:/github.com/yhwu/idemp). Next, demultiplexed reads are mapped to the pgPEN
library reference with Bowtie v1.2.2 (Langmead et al., 2009), generating files of alignments in
Sequence Alignment/MAP (SAM) format. The SAM files are sorted and converted to Binary
Alignment/Map (BAM) format using SAMtools (H. Li et al., 2009).

In the last steps of the pipeline, dual gRNAs present in each sample are counted and the
percentage of correctly-paired dual gRNAs is computed using <counter_efficient.R>, an R

script (https://www.R-project.org) that incorporates the libraries Tidyverse v1.2.1 (Wickham et

al., 2019) and Rsamtools v1.34.1 via Bioconductor (Huber et al., 2015). The final step of the
pipeline runs a Python script <combine_counts.py> to generate a file that contains dual gRNA

counts for each time point, replicate, and condition in tab-separated values (TSV) format.
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3.3 USAGE AND EXAMPLES

To begin, clone the repository from https://github.com/FredHutch/pgMAP_pipeline into

an empty folder on a high-performance computing (HPC) cluster. pgMAP is run with Snakemake

and requires an up-to-date version of the Mamba package manager (https://github.com/mamba-

org/mamba) and an associated Conda environment containing Snakemake and its dependencies.
The Conda environment for running pgMAP will be automatically deployed by the Bash script
<run_snakemake.sh>, and can be found via the following path:
<workfTlow/envs/snakemake.yaml>. Additional instructions and links for installation can be
found in the file <README.md>, located in the base folder or on the homepage of the GitHub
website.

The config folder contains sample versions of the configuration files required to run the
Snakemake pipeline, which can also be used to analyze the tutorial dataset included in the pgMAP
package (tutorial data is located in the folder <input/tutorial-fastqs/>). Information on
running the tutorial and analyzing sequencing data from pgPEN CRISPR screens can be found in
the file <README . md>. For more information on the pgPEN sequencing method, see Parrish et al.,
2021, Figure S1A.

pgMAP is run on an interactive HPC node via the Bash script <run_snakemake.sh>,

which activates the Conda environment and executes the pipeline:

snakemake --snakefile "workflow/Snakefile" \
--use-conda \
--conda-prefix "~/tmp/" \
--conda-frontend mamba \
-k -p —--reason \
--jobs 50 --Tatency-wait 180

Upon successful execution of the pgMAP pipeline, results sub-directories containing the

output from each Snakemake rule will be generated (see Figure 3.1B). Dual gRNA count tables
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will be found in the <results/pgRNA_counts/> directory. Reports containing information about
pipeline runtime and graphs of the Snakemake rules that were run will be generated in the
<workfTow/reports/> directory. Example QC output from the pgPEN HeLa screen is shown in
Figure 3.1C. This output includes per-sample statistics about dual gRNA pairing rates, runtime,
and the fold-coverage of the reference dual gRNA CRISPR library based on the number of
correctly-paired reads and the input library size.

Additional example results from the HeLa-iCas9 pgPEN screen are included as
supplemental tables. Table 3.1 shows statistics about the de-multiplexing step, where the FastQ
file containing reads from all timepoints and replicates is split up based on sample barcodes. Table
3.2 shows output from the alignment step, including the number and percentage of reads that
successfully aligned to the reference and those that failed to align.

pgMAP can also be executed on an HPC cluster via a job scheduler such as Slurm, where
jobs are submitted via the <sbatch> command, or Moab/Torque, where jobs are submitted via the
<gsub> command. For this approach, the commands used to execute pgMAP will depend on the
workload manager used by the user’s HPC cluster. An example script for submitting to Slurm is

included in the development branch of the repository as <run_snakemake_cluster.sh>:

snakemake --snakefile "workflow/Snakefile" \

--use-conda \

--conda-prefix "~/tmp/" \

--conda-frontend mamba \

-k -p --reason \

--jobs 50 --Tatency-wait 180 --restart-times 3 \

--cluster-config config/cluster_sTurm.yaml \

--cluster "sbatch -p {cluster.partition} --mem={cluster.mem} -t
{cluster.time} -c {cluster.ncpus} -n {cluster.ntasks} -o
{cluster.output}"

More information about running Snakemake pipelines via HPC cluster schedulers can be found in

the documentation: https://snakemake.readthedocs.io/en/stable/executing/cluster.html. Note that it
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may be necessary to set up a configuration profile to save your job submission settings. An

example Slurm file can be found at the following path: <config/cluster_sTurm.yaml>.

3.4 CONCLUSION

We developed pgMAP, an analysis pipeline for aligning and counting Illumina sequencing
reads from dual-targeting CRISPR screens to produce a dual gRNA counts table and quality
control metrics. The pgMAP pipeline is designed to be implemented by computational scientists
as well as bench researchers who are familiar with Linux-based command line interfaces and/or
HPC environments and the Python programming language. pgMAP enables researchers with all
levels of computational skills to apply dual-targeting CRISPR screening approaches to their own
model systems of interest, offering novel insights into human genetic interactions on a genome

scale.
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Table 3.1: Sample output from pgPEN de-multiplexing step. The number and percentage

Table 3.2: Sample quality control output from pgPEN alignment step.

of Illumina sequencing reads assigned to each barcode is shown.

Sample name Number of reads Percent of total
reads
Plasmid 66,312,306 23.53%
Day 5 (pooled) 52,384,943 18.59%
Day 22, Rep A 45,532,803 16.16%
Day 22, Rep B 56,415,566 20.02%
Day 22, Rep C 57,436,578 20.38%
Unassigned 3,765,019 1.34%
Total 281,847,215 100%

Number Number Percent | Number Pel;)cfent
gRNA | Sample of reads of reads | of reads Number of
number | name of reads with >1 with >1 | failing to refa.ds alignments
processed . . . failing
alignment | alignment align .
to align
1 Plasmid | 52,384,943 | 51,166,948 | 97.67% | 1,217,995 | 2.33% | 342,746,179
Day 5
1 (pooled) | 45,532,803 | 44,366,837 | 97.44% | 1,165,966 | 2.56% | 305,262,688
Day 22,
1 Rep A | 56,415,566 | 55,120,573 | 97.70% | 1,294,993 | 2.30% | 379,282,821
Day 22,
1 Rep B | 57,436,578 | 56,035,123 | 97.56% | 1,401,455 | 2.44% | 386,262,446
1 Day 22,
Rep C | 66,312,306 | 63,633,494 | 95.96% |2,678,812 | 4.04% |427,572,077
2 Plasmid | 10,999,712 | 10,800,478 | 98.19% 199,234 | 1.81% | 72,494,492
5 Day 5
(pooled) | 52,384,943 | 46,308,031 | 88.40% | 6,076,912 | 11.60% | 314,079,728
5 Day 22,
Rep A | 45,532,803 | 41,118,664 | 90.31% |4,414,139 | 9.69% | 287,211,825
5 Day 22,
Rep B | 56,415,566 | 51,530,773 | 91.34% | 4,884,793 | 8.66% |360,110,895
5 Day 22,
Rep C | 57,436,578 | 51,812,303 | 90.21% | 5,624,275 ] 9.79% | 362,482,993
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3.6.2 Genetic interaction mapping pipeline
The goal of pgMAP was to generate counts tables that can be used to identify essential
gene pairs via genetic interaction mapping. With the counts table in hand, users can thus use
existing R packages for genetic interaction mapping (Ward et al., 2021; Zamanighomi et al., 2019).
However, these tools have some drawbacks: since they are implemented as R packages without
clearly-defined environments of software dependencies, the results from these tools may not be
reproducible. Additionally, they require users to be familiar with R and Rstudio for statistical
computing and to run individual analysis steps in an interactive fashion.
Thus, I also developed a second Snakemake pipeline for GI mapping using the pgPEN
approach. This software is still in development and can be accessed via GitHub:

https://github.com/FredHutch/GI_mapping. Though pgMAP is currently limited to input data

generated via the pgPEN sequencing approach, the GI mapping pipeline is designed to be more
broadly applicable: users can input a dual gRNA counts table from any sequencing strategy to
identify statistically significant genetic interactions. This pipeline performs quality control
analyses, quantifies the growth effects of genetic perturbations and drug treatments, and identifies
synthetic lethal interactions. Together, these two software tools will empower scientists of all
computational skill levels to uncover targetable synthetic lethal interactions across any cell line,
cancer type, or genetic background.

The relevant data are located on the Berger lab fast drive at the following path:

center/fh/fast/berger_a/grp/bergerlab_shared/Projects/paralog_pgRNA/pgPEN_T1ib
rary/GI_mapping
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Chapter 4. FINDING DRUGGABLE GENE FAMILIES

In this final part of my dissertation work, I determined if viability of cancer cells with loss
of one paralog gene is significantly reduced when treated with a drug targeting one or more other
genes in that paralog family. If loss of only one paralog family-member sensitizes cancer cells to
a drug that targets the whole paralog family, that drug could still be used to kill cancer cells while
avoiding toxicity to healthy cells. I analyzed an existing dataset generated by treating 578 cancer
cell lines with over 4,500 drugs. I focused on 367 gene families that were predicted to be synthetic
lethal via a recent computational approach.

To identify druggable paralog dependencies, I used a two-tiered approach: first, I applied
a discovery-focused linear regression analysis to identify cases where low expression of one
paralog was significantly associated with lower viability when cancer cells were treated with an
inhibitor targeting that paralog family. This first analysis identified 68 cases where loss of
expression of one family-member was significantly associated with increased sensitivity to drugs
targeting that gene family (FDR < 0.05). I then used a more stringent outlier-based analysis to
confirm my findings for 13 promising paralog pair/drug combinations, which validated 5 of the
hits from my first analysis. These results suggest that drugs targeting multiple paralogs in a
synthetic lethal family can be used to selectively harm tumor cells while having limited effects on
healthy cell viability. Overall, the results from this computational analysis support the use of

paralog synthetic lethal therapies in cancer.
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4.1 INTRODUCTION

Two potential concerns arose when we considered the feasibility of implementing our
paralog synthetic lethal therapy approach in the clinic. First, pgPEN and other CRISPR screening
methods rely on genetic inactivation as a proxy for drug activity. However, this does not fully
mimic the activity of drugs that are used to treat cancer patients in the clinic. A second potential
drawback to targeting synthetic lethal paralogs is that duplicated genes often retain similar
sequences, so drugs designed to inactivate one paralog may also affect other members of the same
gene family. This means that a synthetic lethal therapy used to treat tumors with loss of one paralog
family-member could have off-target effects in healthy cells due nonspecific binding of the
paralog-targeting drug to other related genes. I therefore developed a computational approach to
ensure that paralog-targeting drugs can be used effectively to kill cancer cells without harming
normal cells.

The goal of this part of my thesis work was to determine whether the synthetic lethal
paralog families identified via pgPEN or other screening approaches could be effectively targeted
using small molecules rather than genetic knockouts. We hypothesized that loss of expression of
one paralog would confer sensitivity to inhibitors targeting other family-members due to increased
dependency on the remaining genes (Figure 4.1A). To validate this hypothesis and to narrow down
our list of potential cancer targets, we decided to take a chemical biology-based approach to look
for evidence that targeting paralog families with a drug has negative effects on cancer cell viability.

Specifically, we wanted to look at drug sensitivity and gene expression data from cancer
cell lines to determine whether we could find cases where loss of a single paralog led to decreased
cell viability upon treatment with a drug targeting other members of that paralog family (Figure

4.1B). In other words, we asked: if two or more paralogs in a gene family are essential together
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(or synthetic lethal) and one of them is lost, does the cell become more dependent on the remaining
family-members? The results of this analysis will shed light on whether paralog synthetic lethal

targeting via small molecules is a viable approach.

Cell viability
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Figure 4.1: Overview of paralog druggability analysis.

A) Illustration of using paralog-targeting drugs to treat cancer cells.
B) Hypothetical results from paralog druggability analysis. Figure created with
BioRender.com.

To answer this question, we leveraged existing datasets to find cancer dependencies. An
overview of our analysis can be found in Figure 4.2. We used the Broad Institute’s Cancer
Dependency Map (DepMap) project, a publicly-available dataset of CRISPR screens, gene
expression, mutation and copy number profiling, and other omics data for over 1,000 cancer cell
lines (Corsello et al., 2017, 2020; Ghandi et al., 2019; Pacini et al., 2021; Tsherniak et al., 2017).
For this analysis, I used the PRISM (Profiling Relative Inhibition Simultaneously in Mixtures)
drug repurposing dataset where 4,518 existing small molecules were screened in 578 cancer cell

lines (Corsello et al., 2017, 2020). In a separate study, gene expression levels from the same 578
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cell lines were profiled using RNA sequencing (RNAseq) (Tsherniak et al., 2017). I used these
data together to address the question: does loss of expression of any individual paralog family-

member confer drug sensitivity to paralog inhibitors?

DepMap drug Cell viability assay Identify cell lines Does loss of paralog
repurposing data (control vs. drug) that are sensitive to expression confer
each drug drug sensitivity?
4,518

\G drugs Aviability = control — drug
A

— —

X
(o) EANR

Drug dose Paralog expression

Cell viability
Cell viability

578 cancer cell lines

Figure 4.2: Overview of PRISM screening approach and paralog druggability analysis.

Figure created with BioRender.com.

4.2  MATERIALS AND METHODS

4.2.1 Code and package versions

All code used in this section can be found in the following GitHub repository:

https://github.com/FredHutch/Paralog_druggability. Software and package versions can be found

in Table 4.1.

Table 4.1: Software and package versions used for paralog druggability analysis.

Name Version Link

R 4.1.0 https://www.r-project.org/

Rstudio 1.4.1717 https://posit.co/download/rstudio-desktop/
Tidyverse 1.3.1 https://tidyverse.tidyverse.org/

ggrepel 0.9.1 https://github.com/slowkow/ggrepel
ggforce 0.3.3 https://ggforce.data-imaginist.com/
ggsignif 0.6.3 https://const-ae.github.io/ggsignif/
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Rcolorbrewer 1.1-3 https://cran.rstudio.com/package=RColorBrewer
ggpubr 0.4.0 https://rpkgs.datanovia.com/ggpubr/
ggprism 1.0.3 https://csdaw.github.io/ggprism/
scales 1.2.0 https://scales.r-lib.org/
ggtext 0.1.1 https://wilkelab.org/ggtext/
DescTools 0.99.44 https://andrisignorell.github.io/DescTools/
. https://www.bioconductor.org/packages/release/bioc/
biomaRt 248.3 html/biomaRt.html
https://bioconductor.org/packages/release/data/experi
depmap 160 ment/html/depmap.html
. https://www.bioconductor.org/packages/release/bioc/
ExperimentHub 2.0.0 html/ExperimentHub.html

4.2.2  Linear regression analysis

For each inhibitor in the PRISM dataset with one or more known gene targets, I compared
the gene expression of each target to the viability of DepMap cell lines when treated with the drug-
of-interest. The RNAseq gene expression levels for each target gene were measured in transcripts
per million (TPM) and log,-transformed with a pseudocount of 1 as described below:

log,(TPM + 1)
Cell viability was quantified as the logz-transformed ratio of cell counts when treated with an
inhibitor of interest versus under DMSO control treatment conditions.

I plotted gene expression values versus cell viability across all cancer cell lines in the
PRISM dataset and fit a linear model using the <1m()> function in R. For each drug-gene
comparison, I extracted the linear regression r? and p-value and adjusted p-values for multiple
testing across all comparisons via the Benjamini-Hochberg method (Benjamini & Hochberg, 1995)
using the <p.adjust()> R function with the <method="BH"> argument specified. Additionally, I

extracted the slope of the fit line for each linear model to determine whether inhibitor treatment
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was associated with increased or decreased cell viability across the range of target gene expression

seen in PRISM cell lines.

4.2.3  Robustly scaled outlier analysis

I robustly scaled the DepMap gene expression data, quantified as log>(TPM), using the
<RobScale()> R function with arguments <center="TRUE"> and <scale="TRUE">. I grouped
the cell lines based on the following criteria: the “low” expression group had a scaled log2(TPM)
< —1.5, the “high” expression group had a scaled logo(TPM) > 1.5, and the “neither” group
contained cell lines with all other log>(TPM) values. In other words, the “neither” group contained
cell lines with relatively normal expression of the paralog of interest. The z-scaled log(TPM)
cutoff of 1.5 represents 1.5 times the interquartile range of gene expression for the paralog of
interest across all DepMap cell lines.

To determine which paralog-targeting drugs had a significant effect on the viability of cell
lines with low expression of each paralog family-member, I used a Wilcoxon rank-sum test
(WRST, also known as a Mann-Whitney U test) to compare the median viability of the low versus
normal expression groups. I then adjusted the resulting p-values for multiple testing using the

Benjamini-Hochberg method as described previously (Section 4.2.2).

4.2.4  Filtering for druggable, synthetic lethal paralogs

To improve our statistical power to find significant paralog vulnerabilities, I limited my
search space to a set of gene families that were predicted to be synthetic lethal via a recent
computational modeling approach (De Kegel et al., 2021). I filtered for paralogs in the top 5%
percentile of predicted synthetic lethal gene families or above. I also filtered the PRISM drug

sensitivity dataset to extract cell line viability data for drugs targeting one or more members of our
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paralog families of interest. I then combined my filtered drug sensitivity dataset with DepMap
gene expression and copy number information for each gene of interest (see script

<make_drug_dfs.Rmd>). The final RDS-formatted data file is located at the following path:

01_Research/01_Projects/01_Paralog_pgRNA/01_Data/Paralog_SL_meta_analysis/02_
output_files/d.DeKegel_top5_pairs_drug_sens_expr_annot

4.3  RESULTS

We took a two-pronged approach to look for paralog dependencies using the DepMap
datasets. First, I executed a discovery-based analysis using linear regression modeling. For each
gene of interest, I plotted RNAseq gene expression against cell viability across all cancer cell lines
in the PRISM dataset. I then fit a linear model to these data to determine whether there was a
significant association between decreased gene expression and decreased cell viability upon
treatment with drugs targeting the gene-of-interest. I also examined the RNAseq-based gene
expression levels of each gene-of-interest to determine whether there was a meaningful difference
in expression between cell lines with “low” gene expression versus “normal” gene expression. Past
research suggests that a bimodal gene expression pattern can be useful as a biomarker (Ba-Alawi
et al., 2022; Huang et al., 2020). The ability to clearly distinguish between “low” and “normal”
expression is thus important for downstream clinical applications of our analysis (see Figure 4.7).

For paralog pair/drug combinations that emerged as hits from the linear regression analysis,
and for which there seemed to be a meaningful difference in expression levels across cancer cell
lines, I confirmed the feasibility of targeting these paralogs using an outlier-based analysis. To do
this, I robustly scaled gene expression across PRISM cancer cell lines and grouped cell lines by
target gene expression using a cutoff of 1.5X the interquartile range (IQR). I then compared the

median viability of “low” versus “normal” (non-outlier) expression groups via WRST. For both
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the linear regression- and the outlier-based analyses, I used the Benjamini-Hochberg method to
adjust the resulting p-values for multiple testing, yielding a false discovery rate (FDR) value. The
FDR represents the proportion of hits that are false positives — thus, FDR < 0.05 means that 5%
of hits below this cutoff are actually false positives, FDR < 0.1 means that 10% of hits below this

cutoff are false positives, and so on.

4.3.1  Analysis of a known drug target supports the efficacy our approach

To determine what a “strong” drug dependency would look like, I first carried out the linear
regression and outlier analyses using all genes in the PRISM dataset versus inhibitors targeting
those genes. I then focused the EGFR gene as proof-of-concept. This analysis provides a baseline
expectation for both the range of expression of a known targetable cancer gene, and for the viability
effects resulting from treating cancer cells with EGFR inhibitors. Since driver mutations in EGFR
are activating mutations, we hypothesized that cell lines with higher EGFR expression would show
lower viability when treated with an EGFR inhibitor (Figure 4.3A). Indeed, the data supported
our hypothesis: cell lines with higher expression of EGFR tended to show decreased viability when
treated with EGFR inhibitors such as PD-168393 (r> = 0.87 and FDR = 3.98¢-10, Figure 4.3B).

I then applied the outlier-based approach to confirm the findings of our linear regression
analysis. This analysis showed that cell lines in the “low” EGFR expression outlier group had
significantly higher viability when treated with EGFR inhibitor PD-168393 relative to cell lines
with “normal” EGFR expression (WRST p-value = 5.6e—06). As expected, cell lines in the “high”
EGFR expression outlier group showed significantly lower viability when treated with PD-168393
relative to cell lines in the “normal” EGFR expression group (WRST p-value = 1.4e-03).

These findings validated our hypothesis that as EGFR gene expression increases, the

viability of cells treated with EGFR inhibitors decreases. This result also confirmed that our
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analysis method was able to identify known cancer dependencies upon treatment with targeted

inhibitors. I thus proceeded to look for paralog dependencies using the same PRISM dataset and

analysis approach.
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Figure 4.3: Validating PRISM analysis strategy by comparing EGFR expression to cell

viability after EGFR inhibitor treatment.

A) Illustration of expected dependency results for EGFR. Figure panel created with

BioRender.com.
B) Scatterplot and linear regression analysis of EGFR expression versus cell viability after
treatment with EGFR inhibitor PD-168393. Gene expression is measured as log2(TPM)
and cell is measured as the logx(fold-change) of cell viability in the EGFRi-treated vs.

control (DMSO-treated) groups.
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C) Outlier-based analysis results used to validate findings from panel B. Left panel,
scatterplot of EGFR expression groups versus cell viability. The median cell viability
of each gene expression group was compared using a WRST. Right panel, scatterplot
of the distribution of EGFR gene expression across PRISM cell lines. Cell viability and
gene expression were measured as in panel B.

4.3.2  Discovery-focused analysis of predicted synthetic lethal gene families

A total of 367 paralog pairs were included in my analysis after filtering for both the top 5%
predicted synthetic lethal gene families and for paralogous drug targets included in the PRISM
dataset. I applied the linear regression-based analysis approach to look for cases where cell lines
with low expression of either gene in the pairs showed increased sensitivity to drugs targeting
either or both members of that paralog family. I found 68 significant hits (r* < 0 and FDR < 0.05,
see Table 4.2). In 29 cases, the expression of gene Al affected drug sensitivity and in 39 cases,
the expression of gene A2 affected drug sensitivity. Note that “A1” and “A2” are general terms
that indicate the (arbitrary) position of each gene in a given paralog pair. Thus, for a gene pair
labeled MAP2K1 MAP2K2, Al refers to MAP2K1 and A2 refers to MAP2K2.

Table 4.2: Summary of hits from paralog linear regression analysis.

Tvpe of Number of | Number of
yp Paralog | hits at FDR | hits at FDR Dataframe name

dependency <0.05 <01

Sensitivity Al 29 48 d.DeKegel_top5_pairs_drug_
(Im slope > 0) sens_Al_expr_Tm_pos_slope

Sensitivity A2 39 67 d.DeKegel_top5_pairs_drug_
(Im slope > 0) sens_A2_expr_Im_pos_slope

Resistance d.DeKegel_top5_pairs_drug_
(Im slope < 0) Al 113 203 sens_Al_expr_Im_neg_slope

Resistance A2 35 61 d.DeKegel_top5_pairs_drug_
(Im slope < 0) sens_A2_expr_Im_neg_slope

Hits from the linear regression analysis reveal paralog-targeted inhibitors that are
associated with decreased viability of cancer cell lines with low expression of a gene family-

member. The top hit, GSK2110183 and AKT1/AKT3, shows that cell lines with lower expression
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of AKT3 (A2) are significantly more sensitive to the AKT inhibitor GSK2110183 (r* = 0.098 and

FDR =4.81e-11, Figure 4.4A). The top hit from the analysis of “A1” paralogs demonstrates that
cell lines with lower ATPIAI (Al) expression are more sensitive to the ATPase inhibitor k-
strophanthidin (r? = 0.059 and FDR = 3.46e-06, Figure 4.4B). Other hits from the linear regression
analysis include: three other AKT inhibitors and the AKTI/AKT2/AKT3 family, bosutinib and
MAP2K1/MAP2K?2, saracatinib and ABLI/ABLZ2, bosutinib and CDK2/CDK5, BVT-948 and
PTPNI11/PTPN6, NU6027 and CDK1/CDK?2, and romidepsin and HDAC4/HDACS. Results for a
subset of these top drug/paralog pair combinations are visualized in Error! Reference source not

found..
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Figure 4.4: Top hits from paralog linear regression analysis.

A) Scatterplot and linear regression analysis of AK73 expression versus cell viability after
treatment with AKT inhibitor GSK2110183. Gene expression is measured as
log2(TPM) and cell is measured as the logx(fold-change) of cell viability in the
inhibitor-treated vs. control (DMSO-treated) groups.

B) Box-and-whisker plots of gene expression for AKT/ (referred to as Al) and AKT3
(referred to as A2) across the PRISM cancer cell lines. Gene expression is measured as

log2(TPM)

C) Asin (A), but for APT1A41 (A1) expression and k-strophanthidin, an ATPase inhibitor.

D) As in (B), but for ATP1A] (A1) and ATP1A2 (A2).
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Tab-delimited and R Data Serialization-formatted files containing the full results of this
analysis can be found at the following path on the Berger Lab Researcher drive (file names can be

found in Table 4.2):

pparrish/01_Research/01_Projects/01_Paralog_pgRNA/01_Data/Paralog_SL_meta_ana
Tysis/02_output_files/

The above folder also contains plots for the top 50 hits from the linear regression analyses:
2022-02-02_DeKegel_top5_pairs_drug_sens_Al_expr_lm_pos_slope_fdr_L0.1all.pdf
2022-02-02_DeKegel_top5_pairs_drug_sens_A2_expr_lm_pos_slope_fdr_L0.1_top50.

pdf

433 Outlier analysis confirms efficacy of using AKT inhibitors to target the synthetic lethal
AKT gene family

Though many interesting hits came out of our linear regression analysis, we chose to focus
our follow-up efforts on the AKT1/AKT2/AKT3 gene family. We selected this family first because
multiple AKT inhibitors showed strong effects on cell viability (Table 4.3), suggesting that this
was a true effect rather than a false positive. Second, AKT3 shows both a relatively broad range of
expression (0-6 logoTPM) and a bimodal expression pattern in which a relatively distinct group of
cell lines had AKT3 expression levels of approximately 0 log:TPM (Figure 4.4A). Many other
paralogs whose expression levels affect drug sensitivity show a narrower range of expression
across cell lines (e.g. the limited IQR seen for CDK/ in Figure 4.8D, Gene A2), or they were
expressed constitutively across all cell lines in the PRISM dataset (e.g. the relatively high
expression levels seen for ATP1A43 in Figure 4.8F, Gene Al). Given work from other groups
suggesting that bimodal gene expression may be a biomarker for drug sensitivity (Ba-Alawi et al.,
2022; Huang et al., 2020), we thus chose to focus on the AK73-driven synthetic lethal response to

AKT inhibitors.
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I applied the outlier-based approach to group cell lines based on their robustly-scaled gene
expression values (outliers were considered to be +1.5X the IQR). This approach validated the
effects seen for the AKTI/AKT2/AKT3 gene family and AKT inhibitors GSK2110183 and
AZD5363 (Figure 4.9). The top hits from this analysis included multiple cases where low
expression of members of the AKT1/AKT2/AKT3 gene family resulted in increased sensitivity to
AKT inhibitors (Figure 4.8). The strongest effects were seen for cell lines with low AK73

expression when treated with AKT inhibitors GSK2110183 and AZD5363 (Figure 4.5)

GSK2110183 AZD5363

FDR = 3.75e-09 FDR = 3.54e-05
2
E
0
>
o)
O

—

NI
8
<

AKT3 expression group

Figure 4.5: Outlier-based analysis supports synthetic lethal targeting of cell lines with
AKT3 loss using AKT inhibitors.

We determined that AKT3 expression drives this phenotype, because AKT/ and AKT?2 are
constitutively expressed across the DepMap cell lines, with most cell lines showing expression
levels of between 5-7 logo(TPM) for both genes. On the other hand, AKT3 expression varies more
widely across the cell lines, ranging between approximately 0-6 log2(TPM) (Figure 4.8A-D, right-
hand panels). Thus AKT3 expression could serve as a possible biomarker for stratifying patients

who might respond to synthetic lethal targeting of the AKT gene family.
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To rule out the possibility that this effect could be driven by AKT3 copy number or

mutations in the PI3K/AKT pathway, I analyzed results from copy number profiling and whole-
exome sequencing of the DepMap cell lines (Ghandi et al., 2019; Pacini et al., 2021). The copy
number analysis confirmed that there was no correlation between low 4K73 RNA expression and
low AKT3 copy number—indeed, cell lines in the “low” outlier group showed a range of values
for logz(copy number). This suggests that decreased AK73 expression levels are not caused by
recurrent deletions of AK73 across a subset of cancer cell lines (Figure 4.10).

Another explanation for our results could be the presence of recurrent mutations in the
PI3K/AKT pathway that influence downstream AK73 expression. Thus, I analyzed mutation
calling results from whole exome sequencing data from the PRISM cancer cell lines. Mutation
calling results were grouped into predicted deleterious mutations (Figure 4.11) and cancer hotspot
mutations seen in The Cancer Genome Atlas (TCGA) data (Figure 4.12). Overall, very few of the
PRISM cell lines had mutations in AKT1, AKT2, or AKT3. I also did not see a strong association
between cell lines with low AK73 expression and the presence of mutations in other PI3K/AKT
pathway genes. A relatively high number of AK73-low cell lines had TCGA hotspot mutations in
PIK3CA, and a Fisher’s exact test showed a statistically significant association between the
presence of TCGA hotspot mutations in PIK3CA in PIK3CA and low AKT3 expression (p =
3.424e—06). However, two-thirds of the AKT3-low cell lines did not have a PIK3CA mutation so
additional data is needed to fully explain AK73 expression loss across cancer cell lines.

A key consideration for translating synthetic lethal therapies to the clinic is whether there
is an easily distinguishable biomarker that can be used to stratify patients that are likely to respond

to synthetic lethal therapy.
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Figure 4.6: AKT3 shows bimodal expression across cell lineages in the PRISM and

DepMap datasets.

I thus analyzed AKT3 expression patterns across cell lineages in the PRISM dataset and saw that
many cell types do show a bimodal expression pattern, with nearly complete AK73 expression loss
in some cell lines and a relatively large dynamic range of expression. Together, these findings

nominate AK73 as a target for further study as a potential synthetic lethal cancer target.

4.4 CONCLUSION

With these data in hand, our major question was: how can we apply our findings about
AKT inhibitor sensitivity to cancer therapy? We propose an approach where cancer patients could
be stratified based on AKT3 expression. In patients whose cancer showed AKT3 expression loss,
their tumor cells would be more dependent on the expression of the remaining gene family-
members AKT1 and AKT?2. Thus, use of an AKT inhibitor in those patients would hopefully lead

to tumor regression.
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Figure 4.7: Schematic for targeting druggable, synthetic lethal paralogs in cancer.

Figure created with BioRender.com.

The AKT gene family is known to be important for cancer. The PI3K/AKT pathway is key
for survival during cellular stress. Given that tumors have limited access to oxygen and nutrients,
cancer cells are often dependent on this pathway and it therefore plays a key role in the
development of both primary tumors and acquired resistance to chemotherapy or other cancer
drugs. AKT specifically is involved in regulating cell survival and cell cycle progression. There
are a number of AKT inhibitors in Phase I and Phase II clinical trials. This means that with further
study, AKT inhibitors have the potential for use as effective synthetic lethal cancer drugs in tumors

with loss of AKT3 expression.
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All code and results from this analysis are located in the following sub-folder within

Phoebe’s folder in the Berger Lab Researcher drive:

Supplemental Figures and Tables
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Figure 4.8: Selected hits from linear regression-based paralog drug sensitivity analysis.
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A) Left panel, scatterplot of Gene A2 expression versus cell viability in drug treatment for
AKTI/AKT3 and MK-2206. Right panel, Gene Al and Gene A2 expression across
PRISM cell lines for AKT1/AKT3. Cell viability is measured as the log2(fold-change)
in drug versus control (DMSO) treatment. Gene expression is measured as log>(TPM).

B) Asin (A), but for ABL1/ABL?2 and saracatinib.

C) Asin (A), but for PTPN11/PTPN6 and BVT-948.

D) As in (A), but for CDK1/CDK?2 and NU6027.

E) Left panel, scatterplot of Gene A1 expression versus cell viability in drug treatment for
FYN/SRC and vandetanib. Right panel, Gene Al and Gene A2 expression across
PRISM cell lines for FYN/SRC. Cell viability and gene expression are measured as in
(A).

F) Asin (E), but for ATP1A1/ATP1A43 and k-strophanthidin.



Table 4.3: Linear regression summary statistics for AKT inhibitors and the AKT gene

family.
AKT inhibitor Paralog pairs R? FDR
GSK2110183 ‘:IETle—_‘zIIiTTé’ 0098 | 48lc-11
MK-2206 ‘:IETle—_‘zIIiTTé’ 0.087 | 7.45¢-10
GDC-0068 ‘:IETTE:‘:IETT% 0061 | 1.27¢-06
AZD5363 ‘:IETTE:‘:IETT% 0.047 | 4.64c-06
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Figure 4.9: Outlier analysis confirms increased effectiveness of AKT inhibitors
GSK2110183 and AZD5363 in cell lines with low AKT3 expression.
A) Grouped scatterplot of AKT3 (A2) expression versus cell viability in GSK2110183

groups.
B) Asin (A), but for AZD5363.

relative to control (DMSO) treatment for the AKT1/AKT3 paralog pair. Overlaid box-
and-whisker plots indicate group median, IQR, and outliers. WRST with Benjamini-
Hochberg FDR correction was used to compare the median of low versus normal

C) Grouped scatterplot of AKT1 and AKT3 expression across PRISM cell lines. Gene
expression is measured as loga(TPM). Colors indicate the expression outlier group of
each cell line: blue is low, gray is normal, red is high.
D) Asin (A), but for AKT2/AKT3.
E) Asin (B), but for AKT2/AKT3.
F) Asin (C), but for AKT2 and AKT3.



1.54 °® ° 2 L] .. °
E °® . N e . .o 8] .
8 J? oo. o ; : o0 .'ﬁo ° . o .0
N A o * %00 o 20 * e
D 12] o, % Tees .’-."?}':.' .
= y: e 3 5% a0,
(99 (. J
= g
X ' ’
< . R
091 84 o . Pl A ° e
o.o 1 0 : .o e .:z‘ °
061 ° Cle "
0 2 4 6

AKT3 log,(TPM)

104

AKT3 expression
outlier group

® Jow
® neither

® high

Figure 4.10: Analysis of AKT3 expression versus copy number across DepMap cancer

cell lines shows no association between loss of AKT3 expression and decreased AKT3

copy number.



AKT1 AKT2 AKT3 BAD
8 8 8 8
ns ns ns ns
64 b 6 % | 64 X 6 (2
L]
44 = -, 44 4
21 e 24 24 2
.
04 04 04 0 o
TRUE FALSE TRUE FALSE FALSE TRUE TRUE FALSE
BCL2L1 CASP9 CDKN1A CDKN1B
8 8 8
ns ns ns
64 ~ 64 6
. H
44 44 LA P 4
24 24 %o 2
. .
0+ - ol ° . 0% °
TRUE FALSE TRUE FALSE TRUE FALSE
FOXO1 FOX03 FOX04
8 ns 8 8 3.76e-02
64 64 6
44 . 44 4
24 24 2 .
Ll
04 04 0 o ee
TRUE FALSE TRUE FALSE TRUE FALSE
GSK3B HSP90AAT KPNA1
8 8 8
ns ns ns
6 64 - 6
44 44 4
24 24 24 . 2
L]
0 ®* o 04 04 e 0
TRUE FALSE TRUE FALSE TRUE FALSE
MAP3K5 MLST8 MTOR
8 8 8 8
ns ns ns
64 64 64 - 6 L2
.
44 B 44 44 )
L]
- - - L]
c? s 2 2 2
S04 - 04 - 04 o © 01 _*°8e®
gl TRUE FALSE TRUE FALSE TRUE FALSE TRUE FALSE
o PDPK1 PIK3CA PIK3CB PIK3CD
Es 8 8 8
N4 ns ns 1.19e-03 ns
<64 e 64 3 6+ 6 Py
° .
44 44 44 4,
24 24 24 2
. . e
04 ® 04 ¢ 04 S e 0 L)
TRUE FALSE TRUE FALSE TRUE FALSE TRUE FALSE
PIK3CG PRKACA PRKDC RAF1
8 8 8 8
ns 3.27e-02 ns ns
6- g 6- 6- 2 6 0 @0®
44 °® 4 “ 44 . 4
24 . 24 24 3 2
. 14 o4
01 o° 0- ced® 0- ° 8 %o o{ ® .
TRUE FALSE TRUE FALSE TRUE FALSE TRUE FALSE
RICTOR SFN sLC2A4 SRC
8 8 8
ns ns
64 64 . o2 |6
44 44 o C 4
L
24 21 . 2
04 04 - ol
TRUE FALSE TRUE FALSE
YWHAE YWHAG
8 8 8
ns ns
61 64 *s |6 v e
44 44 4
24 24 2
04 0 e 0
TRUE FALSE FALSE TRUE TRUE FALSE FALSE TRUE
YWHAH YWHAZ
8 8 8
ns
64 64 64 >
44 44 44 .
24 24 24
.
04 04 04
TRUE FALSE TRUE FALSE TRUE FALSE

Figure 4.11: The presence of deleterious mutations in PI3K/AKT pathway genes is not

strongly associated with AKT3 gene expression loss (by Fisher’s exact test).
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Figure 4.12: The presence of TCGA hotspot mutations in PI3K/AKT pathway genes is

not strongly associated with AKT3 gene expression loss (by Fisher’s exact test).
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Chapter 5. DISCUSSION

5.1  CONCLUSIONS

Altogether, my dissertation research has greatly expanded the set of genes that can be
targeted to specifically kill tumor cells without affecting healthy cells. By developing and
implementing the pgPEN method, I uncovered over 100 novel, potentially targetable synthetic
lethal interactions in human lung and cervical cancer cells. My approach has been cited and
adopted by researchers around the world. By comparing my data to other recent paralog synthetic
lethal screens, I confirmed that over 75% (n = 96) of pgPEN hits are predicted to be broadly
synthetic lethal and nearly 10% (n = 10) of pairs were synthetic lethal in multiple paralog screens.
This suggests that many pgPEN hits likely represent penetrant synthetic lethal interactions that
could be targeted across tissue types and environmental contexts.

I also applied the skills I gained in my Data Science degree option to facilitate the discovery
of synthetic lethal targets for other cancer types. I developed a user-friendly, open-source software
package that other researchers can use to map sequencing data from dual-targeting CRISPR screen
data. Additionally, I developed a computational analysis approach and applied it to a large-scale
data set of drug screening in cancer cell lines. Results from this analysis nominated additional
druggable, synthetic lethal paralogs for follow-up study and lend support the use of drugs to target
synthetic lethal paralogs in cancer cells.

The pgPEN library was initially the largest human paralog dual-targeting CRISPR library
ever developed. Since then, other groups have developed approaches to identify synthetic lethal
cancer targets, demonstrating the promise of targeting paralogs for cancer therapy. The synthetic

lethal therapeutic targets that I and others have identified can be further tested and ultimately
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translated to the clinic, with the goal of improving quality-of-life for cancer patients and ultimately

curing a broad spectrum of cancers.

5.2  BROADER IMPLICATIONS

Paralog synthetic lethal therapies hold great promise for treating cancer, but we must also
consider the broader clinical context when pursuing any new cancer therapeutic approach. The
main goal of solving therapeutic challenges in cancer drug discovery is to make better therapies
that are more effective at treating disease and less toxic for patients. The identification of paralog
synthetic lethal targets is part of a much wider toolkit of cancer therapeutics that are applied in the
clinic. Though synthetic lethal paralogs could potentially be targeted as a first-line therapeutic
approach, they could also be targeted in combination with chemotherapy, radiation, oncogene-
targeted therapy, or immunotherapy to treat primary tumors, metastatic lesions, and tumors that
have acquired resistance to other therapies.

I would like to highlight two key considerations regarding the clinical implications of
paralog-targeted synthetic lethal therapies. First, context dependency must be considered when
pursuing synthetic lethal targets. Hits from in vitro human gene essentiality screens can fail to
validate in vivo, and synthetic lethal interactions may suffer from this to an even larger degree
given that they are more likely than single essential genes to be context-dependent. Potential
paralog targets should therefore be validated in organoid and animal models. Second, the
therapeutic window for targeting duplicated genes is also an important consideration requiring
further study and careful experimental analysis.

With these considerations in mind, there are many exciting new technologies for genome

editing that can be used to expand the range of targetable alterations in cancer. For instance, though
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most of this work focused on the use of CRISPR knockout screens for drug target discovery, many
exciting new genome editing approaches are currently being developed to functionally profile
mutations such as SNVs and small, in-frame indels. These CRISPR-based approaches include
saturation genome editing via homology-directed repair, as well as the use of base editors and
prime editors to engineer precise genomic edits in a pooled fashion.

Additionally, though my dissertation work focused mainly on identifying genes that can be
targeted by small molecules that are either currently approved or in development for cancer
treatment, the definition of “druggability” in cancer is expanding beyond small molecule
therapeutics. Chemical biologists have developed exciting new tools such as proteolysis-targeting
chimeras (PROTACS) that can be used to degrade target proteins rather than simply inhibiting their
function. Moreover, CRISPR gene therapies are in clinical development for ex vivo use in treating
blood disorders. If these therapies are successful, this could pave the way for the use of CRISPR
to treat cancer as well as other diseases.

Lastly, I would like to highlight the fact that the genome editing and genetic interaction
mapping approaches I developed have built on decades of work by researchers studying basic
science in model organisms. Though scientific research is often divided into “basic” and “clinical”
realms, none of the biomedical research we do would be possible without foundational research in
the basic sciences. Basic molecular biology research in bacteria led to the development of CRISPR
for genome editing, and yeast genetics research laid the groundwork for the development of
paralog synthetic lethal therapies. I have been lucky to complete my dissertation research at
institutions that value both approaches. I hope researchers of all backgrounds across many
scientific disciplines can continue to learn from each other to advance scientific research and

improve human health.
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