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ABSTRACT

(1) Triple-negative breast cancer (TNBC) is a severe clinical challenge in need of new
therapiesbut raditional drug development pipelines aredomeuming andxpensiveMore
wholistic methods are needed to efficiently evahudtiple drug targets in the context of
TNBC. Drugresponse modedsm to translate vitralrug responsmeaurementso in vivo
drug efficacy predictions. While commonly used in retrospective anglysabywaso
investigate the use of dmegponse modelimgethods for the generation of novel drug
discovery hypothesmsTNBC. (2)First, | review the current state of paancer cell line
screening datasets as these screening datasets are necessary for building drug response model
(3)Using one of these sening datasetsyeneratenodels of drug responsehich are then
usedo obtainimputedsensitivity scores for hundreds of drugs in over 1000 breast cancer
patientsAfter examininghe data for relationships between drugs and patient subtypes, |
identfied the Weel inhibitor AZID775andan XPOL1 inhibitor as compoungsedicted to
have preferential activity in TNB®@r AZD-1775, the imputed drug respofisened
significant associations with meaningful ma r
mechanism of actioAZD-1775 also efficiently inhibited the growth of preclinical TNBC
models(4) XPOLlin vitronhibitionalso associatedth the TNBC subtyp&RNA-Seq analysis
implicated two distinct mechanisms for XR@bitionrmediated cell deathith the TNBC
based mechanism beaansistent with theancancegeneset association§b) Overall, tle
work here develosframework to turn any cancer transcriptomic dataset into a dataset for
drug discovergind shows h e f r auilig/ te quicklydgenerate meaningful drug discovery

hypotheses for a cancer population of interest.



CHAPTER 1: Background & Significance
oYesshe thing about (Hoggins,d®9) i s to cure it. o
Near where | sit writinthis documenthangs mold posterfrom CharlesHdugging s

former Bh The poster also starts with this qubte 6 s  eltvisosienpld and/gets at the heart

of translationalesearcht alsoevokeghe periodatime whercures werdiscussedndmaybe

magic bulletarerejustaround the corner for every cancer. It comes from the contesating

hormonedependentancersvhere a new and clear dependency had been dissochréuht

of ol Il owi ng h o rtmeonmestigat@eestcancenvnelbhawayonmmareand mal s 6

(ibid).

In the42yearsinceHuggins published thatigte, herehas beemuch progress in
understanding the complexities of caMderhave invented a great number of therapties in
chasé o 0 theudisea®dBut we have also watcladlidentified resistanceechanismas
tumors evolve from these therap@g&rnthe cancers that weosicehormone dependerior
severatancers, Weaveevenbegumtmovea way f rom t he thedigeas®@ameof 0 c u
havesu ggest ed t he g o albutsomanage cancerptd coriireially aolapto c ur e 6

therapy so thdhe patient survives long enough for sometfgegto come along.

With trying to understand the landscape of caandrsumor evolutigmwehave
generatedhassive amountsofa n eoemmi cos 6 (genomi cs, tdamnscri pt
Patient tumors can be routinely sequetacprbvidea list ofDNA mutationsor a snapshot of
RNA expressiopatternsThere is so muathata, butvith so much data it is easy to get lost in
theforest of cell and molecular biol@gmg not be ableee througko an appropriattherapy.

Triple-negative breast cancer (TNBC)psréect example. There have been copious studies



describing tisi subtype of breast canaadthousandef TNBC tumors have been sequenced

andaudited but this has translated to relatively few therapeutic options for petisrdssease

is,unlike most breast cancersver hormone dependemtdis still waitingdr i t s ocur e.

Still, my research goal is not far off from the sentiment expressed by Huggins in this
guote.The ultimate goal of my research idemtify therapies that could lead to the more
effectivetreatment of TNBCBy directly integratgthe plethora gbatient data witpreclinical
drug response dataimto probe drug relationships in the context of patient molecular
information My hypothesis is thdtug response modeliogn be used to facilitate the

translation of preclinical drdgtaand be used as a novel form of drug discovery

To this end| will begin by reviewinge existing literature on TNBC as well as drug
response modelinghis will provide the necessary context fodissertatiomvork that
reviewdheavailable datess for drug response modeluges drug response modeling to
generate drug repositioning and drug discovery hypotheses in TN&MOsagdelyt validates

these hypothesesthe search farew therapeutic interventions for these patients

TRIPLE-NEGATIVE BREAST CANCER

Breast cancer is the most common cancer among women and accounts for the second
most deaths among women. Breast céwasgoerhaps one of the longest histories of
personalized medicine in that molecular subtypes of breast cancenHawg bstablished.
Patients are stratified irtimrmone Receptor (HRppsitive(estrogen recept{ER) or
progestogen receptor (RRXpressing HER2positive(Human Epidermal Growth Factor
Receptoexpressing otheid dassificationg.hisothercategory is labelled TriNegative

Breast Cancer (TNBC) for lacking expression of any thféeepreviously mentioned

o



oncogenic receptors. Eaglbtype also getsarresponding therapy. ER andiiRitive
tumors get treatedith hormonal therapy, most commas#iective ER modulators or
degraders. HER@ositive patients receive and-biiR2 therapy in the form afkinase
inhibitor (such as lapatinib) or a monoclonal antibody against HER2stezumaphOn the
other had, TNBC cancersre inherently difficult to treat, as unlike the other breast cancer

subtypes, they are defirsadelyby the absence of a distinct molecular target.

TNBC comprises approximately2l®o of all breast cancer cases. This number can
drasticly fluctuate among different populations. In African Ametitag number is estimated
to be closer t@530percentwith some African communitieaving upwards of 46% of all
cases be TNB(Siddharth an8harma, 2018)atinawomen(Serrangsoémez, Fejerman and
Zabaleta, 2018nd younger woméghewman et al., 201&ls0 haversincreased proportion of
TNBC patientsAlthough a smaller segment of the overall breast cancer popLiNBGn,
accounts for disproportionate nung of breast cancer deatidBC hasthelowest Syear
overall survival among the breast cancer sub&gaedless of race ethnicity(Howlader et al.,
2018; DeSantis et al., 20B&yond this, TNBC isnown for its aggressive behasaiod has
been associated with higkean tumor size, higher grade of turabdsagnosis as well as
increased recurrence rate and metaatesgisliagnosis. Metastasis isralse likely to occur in

the lungs and brawmhencompared to ERtliseas€Aysola et al., 2013)

Part of theexplanation for # aggressive behavior is biological and caused/exsa
molecular landscap?53 is the most commonly mutated gene in TB&pccurs atrate
of approxmately70-88% of all TNBC tumors compared to an overall prevalence of only

around 30% imll breast cancer patie(dbubakar et al., 2018)owever, aside from TP53



mutations, onlPIK3CA, PTEN, KMT2C and RBiave been identified as mutated in greater
than 5% of TNBC patients1YC amplification is the most common copy number alteration in
TNBC, andin one study occurred 8% of patient sampl&ther common copy number
alterationgoccurring in 468% of patients) were amplificationmiB2F3, IRS2, CCNEL1,
EGFR, NFIB, CCND1 and MYB ardsses iCHD1, PTEN, RB1, and CDKN2AJiang et

al., 2019; Zhao et al., 2020)

Despite some recent progress, TNBC patients continue to have theyearsiverall
survival among breasincer patients, and most TNBC patients are still treated with cytotoxic
chemotherapidti et al., 2017 here is a clear and present need to identify new and effective

therapies for TNBC to help reduce morbidity and mortalitne s tpatients.

IMPUTING DRUG RESPONSE IN PATIENTS

Traditional drug development pipelines aredconsuming and take years for target
identification, validation, and subsequent design optimization of the lead candidate compounds
(Ashburn and Thor, 2004)/hile these approaches are indispensable for generating new
therapeutic compounds, methods are needed to holistically explore and expand the potential use
of existing drugs to different cancer contexts. The high costs, low success rates, and protracted
development time for establishing new clinigi@ble compounds has generated interest in
expanding the use of (utility extension) and finding new uses for (repurposing/repositioning)
existing drugéPushpakom et al., 2019; Wong, Siah and Lo, ZB&3hallenge that remains is
to identify appropriate contexts for drug repositioning and utility extension. Pathway mapping
and signaturbased approaches are both examples that utilize gene/protein expression patterns
to identify such opportuniti¢durle et al., 2013 vitro screening is another common
approach to test existing drugs for phenotypic changes in cancer (@drseds et al., 2020)
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In the area of precision medicine, these in vitro screening data are used as the inputs in
machine learning models that aim to obtain accurate predictions of patient drug response.
Researchers have develapedy ways to build models depending on the type of input data and
desired algorithm (reviewedAzuaje, 201Y)n the lab of Stephanie Huang,previously
established a general approach to impute/predict drug response in patients that was shown to be
accurate in retrospectamalyses of clinical studiégeleher, Cox and Huag§14) Our
method involves building predictive models between baseline gene expression values in cell lines
and their respective drug efficacy metrics (e.g., EC50 or AUC). In our original publication, this
modeling approach was shown to be equallyaydmtter at predicting patient response as the
gene signatures derived directly from the clinical datasets. This retrospective study and others
(Geeleher et al., 2015; Li et al., 208%3 shown that our methdaolgy is accurate and useful

for identifying meaningful relationships between drug response and patient populations.

Most advancement in drug imputation has focused on improving modeling methods so
thatresearcheisan better str at i-rfeys poo nedsepraat@veRaegenef nrtol ny
to investigate extensions beyond obtaining accurate predictions of patient response. For
examplewepreviously linked patient imputed drug response with genomic features and, in
doing so, recapitulated known and diseavieew biomarkers of drug respdi@eeleher et al.,

2017) Herel propose a novel use case for patient drug modeling: drug repositioning and utility
extensionl hypothesize thatcan flip the traditional paradigm of patient drug response
modeling in order to identify drugs targeted towards a particular patient pophkitisn.

instead of stratifying patients into responderiesponder populatiorisgould begin with the
patient populatiohwould like to respond and test for compounds predicted to target this

patient subset. Overalgontend that drug sensitivilyegiction methods can fill in the often
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missing pharmacological data from clinical patient datasets, providing a virtual drug screen of
patients to hundreds of compounds and allowing for the identification of trends among imputed

drug response, clinicahfieres, and patient subtypes.

OVERVIEW

Drugresponse isomplex There are many pathway dependent factors that may lead to
drugsensitivity or resistance as well as more general multidrug resistance mé&thiadisgs.
Imputation can be quite accurdtas accuracy indicates that the modeling is able to condense
large amounts edbmics and drug sensitivity data into drug respensestics, somethimguch
more interpretable and more easily translated than multidimeonsimcsgtataAdditionally,
the moleculatargefs) of a compound are not always kndwuithe mechanism of actios
not neededor translational models of drug respoiiée models are built with whglenome
flexibility, which allows us to assesspoundsegardless of howell they are annotatedlike

in other more traditional forms of drug discovery hypotpesesation

Drug response models dadirectlylink biological differences ddferences ialrug
sensitivityDrug response modelirigen has the potential to ghly translationalhrough
imputing drug responsgepatientyia drug response modeling, we can transioynelinical
cancer dataset to opemed for drug discoveiQuestionssuch asvhatpatientclinical or
genomideatures associate watlcompa n d 0 s , afndbwbereadilyanswesd Searching
this data fodrug repositioning and drug discomgportunitiexouldlead to the identification
of compounds more tailored to particular patient popuaiaultimately impact patient care.
Whilethis is agreat theoretical potential for drug response modebtiggs needed to
determinavhether mdelingbasedirug discovergypotheses are meaningiiNBC makes an
excellent context for which to studiyg imputatiomsTNBC iswellstuded, biologically
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distinctfrom otherbreast canceandlack effective targeted therapeutibe. significance of
this work is high and twlold: drug repositioning analyses in TN&®Qld lead to the
identification of novel treatmemtisd impacpatient cee for thousands of breast cancer

patients as well asowcasa novel way to perform drug discovery in cancer.

My goal is t@valuatelrug response modeling as a tool for drug discavenyse it in
order to identify and accelerate therapies for TRB8Understanthe strengths, weaknesses,
and biases of tleelHine basedrug response modeljngis important to first reviethe
available datasethich serve to train the mod@hapter 2)Using these datasdtbyuilt
models of drug response and lookeaddonpounds thatouldlead to the more effective
treatment of TNBGn Chapters 3 and 4. Chapteo8eranywork identifying AZB1775, a
Weel kinase inhibitdor TNBC as well as validationbafth thedrug reponse model and the
efficay of AZD-1775to inhibit growth of TNBC celltn Chapter 4, discuss the XPO1
inhibitor KPT-330 and the possible mechanisms of atttadrallows the for the efficient killing
of breast cancer celldethods, results, and dissions aracluded for each individual chapter.
Finally, @apter Serves as a summafyhis worka discussion @dditionalises for the

imputation methodologgnda lookahead abtherfuture directions



CHAPTER 2: Cell Line DatasetsReview andimpact on Drug Response
Modeling

2.1INTRODUCTION

Cancer cell lines (CClisgve been used in phenotypic screens for potential oncology
compounds for decad€XCLs are perfetbolsfor drug scra@ng as they are gdae grow in
multiwellplatesandeasyto assajor phenotypichanges such as viabiityapoptosis
induction Beyond this, CCLs are easy to manipulate genetidtNWA and more recent
advances i@RISPR technology reasllowed us to knockdown or knockout every gene in gene
in the genome i@CLsand measure the effectstiba cells. Advances in liquid handling
systemssuch aacoustic dispensing of extremely small volingsasade screening large
number of CCLs against kugpmpound libraries even eassster, and as a result more

comnon place.

Thehistory of publicly available CCL scremesback several detes to the NGBO
The NCHI60 began in the 1980#h the goalo evaluatendfacilitate the translation of drugs
oncologyAs apublic platformanydrugcouldbe submittedio screeragains60 CCLs (the
CCLs have changed over the years, but most have remasagdefi® date, the NGC60
initiative has screened o¥60,000 compounds with much of that screening data available
publicly.This screen was thestito perform an integrated analysigerfie expression amd
pharmacological sensitpdatain a large panel of cell lif€sheret aJ.2000)The screeand
this analysis is credited for making a number of importantistagedies in cancer

(Shoemaker, 2006)

Since 2010, many other institutes have provided their own phenotypic screening data.

These screens have typically focused on expanding the number of cell lines screened against



each compound and providing genomic and transcriptomic data for betteioimtbaitat

allows for biomarker discover. Examples include the Broad Institutes Cancer Cell Line
Encyclopedia (CCLE), which has been subsequently updated into the Cell Therapeutics
Response Portal (CTRP) and the $QSiaGapar | nst it
(GDSC) as part of their Cancer Genome Project. These cell line screens have also provided
genomic and transcriptomic information for a majority of the cell lines screened. This allowed

the original publications to systematically identity mafkerug sensitivity in CCLs (Garnett

et al., 2012) as well as identify mechanism of action for certain drugs by correlation analysis
(Rees et al., 201Beyond compound screening, many efforts have been made to use siRNA

and CRISPR, the most promineunblicly available dataset for these screeltesdAchilles) is

another effort from the Broad Institute.

For my dissertation work, it became necessemyetigate and become familiar with
these resources as they sasvihe training daftar the impuation models. It is only with the
plethora of genomics addug efficacgata provided by these large publicly available screening
datasetthatweare able to build models that utilize the entire transcriptome tuf ceiel
drug response metridgus, it is important to know tHienitations regarding how the screens
were performed as well as potential biases that might exist within this datdtovkihew

potential biases and limitations of the models.

In order tobetter understand these resoyicgsrformeda review of thpublicly
available drug screendagawith Jessic&essler and Alexander Ling of the Huangrlails led
to the review Alex and | €st authorea n t i Mote ¢hdn Fizhing for a Cure: The Promises

and Pitfalls of High Thughput Cancer Cell Line Scrédhsget al.2018)Jessica started this



venture im labrotationwhere shéelped to identifpotential screémg datasets to include.
Alex and | took over the projeghereweidentified additional datasets and summarized the

data. In general, tiemmary of the sShRNA and CRISPR datasets was performed byeAlex

summary of the compound data was performed by me, and the summary of the CCL data was a

joint effort(seethis chapg r niethods fomore detailed breakdowWhile the backbone of
our publicationis similar to this chapter, there are a numisgificanthanges that makeeth
review presented harew andinique | performed and wrote upis update@nalysis

exclusely

This chapter differs from the original review in a number of importanFustysnly
thedata fromcompoundscreens that usell lines from multiple tissue of origpancancer)
are reviewed sintigese screens amore relevant fahe model building done in later chapters.
For specific information on the genomic screens or on-sargler screens (sucl{@aemen
et al.2013; Teichat a].2015; vadeWeteringet al.2015) etc.) or the genomic screens (such
as(Cheunget aJ.2011; Aguirret al.2016)etc.), the reader is referred to that the original
review Additionally, for the purposes of the original remaincluded screemg datdor

historic reasonshich was removetbr this dissertatiofe.g. CTRPv1Jinallyand most

importantlysince the publication of the review in 2018, there has been a significant change and

update to the GDSé@nd PRISMlatasetsChapters 3 and 4 rely particulaon data from the
GDSC and CTRP datasete additional detaileagiven for these datasetthe text and
figuresThe data reviewed in this chapter reflects all of these cmmgeisas some additional
analyseand as such markedlydifferent from the original publicati@ven though most of
the overarching conclusiaesnain similaA summary of all the publlicavailable datasets

reviewedn this dissertatiocan be found ifable21.
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#

Institution Data Set Title Cell # of Tested Citation
. Compouds
Lines
Wellcome Trust GDSC1 987 367 Garnett et al., 2012; lorio et al., 2016
Sanger Institute
and
Massachusetts
General Hospita GDSC2 809 198 Garnett et al., 2012; lorio et al., 2016
NCI60 74 49,278 https://wiki.nci.nih.gov/display/NCIDTPdata/
NCI
NCI- 104 (5,334
ALMANAC 60 combinations) Holpeck etal., 2017
CTRP v2 887 496 Seashorkudlow et al., 2015
Broad Institute
PRISM .
Repurposing 578 4,518 Corsello et al, 2020
GlaxoSmithKline GlaxoSmithKline 310 19 Greshock et al., 2010
Genentech gCsl 429 16 Haverty et al., 2016

Institute for

Molecular FIMM 50 52 Mpindi et al., 2016

Medicine Finlanc
Table 2.1 Available in vitro CCL Screen Datasets.
This table provides summary information for the CCL sdremnsw in thighapterCell line and
compound numbers reflect the latest releases of each(data®ahg anguplicated cell lines
compounds Further details for each stydyxcept GDSC2Zan be found in our published palpiag et
al, 2018

2.2METHODS

Identifying HighThroughput Cancer Cell Line Screens
Using online search engines, PubMedpm@awibus reviews (suchaagSmirnowet al.

2018), wecompiled a listfdCCL screens with publicly available fdatdne reviewfor this
chapter, | have removed screens that are simply older screens that have evolved into newer
screens (e.g. CTRPv1 which has evolved into CTRPV2 or earlier versions of A fiataset).

otherinclusioncriteria were usegreater than 10 compounds screened, greater than 50
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cancecell lines used, and data that was publicly available and easily. &eesHibd2 1 for

the screens included.

Investigatind rends inCell LineData InCancer Cell Line Screens
Alex Ling worked primarily on harmonizing and annotating the cell line information

using Cellosaurdsttps://web.expasy.org/cellos&io8ampléBarrettet al.2012)and
COSMIC(Forbest a].2017)The harmonized data from the original publication is also used
here, though updated with the data from thednew screening datasé&lso updated the
ethnicity analysis usibg integratingnferredgenetic ancestisom (Dutil et a].2019) For
ancestry hie predominardncestryhighest percentageanyancestrgategoryyvas used

European ancestry (North and South) were combimddr to the paper

Weboth contributed to the published analysis of the trends in cell line data including the
proportion of cell lines screened to proportion of cancer incidence and mortality from the
(Siegel, Miller and Jemal, 2@Hkfa, as well as basic distribution regarding the patieneage wh
the cell line was collected, cell line gender, and the cell line efheicitita presented here is
an update on the original analgsien thenclusion criteria from aboaed was solely
performed by meCalculations and graphing were all peribrmB, graphs were made using

the ggpld? R packag@Nickham, 2009)

Annotating and Summarizing Compound Information
Compound names were obtained from the origgfidine screeninmiblicatios or

relevant online data repositorieeen harmonized the compound identifiers to correct for
inconsistentdrmattingandname usag®lsingPubChem's Identifier Exchange Service
(https://pubchem.ncbi.nlm.nih.gov/idexchange/idexchangeladentified synonyms for all

named compounds in the original datasets and to convert these synonyms o IRgChe
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After checking the results manually, some

datasetslo ensureahe matches, | then took ttiet of PubChem IBand matched it back to
compound synonynasd then once agaimatched that lisob PubChem IDsThiscreatedhe
highest degree of overlsych that evecompounds that wehaghly related, for example
irinotecan and its active metabolite38Nwvould then be identified as the saarepound

which was deemed appropriate for our pepdhe results were furtheimecked and curated

as needed to ensure correctri@msinformation on the molecular targets and clinical phase of
the compounds,iié Drug Repurposing HiEorsello et al., 20was used to addformation

for any drug thaised in this datasétor any drugs that werenot
Repurposig Hub,l used thennotated information from tleeiginal publication or the

updated web portals ifa@ltatasets contained simalanotations Thisresulted in a list of drugs
with their original identifiers from each CCL screen, a harmonized idénfielinical phase,
their general mechanism of action, and their specific molecular targets. This information is

provided inour Ling et al 201@ublicatiorasTable S3.

| used R and the msigdbr packd®igDB gene sets R patkalg¢e)o obtaingenes
andpathwaynformationto map compound molecular targets onto pathwatikzed the
Canonical Pathways genggdtcic et al., 2012; Liberzon et all52B8anehisa et al., 2017;
Fabregat et al., 2018jtp://www.biocarta.com/) from th&roadl n s t M8igDB dafabase

(Subramanian et al., 2005a; Liberzon et al.,f@0i® pathway analysis.

2.3RESULTS

Trends and Details f&creene@ancer Cell Line
Cancers are heterogeneanslsoshould the models of cancer. To recapitulate the

diversity seen in cancer, CCL screens need to utilizevarneityeof cancer cétie typesThe
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choiceof which cell lines tmclude in a screen is an important I&-60 for example only

uses 60 cell lineso the number of cancers that can be represented is limitetnkdsions

on the number of models available for eashdiof origin varyo continue on the example of
NCI-60, this datasencludes 9 different tissue types, with tissues being represented by as few as
2 cell lines (prostate) or up to 9 (luRg)state cancer researchers have very few prostate cancer
celllines available compared to o#iarlarlycommon cancers likeng andreast cancer.
Othercharacteristics of the cell line could be important to consider besides just tissue of origin,
but could inalde the age, gender, and ethnicity of the patemtfhich the cell line was

obtainedAll of these are clinically relevant featureshivatid ideally match the characteristics

of patients.

To assedhe diversity in the CCLs screened in thesegrarer datasetgpbtained
annotated cell line data fromtlal datasetisted in Tabl@.1. Among hese dataseigere 1,494
unique cell linesoveringover 200 different disease classification8@tisise of origins.
Thesalisease characterisgpsn from very common cancer types (e.g. luragetoancers
(e.gleiomyosarcompand highly specific subtypesgAcute biphenotypic leukemi&d give
better context to the distribution of these canpesstlycorrelated the cancer tissue of origin
with the Amer i (A8Qestthatednenber Ghoes andeathyddr the year
2021(Siegett al.2021)Interestinglythe number of cancer cells screened fssue of origin
washighly correlated with the estimated incidencdeattl rat¢Figure 2.1A-B, spearman
correlation equal to@@and0.68respectivelylhepancancer drug screemsve it seems,
capturegart of the heterogeneity seen in cancer type distribatiqurioritizing cancers for

which the incidence and death rates are highest
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Figure 2.1 Screened Cell Lines Capture A Degree of Heterogeneity and Clinical RelevaSezn in
Patients.

A-B Correlatiorbetween the estimated number of cancer cases (A) or number of estimated ide2@B4qBthe
indicatectancer typs(obtained fronthe American Cancer Society Siejel et aR023 and the number of unique
cell lines screened fraach cancer typg€) Histogram of age of the patient at the time of CCL colléatiat
unigue CCLYD-E) Proportional bar plots for the relative distribution of cell line sex (D) and ethnicity (E). &
number printed on top is the total number of CCLs with ethnicity information that appear in at least that nui
datasetd-or examplethe first column represetit® ancestry proportions usedll1427 cell ties vith ancestry
information The second column is tkne for the792CCLs that appear two or mordnstitutioral screen®tc. Thi
is to show that European ancestry is overrepresented both ovenalteand in the most commonly used CCLs.
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Cancer heterogeneity doesndt jusal come fr
patient features such as age, sex, and ethnicity. A histogram for the age of the patient from
which a cell line was generated is shown in RigjGrand does roughly correspond with
expected patient ages with the mode centered around 60. Pediatscacarlso fairly
proportionally represented as an additional increase in the bars at less than 10 years of age.
Broken down by cancer type, the two most common cancers types for the under 10 years of age

CCL group are also from brain or leukemic @igin

However, for sefFigure2.1D) and ethnicityFigure21E)t he br e agudeo wn | s n ¢
proportional to expectatior3ex is not always distributed evenly for all cancerfgpes
example, for oral c&y and pharynx tumoes well as the urinary system cancer categueres
do have mincidence rate thatd$5 times highend 2.40 times highthian females
respectively and the CCL breakdown is aligned-¢gmiess) with this breakdowdn the
opposite sidehe CCL geder breakdown for thgenital systems categsrynore a showcase
for how few prostate cancer cell lines are avaitalles unsurprising thatostCCLs in this
category are femakdowever, for two categories thereissomee venness t hat <can
accaunted for in this wayligestive ancespiratorgancersLooking that theancesubcategory
data thesecond largeshbalaneis thatthere are 2.88 times as many male lung cancetoCCLs
female CCL22(6 male CCLs to 75 female QQ@Utsen the ACS data®ws these to be nearly
even in regards to batistimated new cag&49,000:117,000) ashehths9,000:64,000). The
largest subcategambalancésfor liver cancewhich hag.333 times as many male to female
CCLs(22:3) Althoughliver cancerare more common in mghe amount isnly 2.4timesfor
incidence30,000:12,000) andirdesfor death (20,000:000). Since sex differences ediect

the biology of cancer and therefore the response to treqfRumnet al.2020)it is important
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to increase the diversity of these GE€ggeciallif CCLs are going to be used to study the

effect ofsexspecific cancer phemenon and drug sensitivity.

Ethnicity is generally poorly annotatadng the creation @CLs, soefforts have been
made tampute ethnicity for these CQlButil et al.2019)It is readily apparent that most
CCLs are fromwvhite Europeanr Asian desceilfFigure 2.1ENot only this, but if we look at
the CCLs that are most commonly used across the institutions (those that appear in 3 or more
different screening institutiondjhite/European ancestry dominates the G@tis141/171
(82%)or 41/43 (95%pf CCLs beingf European ancestigr CCLs that appear in 4 or 5
institutions respectivelyis certainly true that European ancestry is highlyepressented in
CCLs overatind in particularly in the most commonly used CCLs. Additionally, for the Asian
CCLs,over ®% of Asian CCLareEast Asian, specifically fraapanesarigin Looking at
ethnicity by tissue of origlicancesubcategories, there weredt@l_s representing African
ethnicity. Hispanic and Native Americategoriearenot consistentlgiven inCCL ethnicity
annotationsbut based orthe available datanly one category had a CCL of Hispathnicity

and five categories had a CCL of Native American ethnicity.

CompoundscreengCover aDiverseSet of CanceiRelevaniTargets
Apart from having a diverse set of CCLs that represdrgtdregeneity seen in cancers,

impacting a diverse set of molecular targets is an equally important aspect of C@ll screens.
together there are over 50,000 unique dargss all thecreeningatasetdlowever, this
impressive numbes almost solely due to tNEI-60,which has screened a largeberof

probes ochemicals without annotation déththe other screem®mbined havenly screened

a total 0f2,029 unique drugbo assess thevéirsity of the gene targets of the compounds

included in the 9 screens, | identified the molecular targets of screened compounds using the
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Broad Drug Repurposing Hub (Corsello et al., 2017) and any target data provided by the
screening datasets themselwgas able to matdtinical trial status, mechanism of action, and

gene targehformation forover 2,000 compounds.

Regarding clinicatageof the2,029 compounds with annotated FDA clinical trial
information,843 compounds were already FDA approveé2®dore had been in some
phase of clinical trifffigure2asur pri si ngly, the distribution
changeafter filtering outhe PRISM repurposing screen, whiomost exclusivesgreened
goproved noroncology compoundA.total of1538unique genproductsvere impacted by
the 2,83compoundsvith annotated molecular targétdgenes were targeted by more than
one compoundmeanin®28 genes were only targeted by one drug in any of these datasets. It
should be noted thabmpounds often had more than one molecular,tangjet
123 tompoundsannotated as hitting at least 2 protein tafjgtse 2Bshows the ten most
frequently targeted genes, which were each targeted byatlagse compounds in the
CCL screenkreviewed. Encouragingly, many of these top gene targets are recognizable as
important in cancer. However, when overlaying thégedgefes to known cancer genes (either
those frequently mutated or implicated in cancer), the resulting overlap was less than anticipated.
| queried known cancer genes through two different resources: the Cancer Genome Atlas
(TCGA) and the Cancer Gene Gen&CGC)Futreakt al.2004) Of the 127 most frequently
mutated genes identified by the TCGA, oblyete targeted by these compounds.
Additionally, the Sanger Institute (CGC) has catalogued genegethaehacausally implicated
in cancer. Onlg520f the723CGC genes were targeted by at least one compound screened in
CCLs. Both limitations on the number of compounds screened as well as general limitations

regarding proteiodruggability likely play &le in explaining these proportions. Indeed, of the
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targeted genes in CGC, close to 60% are classified as oncogenes while 15% were classified

tumor suppressor genes.

A) Clinical Stage of Screened Compounds B) Most Targeted Gene Products in CCL Screens
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Figure 2.2 Targets and Clinical stage of compounds in CCL seens.

The compounds used in this figure are from the 9 CCL sliseghsiTable 2. Only compounds that
were able to be annotated withrislevantnformation are shown in each grg@f.Bar chart showing th
clinical stage distribution for the drugs 2029 drugs with annotated info{BrB@m.chart showing the 1
most commonly targeted molecular feature and the number of unique compounds that target this
Molecular target dafrom original database or Broad DRE).Shows the 10 most commonly targeted
pathways n MS iCgnbnd@ Bathway Gene Set (C2a@g9d on the number of unique compound
which target at least one gene target in dfiavpy.
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To further investigate the role these druggable genes played in general cell biology and
cancerpathwaylsy t i | i zed t he Br oad, andirspariculathee s MSi gD
d at a lCanenecd Bathways gendseepresent general cell biology pathwaysle the
most commonly targeted canoni cal bi ol ogy pat
many other biologically significant pathways are also impacted (FEyuired2ed,2 4800f
the 2,871canonical biology pathways are impacted by at least one compound, with a median of
26 unigue drugs impacting a given pathRegarding cancer specific pathways, 592 of the 620
pathways were impacted by at least one compoth@Cancer Modulég4:CM(Segal et al.,

2004) and Oncogenic Signature gene(§#¥Overall, the coverage of the majority of the

general biologyathways and cancelevanpathways along with the proportion of drugs

approved or in clinical trials suggests that CCL screens have, in general, selected a relevant yet
broad array of compounds for screerimthese past two sections, | outlinedtthal

coverage presented in these 9 dathkets.l will discuss the overlap amtmgscreens for

boththe CCLsandthecompoundsgo investigate the similarities among the datasets

Cancer Cell Lines Have Considerable Overlap AmoS8griening Datets
In Figure2.1, it was shown that together the diffesenéening datasets cover a wide

variety of cancer typdsgure2.3 shows the coverage of cancer tigresachndividual cell

line screerGenerallythe screens show similar proportion fathallcancer type covered with

the most prominent deviations occurring the datasets with the feliaesd®ICI and FIMM
screens). NG0 and the NGALMANAC screening datasets comprise only 60 cell lines, which
omitsome more common cancer types sushraemas or pancreatic cancer cell Tihes

FIMM dataset has the fewest cancer types avaitdbtanly5 cancer types available when

accounting for the oOothero category.
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Figure 23 Tissue Representation Across CCL Screens

Cell line tissue typepresentation in each datasetsue type was determined by bioinformatic &
manual curation using Cellosaurus, the BioSample database, COSMIC, or annotations pro
datasets themlwes Individual tissue of origin are shown except for grouping hematopoietic a
l ymphoid tumors as well as combining any

Regarding individual cell linthe datasets often containing a great deskdap
among thenfFigure24A).Some of this is unsurprising gigeme of the datasetre fromthe
same institution. For example, PRISM most highly overlaps with CTRPv2 which are both Broad
Institute Screens and NE&Imanac is of course comprised ofdheent set of 60 CCLs used
in the NCI60. Neverthelesghe overlap is quite highgenerahs can be seenthe heatmap
by the coloring of cells below the diagdiaile the overlap between any two studies is
generally over 50%, only@GLs appean all the datasets (Table 2id¥ interesting to note
thatof these 13 CCLs, 12 of them are of Caucasian background. Most of these CCLs are female,
butthis is expected given the cancer types represeméstigating furtheat the252 CCLs

that appear in at least 3 different institutional screalesand female cell lines are roughly
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equally representddoweverasnotedbeforeand showrnn Figure 2.1EL41 d these CCLs are

of Caucasian background WifE. Asian, 12 Africa,S. Asian, and 1 Native American

CellosaurusID CCL Name Cancer Type Age Gender  Ethnicity
CVCL_0031 MCF7 Breast 69 Female Caucasian
CVCL_0062 MDAMB231 Breast 51 Female Caucasian
CVCL 0419 MDAMB468 Breast 51 Female African
CVCL _0553 T47D Breast 54 Female Caucasian
CVCL_0004 K562 CML 53 Female Caucasian
CvCL_1711 SR786 NHL 11 Male Caucasian
CVCL_0465 NIHOVCAR! Ovary 60 Female Caucasian
CVCL_0532 SKOV3 Ovary 64 Female Caucasian
CVCL_1304 IGROV1 Ovary 47 Female Caucasian
CVCL_1627 OVCAR4 Ovary 42 Female Caucasian
CVCL_1628 OVCAR5 Ovary 67 Female Caucasian
CVCL_1629 OVCARS8 Ovary 64 Female Caucasian
CVCL_0035 PC3 Prostate 62 Male Caucasian

Table 2.2 Most Common CCLs across the Screening Datasets
CCLs werdarmonized using the Cellosawvitk additional annotation provided by COSMIC or
BioSample. The data was then filtbsethe number ofataseta given CCL appears ithe CCLs here
have been screeniadlltheinstitutionakcreeninglatasets

Of the 1494total CCLs across these datas¥8%,arainique to a single stugfigure
24B).This number ipotentially skewed sineeveral of these screens come from the same
institution When grouping the scredysinstitution from Table 2.1, 68i7the 144 cell lines
areunique to a single institutigfigure2 4C) For the 387 CCLsnique to a single study, most
of these come from CTRP as shown in Figéi2, which is no surprise as it is the largest CCL
screenHowever, iis cleathough that theverlapbetween GDSCand GDSC#ikely limitthe

number of unique CCLs in these datagéten grouped hinstitution both the Sanger

(GDSC) or Broad (CTRP and PRSIM) scrbaus the most unique CCLs (FiR4E).
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A) Heatmap of Overlap

NCI_AL
FIMM MANAC NCI60 GSK gCsl PRISM GDSC2 GDSC1 CTRPv2
FIMM 50/50 16/60 16/74 | 26/310 | 38/429 | 23/573 | 43/809 | 46/987 46/1105
ALMANAC 16/50 60/60 60/74 53/310 43/429 37/573 49/809 55/987 50/1105
NCI60 16/50 60/60 74/74 55/310 44/429 39/573 52/809 58/987 54/1105
GSK 26/50 53/60 55/74 | 310/310 | 162/429 | 157/573 | 213/809 | 244/987 244/1105
gCsl 38/50 43/60 44/74 | 162/310 | 429/429 | 271/573 | 331/809 | 365/987 399/1105
PRISM 23/50 37/60 39/74 | 157/310 | 271/429 | 573/573 | 358/809 | 400/987 561/1105
GDSC2 43/50 49/60 52/74 | 213/310 | 331/429 | 358/573 | 809/809 | 808/987 572/1105
GDSC1 46/50 55/60 58/74 | 244/310 | 365/429 | 400/573 | 808/809 | 987/987 656/1105
CTRPv2 46/50 50/60 54/74 | 244/310 | 399/429 | 561/573 | 572/809 | 656/987 | 1105/1105
B) Number of Datasets For Each Unique CCL C) Number of Institutions For Each Unique CCL
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Figure 24. Cell Line Overlap/Frequency Among CCL Screens

(A) Heatmap of cell line overlap between reviewed siliggeseatmap columns and rows are
organized from fewest to most CCLs, so anything below the diagonal anthegbespotional
overlapThe color values above the diagonal are both a size and overlap cofip&)ar plots

showing the distribution for the number of datasets (B) and number of institutions that any gi
line appears.iD-E) Bar plotshowing the mmber of cell lines that are unique to a single dd@se

or institution (E).
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Compound Overlapmong he CCL Screens
In total, there are over 50,000 unique screening agents with publicly available data in

these datasetsiost of which can be attributed to NSDL NCH60 has data for close to 49,300
compounds with almost 49,000 of these agents being unique to-Gtedd@en. However, it
should be noted that the majority of these compounds failed to megQ'§iSireeng

standards by either missing the minimum range requirements, not passing a minimum
consistency among replicates, or by having results for fewer than 35 cell lines. Taking this into
consideration, only ~21,000 compounds are both publicly availableeffd@60 and passed

their standard€omparatively, the other CCL scrdamsiewedesteda combined total of

approximatel,746agents, of which abo2j02%re unique

There is an appreciable amount of overlap among the compounds testhdgn the
screenss shown ifrigure 5Aelow the diagondl should be noted that tliata from the
FIMM and gCSl screens westeased specificalblyexaminghe reproducibility of cell line
screengwvith particularelationship téhe Broad and Sanger 8a®As can be seen in the
heatmapthese screens have the highest overlap with the GDSC and CTRRESkeens.
the other hand was &arlyscreen brought on by GlaxoSmithKline and only screened GSK
moleculessoit isnot unexpected that these 19 mdleeus dondt appear with
in the other screening dataseRLSM, which being a dataset focused on repositioning, actually
has a fair amount of overlap with the other screening datHsetsll,the overlap is not quite
as high athatof the CCLsbut this is unsurprisimggven ther@aremorepotential molecular

compounds than CCLs to choose from.
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A) Heatmap of Compound Overlap

NCI_AL
GSK  FIMM  MANAC  GDscC2 GDSC1  CTRPv2 PRISM
gcsl
GSK | -
FIMM 4/19 23/104
ALMANAC
GDSC2 5/19 35/104 93/343 | 74
Gbsc1 | 15/26| 11/19 | 48/52 | 36/104 | 93/193 | 117/495
CTRPv2 | 13/16 39/52 | 47/104 | 74/193 | 117/343 |
PRISM | 77/104 | 106/193 | 164/343 | 203/495
NCI60 ] 5 | _ | 48/193 | 77/343 [ 109/495 '
B) Compounds By Number of Times Screened C) Compounds By Times Screened (NCI60 Omitted)
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Figure 25 Overlap of Compounds and Frequency Among CCL Screens

(A) Heatmap of ampoundoverlap between reviewed studibs.datasetshgatmap columns and
rows are organized from fewest to mashpounds screenexb anything below the diagonal indi
a trueproportional overlaprhe color values above the diagonal are both a size and overlap cc
(B-C) Bar plot showing thegdribution ofthe compounds by the number of times they were scre
across the datasets. (C) Same as B except the analydisrmasi mempletely omitting N®D. (D)
Number ofcompounds unique to a given screace again with the NCI60 data omitted for
visualization purpos€g) Number of unique compounds screened by every institution.
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However, FigurBB-C shows that there are a number of compoundsahatbeen
included in more than one scregt8 drugs appearanleast 2 screert$oweverif the NClI-
60is removed as an outlier for screening more than 49,000 compountss thenber drops
to 386(Figure 5C)If | take into account the institutiondrpuping the screens as before, the
number of drugs th&iave been screened by different institufsiitlsignoring NCI60) only
281 Surprisingly, 2 compounds were screened by every singlegsdat@sen hereapatinib
and Paclitaxdlooking at thescreens with the most unique compounds, this is clear60ONCI
with over 45,000 unique compounds. For illustrative purposes, t68 Wa&$ omitted for
Figure$D and it is clear that the PRISM afidR@ datasets have the next highest number of
unigue compound¥he NCI has by far screened the most unique compthamds tahe
NCI60 in particulawmyith the Broad Institutbaving the next modata onl,300unique
compoundgFigure 5E). This is not tverlookthe Sanger screesiscethe proportion of
unigue compounds in the GDSC screens is still fairly higto(@p8unds uniquef 443 total
compoundbetween GDSC1 and GDSC®}hile each of the major CCL screens contain
unigue information, enouglverlap existax@ong the dataseis test the consistency of these
screens and indesubdels of drug response derived from this(datadiscussion for section

on Consistency Among Screens

Only a Few Screens Are Appropriate for Model Building
Of the screens reviewed here, tmigehavescreened a large enough number of CCLs

for every compound to enable robust model building: GDSC1, GDSC2, and IGFBP.
screendave anedianCCL/drugof 831, 742, and 9iéspectivelfeach screen has a few
compounds that have only been screenadew hundred cell lineyen down to just 44 CCLs

for one compound in GDSC2. Howewbeg interquartile range for each of these screens are
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similar880926, 72852, 70851 CCLs/compound for GDSC1, GDSC2 and BTR
respectively. In this walge number of CCLs screened percompounde s ndét di fferen

among theser give preference to one for model building.

Thechoice ofdrugconcentratiosused in CCL studies is importadh one handhe
concentratioshaild be relevant fathe amount of drugtamor would sem a patiento
ensure the dosing is biologically relevant. Hovileses,is an opposing and competing need to
fit accuratdéour-parameter dosesponse curveghichis often aided by having a éardose
rangeGDSC in general has a smaller and typically more tailored dose range compared to CTRP
For example, the toxic chemotherapqaditaxel has a maximum tested d6$62.4 nM in
GDSC but is tested up to 66,000 nM in CTR®Alelikely more appropriabe this casel
looked at potential issues this may daysemparinghe reportedeC50 value to the
maximum tested dose range for each of these défapats B). GDSC is highly skewed
toward the righin these graphs indicating that most of the @&3tsd by these compounds
are not responding at the maximum tested concentration. For ex@6iB¥3compounds in
GDSC1l1and61/193compounds in GDSC2 asereeneduch thaB0% or more of the CCLs
screenetiave a reportelC50 value above the maximum tested concenttatmymparison,
only onedrug in CTRPvis screened such that a majority (50%) of the CCLs have a reported

EC50 value higher than the maximumesing concentration.

27
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Figure 26 Dose Range vs EC50 values comparison among GDSC and CTRP screens
Data for these plots came from the most current release at the time of writing (AgA-2021).
Maximum tested dose and EC50 values were obtained for the dataset indicated. Foyteeery
number of cell lines with a reportedsB@alue over the maximum tested dose rang®wdsd an
then divided by the total number of cell lines screened gaigshe proportion of cell linethat
were resistant that therapyThe plots show a histogram of that proportional value for all the

2.4DISCUSSION

There are many obvious benefitsHaving the data from these large CCL compound
screens publicly availablerdsortedearlieythisdata can be helpful identify novel drugs for
the treatment of cancer or a particular indication of cancer adwoetlasikers of response
and even the biological mechanismgdegrowth inhibitionThese resourceanbe usedor
anything frondrug discoveryo simpy check theffectivedose rangef a compound fostudy
designto complex drug response modeling aentification ofgenedrug regulatory networks.
The utility of having screening data available fo60y@0 compounds (2,000 if NCI is not
included)nd drug response informatmmclose to 1500 CCLss o bvi ous and sho
understateddowever, the limitations are more nuanced. In this discussion section, | will focus

on the major limitatiornsf these screejtbe consistency of the data among the screens, as well

as the implications for model lding.
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Limitations of Screens
There are always improvements that can be made to the number and diversity of the

CCLs used in the CCL screengydnerathe CCLgeviewed covered a diverse arraanter

types Many cancer types though are most offgresented by only a few COlMhile some of

this is unavoidable some cases like prostate cancetirthis the direct study of biological
specifigghenomenon andrug interactions in CC(such as studying the AR splice

vari ant 06s spbriseglbe santgoes fdthaethnicityleackground of these cell

lines, which isf increasing importance as mamneerstanding made on the effect ethnicity

has on cancer progression and treatment reqS@ksee et al., 2008; Keenan et al., 2015; Costa
and Gradishar, 201Having a more varied set of CCL ethnicities would make it possible to
determinef differences in ethnic backgrowadisephenotypic changédifferences in drug
response or genocrdatapt the cancer cell line le#len more concerning would be if the

di scoveries found i n t hemientdf@ficars Asiajerothes wo u |
underrepresentdzhckground#s cancer biologstwe ofterthink about how well CCLs

represent patiengs a model of cancgetwe rarely think about cell line sex and ethnic
backgroundStill populatiorspecific genetic variation contributes to health disparities in cancer

cancerisk and outcomeandso thee factorshould be considered more closetyur models

Molecularlyincreasing the number and diversity of CCLs used asalbe highly
beneficial to the identification of biomarkers relevant to targeted th&egeted therapies
target particar vulnerabilities in cancer and as such are expected to only work for the subset of
cell lines with thatulnerabilitylndeed, previous reports have suggested that up to 85% of the

cell lines tested in some screens are insensitive to the majoréy cbrapbundéBouhaddou
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et al., 2016placing serious limits on the power to identify biomarkers associated with response

to those treatments.

Fortunatelynewefforts have begun to geneiategitracancer models which capture this
diversityWilliams and McDermott, 201¥he Cancer Cell Line Factory at the Broad Institute
aims 0 generate more than 10,000 CCLsefsgarclise(Boehm and Golub, 201%he
Human Cancer Model Irdtive(HCMI) is anotheeffort to increase the number of CCLs
available. The HCMI iscallaboration between the NCI, Cancer Research UK, the Sanger
Institute, and the foundation Hubrecht Organoid Technology, which aims to create as many as
1000 new in vib cancer models with detailed clinical information, carefully controlled culture
condition, and modern culture techniques such as conditionally reprogrammed cells and
organoids (https://ocg.cancer.gov/programs/HCNBBcondnew types of model systems
hawe recently become available that may increase the biological matelvdiveesitpf large
screening datasPatiernderived tumor xenograft8DX) have also been explored as a means
of expanding the genetic diversity ofghirecal drug scree(Gao et al., 201L5imilarly the
establishment of organoid models @amgydnoids based on PDX (also calle@§bave been
shown to model be promising models of in vivo resggbiusang et al., 202®opefully, these
efforts will greatly increase the diversity lmdat relevance of available-gmeical cancer

models for future screens.

Consistencxmong Screens
Concerns regarding the consistency of these CCL screen datasets heightened in 2013

when a study reported a large degree of inconsistency betwai@8GrendCancer Cell Line
Encyclopedi@CCLE, whichlater spun off CTRBatasgt (HaibeKains et al., 2013owevey

the statistical methods and approaches employed in this study were subsequently called into
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guestion and multiple follewp studies that reanalyzed the results concluded that both the
pharmacological and genomic data are largely consistent and réplmtwebn these

datasetéThe Cancer Cell Line Ertypedia Consortium and The Genomics of Drug

Sensitivity in Cancer Consortium, 2015; Bouhaddou et al., 2016; Geeleher et al., 2016; Haverty et

al., 2016; Mpindi et al., 2016; Pozdeyev et al., 2016)

Beyond reanalyzing the data, these falfppapersiso proposed potential reasons for
any remaining inconsistencies. Aside from technical considd¢hstengas a consensus that a
major source of variation was due to the abundance of insensitive cell lines for a majority of
compounds tested. That igeof when compounds target specific cancer dependencies, their
phar macol ogi cal metrics are dominated by cel
comparing the IC50 areaunder the drug dosage and respousge (AUC) metrics, the few
sensitive delines appear as outliers while the technical variability (noise) can then dominate the

correlation of these statistics.

Additionally, problems with consistency are compounded when the datasets use different
dose ranges or when IC50s are used for campaxpindi et al., for example, investigated the
effect of dose ranges by harmonizing the data to the same dose range, and found improved
agreement between the datasets when these differences were accounted for. Several studies
called into question thelity of the IC50 metric in comparing such lsiggde datasets for two
major reason@ouhaddou et al., 2016; Havettgle 2016; Pozdeyev et al., 2FBt, it was
noted that extrapolating the IC50 when it lies beyond the maximum dose tested often leads to
increased variability, which would further decrease consistency among the studies. Second,

several studies argued that IC50s do not capture tis&ydivigpharmacological profiles, and
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thus reanalyzed the data using variations on the AUC metric, which better combines
information on the potency (IC/EC50) and efficacy (i.e. maximal activity value or Emax) of the
drug(Bouhaddou et al., 2016; Haverty et al., 2016; Mpindi et al., 2016; Poategev@t

Both harmonizing the dose range and analyzing the data with AUCs instead of IC50 helped to
account for some of the variability expected from insensitive cell lines and thus allowed for a

more accurate assessment of consistency.

Technical vaability exists in all biological experiments, and CCL drug screens are no
exception. A benefit of having overlap among these screens is that it allowsvidrdatss
when identifying novel drugs or cancer/molecular settings for existing drugerHowe
conducting crosgalidation, one needs to keep in mind all potential sources of variability and
take these into consideration when determining if diverging results from one study to another
represents something truly biological. That said, lgltihe aesults from CCLE and GDSC

(along with FIMM and gCSl) have been found to be largely consistent.

Choice ofScreen for Model Building
To build the types of regression modekded for drug response modelogh

transcriptomic and compound efficamtricsare needed he only studies that provide

transcriptomic information have been the NCI, Broad Institute, and Sanger Institute. Strictly
speaking, transcriptomic information from the Cancer Cell Line Encyéldped@aa d 6 s at t e
to categorize CClat the genomic, transcriptomic, and methylomidileeeild be matched

for any of the studies provided here. Howaimee it was shown thate | | l i nes donot
complete overlap among the studiessarad genomic drift in a cell line is possible betiveen

datasets, using matched data is preferred. With this consideration and the need for large
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amounts CCLs screened per drughéstdatasets for model building are the GDSC and CTRP

datasets.

Regarding genomic information between these screens, there are some differences. The
transcriptomic data from CTRP is RISAq based and housed by the CCLE which does
update, with the most recent release of the expression data being in 2019. Unftitunately,
screening data in CTRPv2 itself hasnod6t recei
GDSC the opposite is true. The expression data is microarray based and was last updated in
2015 while GDSC compound screening data had its last majorrup@agewith the creation
of GDSC1 and GDSC2, but has received additional screening data as recently as February 2020
(News Cancerrxge@enomics of Drug Sensitivity il202hpkeis unfortunate that the
transcriptomic data i sndt coandeffeacy datdis,at e x act
though obviously this is wholly impractical for such large datasets. CCLs have been shown to
drift in labs which can lead to differences in gene expression, cell morphology, and proliferation
(BenDavidet al.2018)However, a recent study has also shown that while drift exists across
datasets, in general there is only a small associateenitetal genetic drift and differences
between drug respon&guevedcet al.2020) Since these publications, efforts have been made
to minimize drift in these large CCL screens and the evidence suggests that the major

transcriptomic pathways in a CCL arenodot alte

For model building, there is no evidence for better penh@erof models trained with
microarray compared to RR&eq data, though RN#&eq does have over twice as many

features compared to the microarray data. This may lead to more relevant features being
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included for a model but could also exacerbate problewerfifting if not considered
properly.

The largest difference between these two screens may come from the approach used for
preferredscreening concentration afticacy metridAs seen in Figure 2.5, the screening
concentration can maksw@bstantiahipacton the ability to call sensitive or resistant cell lines.
Anytime the EC50 is over the maximum concentration, some interpolation of the graph needs
to be made in order to estimate the EC50 value. This can be done to some accuracy after the
maximum concentration; however, for many of these drugs, the estind&ed|&E€is much
higher than the maximum screening concentration. Of tli@®61and 61 GDSZdrugs
with 90% CCL resistance, 75 and 60 of those drugs heweragereening concentration over
8 timefarger than the maximum screening concentratiomdfty of these EC50 estimates,
there idikelyno way for them to be accurate and as such the values derived from any attempt to

estimate them is going to be driven simply by noise.

Having even a majority of CCLs resistant to a particu¢pisdexpected for some
compounds, especially targeted therapy that may target a vulnerability present in only a few
CCLs. However, these noisy values are likely detrimental to the modeling process. If the
variability in 90% of the observations are dbyestochastic noise, the modddsild using
our current framework are simply not going to be biologically meaningful. Additionally, the
preferred sensitivity metric is different for each dataset. GDSC typically reports EC50 values
while CTRP reports noatized area under the curve (AUC) values. AUC values are bound
between 0 and land represent the proportional area under the fitted dose response curve. AUC

values are likely better in this situation since any value measured above the dose response curve
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will have a value near or equal to 1. This helps with outliers as well, in the reported EC50 values

in the CTRP data some of the measured EC50 values aré®tmaresdarger than the

maxi mum treated concentrati cshntheWbSCldata, such o0

using AUC values instead helps to ensure that outliers and the fit of a curve are less of an issue.
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CHAPTER 3: Virtual Screening Breast Cancer Patients and The Identification
Of AZD-1775 FoiTNBC

3.1INTRODUCTION

In Chapter 1l outlined the potentialrug response modeling has to be used to identify
potentially effective compounds for specific cancer types of ifteeestis evidence thatd
response models can capture some of the bioltdgy difeas® allow for accurate mhetions
of drug response as well as biomarker identifichktmmever, ihad not yet been determined if
| couldflip the traditional paradigm of patient drug response modeling in order to identify drugs
targeted towards a particular patient populdit.is, instead of stratifying patients into
responder/norresponder populatiorsanl begin with the @tient populatiohwould like to

respond and test for compounds predicted to target this patier? subset

In Chapter 2, | outlined thendscapef drugs and cell line screening datasets that could
be used for drug response modeling. With this information, it becantattbardata from
CTRPwaslargey provided more detailed RNegexpression datandhad a larger screrg
range (i.gotentiallyjess noigdghanthe only comparable dataset, GDSTRP then became
the obvious choider modelbuilding Thedetailed ptient information provided from the
TCGA dataseatadethis 1,008 breast cancer patient dst@abldor impuingdrug sensity.
Even with a prediction accuracy of 75%, that would mean oyEtiésds would have their
drug response predicted acalyatnough that trends between patkmtal features and drug
response should become appaWith over 1,000 patients and the potetdishpute
responséor 496 compounds, this would lead to the potentitidanterrogation of over
496,000 patnt drug response scorEffectivelythis allows us to create a virtual screen of

breast cancer patients asét questiorsuch as whatrugs are predicted to have preferentially
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activity in a particular breast cancer subtywbairbreast cancer mutations are associated with

this drugds predicted activity.

For this studyl, aimed to identify compounds that could lead to the more effective
treatment of TNBCUsing a candidate dras an examplejemonstrate the process of
identifying a lead candidate drug and perform biomarker discovery for the drug of interest.
Then,| validate the method using an independent cell line drug screening dataset atrd use
andin vivexperinents to explore the utility of the candidate drug with existing standard of care
treatmentThese results are presentemvimphases: the discovery phase and the validation
phaseOveralll contend that drug sensitivity prediction methods can fill aftémemissing
pharmacological data from clinical patient datasets, providing a virtual drug screen of patients to
hundreds of compounds and allowing for the identification of trends among imputed drug
response, clinical features, and patient subtypeanalysithat makes up this chapigr
similarlypresented imy paperfacilitating Drug Discovery in Breast Cancer by Virtually Screening

Patients Using in Vitro Drug Responsq Glogelewt al.2021)

3.2MATERIALS AND METHODS

Data Acquisition and Code Availability
The Broad | nst i tRedpangesdortal g2 (CTRBehskhoreadpweti t i C s

al, 2015AUC data were obtained from the Cancer Target Discovery and Development

Net work established by the National Cancer
(https://ocg.cancer.gov/programs/qidiglatadate) The corresponding geeepression values

for these cell l ines were obtained directly
Encyclopedia (CCLE) data po(gdoad Institute Cancer Cell Line Encyclopediso(@g@éHhe

Cancer Genome Atlas (TCG®ancer Genome Atlas Research Netetosk 2013gene
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expression data was downloaded from firebrowse.org and the clinical data (IHC status, PAM50
subtype, etc.) was downloaded using the TCGADbiolinks R f@tapgecaet al.2016) The
Genomics of Drug Sensitivity in Cancer (GOS&nget al.2013data was downloaded the

GDSC websitéDrug Download Ra&gncerrxge@enomics of Drug Sensitivity imGatate)

R Code to reproduce the entire computational analysis is available from the Github
repository athttps://github.com/RFGruener/Grueneetal _202). There, R scripts and
additional documentation allofwsthe download of the CCLE, CTRP, GDSC, and TCGA
data, CTRP/CCLE model generation and imputation in TCGA, statistical analyses to identify

compounds of interest, and biomarker analysis.

Generating Models for Imputing Drug Response and StatisticaisAnalys
The methods for imputing drug response in TCGA patients using the CTRP/CCLE cell

line data are based on those previously des@ieldher, Cox and Huang, 20T4)

summarize the methodology here, TCGA and CCLE expression data were filtered for common
genes between the two dataset and then integsatgdComBaglohnson, Li and Rabirio,

2007) Feature selection was performed by removing 20% of genes with the lowest variation in
gene expression across the samples. After a power transformation of the AUC values, a linear
ridge regression model was fit between the CCLE gene emmedsiorresponding cell line

AUC values from CTRP for every drug independently. Once the models wepeaifithe
homogenized TCGA patient gene expression data into the models to obtain a drug sensitivity

estimate (imputed sensitivity score) for patént to every drug in CTRP.

Criteria for Lead Compound Identifcation and Statistical Analysis
Patients were grouped into clinical or PAM50 subtypes and the imputed sensitivity

scores for each patient were compared usingsadeebWelch Two Sampleest. For the
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proof-of-concept comparisons for drugs effective in the hormone repesptire (HR+)

setting, patients were separated into HR+ and TNBGCtestd tvere performed on the

respective imputed sensitivity scores. For comparisons lookingyfoeffiective in the TNBC

setting, patients were stratified into TNBC andi¢BBC groups andtests were performed

on the respective imputed sensitivity scores. Given the large samnmpel€i@e)(for these t

tests, the number of significant assocst@nd degree of the significance could be quite high

even after multipleest corrections. This enabled us to be stricter in our criteria for compound
of-interest identification. For the HR+ analysis, only the 10% most significant compounds
predicted tde more effective in the HR+ subset were investigated further. For the TNBC
analysis, similar criteria were employed, selecting discoveries based on both a top 10%
significance and a top 10% effect size thresholds. This second criterium was addée because t
effect size values were in general skewed towards TNBC for biologically unspecific reasons, as
mentioned in the discussiontebtspv al ue adj ust ments, and Spear
performed using the base functions in R. Data was grapiethagackage ggplot2

(Wickham, 2009Mechanism of action, target information, and clinical phase were obtained

from a recent revie(linget al.2018)

GeneSet Enrichment Analysis
Geneset enrichment analyéBubramaniaet al.2005bjas performed using the softevar

package GSEA v4.0.2 for Windows downloaded froamgsgab.org. TCGA BRCA RNA

Seq data was used as the expr (isezoneda.20tbpt aset ,
were used for the gene sets database, ttardt paputed sensitivity scores to AZD75 were

used as a continuous phenotype label. Default software parameters were used except Pearson

correlations were used for ranking genes to reflect the use of a continuous phenotype label.
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Obtaining Biomarkergsociations Between Imputed Drug Response and Nonsynonymous
Somatic Mutations and GDSC ANOVA Biomarker Associations

The associations between imputed drug response in TCGA and somatic mutations were

calculated using linear models in R as previously db&ebleheet al.2017) Briefly, gene

mutation information was olmad from firebrowse.org (2016/01/28 release), which were
summarized at a gene level with mutations called if a gene contained a nucleotide change that
woul d affect t he prladneolled fdorscaneentypa whenatheiardlysse q u e |
was appdd to all TCGA or PAM50 subtype for the TCGA BRCA cohort when specified in the

text by including cancer type/subtype as a covariate (encoded as a factor) in the linear models.

ANOVA associations between drug response and TP53 for all 185 drugs in the GDSC2
dataset was downloaded directly from the GDSC data(Parteér feature: TP53 mut
Cancerrxgef@enomics of Drug Sensitivity imGatatej Thep-values were FDR corrected for

the 185 associations tested.

In Vitro Cell Line Experiments
BT549, HS578T, and MBMB-231 cell lines (ATCC) were maintained in RPMI

(ThermoFisher Scientific, Waltham, USA), DMEM, and DMEM (GE Healthcare Life Sciences
Hyclone, Logan, USA) media respectively. All media was supplementgginathibe and

10% FBS (ThermoFisher Scientific, Gibco, Waltham, USA). For viability assay, cells were
seeded at 5000 cells/well inv@8l plates. After 24 hours, the media wasved and replaced

with media containing AZD775 at various concentrations between 0 and 3.2 uM, DMSO was
used as vehicle and given in control wells. Growth was monitored every 4 hours to ensure
control wells reached but did not exceed 95% confluerereapyftoximately 72 hours of

treatment for each cell line, Cell Titer Glo® (Promega, Madison, USA) viability assay was
performed as suggested by manufacturer. Luminescence values were obtained from VICTOR
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Multilabel plate reader (PerkinElmer, Waltham, ax@A)ormalized to control well before

plotting. Graphing and IC50 determinations were done using Prism 8 software (GraphPad, San

Diego, USA).

Xenograft Experiments
All mouse studies were performed under the approved Institutional Animal Care & Use

Commitee (IACUC) protocol number 72037. C.B17 SCID mice were purchased from Taconic
Biosciences. At 8 weeks of age, 3MIMA-MB-231 cells in PBS and Matrig€Corning,

Corning, USA) were injected into the mammary fat pads of the mice. When average tumor si
reached 150 nfymice were randomized into 4 treatment groups including vehicle and
combination.AZB1 775 was received from AstraZeneca
prepared in 0.5% methylcellulose solution, and delivered via oral gavage atorbthegfikgt

three days of the week for 4 consecutive weeks. Doses and schedul& 6f5AxEre

suggested by AstraZeneca in order to best mirror use in patients. Paclitaxel from Teva
Pharmaceutical (NDC 17836801) was purchased from the Universitylo¢&fo Pharmacy,

prepared in PBS, and delivered by IP injection at 12 mg/kg on the first day of the week for 4

consecutive weeks. Tumor volume was monitored twice weekly by caliper and measured using

t he f orxhx\WaSurgvalGnalyses are basedten tumors reached a study endpoint
of 2000 mrd Graphing and statistical analyses performed using Prism 8 software (GraphPad,

San Diego, USA).

41

t



3.3RESULTS

Discovery Phase: Imputing Patient Response to Medications Enables the Discovery of
Candidate Drys for TNBC.
CTRP is the largest publicly availesieer cell line screening dataset with 496 unique

compounds screened in 887 cancer cellimes.e d CTRP&6s publicly avai
response data and the corresponding-BBid\gene expression data from C@agetinat al.

2012) for model building as described in the methods. Because each model is generated
independently, the accuracy of these models can vary. Thepetdoened a 2€ld cross

validation, and, of the original 496, only the 427 drug response modelsibiatdnad

significant and positive Spearman correlation between measured and predicted response were
further examined for the rest of this paper (Figiyd then applied these drug response

models to the breast tumor RMN&q data from TCG@ancer Genome Atlas Network, 2012)

to obtain a drug sensitivity estimate for each drug againsttesthljp@ complete file of

imputed drug response is available on the github repository or as supplemeitafyrtgble

associated publication (Gruener et al, 2021)
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Figure 3.1 Distribution of Cross-Validation Results

The spearman rank correlation coefficient was determined for each of the-d3painsg models base
on a 26Fold cross validation. A histogram of theetation coefficients is shown. The red line indicate
model with the minimum spearman correlation that maintained significance. Roughly, every mod
right of this line was included in further analysis.
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In order to discover drugs that are targeted towards TNBC, patients were stratified based
on tumor IHC status for ER, PR and HER2 and patterns of imputed drug sensitivity in each
subtype were compared. Ax@of-of-concept| first sought out drugs that were predicted to
be targeted towards hormone receptsitive (HR+, i.e., ER+ and/or PR+) breast cancers. By
stratifying patients by their Hisitivity and comparing patient imputed drug sensitivities,
identified 11 compounds predicted to be preferentially effective in HR+ cancer8 Zlrigure
The two most significant results were a BCL2 inhibitor and tamoxifen, the sthoaeadER
antagonist. BGR is overexpressed in 80% of ER+ cancers and inibé&ee already been
investigated for HR+ cancers in clinical tfialk et al.2019) These results were encouraging
and suggested that this approach andkkd identify relevant compowoadisnterest for a

patient population.
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Figure 32. Proof of Concept: Drugs associated with ER+ Bist Cancers
Drug response models were built for 427 CTRP drugs and drug response predictions were made
TCGA breast cancer patiefit.Patients were stratified into HR+ and-lgRups andtests were
performed for every drug between the respdatiputed drug response values. The results for all the
predicted more effective in the HR+ setting are plotted in the strip chart by the FDR adalstB-(.
Boxplots of tamoxifen imputed drug response with patients subtyped by eitheCthwitdellar status
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| employed the same approach to identify compounds effective for TNBC patients.
dichotomized patients into TNBC and receptor positive (ER+, PR+, or HER2+; abbreviated

RPBC) categas and looked for compounds that showed greater predicted efficacy in TNBC
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compared to RPBCs byetst. Figur&.3A shows a volcano plot of theéest results for all 427

drugs investigated. Due to the large samplesize 1095), 251 drugs showedHhar

sensitivity in TNBC when compared to RPBC at a Bonferroni agiiwstad of less than 0.01

(see discussion). Thushose to enforce a stricter threshold and focused on the top 10% of
compounds showing higher predicted efficacy in TNBC baseca@ffbot size and statistical
significance, the results of which can be seen in3Mali note, the most frequently

represented pathway targeted by these compounds was cell cycle related (12 out of 17 drugs of
interests; mechanism of action starredlheBd). This agrees with previous studies that have
identified the cell cycle as a vulnerability in T#B@ng, Park and Kwon, 201Burthermore,

all ten pathways identified by this analysis have been implicated as dysregulated in TNBC.
Several of the candidate compound natad by our approach have already been investigated

in preclinical or clinical settings. References to the preclinical and clinical investigation of these
compounds in TNBC can be found in Tébl®verall, our approach appears consonant with

and in suppa of the more traditional approaches that led to the identification of these drugs

for TNBC in the literature; thus, substantiating the accuracy of our results and the potential of

our computational approach to help speed up the drug selection pipeline.
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Figure 33 AZD-1775 is predicted to be most effective in TCGA tripteegative breast cancer

(TNBC) patients.
(A) Volcano plot of TNBC vs. receptor positive breast cancer (RPBC, {T&NB@nimputedsensitivity-t

test results for all drugs in CTRP. 427 drug response models were applied to the TCGA biRkgt-C:
Seqdataresulting in an imputed sensitivity score for each patieteistAmas then performed for every

compound bet ween ddhesporseimiiNBGanddrdNBC (RPBCYdatients. The p
values were Bonferreadljusted to correct for multiple testing. Highlighted in red are the top 3 most
significant results (AZD7762, leptomycin B, and -AZEb). (B,C) AZEL775 imputed sensitivityTICGA
breast cancer tumors by receptor status (B) and PAM50 subtyping (C). Boxplots summatrize rest
tumor sampl eds i mputlé7dinthe TCEA bdreast darnicgr cohart byrsebtypeo
values indicate the number of patientadh group and-palues shown are adjusted for multiple testin
Lower values on theaxis indicate increased predicted sensitivity. Dataset Abbr: TCGA, The Canc
Genome Atlas; CTRP, Cell Therapeutics Response Portal.
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Total # of

Mechanism of Action # of Drugs Drugs in Drug(s) in Top 10%
in Top 10%
Database
CHK inhibitor * 1 1 AZD7762
exportin antagonist 1 1 leptomycin B
WEEZ1 kinase inhibitor * 1 1 AZD-1775
L dinaciclib, alvocidib, SNB2, PHA793887
* ’ 1 ’ ’
CDK inhibitor 5 6 BRD-K30748066
translathn (_eI_F4F complex’ 5 > CR1-31B, SRI-138A
inhibitor
PLK inhibitor * 3 4 GSK461364, B2536, rigosertib
proteasome inhibitor 1 2 MLN2238
tubulin polymsrlzatlon inhibite 1 4 docetaxel
phosphodiesterase inhibito 1 2 MLO30
kinesinlike spindle protein 1 1 SB743921

inhibitor *

Table 3.1Drug pathways predicted to be effective for TNBC based on the differential imputed
response analysis

Table31 contains the mechanisms of action (MOA) of the compounds that were in the top 10% n
effective for TNBC based on both effect sizemvalue from the imputed sensitivity analysis in the
TCGA breast cancefsee alsigure3.3) The rows are in ordered from most to least significant base
on ttestpvalue of the first drug listed in the drug column. A count column for the total number of drt
with the same M® are also included. Asterisk (*) in Mechanism of Action column indicate drugs tl
target cell cycle/DNA repair pathways.
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Preclinical TNBC
MOA Investigated in TNBC| Clinical Evidence for Drug's Use| Clinical Trial of
Drug (Pubmed ID) Phase in TNBC (Pubmed ID) | Drug in TNBC
Reviewed in 30825473;
AZD7762 25104095, 22446188 Phase 1 25104095
24431073, 28810913,
leptomycin B 30996012 Phase 1
Reviewed in 30825473,
29088738, 30181387, 29088738, 30181387,
AZD1775 29605721 Phase 2 29605721 NCT03012477
NCT01676753,
Dinaciclib Reviewed in 28108739; Phase 3 27486754 NCT01624441
alvocidib 29144137, 27486754, Phase 2
SN032 31704972, 29137393, Phase 1 31704972
PHA793887 28678584, 25485498 Phase 1
BRDK30748066 NA
CR1-31B 18644990, 19628077, NA
SRII-138A 31106142 NA
GSK461364 Phase 1 31751384
BIF2536 Reviewed in 30825473; Phase 2 30996295
rigosertib 31751384, 30996295 Phase 3
30400780, 23948298,
MLN2238 30601533, 25575864 Launched NCT02993094
Reviewed in 26273192; Many (e.g.
docetaxel 27966988 Launched | 27966988 NCT02413320)
MLO30 27901486, 23536305 NA
20068098, 29190901,
SB743921 29535384, 24928852 Phase 2 29190901

Table 32. Literature support for drugs identified by imputed drug response modeling

Table3.2 containeferences fahe same drugs @able 3.1The references aymuped bynvestigation

of the MOAto whichthe compound belongsith addtional references for that specific compound in
either preclinical or clinical setting. References are given as PubMed IDs for the MOA (Mechanit
Action) and preclical columns, whereas clinical trials are given by their the clinicaltrials.gov ideni
numbers (NCT)Thefurthestclinical phasine compounthas been tested sdlso given in thedicated
column.

Of the most significant hits, the top two compofindZD7762 and leptomyciniB
have been studied in clinical trials in cancer. However, the development of these two
compounds was halted due to toxicitieptomycin B is an XPO1 inhibition and new
inhibitorsof XPO1 have been generated in recent ye&bapter 4, | examine the use of

XPO1 inhibitors in the context of breast cancer furfeemow, he third mossignificant hit,

AZD-1775 (aka MKL775 and Advosertib), was well tolerated in patients asea Iptlinical
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trial in advanced solid tumd@keijen, van Geel, Pavliek,al.2016) AZD-1775 also had a high

in vitro cressvalidation scores(10.55p-value 3.3 x 189 and targets the cell cycle like many of
the other most significant results. Finally, AZ35 was also consistently one of the most
significant results based on both clinical subtypes based on retet{figur8.38) and

PAMS50 subtype classifications (Fi@u88). For these reasohghose to focus on AZd775

for subsequent validation and to demonstrate the potential/feasibility of our drug

selection/validation pipeline.

Discovery Phase: IdentByomarkers for AZB1L775

Proofof-concept: Tumors Predicted to be Sensitive to AZD1775 are Enriched with Cell Cycle
Gene Sets

The primary target of AZDD775 is the Weel kinase, which is known to play a critical

role in inhibiting the cell cycle at the GZIMeckpointl hypothesized that, if our model is
picking up on biological meaningful patterns, the RNA expression profiles of patient tumors
predicted to be more sensitive to the AZIT5 should be enriched for cell cycle gene sets. To
test this hypothesi performed genset enrichment analysis (GSEA) on the TCGA breast
cancer RNAseq data using patient imputed response tc&ZB as the continuous

phenotype label. Using the hallmark genkfsetd that tumors predicted to be more sensitive
to AZD-1775 were enriched for the G2/M checkpoint signature (Rgi,e=DR = 0.04).

G2/M is theonlysignificantly enriched pathway that associated withl&AZBDsensitivigt an

FDR of less than 0.0mdicating a specific and significant concordance béteesputed

results and the biological action of AZDY5.
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Figure 34 Biologically meaningful associations with AZD1775 imputed sensitivity in TCGA breas
cancers.

(A) Gene set enrichment analysispvasr f or med i n MSi gDBds oHal I n
cancer expression data with AZD75 imputed sensitivity score as the continuous phenotype varia
enrichment. The G2M gene set was significantBgupated in breast cancer patientdigieal to be
sensitive to AZBEL775 with an enrichmentscore®f 6 95, nor mal i zed enri
FDR gvalue of 0.04. A negative enrichment score associates with sensitivity to the drug as smal
sensitivity values indicate meeasitiveThiswas the mostgificantly enriched for pathwd) A
histogram of galues achieved for all the associations betweeld AZAJimputed response and any gt
with a somatic proteitnding change in at least 20 samples (n = 882 genes) in TCGA breast canc
TP53 mutation and AZIb775 acleives the strongest association at an FDR =1D2,xvith the next
most significant association at an FDR of 1.2 .10

ImputationBased DrugVide Association Analysis Reveals Potential Biomarkers fak7ABD
| previously published a method to f@ssociations between imputed drug responses

and genomic features in a manner analogous to gemereessociation studies (GWAS)
(Geeleheet a].2017)I employed this methodology (termed IDWAS for impdited wide
association study) to link genomic features with our imputed drug response to search for
potential biomarke of response to AZd775. Results from this analysis identified mutation
status of 13 genes in the TCGA breast cancer cohort that significantly associated with AZD

1775 sensitivity at an FDR < 0.05. In particular,-AZEb response formed a highly sicanit
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