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Gitanjali Roy
IN-DEPTHBIOINFORMATICS ANALYSIS OF THE PHOSPHOPROTEOME OF
TRIPLE NEGATIVE BREAST CANCER TREATED WITH A TUMOR SELECTIVE
NQO1 BIOACTIVATABLE DRUG

The main focus of this study is to elucidate changes in the proteome of triple
negative breast cancer cells in respdosa& novel bioactivated antancer agent HDNQ
(isobutytdeoxyniboquinone). NQO1 or NADPH:quinone oxidoreducthsas a
detoxifying enzyme overexpressed in many solid tumors and low expression in normal
cells. IB-DNQ is bicactivated by NQO1 enzyme viafatile redox cycling, producing
large amounts of reactive oxygen species (ROS) in the process, which causes DNA lesions
in cancer cells. The status of NQOL1 is important for th@NKQ mediated cancer cell
death.

IB-DNQ mediated therapy has great potemdilling breast cancer cells compared
to PARP inhibitor Rucaparib.From this proteomig study, large changes in
phosphorylation are observed in utilizing a combination therapy with low doself(®
and PARP inhibitor Rucaparib. Protgamosphorylation wentswithin the transcription
machinery and DNA damage repair pathways are changed upon drug treatment.

Computational and bioinformatic analysis of kinases involttedugh kinase
substrate enrichment analysisvealed changes in downstream signalingealf cycle
checkpoint proteins. CDK1 and CDK&ubstrate phosphorylation was decreased
response to combination drug therafased on the differential kinase activigs
determined bygubstrate abundance, we hypothesize that &ibd€1/2 plays an importg

role in DNA damage repair via the homologous recombination pathway, its
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downregulation further abrogated double stranded break repair in BRCA deficient cells
creating a state of ABRCANnessO, |l eading to
Rucapaib. These studies give insight into the mechanism oDNBQ action as an

anticancer agent.

Amber L. Mosley Ph.D., Chair
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INTRODUCTION
In living systems, functions are carried out by proteins and deregulation of these proteins
associated with various functional pathways, are responsible for many diseases including
cancer. Worldwide, cancer is responsible for almost ten million deathalbnand the
burden is increasing due to poor clinical outcome, drug resistance, tumor heterogeneity,
late diagnosis, disease relapse and failed clinical fddlsThe wealth of information
generated by large scale genomic data and lowering costs of Next Generation Sequencing
(NGS) technologies has helped the scientific community to understand the underlying
genetic causes of cand@i. To date, genomic and transcriptomic studies have helped us
to understand many differences encer cells caused by genetic variation including copy
number changes, gene mutations, and differential gene expression associated with specific
disease subtypes that contribute to disease pathidpddut there has been limited success
in translating this information from the bench to the clinic to develop efficient therapeutics
[4]. For a systems level diseasike cancer, understanding the mechanism of disease
progression and cellular signaling changes is important and needs to be studied at the
protein and signaling levels. Moreover, the drugs approved for cancer therapy target at the
protein level and nottahe gene levdb]. The regulation of protein function, degradation,
localization and podtranslational modifications (PTMs) play a critical role in disease
progression and diagno$g&]. PTMs are covalent modifications that change the properties
of an amino acid or protein. They reversibly or irreversibly alter the structure and
functional properties of a protein through biochemical reacfin¥arious types of PTMs
like phosphorylation, glycosylation, acetylation, methylation and ubiquitination are

identified [8]. These changes happen downstream of gene expression, and transcript



expression measured from NGS studies do not correlate with the protein abundance present
in cells. Phosphorylatiois a postranslational modification that relays external stimuli
through a cascade of signaling events to elicit appropriate biological responaaftth

the emergence of Mass Speatetry (MS) based technology, we are able to quantify
protein abundance and identify PTMs like phosphorylation by identifying characteristic
mass differences between modified and unmodified pefg]d®hosphoproteome studies

have become an important tool in precision medicine to characterize the role of kinases
and phosphatases in disease progression, and are targeted for disease therapy by small
molecule inhibitors of protein kinases and relatedatwaleq10].

Phosphorylation is mediated by protein kinases which transfer the gamma
phosphate group from ATP to specific amino acids, mainly Serine (Ser), Threonine (Thr)
or Tyrosine (Tyr) residugd.1]. Every phosphorylation event adds a mass of 80 Daltons to
the total mass of the peptide. The changes in phosphorylationecatudied by mass
spectrometry by measuring the mass difference of the phosphorylated residues on the
peptides to determine the site of phosphorylation on the protein and understand the
functional consequences of that modificatjd8]. This new layer of information must be
integrated with otheomicsstudies to capture the functional state and dynamic properties
of a cell.

In this study, MS based phosphoproteome analysis is performed on Triple Negative
Breast Cancer (TNBC) dslupon treatment with NAD(P)H Quinone Dehydrogenase 1
(NQOL1) bioactivable drug, isobutdeoxynyboquinone (IEDNQ) and Poly (ADPribose)
polymerase (PARP) inhibitor Rucaparib. NQO1 gene encodes NAD(P)H dehydrogenase

enzyme in humanfL3]. It is a FAD binding protein that functions as a homodimer and



catalyzes two electron reduction of toxic quinones to hydroquinones|[H4Q)The HQ

binds to glutathione forming intracellular HRSH conjugate that can be excreted from

the cells[12] (Picturel). The enzyme works Wi equal efficiency with both cofactors
NADH and NADPH and requires a tightly bound FAD cofagfidi]. Certain compounds

such as antitumor quinones can be bioactivated via the two electron reduction by NQO1
[16]. Because of the high levels of NQOL1 in certain tumors, this has led to an interest in

designing compounds that can be bioactivated by NQO1 as antitumor [Aggnts

] + NADPH ——— ~ NAD(P)

OH

aQ

Picture 1. The reactioncatalyzedby NQO1 in which a quinone is reduced to a

hydroquinone by the NADH or NADPH

IB-DNQ is a deoxyniboquinone compound that is dependent on NQO1 for its activation
and theréore is bioactivated by NQO1. NQO1 performs a-®bectron reduction of the
parent IBDNQ to its HQ form, which is unstable, the HQ spontaneously reverts back to
its parental, oxidized form through two reactions with molecular oxygen, the intermediate
being a semiquinone (S@)}8]. This futile cycle generates two superoxide moieties which
eventually generate massive®d concentration, which carry out DNA damaged ER

Ca* releasd19] (Figure 1).
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Figure 1: NQO1 mediatedbioactivation of IBDNQ
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NQOL1 is overexpressed in various types of solid cancers including breast cancer while
catalase is overexpressed in normal ¢20$. In normal cells, the #D.produced by NQO1
mediated IBDNQ activation isremoved by catalase and they are protected. While in
cancer cells, the absence of catalase causes accumulatigb.téadling to DNA damage,
activation of cell cycle checkpoint machinery, PARP1 hyperactivation that causes
depletion of NAD+/ATP, mitochondal dysfunction, and apoptosis inducing factor (AlF)
release resulting in tumor selective cell degh]. The absence or low abundance of
catalaseis a property of cancer cells is used to selectively target them with NQO1
bioactivatable compounds using a precision medicine appf@agtPatients with reduced
expression of NQO1 or with single nucleotide polymorphism (SNP) QON show

resistance to chemotherapeutic drugs and particularly NQO1 bioactivatable compounds.

There are two known SNP6és in NQO1, namel vy

3 (NQO1*3). The NQO1*2 polymorphism containing C609T change leagsadine to

serire substitution at position 187 of NQ@2] This mutant protein is catalytically



inactive due to its reduced ability to bind the FAD cofaf28i and its catalytic activity is

only 4% compared to wild typR4]. The NQO1*3 polymorphism with C465T change
leads toarginine to tryptophan substitution in the protein; this substitution results in a
change in rate of quinone substrate metabolism. The type 2 polymorphism is most common
[25]. The NQOL1 status of cancer cells is important for th®NB) treatment to work.
Patients with NQO1 polymorphiswill not show the desired effects with 4BNQ
treatmen{26].

Previous studies with another bioactivable drug-tegtachone showed synergistic
action with PARP inhibitord27] BRCA and PARP are housekeeping genes involved in
DNA damage repaivia the homologous recombination (HR) pathway. Healthy cells
having two normal copies of BRCA1 and BRCAZ2, will have no effect from PARP inhibitor
as the cells still have BRCA working in thej28]. BRCA mutated cells with single
stranded breaks can still use PARP to fix the DNA bf28k Whereas in cancer celvith
the loss of both copies of BRCA, there will be an impaired HR pathway, which eventually
will lead to cell death by PARP inhibitof30]. Likewise, the doublstranded break (DSB)
induced by very high doses-IBNQ will be difficult to repair by HR deficient cancer cells.
This synergistic action of HDNQ mediated DSB and cell death by PARP inhibitor
Rucaparib is exploited in TNB®@ith minimum offtarget effects.

Proteomics datasets are characterized by the wide heterogeneity commonly found
in biological samples making it difficult to identify important biomar8is The first step
in omicsdata analysis approach is to identify affected biological processes and functions
from differentially expressegroteins between disease and normal states using various

computational tools like Gene Ontology (GO) and Gene Set Enrichment Analysis (GSEA).



The MS based phosphoproteomic study only provides information about the
phosphorylated residues in the protein batfunctional information about the kinases
affecting those phosphorylation events. Here, we used a kinase prediction tool called
Kinase Substrate Enrichment Analysis (KSEA) to predict the kinases involved in the
phosphorylation events and to understane mechanism of drug action in terms of
changes in cell signaling. This information can be mapped onto ppt&Ein interaction

(PPI1) network and kinassubstrate interaction networks to provide a better picture of the

effect of perturbation in a givdriological network Figure 2).

Phosphoprotein Hierarchical GO term =
data collected from enrichment (G e

clusterin )
NQO1 positive and —_— ustering ——p> | analysis using = ——P> enrichment

NQO1 negative ﬁi;:;l;e;ina; ClusterProfiler Zggéi;
TNBC cells R package
Network analysis Kinase PPI Network
of substrate Analysis using
kinase-substrate | <— enrichment o StringDB and
interactions using analysis in visualized in
Cytoscape KSEAapp Cytoscape

Figure 2: Flowchart of methodology used



METHODS
Proteomicsof Patient-Derived TNBC Cells
This phosphoproteomicstudy utilized MDAMB-231 cells which are NQO1*2
polymorphic human metastatic TNBC cells, in replicates of three. The NQO1 positive cells
were created by overexpressing NQOL1 by plasmid transfectioms likely that
overexpressed NQO1 maybe substantimloant higher than endogenous expression
however overexpression is consistent with previously shown wdrich indicates
overexpression of NQO1 in many solid canc®s]. Both NQO1lpositive and NQOL1
negative cells were treated for 4 hours withDBIQ 0.1 uM (sublethal dose), {BNQ 0.4
UM (lethal dose), Rucaparib 15 uM and a combination therapy -@®NE) 0.1 uM and
Rucaparib 15 pM. A previous dose response study by Huang et. atl fymergistic
l ethality between 15 OM Rucapar ildpackomed anot
[20]. Rucaparib is chosen in this study since clinical grade formulation was available.
DMSO was used as the negative control. Approk@iyalO million cells wereused to
extract the proteins by denaturing with 8M urea, followed by LysC/Trypsin Gold
(Promega) digestion. The endoprotease LysC is more stable than trypsin and is used before
trypsin digestion under harsh, solubilizing condiscsuch as 8M urea. 45 pg of sample
was used for global analysis and 3 milligrams for phosphopeptide enrichment using TiO
chromatography. The peptides from different treatment conditions and replicates are
multiplexed and labelled with different Tandem $darag (TMT) labels from Thermo
Fisher. The TMT labels are isobaric having exactly the same mass but with different
isotopes of Nitrogen'tN) and Carbon'fC). The high resolution Therr@rbitrap Fusion

Lumos mass spectrometer can differentiate betweerdly small mass difference of the



isotopes of N and C. Each tag has a cleavable mass reporter which is unique and reacts
with primary amines (peptide N terminus and Lysine residues). After labelling was
guenched, the samples were mixed together andctedji high pH basic fractionation

in ThermeOrbitrap Fusion Lumos instrument using MS3 acquisition. In MS2 stage,
Collision Induced Dissociation (CID) is performed using helium to generate b and y
fragment ions from breakage of peptide bonds. The bewtend from the Nerminus and

y ions extend from the-@rminus of the peptides. A population of those ions are selected

by the Orbitrap for higheenergy collisional dissociation (HCD) fragmentation in MS3

step. This breaks off the TMT reporter ion whistpicked up by the detectdfigure 3.
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Figure 3: Workflow of proteomic analysis of MDMB-231 cells

Analysis of Raw Data

The raw data was analyzed in Proteome Discovéd?] for both global and
phosphoproteomic datasets. 4383 unique proteins and 22872 phosphorylation sites were
guantified in NQOL1 positive cells and 3181 unique protamsd3b30 phosphorylation sites

were quantified in NQO1 negative cellsdure 4).
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Figure 4: Number of identified proteins (blue) and phosphorylated sites (pink) in-MDA

MB-231 cells

Gene Ontology(GO) Analysis

GO summarizes the ihg lists of proteins into biologically meaningful information. A T

test was performed on proteins differentially expressed between two experimental groups.
The pvalue adjustment was calculated to avoid false positives using either Bonferroni
correction fo small scale experiments or Benjamini Hochberg procedure for large scale
experiments. The upregulated proteins with fold change ratio > 1 and down regulated
proteins with fold change ratio < 1 are analyzed separately. The peptide level output from
Proteone Discoverer is exported in excel format and processedTih&UniProt protein
accession numbers are converted to gene symbols usingapkls function from

AnnotationdbBioconductor packag@3] (Picture2).
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library(‘org.Hs.eg.db")

protein_id< - rawdata$protein_id

id_gene< - maplds(org.Hs.eg.db, protein_id, 'SYMBOL',

'UNIPROT', multiVals="first")

id_entrez< - maplds(org.Hs.eg.db, protein_id, 'ENTREZID',

'UNIPROT', multiVals="first")

id_ensembl < - maplds(org.Hs.eg.db, protein_id , ' ENSEMBL",

'UNIPROT', multivVals = "first")

Picture2: R Code

The rawdata was filtered by p value < 0.8%c{ure3).
Rucaparib < - data[, c¢(1,23,24,25,2:5,11,17)]
Rucaparib_pvalue_sorted < - Rucaparib %>% filter(ratio.p_

Rucaparib < 0.05)

Picture3: R code

The enrichment analysis was performed using GhesterProfiler package in R34].

ClusterProfileris an enrichment tool for statistical analysis and visualization for functional

and comparative study. It supports three species, inclitlisgpiensM. musculugandsS.

cerevisiae Large scale protein expression analysis from mass spectrobasied

experiments yields many significant proteins. To understand their biological relationships

Gene Ontology (GO) enrichment analysis was performed witarttiehGOfunction[35]

11



from ClusterProfiler (Picture4). The enriched GO terms are visualized in the form of
barplot using the R base functibarplot The bars are colored based on the adjusted p

value calculated.

Rucaparib_upl < - Rucaparib %>% filter(ratio.p_Rucaparib <
0.05 & abs(ratio_Rucaparib) > 1.0)

up_Ruca BP < - enrichGO(Rucaparib_upl [,7], OrgDb =
org.Hs.eg.db,

keyType = "SYMBOL",ont="BP", pAdjustMethod = "BH",
pvalueCutoff=1, qvalueCutoff=1)

Rucaparib_downl < - Rucaparib %>% filter(ratio.p_Rucaparib
< 0.05 & abs(ratio_Rucaparib) < 1.0)

down_Ruca_BP < - enrichGO(Rucaparib_downl [,7], OrgDb =
org.Hs.eg.db, keyType = "SYMBOL",ont="BP",

pvalueCutoff=1, qvalueCutoff=1)

Picture4: R Code

Gene Concept Network

While the barplotslisplays only the enriched terms, to view the genes associated with those
terms the functioenetplot[36] from the package enrichplot is u48d]. Some genes may

be associated with more than one biological pathway, which is difficult to visualize on a

barplot. The network plot shows such linkagegtures).
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enrichplot::cnetplot (up_Ruca2) + ggtitle(" NQO%* Network
plot of enriched terms - Rucaparib") + theme(plot.title =

element_text(hjust = 0.5, size=20,face="bold"))

Picture5: R Code

Gene Set Enrichment Analysis (GSEA)

The GSEA doesnot requi r e fee andfsinere powediul t h er €
than GO. The use of cutoffs introduces bias in the hypergeometric tests. The whole list of
genes/proteins detected in the phosphoproteomics experiment was used. The ¢gwmal was
determine whether the members of the gene/proteinwset randomly distributed
throughout a ranked protein list or if they were located at the top or bottom of the ranked

list. The list of proteins was sorted based on T statistic like p value < 0.05 and the
enrichment score (ES) is calculated using theafissic. The ES for a set of proteins is the
maximum value reached and that may be positive or negative. Thereafter permutations of

the samples were performed to recalculate random ES scores. The ES was normalized

(NES), and adjusted p value was estiméiasked on randomized EBiture6).

actual ES

NES =

mean (ES against all permutations of the dataset)

Picture6: Normalized enrichment scores

Here the GSEA Java desktop application from the Broad Institute was used to summarize

the long list of proteins into biological pathwd$8]. Two types of input files are required
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for GSEA analysis; an expression datasejct format and phenotype annotation file in

cls format. Thecls file is required only foigct 1.2 version. The hallmark gene sets from
MSigDB (Molecular Signatures Database)gmtformat was used for analyqi39]. The

hallmark gene sets were generhby computational methods and summarize well defined
biological states and processes. These gene sets reduce noise and redundancy in GSEA
analysis. The first line in gct 1.2file format is always #1.2. The second line contains two
numbers representintpe number of rows and number of columns in the data matrix
(Figure 5 . Since the GSEA analysis i sHGHN@ne ce
symbols are used. Alternatively, thgct file can be generated using Morpheus
(https://software.broadinstitutegimorpheus/) by uploading the metadata in excel format

[40]. Upload the excel file with HGNC gene symbols and log2 fold change values, change
row and column annotations from Viedy OptionsA Annotations. Since gene centric
pathway analysis requires single entries of genes, Morpheus can collapse tbetdatas
unique gene symbols from Todds CollapseA select method to median Collapse rows

A by id. A new tab will be created with a gene centric heatmap which can be downloaded

in gct 1.2format.

#1.2
3234 5

Name Description Rucaparib |IB_DNQ_Rucaparib IB_DNQ_0.1M IB_DNQ_0.4M DMSO_control
UBR4 Q57457 -0.15 -0.22 -0.43 0.15 0.14
RBM15 Q96T37 -0.03 -0.18 -0.59 -0.36 0.14
RRPS 043818 -0.04 0.69 -0.32 0.44 0.04
NOLC1 Q14978 -0.2 -1.23 -0.64 -0.49 -0.33
NUCKS1 QSHI1E3 -0.18 -0.73 -0.42 -0.05 0.19
HSPO0AAL PO7900 0.17 -2.03 -0.02 -0.69 0.31
TLE3 Q04726 0.3 0.39 -0.2 0.11 0.18

Figure5: gct 1.2 file format
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Theclsfile format contains phenotype labels of each sample in the dataset, and values are
separated by tab or space. The first line consists of three numbers; the number of samples,
number of classes of samples and the third numbewssyall. The second line begins

with a pound sign (#) and contains the class names (e.g. wild type vs. mutant; drug vs.

control). The third line contains class labels present in the dakagetd ©).

551
# Drugl Drug2 Drug3 Drug4 Control
Rucaparib IB_DNQ_ Rucaparib IB DNQ _©.1M IB DNQ_©.4M DMSO_control

Figure 6: cls file format

Thegctandclsf i | es are | oaded in GSEA using OLoa:
user choose the expression datagetfile), Gene set database (Hallmark gene segsnn

format from dropdown menu) and Phenotype labels fle). Number of permutains

(1000), no collapse of gene symbols, Permutation type (gene sets), Chip platform to be

kept blank. Rename the analysis and save results in desired folder keeping other options as
default. The permutations mean repeating the analysis 1000 times aithgcre

distribution of ES scores. The significant ES scores are used to calcwaleep. The

ORund option will run the analysis and gen

Computational Method for Kinase Enrichment Analysis
Various computational td® are available to decipher the kinases associated with the
identified phosphorylation sites. But all these tools have certain drawbacks with respect to

the organisms they support and the number of kinases they can predict. Majority of such
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tools requirecomplete fasta sequences of proteins rather than individual phosphorylation

sites detected from MS based phosphoproteomic experinfetit ().

Tool Application Organism Input
NetworKIN pinpoints kinases responsible for specific human and yeast only complete FASTA sequence
phosphorylations
KEA3 computes enrichment of a query protein set NA gene list

over kinase-substrate sets

PSEA GSEA inspired method adapted for proteomics human, yeast, Drosophila, input file with spectrum
rat, S. cerevisiae count values or abundance
ratio
GPS 5.0 eukaryotic protein kinases and protein 164 species complete FASTA sequence

phosphatases database

KinasePhos 2.0 ldentifies human kinase-regulated human complete FASTA sequence
phosphorylation sites

PhosphoPICK  predicts kinase substrates 107 human kinases, complete FASTA sequence
24 mouse kinases and
26 yeast kinases
NetPhos Predicts serine, threonine or tyrosine euakryotes complete FASTA sequence
phosphorylation sites in eukaryotic proteins.
Predictions are made for the following 17
kinases:
ATM, CKI, CKIl, CaM-
I, DNAPK, EGFR, GSK3, INSR, PKA, PKB, PKC, PK
G, RSK, SRC, cdc2, cdk5 and p38MAPK.
Quokka Identifies human kinase-regulated human complete FASTA sequence
phosphorylation sites

Table 1: Computational tools available for phosphorylation site and kinase prediction

Kinase Set Enrichment Analysis or KSEA is an approach to infer the kinase activity from
phosphoproteomics dataset based on individual phosphorylation sites. KSEA is published
as a freely available Python code (Python version 2[Z{)and &so as an R shiny app

[41]. Both of these resources infer the kinase activity by utilizing prior knowledge of
kinasesubstrate relationships from curated databases or computational prediction tools.
Here the R shiny app version of the toolleth KSEAapp was used, available as an R
package on CRAN: CRANRroject.org/package¥sKSEAap@urrently the KSEA tool

only supports human kinases but other organisms can also be analyzed by extracting the

speciesspecific kinasesubstrate entries from tliataset available on PhosphoSitePlus.
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KSEA Algorithm Overview

The KSEA algorithm works on the phosphoproteomics dataset with test and control
samples. The algorithm takes an input filecgvformat consisting of a list of peptides,
corresponding proteiand gene names, phosphosites and associated fold change (FC) and

p values. The gene names, phosphosites and FC (not log transformed) values are necessary
for the calculations. The protein, peptide and p values are optional, but the headers must
bepresent n t he i nput file with the rest of the
uses kinase substrate relationships from both PhosphoSi{dR]uend NetworkIn[43],

and users have a choice of selecting kirmagsstrate relationship from PhosphoSitePlus
alone or both PhosphoSitePlus and Networkin to improve coverage or get more kinases.
The pvalue cutoff and substrate count cutoff are required for the bar plot and was set at
0.05 and 2, respectively. The value of 2 for substrate count cutoff means any kinase with a
minimum of 2 substrates will be included in the barplot. The algorithnes@ach kinase

based on the relative hyperphosphorylation and dephosphorylation of its substrates, as
identified from the phosphosite specific databases such as PhosphoSitePlus and
NetworkIn. The positive and negative values represent an increase orsddor&mase

activity in response to drug treatment relative to control. The kinase is scored based on the
formula:

(s —p)ym

sCore = -
0

Picture7: Kinase score formula
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Wherei [denotes the mean Ig§C) of known phosphosite substrates of the given kinase,
Nirepresents the mean KYHC) of all phosphosites in the datasetdenotes the total

number of phosphosite substrates identified from the experiment that annotate to the
specified kinase, andi denotes the standard deviation of the »(B§) across all
phosphosites in the dataset. This formula is based escare transformation, and the
resulting scoseorédenotddheaXS&EA App out pu
normally distributed. Subsegutly, the pvalue is determined by assessing the-tailed

probability of having a more extreme score than the one measured, followed by a
BenjaminiHochberg FDR correction for multiple hypothesis tesf#y. The Benjamini

Hochberg procedure is a statistical tool to control false discoveryrFBte) in multiple

hypotheses testing and control false positives.

Input File Preparation

The phosphoproteomic datasetfpO1positive cells was prepared using R. The columns
O6Master protein accessionsé, O6Sequencebd, 6
rati o6 and O Abadmudkadncfeorr adtiifof ep ent tr eat men:
KSEA analysis.ifTheactiobunsmni 6 Mmdster protein
to remove all texts except the modified phosphosites, multiple phosphosites were separated

by a semicolon without any spaces. Since KSEA only takes HGNC gene symbols, the
UniProt identifications from the phosphoproteome dataset were converted to HGNC gene
symbols using the functiomapldsfrom Annotationdbi package in Bioconduct@igture

8).
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l i brary(déorg. Hs. eg. dbd)

protein_id < - rawdata$protein_id

id_gene< - maplds(org.Hs.eg.db, protein_id, 'SYMBOL' ,
'UNIPROT', multiVals="first")

Rucaparib < - data[, c¢(1,21,2,4,16,6)]

Rucaparib_pvalue_sorted < - Rucaparib %>%
filter(ratio.p_Rucaparib < 0.05 &

lis.na(ratio.p_Rucaparib) & lis.na(id_gene) &

lis.na('Modifications in Master Proteins))

Picture8: R Code

Finally, the columns are named as per the requirements of the KSEAapp algBttture(
9).
colnames(Rucaparib_pvalue_sorted)< - ¢("Protein”, "Gene",

"Peptide”,"Residue.Both", "p", "FC")

Picture9: R Code

SequenceMiotif Analysis

The specificity of protein kinases is associated with the consensus sequence surrounding
the phosphorylated serine, threonine and tyrosine residues. The motif analysis is performed
with the ggseqglogdR Bioconductor packagi@5]. ggseglogatakes two types of input: a

character vector of sequences or position frequency matrix (PFM) or P<3iemific
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Scoring Matrix (PSSM), where the rows are amino acids and the columns are the positions
of those amino acids. The peptide sequenaars kinasesubstrate relationships from the
KSEA analysis was used as inpBigturel0).

ggseqlogo(PLK1_data, seq_type='aa’)

Picture10: R Code

Theggseqlogalgorithm builds a matrix of all the peptide sequences with amino acids on
the rows and the pitions correspond to the alignment columns. The algorithm calculates
the probability of observing an amino acid at that position. The dash means the amino acid

is not present in the peptide sequeniab(e 2, Table B

[
o
[
[

Position
Sequence 1
Sequence 2
Sequence 3
Sequence 4
Sequence 5
Sequence 6
Sequence 7
Sequence 8
Sequence 9
Sequence 10
Sequence 11
Sequence 12
Sequence 13
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20 00 rrwvmwmbGrmm&&
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Table 2: Matrix of PLK1peptide sequences; the rows represent peptide sequences and

columns are positions of amino acids in the sequence
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Position 1 2 3 4 5 6 7 8 9 10 11

Prob (G) 0.15 4 0.08 0.15 0.08 0.23 -- 0.15 0.08 -- 0.23 0.08
Prob (8)  -- - - - - - - - ~ 015 0.08
Prob (V) - -~ 008 - - - - -~ 008 - 0.8
Prob (L) 0.15 - - 0.15 -- -- 0.08 -- 0.08 -- 0.15
Prob (1) - - - - - - 0.08 - - - -
Prob (M) -- 0.15 -- -- -- -- -- -- -- -- --
Prob (W) -- -- -- -- -- -- -- -- -- -- --
Prob (F) -- -- -- - -- -- - - - - -
Prob(P) 008 0.15 - - - - - - - ~ 008
Prob (S) 0.15 0.08 0.23 0.15 0.08 d 0.85 0.08 0.23 031 -- 0.08
Prob (T) -- -- -- -- -- 0.15 0.08 0.08 -- 0.08 --
Prob (C) -- -- -- -- -- -- -- -- -- -- --
Prob (Y) -- -- -- -- -- -- -- -- -- -- --
Prob (N) 0.08 0.08 -- 0.08 0.08 -- -- -- -- -- --
Prob (Q) - - - 0.08 0.08 -- 0.23 -- 0.15 -- --
Prob (D) 0.08 0.15 " 0.23 0.15 r 0.31 -- 0.23 0.38 0.15 0.23 0.08
Prob (E) 0.23 0.23 '0.15 0.23 0.08 -- 0.08 0.15 0.15 r[].31 0.15
Prob (K)  -- - 015 - 0.08 - - 008 - - -
Prob (R) 0.08 0.08 - 0.08 0.08 -- -- -- 0.08 -- 0.15
Prob (H) -- -- -- -- -- -- -- -- -- -- 0.08

Table 3: PositiorSpecific Scoring Matrix (PSSM) of PLK1 peptide sequences

A sequence logo is a graphical representation of the aligneérsasg, where the size of
each residue is proportional to its frequency at that position and total height of all the
residues in the position is proportional to the conservation of the position. The height of
the amino acids is measured by the entropyiamtpicted as bit score shown on the Y
axis and is calculated using the formuRic(ure1l)

Val &
H()=-) f(b,))log, f(b])
b=Ala

R, cience (1) =108, 20— (H (1) + e(n))

Picture11: Sequence motif formula
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The frequency of an amino acid at a position is calculated and multiplied byf It
frequency of that amino acid at tha@osition. This value is subtracted from the-R@in

the case of protein sequences, as there are 20 amino acids. H is Shannon entropy. R is 4.32
bits in case of protein sequences, which is(R@). This strategy can be used to discover

motifs from set®f phosphorylation sites detected in phosphoproteomic experiments.

Visualization of Kinome Data

To visualize the kinome data identified by Kinase Enrichment Analysis, an interactive R
shiny web application called CORAL was ugd@]. CORAL allows the visualization of

both qualitative and quantitative data in three modes: the traditional kinome tree, based on
Cell Signaling Technology, the radial network with the nodes representing kinase, groups,
families and subfamiliesand dynamic force networks. The node color, node size and
branch color can be customized according to user requirements. The quantitative kinase
enrichment data with corresponding lefg2d change values is used as input to highlight
differentially expresed kinases or highlight targets of kinase inhibitors. The Shiny web
application is available at http://phanstigh.med.unc.edu/CORAL/. In tH&ot tab, color
scheme is selected @antitativefor all the parameters and the kinase HGNC symbols
and corrgponding log-fold change values from KSEA analysis are entered in separate
rows. The plots are automatically populated based on the input data and nodes colored

according to the fold change difference between the kinases.
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Protein-Protein Interaction Analysis

The cellular signaling process is dependent on interaction between the proteins which are
highly specific physical interactions. These interactions are controlled by electromagnetic
and electrostatic forces, hydrogen bonding and hydrophobic dffiederstanding PPIs is
important for comprehending cellular process and disease microenvironment. StringDB
was used for protein interaction analysis and the corresponding fold change values are
overlaid on the network with Cytoscape for visual represemtatib the up and
downregulated proteins under different treatment conditions. The UniProt accessions were
i mported under the O6STRING: protein query?o
nodes are colored according to the fold change values bytimpdine excel data table
directly. To understand the systems level interaction of the identified proteins with other
proteins in the network, additional interactions from PPI databases can be imported while

creating the String network.

Kinase Substrate hteraction Network

The kinase and phosphosite correlation obtained from the KSEA analysis was used to infer
the kinase and substrate regulatory relationship and construct a-&ieteate interaction

network in breast cancer. The kinaagstrate link oyput file from KSEA can be directly

used as input to create the network in Cytos¢dpe Cytoscape is a versatile program to
create a customized network from any type of interaction data and providageaof
applications as plugins for layering. The kinase gene was set asute® node and the
substrate gene set as target node, substrate modification can be set as target node attribute

for layering to create more informative networks @ was selected as the edge attribute.
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The resulting network was converted into a Striregwork from AppsA String A
Stringify network with a confidence score cutoff of 0.70. Note that UniProt identifications
provide better results with String datab§$®] and therefore, kinase gene names must be
converted to WiProt accession numbers. The kinase information from public database is
layered by importing kinasgsubstrate network from PubMed, FeImport Network from

Public Database8 Data Source (String: PubMed Que#y) Species (Homo sapiend)
keyword (kinaseA confidence score cutoff of 1.08 Maximum number of proteins =

100. The networks are merged to create an intersection network. Cytoscape also allows
interaction data from public primary PPI databases like IntAct, MINT, BioGrid, IMEX part

from String.

24



RESULTS AND DISCUSSION
Global and PhosphoproteomeAnalysis of NQO1 Positive MDA -MB-231 Cells
NQO1 was detected in ti¢QO1 positivesamples but it was not detected in M@O1
negative samples, however there was no statistically significant change in NQO1
abundance iNQOL1 positivesamplesThe hierarchical clustering of proteins differentially
expressedelative to DMSQOn four samples of MDAVIB-231 cells treated with 0.4 uM
IB-DNQ, 01 uM IB-DNQ, 15 pM Rucaparib and @ombination therapy of 0.1 uM B
DNQ and 15 uM Rucaparib shows separation of protein expression in different clusters.
Protein intensity is presented in logarithmic scale with lower intensity color coded in red
and highmtensity colored in green. The rows represent individual proteins and the columns
represent samples. A large number of proteins are significantly changed in combination
therapy with both upregulation and downregulation and a few changes in 0.4-pMQB
compared to Rucaparib 15 uM and low dose 0.1 uMIBQ. It is clearly visible from the
heatmap that proteins that are upregulated in combination therapy (green) show different
expression patterns in iBNQ 0.4 pM (colored red) indicating that the combination
therapy causes more perturbations in protein expression tRBN@alone. Also, very
few changes are observed in single agent Rucaparib treatment compared to all other drug

concentrationsHigure 7).

25



Color Key

NQO1 positive Phosphoproteome

Figure 7: Hierarchical clustering of differentially expressed protein from

phosphoproteome experiment in NQO1 positive cells

The volcano plots allow for quick identification of genes with large fold changes that are
also statistically significant in terms of p valuEach dot represents a protein and the
outliers represent most highly differentially expressed proteins. TNBC cells reveals clear

differences in global protein levels between NQOL1 positive (+) and NQO1 negative (
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cells. Very few changes are observedNiQO1 negativecells (as compared to the DMSO
control), while inNQO1 positivecells, only one protein is found to be significant in single
agent Rucaparib 15 uM treated cells (marked in red). Significant changes are observed in
cells treated with the conmation therapy (0.1 uM IEDNQ and 15 pM Rucaparib) and

0.4 uM IB-DNQ treatmentKigure 8. As IB-DNQ is bioactivated by NQO1, the status of
NQOL1 is responsible for the changes observé&Q@1 positiveandNQOL negativecells.

Since larger changes are ebged inNQO1 positivecells in response to BNQ alone

and in combination with Rucaparib, our analysis here is focused on the chelatges to

DMSO in NQOL1 positivecells only. In the case of peptide level changes in the
phosphoproteome analysis withifferent treatments of HDNQ and Rucaparib, few
changes are observed in single agent 15 uM Rucaparib. In the case of 0.4QMQIBNd
combination therapy drugs, significant changes are observed with more pronounced effects
in the latter. Downregulatioof POLR2A G terminal domain (CTD) and IWS1, a histone
chaperone protein involved in transcription elongation indicate suppression of transcription
machinery and upregulation of H2AX and XPC phosphorylation indicates DNA damage

due to generation of freedigals by NQO1 mediated {BNQ bioactivation Figure 9.
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Figure 8: Volcano Plots showing comparison gibbal protein levels inNQO1 positive

andNQOL1 negativecells
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IBDNQ (0.1 uM) + Rucaparib
IBDNQ (0.4 uM) vs DMSO vs DMSQ
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Figure 9: Volcano Plots showing comparisonmfosphopeptide level changesNQO1

positiveandNQOL1 negativecells

Gene Ontology Analysiof PhosphoproteomeDataset
GO term analysis reveals enrichment for mMRNA processing, ATP dependent chromatin
remodeling, RNA polymerase Il binding and SBMNF complexes among otheRdures

10-12).
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NQO1+ Upregulated GO Biological Process- Combination treatment
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Figure 10: Upregulated Gene Ontology (GO) terms for Biological Process in NQO1

positive cells treated with combination drug therapy

NQO1+ Upregulated GO Molecular Function- Combination treatment
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Figure 11: Upregulated Gen®ntology (GO) terms for Molecular Function in NQO1

positive cells treated with combination drug therapy

30



NQO1+ Upregulated GO Cellular Component- Combination treatment

nuclear speck
nuclear periphery

ATPase complex

SWI/SNF superfamily-type complex

p.adjust
chromosomal region 0.00005
0.00010

condensed chromosome 000015
i 0.00020
focal adhesion

cell-substrate adherens junction

cell-substrate junction

nuclear envelope

o
(&)]
-
o
—_—
w
N
o
N
w

Figure 12: Upregulated Gene Ontology (GO) terms for Cellular Component in NQO1

positive cells treated with combination drug therapy

The barplots showabove only display the significantly enriched terms. The gene concept
network shows the genes or proteins that are associated with those terms. Sometimes genes
may be associated with multiple biological pathway categories and to view this complex
assocition, a network plot is useful. For combination drug treated cells, we see
downregulation of POLR2A, IWS1, XRCC1, TP53BP1, and KAT7 indicating suppression
of DNA damage response proteins. XRCC1 and TP53BP1 are involved in DNA double
stranded break repairafhways while KAT7 (histone acetyltransferase KAT7) is
responsible for ATR phosphorylation and histone acetylation to recruit XPC at the DNA
damaged sites in nucleotide excision repair (NER) pathway. IWS1 is a histone chaperone
protein involved in transgstion elongation, and POLR2A indicates downregulation of
transcription machinery in response to drug treatment with a combinatiorXI(B0.1

MM and Rucaparib 15 uMFigure 13).Also, upregulation of proteins involved in DNA
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damage, unfolded protein respse (UPR) and inhibition of transcription machinery agrees
with the hypotheses that the combination of NQOlaumtivable drug and PARP inhibitor

is more effective in killing cancer cells. For example, H2AX is a variant of histone H2A
which plays a centtaole in transcriptional regulation by checkpoint mediated cell cycle
arrest in response to DSBs. It is phosphorylated atl&@rto form gamm#&i2AX or
H2AX-139ph and is an indication of DNA damdg®]. HNRNPU inhibits transcription
elongation by inhibiting the @rminal domain (CTD) of POLR2A, and PSMD4 is
responsible formaintaining protein homeostasis by removing misfolded or damaged
proteins. PML and SP100 plays a role in positive regulation of p53/TP53 and double

stranded break repair and is found to be enriched in combination tl{Ergpse 14).
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NQO1+ Network Plot of Downregulated Biological Process-Combination
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Figure 13: Gene Concept Network of downregulated proteins POLR2A, IWS1, XRCC1,
TP53BP1, and KAT?7 in Biological Process GO terms in combination therapy. The nodes

are the GO terms
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NQO1+ Network Plot of Enriched Biological Process-Combination
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Figure 14: Gene Concept Network of upregulated proteins H2AX, HNRNPU, PSMDA4,
SP100and PML in Biological Process GO terms in combination therapy. The nodes are

the GO terms
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Previous studiefb0] have described the role of S\NF complex in tumor suppression

by transcriptional regulation and DNA damage response. Mutations and changes in overall
expression of SWENF complex subunits is associated with poor prognosis in many
cancer types includingreast cancer$51][52]. Upregulation of INO80B, HDAC2,
PBRM1, RSF1, SMARCC2, CHD3, ARID1A, SLC9A1 in combination therapy indicates
transciption suppression and DNA damage respoisgufe 19. Mutations in PBRM1,

ARID1A and SMARCC2 is associated with cancer progression and needs further

investigation50].
NQO1+ Network Plot of Enriched Cellular Component-Combination
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Figure 15: GeneConcept Network of upregulated proteins belonging to-SMH family

in combination therapy. The nodes are the GO terms

Upregulation of DNA damage sensor proteins like MMS19, FOXK1, ATM, histone

deacetylation (CHD4) and transcription repression (GATAD283 wbserved in HDNQ
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0.4 uM treated cells. MMS19 is associated with NER and HR mediated DNA repair, PNKP

is associated with both ndromologous end joining (NHEJ) and base excision repair

(BER) pathways, and ATM activates checkpoint signaling upon ereougtDSBs and

phosphorylates Seir39 of H2AX (Figure 16,17,18).

NQO1+ Network Plot of Enriched Biological Process-IB-DNQ 0.4 uM
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Figure 16: Gene Concept Network of upregulated proteins (PNKP, ATM, FOXK1) in

Biological Pathways GO terms in4BNQ 0.4 uM. The nodes are the GO terms
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NQO1+ Network Plot of Enriched Molecular Function-IB-DNQ 0.4 uM
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Figure 17: Gene Concept Networf upregulated proteins (CHD4, GATAD2B) in

Molecular Function GO terms in IBNQ 0.4 uM. The nodes are the GO terms
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Figure 18: Gene Concept Network of upregulated proteins (MMS19, ATM, GATAD2B) in

Cellular Component GO terms indBNQ 0.4 pM. The nodesathe GO terms
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Downregulation of most proteins related to mRNA regulatMfORC1 pathway (TSC2,
LARP), focal adhesion (CTTN) and podosoidP1, ASAP1, SVIL) is seen in 0.4 uM
IB-DNQ. All the proteins belonging to the GTPase regulation node are associated with Ras
signaling pathway such as RASALZ2 inactivates-Badic AMP pathway. These proteins

are also annotated in DisGeNET for theiroasation with different forms of canc@figure
19,20,21). Podosomes are actin enriched protrusions that are responsible for the
invasiveness or metastases of many cancer types including breast cancer and play a role in
cell migration. They are formed irlts that need to cross tissue boundaries like monocytes,
dendritic cells or macrophages. Cellular tyrosine kinases like Src and Csk play major roles
in podosome regulatiofb3]. In cancer cells they are called invadopodia, which cause
degradation of extracellular matrix by protease activity and promote crossing of tissue
barrier by cancer cells. MDMB-231 breast carcinoma cellseawell studied for

podosome formation as reported by Flytral.[54].
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NQO1+ Network Plot of Downregulated Biological Pathways-IB-DNQ 0.4 uM
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Figure 19: Gene Concept Network of downregulated proteins in Biological Pathways GO

terms in IBDNQ 0.4 uM. The nodes are the GO terms

NQO1+ Network Plot of Downregulated Molecular Function-IB-DNQ 0.4 uM
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Figure 20: Gene Concept Network of downregulated proteins (TSC2, LARP1, CTTN) in

Molecular Function GO terms in IBNQ 0.4 uM. The nodes are the GO terms
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NQO1+ Network Plot of Downregulated Cellular Component-IB-DNQ 0.4 uM
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Figure 21: Gene Concept Network of downregudapeoteins (TJP1, ASAP1, SVIL) in

Cellular Component GO terms in4BNQ 0.4 puM. The nodes are the GO terms

ABL1 a tyrosine protein kinase, ATAD2 involved in proliferation and cell cycle
progression in breast cancer cells, and KDM2B a histone demethyésséound to be
downregulated in Rucaparib 15 uM treated c@figure 22).ABL1 is involved in DNA

damage response and some of its substrates are mediators of DNA repair.
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NQO1+ Network plot of Downregulated Biological Pathways-Rucaparib
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Figure 22: Gene Concept Network of downregulated proteins (ABL1, ATAD2, KDM2B) in

Biological Pathways GO terms in Rucaparib 15 pM. The nodes are the GO terms

However, GO analysis have certain limitations towards extensively studied proteins and
pathways. Certain areas of biology are more well studied and thoroughly annotated than
others This introduces certain bias into the statistical analysis. Also, GO is based on
manual curation or computational approaches and the existing annotation databases are
largely incomplete. If a protein is detected but there is no reference of it in tlishpdb
literature, the algorithm will ignore that protein. The interpretation of the experiments will
also change over time as more and more thaomeavailable and annotations are

updated, thus affecting the reproducibility of experiments over time.
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Gene Set Enrichment Analysis (GSEA)

While GO analysis uses ranked list of proteins, GSEA is threshold free and considers the
whole list of proteins detected in the experiment. The hypothesis behind this method is that
small changes in sets of functionailated genes or proteins may also be important in
addition to genes having large expression changes. The hallmark gene set of cancer gene
pathways from MSigDB is used for GSEA analysis. Upon comparing the combination
therapy treated cells against all atldrug treatment conditions, genes related to P53
pathway, IL2 STATS5 signaling, WNT signaling, apoptosis, G2M checkpoint, JAK STAT
pathway, glycolysis, KRAS signaling and oxidative phosphorylation are found to be
positively correlated in combination theyappVhereas in the rest of the drug treated cells
perturbations in MTORC1, MYC, E2F targets, DNA repair pathway genes, interferon
gamma response and unfolded protein response pathways are obSigwerd3).These
changes were not observed in GO enrichiraealysis due to the bias introduced by p value

threshold with GO analysis.
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Figure 23: Barplot of GSEA analysis in combination therapy vs rest of the drugs

(Rucaparib 15 uM, [EDNQ 0.1 uM, IBDNQ 0.4 pM)
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The E2F, P53 pathway genes, G2M checkpoinegare expressed in cells treated with
combination therapy drugs, whereas genes belonging to glycolysis pathway, epithelial to
mesenchymal transition (EMT), PIBK/AKT/mTOR signaling an@ORC1 signaling are
expressed in single agent Rucaparib treatmiéigute 24. The enrichment plots of the
pathways clearly show the correlation between the two conditions. As the analysis walks
down the hallmark cancer gene list, it scores the genes present in the experimental gene
set. The green peaks represent enrichraeote, which is the maximum deviation from
zero. Gene sets with a distinct peak at the beginning or end of the gene set is significant.
The vertical bars in the middle represent the position of each gene towards the top or bottom
of the ranked list of preins. The bottom portion of the plot shows the value of ranking
metric. A positive value indicates correlation with the first phenotype and upright peak and

a negative value indicates correlation with the second phenotype and inverted peak.
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Figure 24: Barplot of GSEA analysis in combination therapy vs 15 uM Rucaparib
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Figure 25: GSEA enrichment plots of the upregulated pathways between combination
therapy and 15 uM Rucaparib. These pathways are positively correlated with combination

therapy as shown by the peak at the beginning of the ranked gene list

In Figure 25 a comparison between drug conditions show that the genes for E2F targets,
P53 pathway, G2M checkpoint and apoptosis are more enriched in the combination therapy

treated chis than single agent Rucaparib as shown by positive correlation in the enrichment
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plots, while genes for glycolysis, EMT, PI3K and MTORCL1 signaling are more enriched

in Rucaparib treatment than combination therapgure 24).
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Figure 26: Barplot of GSEA analysis in combination therapy vs 0.4 uNDNBQ

Figures B, 27 show the correlation of apoptosis and TGF beta signaling proteins in
combination therapy compared to 0.4 uMIBNQ treatment, whereas proteins belonging

to G2M checkpoint an82F targets are enriched in both the treatment conditions.
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Figure 27: GSEA enrichment plots of the downregulated pathways between combination

therapy and 0.4 uM IEDNQ

Protein-Protein Interaction Network Analysis

The PPI analysis from StringDB shswW842 protein nodes and 1783 edges. To reduce the

complexity of the network, the MCODE plugin (Molecular Complex Detection) in

Cytoscape was used. MCODE can find clusters of highly interconnected regions in a
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protein interaction network that may represeotecular complexeg®5] (Figure 28). The
network is broken down into three clusters of DNA damage related proteins, DNA repair
proteins and proteins related twanscription machinery Figure 29). The high
interconnectivity between the proteins in a cluster represents a strong interaction amongst
the proteins in biological processes. The darker color of the nodes represents higher
expression based on fold changdues. For example, HNRNPU blocks transcription of
POLRZ2A transcription elongation by blocking CTD phosphorylation, H2AFX and XPC is

an indication of DNA damage.
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Figure 28: Protein-protein interaction network for combination therapy showing densely
interconnected proteins (created using Cytoscape String app). The amewlored

based on fold change values
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Figure 29: To reduce complexity the dense network is broken down into clusters of highly
interconnected proteins from combinatibierapy. The clusters DNA damage, DNA repair

and transcription machinery proteins may represent molecular complexes. (Created with

MCODE application)
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Figure 3L: Protein-protein interaction network for 15 uM Rucaparib (created using
Cytoscape String app). The nodm® colored based on fold change values. Very few

interactions are observed between the proteins in the network

In contrast the PPl networks of 0.4 uM-IBNQ and 15 pM Rucaparib show fewer
interacting proteins with network enrichment for posttranscriptisagulation of gene
expression, cell cycle process and spliceosome compoRanisg 0,31). These findings
suggest a possible structure for PPI networks with dense interconnected -aedwatéd

central core which has high participation in the adtability of the full network as we

saw in combination therapy. The peripheral nodes are less regulated and do not play
important role in the propagation of signals. However, each primary PPI database (MINT,
DIP, IntAct, HPRD, BioGRID, BIND) show littlewerlap amongst thef®6]. To increase

coverage, integrating information from different primary PPI databases is required.
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KSEA Results
The phosphoproteomic study presents a rich source of biological knowledge and requires
novel data analysis and modeling paradigms. The rettenige is to delineate detected
phosphorylation sites to their effector kinases. The KSEA provides a computational
approach using literature mining to decipher the kinases responsible for the
phosphorylation events. The phosphosites from the experimdatiziet were used as
input. After the analysis is performed, three output files are produced, KSEA kinase scores,
KinaseSubstrate links and KSEA barplot. The barplot summarizes the KSEA results and
only includes kinases with a substrate count cutoff. aftiz kinases that do not pass this
cutoff will be excluded from the barplot and available in the KSEA kinase scores, Kinase
Substrate relationships table outputs. Theajue cutoff of 0.05 that was set before the
analysis decides which kinases will berk&al statistically significant. Phosphosites with
decreased phosphorylation in the drug treated group will have a fold change ratio of less
than 1 (where the fold change ratio was determineBrog/Contro)), leading to logFC
value in negative and will bmarked in blue. The KSEA kinase scores table provides a list
of all the kinases including those that are not included in the barplot and that have at least
one identified substrate in the input dataset. This may be useful for generating custom
graphs forin-depth analysis. The Kinastubstrate links table provides a list of aHK
relationships identified from the experimental phosphoproteome dataset and shows every
substrate identified from the dataset that
For kinasessuch as CDK1, CLK1 and CDK2 whose substrates that are
dephosphorylated with drug, its normalized score will be negative in Viaigeré ).

So, these kinases are deemed downregulated with combination drug treatment because its
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signaling outpuis decreasd in that group relative to control and will be marked in blue.
Similarly, phosphosites with increased phosphorylation in the drug treated group will have
a fold change ratio of greater than 1, leading teR@gvalue in positive and will be marked

in red Kinases such as NEK2, IKBKB, PRKCI, MAP2K5, CHUK, RPS6KA2, ATM,
TGFBR2, PDK1, CHEK1, PAK2, PLK1l, ROCK1, AURKC are upregulated upon
combination drug treatment. Kinases with ssgnificant scores will be colored in black.
IKBKB is a serine kinase that pla an essential role in the NdappaB signaling pathway,
which is activated by multiple stimuli such as DNA damage or other cellular stresses. The
serine/threonine protein kinase ATM activates checkpoint signaling upon double strand
breaks (DSBs) and apmsis by acting as a DNA damage sensor and phosphorylates Ser
139 of histone variant H2AX at double strand breaks (DSBs), to regulate DNA damage

response mechanism. ATM also phosphorylates BRCAL.
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The Polo likekinase PLK1 is responsible for DNA damage response aiN& damage
checkpoint recovery by inactivating the ATR/Chk1 pathway through inhibition of 53BP1
and Chk1l activator Claspin. Phosphorylation at-Z1h0 is responsible for the catalytic
activity of PLK1. Precise regulation of PLK1 activity is essential for cell cycle regulation
but the mechanism is not fully understood. A study by Weizhe Li et. al showed that PLK1
is controlled by a balanced methylation and phosphorylation switch with the methylation
occurring at Lys209 [57]. Additional studies also suggest that phosphorylation or
autophosphorylation of S&37 may enhance activity of PLK1 during DNA damage
recovery although it is not essential fPLK1 activation [38][59]. A number of studies

have revealed th&LK1is highly expressed in most human cancers, and its oversipres

is associated with poor prognosis in cancer patigd@61]. In breas cancer, it is
associated with aggressive characteristics, such as vascular invasion, markers of
proliferative activity and lack of detectable estrogen recdpfjr There was also a close
association of elevated PLK1 with triple negative tumors, considered to be poor prognosis
breast cancers that generally harbor TP53 mutation. It is found that patitnfER&3
mutation and detectable PLK1 show reduced survival and are more likely to have a triple
negative genotypl@3]. P53null cells are unable to downegulate PLK1evels in response

to clinically-relevant genotoxic drugs. Cancer cells sometimes show increased dependence
on normal cellular functions of certain genes which are not classical oncogenes, such
asPLK1. This phenomenon is called roncogene addiction. la recent genomscale
shRNA (short hairpin RNA) screen of the human breast cafdgfl was a hit in several
TNBC cell lines, indicating its importance for growth and survival of these breast cancer

cells[64]. PLK1 has drawn a lot of attention because its overexpression is tightly associated
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with neoplastic transformation of ham cells. PLK1 overexpression is thought to promote
tumorigenesis by overriding cellulacheckpoints and inducing genetic instability.
Reversing oncogene addictions in cancer cells has been shown to induce apoptotic cell
death. Therefore, increased sdaugit of cancer cells t&°’LK1 interrogation may likely

stem from their altered signaling pathways and biochemical stéjiifraddicted cancer

cells. Some contrasting studies show a tusuppressive role for PIk1 in certain tumors

[65].

PLK1 is a CDK1 kinase but in the KSEA analysis for combination therapy drugs it
is in the upregulated area whereas CDK1 is downadgdlupon drug treatment. This
conflict is explained by the phosphorylation of CDK1 on-I$rby WEE1L. PLK1 plays a
central role in the &M transition of the mitotic cell cycle by phosphorylating CCNBL1,
CDC25C, FOXM1, CENPU, PKMYT1/MYT1, PPP1R12A/MYPT1BWEEL. It is part
of a regulatory circuit that promotes the activation of CDK1 by phosphorylating the
positive regulator CDC25C and inhibiting the negative regulators WEE1l and
PKMYT1/MYT1 [66]. WEEL acts as a negative regulator of enttg imitosis (G to M
transition) by protecting the nucleus from cytoplasmically activated cyclioddiplexed
CDK1 before the onset of mitosis by mediating phosphorylation of CDK1 oflTyr
Phosphorylation of CDK1 at Tyt5 by WEEland PKMYT1 reducekinase activity and
is found in our combination treatment dafalfle 4. WEE1 specifically phosphorylates
and inactivates cyclin Btomplexed CDK1, reaching a maximum during S aaglaase
and decreases at M phase when it is hyperphosphorylated. The iradl#liti{1 to inhibit

WEEL1 can be one reason for the downregulation of C[BK]L
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Kinase.Gene| Substrate.Gene| Substrate.Mod | Source log2FC

WEE1 CDK1 Y15 PhosphoSitePlu| -0.89164

PKMYT1 CDK1 Y15 PhosphoSitePlul -0.89164

Table 4:CDK1 is phosphoryl&don Tyr15 by WEE1 and PKMYT1

This also explains the CDK1 and CDK2 alteration followingDBIQ treatment. IBDNQ
undergoes a futile redox cycling in NQO1 positive cells through a twostep process
generating two superoxide moieties,igéhgenerate massive amounts @Okithat carries

out DNA damage. The damaged DNA causes cell cycle arrest by recruiting ATM and ATR.
The ATR is specifically recruited to singstranded DNA breaks (SSBs) and coats the
singlestranded DNA with replicatioprotein A (RPA) and phosphorylates Chk1l. ATM is
recruited to doublstranded DNA breaks (DSBs) by MRN (MreRhd50Nbs1) complex

and phosphorylates ChKB8]. Upon activation, Chkl and Chk2 in turn phosphorylate
WEE1 and antagonize the function of Cdc25 phosphatases, which leads to accumulation
of inhibitory phosphates on Tyir'5 and Thwl4. WEEL phosphorylates CDK1 on Tyrl5,
resulting in CDK1 inhibition and a stalled cell cy§6®]. Since CDK1 plays a regulatory

role in homologous recombination mediated DNA repair pathway by phosphorylating
BRCAL, its inhibition stops DSB repair in BRCAL positive as well as BRCA mutated cells
[70]. This causes increased hypersensitivity of cancer cells to PARP1 inhibitors like
Rucaparib. Also, since CDK1/2 phosphorylates MRN complex, CtIP, Ku, PIN1, RPA,
Exol, and DNAZ2, its inhibition compromises singkard DNA end resection in HR repair

pathway[71]. The combined action of CDK1/2 inhibition by reactive oxygen species
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(ROS) generation by HONQ and PARP inhibitor Rucaparib prevented repair of DNA

break and ultimately death of cancer cfllg] (Figure 33).
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Figure 33: Schematic of CDK downregulation uponIBNQ treatment

Overrepresented sequence patterns among detected phosphorylation sites may correspond
to phosphorylation motifs of kinases. This strategy is useful for detecting novel

phosphorylation motifs of uncharacterized kinases. PLK1 (Hadcinase) contains PBD
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(Polo Box Domain) that binds to substrates containing the consensus sequSipdS

P/X (Figure 34), where pS and pT stand for phosphorylated serine and threonine
respectively. This is similar to the consensus sequence of CDK1 phosphoryfagiore (

35).

PLKA

Bits

chemistry [l Acisic [l Basic [ ryaropnosic [l vewra [l Foiar

Figure 3. PLK1 consensus motif (creatadth ggseglogo R package)

CDK1

Bits

chemistry . Acidic . Basic . Hydraphobic . Heutral . Polar

Figure 3. CDK1 consensus motif (creatadth ggseqglogo R package)
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It is hypothesized that CDK1 primes a substrate for further phosphorylation and regulation
by PLK1. In the absence of substrate, PBD binds to the kinase domain of PLK1 and inhibits
its activity. After PBD binds to a phosphorylated substrate, it will mateobthe active

site of PLK1, which allows PLK1 to phosphorylate the substrate at a second site. This
ensures that free kinase is held in an inactive state until it binds the correct syhidfrate

So, in the absence of CDK1 or downregulation of CDK1 in combination treatment, PLK1

is held in an inactive state by the PBD which explains its presence in the unregulated area.
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Kinome Tree showing differentially active kinases based on substrate abundance changes
for NQO1 positive Combination therapy

Figure 3b: Kinome tree showing differentially active kinases in 0.1uMDIBQ + 15uM

Rucaparib combination treatment (as determined by substrate abundance)

Visualization of the quantitative data from the KSEA substrate analysis on a kinome tree
suggests wre changes in overall kinome activity with most of the upregulated kinases

belonging to the AGC, CMGC and CK1 family but none in the TK fankligire 3).

63



EIF2AK2
CSMK2A1
MAFKI
PRECG
FAK1
MAPHI12
COKT
MAPK1
PRECT
PRKCH
CSNH2AZ2
ADREK1
ATM
PRKCD
CSMH1A1
MAPZK4
RAF1
BLIRK
PO
PREDC
COK2
PAk2
PRECH
MNEK2
ALIRKC
COK1
PLKA1
GEMEI1D
PREAMAZ
FPHEAAT
MEK1
IKBKE
TTH
GSKaB
CHEK1
ROCK1
DKPK
POPE
P4
POK3
PDK2
POHKA
POHEI
RPSEKAZ
CAME2A
RPSEKEB1
GEKIA
RPSEKB2
ROCK2
PRKGT
AKT1
TGFERZ
CAMEZD
PRHECE

Positive scores,
p<0.05

Positive scores,
pz0.05

Negative scores, p 2 0.05

Negative scores, p < 0.05

-
=
S —
By —
Ly =

Kinase z-score

Figure 37: KSEA barplotfor N@1 posi t i vDNQ Geatthene M | B

64



Branch Color = R E 3 e s Atypical Kinases
a L] 2

Node Color

a ° 3

Node Size

2 sanseant 254000877

Kinome Tree showing differentially active kinases based on substrate abundance changes
for NQO1 positive 0.4uM IB-DNQ therapy

Figure 38 Kinome treeshowing differentially active kinases in 0.4uM-IBNQ (as

determined by substrate abundance)

More changes in kinase activity were observed in the combination therapy and 0.4 uM IB
DNQ as compared to the low dose 0.1 pMDBIQ and single agent Rucaparib gsl
treatment [Figure 37,39,41). Visualization of the quantitative data on the kinome tree
shows decreases in kinase activity in all kinase families in Rucaparib 15 pM treatment

while in IB-DNQ treatments both increases and decreases are observed in AG&&n
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family kinases Figure 38,40,42). This information can be useful to understand the

interrelationships between kinases and develop therapeutic strategy targeting kinases.
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Kinome Tree showing differentially active kinases based on substrate abundance changes
for NQOL1 positive 0.1uM IB-DNQ therapy

Figure 40: Kinome tree showing differentially active kinases in 0.1uMDMQ (as

determined by substrate abundance)
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Figure £: Kinome tree showing differentially actikinases in 15uM Rucaparib single

agent treatment (as determined by substrate abundance)

Kinase Activation and Substrate Phosphorylation

The detection of the phosphorylation sites and their dynamics under different cellular
conditions has necessitated thexonstruction of transient kinasabstrate interaction
networks, that are essential for mechanistic understanding of cellular behavior and
therapeutic intervention by computational analysis of underlying data. The data from

KSEA analysiswas used for netork analysis of kinassubstrate interactions. The red
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triangles represent kinases, the green diamonds represent transcription factors, and the blue
circles represent all other substrates. The hub proteins or proteins with high
interconnectivity with otheproteins can have large downstream signaling effects upon
perturbation. CDK1, CDK2, MAPK3 and PRKCB are highly interconnected kinase in
kinase interaction data from combination therapy. For example, CDK1 can trigger
hundreds of time resolved downstreanignaling events through independent
phosphorylationsKigure 43).

Dense interconnectivity between the kinases is observed in the -knasteate
interaction network of 0.4 uM HDNQ (Figure 44). The substrates ate largely located
towards the periphery ahe network suggesting the kinases are interacting amongst
themselves. In single agent Rucaparib, very few kisadstrate interactions are visible
(Figure 4). Based on these interaction networks, it is possible to predict the clinical
outcomes of the digs used in triple negative breast cancer by examining changes in

connectivity of the hub proteins in tumor cells.
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T,

Figure 43: KinaseSubstrate Interaction Network in Combination therapy (created with Cytoscape). Certain kinases like CDK1 are

densely connected to other substrates



