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ABSTRACT

COMPUTATIONAL APPOACHES TO PREDICT DRUG RESPONSE TO CYTOTOXIC

CHEMOTHERAPY

Cancer is the second leading cause of death in the United States. Statistically,
within a lifetime there is slightly above a one-third chance of developing some form of
cancer and a one in five chance of dying from the disease. Thus, it is no hyperbole that
the understanding and treatment of cancer is one of the most pressing issues in medical
research of the current era. Cytotoxic chemotherapies are a class of anti-cancer drugs
that are widely used to treat a number of cancers. While cytotoxic chemotherapies are
extremely effective in treating a subset of individuals for some cancers, drug resistance
resulting in failure of treatment is a prominent obstacle in many cancer patients.
Precision medicine, a novel concept to the 215t century, is the application of disease
treatments that are specifically tailored to an individual and the specific attributes of their
disease. In oncology, precision medicine particularly refers to the use of gene
expression and other biological factors to inform an individual’'s treatment. Because
cancer and its response to treatment result from many complex biological interactions,
computational methods have become an essential tool to identify the molecular
signatures that are the basis for precision treatment. In this thesis, a systematic analysis
of the computational approaches is performed to gain insight necessary for the

development of novel computational approaches in precision medicine in cancer.



Statistical learning models are a class of computational modeling methods that
identify and extrapolate complex patterns from large amounts of data. Specifically, this
involves applying statistical learning approaches on in vitro data from cell lines and
patient tumor data to predict drug response, particularly for cytotoxic chemotherapies,
with an emphasis on understanding the fundamental modeling principles and data
attributes driving model performance. The first chapter serves as an introduction to
chemotherapy and the advancements that have driven computational approaches to
precision applications in cancer. The second chapter serves as a technical introduction
to statistical learning models and approaches. In the third chapter a systematic
assessment of linear and non-linear modeling approaches are applied to in vitro cell
lines panel including the National Cancer Institute’s 60 cancer cell lines (NCI60) and cell
lines of Genomics of Drug Sensitivity in Cancer (GDSC) to predict drug response in
several cytotoxic chemotherapies. With in-depth analysis it is shown that the
relationship between tumor tissue histotype and drug response is the major driver of
model performance and can be maintained in as little as 250 random genes. The fourth
chapter utilizes statistical models to explore the influence of drug induced gene
perturbations on drug response models in comparison with basal gene expression. The
findings indicate that drug induced changes in gene expression are superior predictors
of drug response. Second, it is demonstrated that Boolean network representation of
gene interactions show distinct topological differences between drug induced changes
in gene expression and basal gene expression. Finally, in the fifth chapter, drug induced
gene changes demonstrating high levels of connectivity in the previously developed

networks are applied to derive a basal gene expression signature to predict response to



combined gemcitabine and cisplatin chemotherapy treatment in patients with bladder
cancer. These models show that this derived signature performs better than a random
cohort of genes and in some situations genes derived directly from basal gene

expression.
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CHAPTER 1: INTRODUCTION

Cancer as a Disease:

In 2017, the most recent data available on mortality rates, cancer was the second
leading cause of premature death in the United States accounting for 599,108 deaths,
or 21% of total deaths (1). Likewise, the total number of deaths from cancer in 2017 was
estimated to be 9.56 million worldwide according to the Global Health Data Exchange

(www.ghdx.healthdata.orqg). In 2020 it is estimated that 1,806,590 cases of a cancer will

be diagnosed and another 606,520 people will succumb to the disease in the United
States (1). Furthermore, the American Cancer Society reported that 40.14% of males
and 38.7% of females will develop cancer in their lifetimes with about a 1 in 5 chance of
dying from the disease (2). The burden cancer places on society extends beyond the
number of deaths but also includes economic hardship. As healthcare costs have come
under scrutiny in the United States, a 2005 article estimated that medical costs,
contributes to 60% of American bankruptcies (3). Undoubtedly, this burden is significant
among cancer survivors, where a survey from 2013 to 2016 reported that 43.4% of
cancer survivors 18 to 49 expressed having financial hardship due to medical care
compared to 30.1% among the general population (4). These statistics, among others,
illustrate the importance of research to improve cancer treatment with respect to
efficacy while also making it more available in terms of cost.

Early references to cancer can be traced back to ancient Egyptian documents
placed between 1600 and 1500 BC (5); however, these documents are thought to be

reproductions of an original text dating to somewhere between 3000 and 2500 BC.



Hippocrates (460-370 BC), a Greek physician often credited as being the “father of
medicine”, first used the term “Karkinos” to describe ulcerating non-healing lumps (5).
Throughout the Roman and middle ages the search for the underlying cause of cancer
remained one of the most puzzling medical mysteries at the time. Progress in new
surgical techniques to remove tumors, anatomical and pathological knowledge, and
humanitarian cancer patients care were advanced (5). Early theories about the origin of
cancer included the “black bile theory”, the imbalance of black bile (one of the four
essential fluids (humoral) in the body), which was first championed by Hippocrates and
was the predominant theory up until the middle ages (6). Other theories would arise
including the notion that cancer might be a contagious disease (6); however, the
anatomist and surgeon Alfred Armond Louis Marie Velpeau (1795-1867) would suggest
that cancer “is merely a secondary product” of an underlying “intimate element” closely
resembling the current understanding of cancer as a genetic disease (5).

At the turn of the 21 century, technological advances, started by the discovery of
the structure of DNA in 1953 by Franklin, Watson, and Crick (7), had evolved into a
number of discoveries about the human genome and the machinery of cell function.
This had resulted in a fundamentally different view of cancer as disease, one which
Hanahan and Weinberg would describe as “already complex almost beyond measure”
(8). In what has become a seminal paper in cancer literature The Hallmarks of Cancer,
Hanahan and Weinberg would lay out six fundamental principles which, in their opinion,
conceptually linked all cancers; self-sustaining growth signals, insensitivity to antigrowth
signals, the ability to evade apoptosis, limitless replicative potential, sustained

angiogenesis, and tissue invasion and metastasis (8). In 2011, the authors would



amend the list with two emerging hallmarks: deregulation of cellular energetics and
ability to evade the immune system (9). Roughly, these together form the simplest
definition of cancer: A disease that results from an acquired ability of cells to manipulate
mechanisms of cell growth, normal cellular and biological regulation processes, and
surrounding tissues to sustain the requirements of unlimited cell replication.
Chemotherapy:

Throughout the nineteenth century and early into the 20" century surgical
removal of tumors had been the predominant treatment (10). Discoveries of x-rays (11)
and subsequent discoveries in radioactive materials (12) would lead to the development
of radiation therapy in the 1920’s (10). Meanwhile, early in the twentieth century the
term “chemotherapy” would be coined by a German chemist Paul Ehrlich (5, 10, 13).
Ehrlich would be instrumental in advancing the concept of using chemicals to treat
cancer though with little success personally (13). The effects of mustard gas in World
War | coupled with aftermath of a World War |l fatal disaster that spilled mustard gas
into the Bari Harbor, prompted research into the chemical properties of mustard
compounds (5, 13). These studies would lead to subsequent experimental studies that
demonstrated anti-tumor activity of nitrogen-mustard, a derivative of mustard gas, in
implanted lymphoid tumors in mice (5, 13, 14). This finding led to further observations
that nitrogen mustards resulted in brief remissions in lymphoma patients; however,
skepticism remained as to the efficacy of drugs to treat cancer, especially in the long
term (13, 14). As the search for anti-tumor chemical products continued, a new class of
drugs, antifolates, emerged (13, 15). Aminopterin, the first antifolate to become clinically

available in 1948, had proven to be effective at producing remissions in children with



acute lymphoblastic leukemia (16). Meanwhile, even with rapid technological
advancements, surgery and radiotherapy reached their zenith in the 1950’s and were
only effective in about a third of all cancers (10). This, coupled with new optimism about
chemotherapy, would usher in the advancement of chemotherapy in the decades to
come. New drugs and drug combinations continued to be discovered and developed
throughout the 1950s and 1960s with continued success in treating childhood leukemia
and breakthroughs for treatment of Hodgkin’s disease in adults (10, 13). As the
foundation was set for the successful treatment of some cancers with chemotherapy,
evidence emerged that chemotherapy was successful in treating micro-metastases
leading to the practice of adjuvant chemotherapy, chemotherapy in addition to surgical
or radiological treatment (10, 13) . Advancements in neoadjuvant chemotherapy,
chemotherapy applied before surgery or radiation therapy, has resulted in considerable
progress in treating some cancers and remains a standard treatment to many cancers
currently.

The therapeutic efficacy of chemotherapeutic agents is thought to be derived
from mechanisms which interfere with cell replication and proliferation, thereby having a
preference for rapidly dividing cells as is the case of cancer (14, 17). Cytotoxic
chemotherapies are broadly categorized into alkylating agents, anti-metabolites,
cytotoxic antibiotics, topoisomerase inhibitors, and anti-microtubule agents (14, 17, 18).
What follows is a brief overview of the general mechanisms, by category, of
chemotherapies that have been studied throughout the body of this text and can be

found in Table I.



Table 1.1: Select Cytotoxic Chemotherapies and the commonly used throughout the
text and organized by class and the cancers they are FDA approved to treat.

e Antifolate

5-Fluorouracil

Methotrexate

Category Drug FDA Approved Use
Alkylating Agents
¢ Nitrogen Cyclophosphamide’ Acute lymphoblastic leukemia,

Mustards Acute monocytic leukemia, Acute myeloid
leukemia, Breast, Chronic granulocytic
leukemia, Chronic myelogenous leukemia,
Hodgkin Lymphoma, Neuroblastoma
Non-Hodgkin lymphoma, Ovarian,
Retinoblastoma, Mycosis fungoides (19)

e Platinum Analog | Cisplatin Bladder, Ovarian, Testicular (20)
Anti-Metabolites
e Pyrimidine Azacytidine Myelodysplastic Syndromes(21)
analogues
Cytarabine Acute non-lymphocytic leukemia, Meningeal
leukemia, Acute lymphoblastic leukemia,
Chronic myelogenous leukemia (22)
Breast, Non-small lung, Ovarian, Pancreatic
Gemcitabine (23)

Breast, Colorectal, Gastric, Pancreatic
(injection) (24)
Basal Cell Carcinoma (Topical) (25)

Acute lymphoblastic leukemia,

Breast, Head and Neck, Lung, Mycosis
fungoides, Non-Hodgkin lymphoma,
Osteosarcoma

' Cyclophosphamide is one example of a nitrogen mustard, several other drugs
originate from this class such as melphan, bendamustine, chlorambucil etc.. This list
represents an abbreviated of example of different cytotoxic drugs and the classes they

belong.




Cytotoxic Antibiotics

Bleomycin Hodgkin lymphoma, Non-Hodgkin lymphoma,
Squamous Cell Carcinoma,
Testicular (26)
Mitomycin C Gastric, Urothelial (27)
e Anthracyclines Doxorubicin Acute lymphoblastic leukemia,
Acute myeloid leukemia, Breast,
Stomach, Hodgkin lymphoma, Neuroblastoma,
Non-small cell lung, Soft tissue sarcoma,
Thyroid, bladder, Wilms tumor (28)
Topoisomerase
Inhibitors
e Topoll Etoposide Small cell lung, Testicular (29)
e Topol Topotecan Cervical, Ovarian, Small cell lung (30)
Irinotecan? Colorectal (31), Pancreatic (32)
Anti-microtubule Agents
e Taxols Docetaxel Breast, Non-small cell lung, Prostate,
Squamous cell carcinoma (head and neck),
stomach adenocarcinoma,
Gastroesophageal adenocarcinoma (33)
Paclitaxel Breast, Non-small cell, Ovarian (34)
¢ Vinca alkaloids
Vinblastine Breast, Hodgkin lymphoma, Kaposi sarcoma,
Mycosis fungoides, Non-Hodgkin lymphoma,
Testicular (35)
Miscellaneous
Proteasome Inhibitor
Bortezomib Mantle cell ymphoma, Multiple myeloma (36)
HDAC Inhibitor
Vorinostat Cutaneous T-cell lymphoma (37)

2 Irinotecan is the pro-drug for SN-38




Alkylating agents include the first successful chemotherapies, nitrogen mustards
that arose from interest in mustard gases used during and after World War | (38).
Traditional alkylating agents involve covalent bonding of reactive alkyl groups to carbon
rich cellular molecules (38, 39). The general mechanism by which these drugs work is
interacting with the DNA base guanine resulting in DNA damage inhibiting DNA
replication or repair and thus inducing apoptosis (14). For example, cyclophosphamide
goes through a number of metabolic sets resulting to the active alkylation agent
phosphoramide mustard which interacts with the N7 position of multiple guanine
resulting in intra-strand cross links that inhibit DNA replication (14, 39). Likewise, the
drug cisplatin is known as an alkylating-like agent, in that its main mechanism of
cytotoxicity is the introduction of intra-strand cross-links due to preferential binding to
guanine similar to alkylating agents (14, 39). However, cisplatin achieves cross-linking
through interactions of its platinum complex with DNA (39).

Drugs which derive therapeutic properties by interfering with specific metabolites
or metabolic enzymes necessary for cellular processes have been termed
antimetabolites (14). One of the first antimetabolites, methotrexate, resulted directly
from the success of antifolates in pediatric acute leukemia (13, 15) and resulted in the
first radiographically confirmed case of tumor regression in 1956 (40). The anti-tumor
properties of methotrexate result from inhibition of folate metabolism, which is a
necessary precursor for DNA synthesis (41). Likewise, some chemotherapies from this
category act as chemical substitutes for molecular components of DNA, interfering with
DNA machinery needed for replication. For example, replacement of pyrimidine

nucleosides, DNA bases cytosine and thymine, by chemically modified pyrimidine



analogs, result in anti-tumor activity by interfering with DNA replication (42). For
example, integration of the deoxycytidine analog cytarabine in place of the nucleoside
deoxycytidine into the DNA backbone significantly interferes with the DNA polymerase
resulting in chain termination (43). Gemcitabine, another deoxycytidine analog,
interferes with DNA elongation; in addition, gemcitabine inhibits ribonucleotide
reductase, the enzyme responsible for converting ribonucleotides to
deoxyribonucleotide, this results in depletion of natural deoxynucleotides increasing the
uptake of gemcitabine as a substrate for elongation (44). Similar drugs, purine analogs,
work in a similar fashion, however, instead interfere with the metabolism of the purine
DNA bases adenine and guanine.

Cytotoxic antibiotics consist of a group of naturally occurring compounds that
have antibiotic properties but additionally have strong anti-tumor activity (45). The
mechanisms of cytotoxic chemotherapies vary as well. Included in the cytotoxic
antibiotics are the drugs doxorubicin and mitomycin c. Doxorubicin became clinically
available in the 1970’s (46) and several mechanisms of doxorubicin cytotoxicity had
been studied. One of the more simple mechanisms which has been put forth to explain
the anti-tumor effects of doxorubicin involves intercalation between DNA base pairs
which interfere in DNA replication and RNA transcription (47-49). Additionally it has
been proposed that doxorubicin mediates cytotoxicity as a topoisomerase inhibitor
resulting in DNA damage and activation of apoptosis in the G1 or G2 phase of the cell
cycle (47, 49, 50). The role of the topoisomerase enzymes are discussed in a
subsequent paragraph along with additional topoisomerase inhibitors. The oxidization of

doxorubicin into an unstable semiquinone metabolite along with the reverse reaction



creates reactive oxygen species that induce damage to several macromolecules
including DNA, proteins, and lipid membranes (49). Furthermore, doxorubicin has been
shown to create lipid molecules, known as ceramides, which play a role in the activation
of the transcription factor CREB3L1, which upon proteolytic cleavage activate genes
involved in cell cycle inhibition (51). Doxorubicin is a drug that is widely used clinically to
treat a variety of cancers; however, adverse side effects such as cardiotoxicity (47)
introduce a need to better understand the many, known and unknown, cytotoxic effects
of the drug which could help identify subpopulations of patients who are likely to benefit
from treatment.

As mentioned above, mitomycin ¢ (MMC) is another clinically available drug from
the class of cytotoxic antibiotics. The primary mechanism of cytotoxicity mediated by
MMC is the formation of intermediate reactive species which introduce intra-strand or
inter-strand cross links predominantly in the G1 and S phase of the cell cycle (52). In
order for MMC to form intra-strand cross links it must be undergo bioreduction into an
active alkylating agent that interacts with DNA to form crosslinks (53, 54). The active
form of MMC, mitosene, is formed when the quinone group of MMC is reduced resulting
in the active alkylating agent which binds to the N2 position in guanine (53, 54). Inter or
intra-strand crosslinks are created when a second alkylating group is formed in a
reverse Michael elimination of a carbamate group forming a second bond with guanine
at either the N2 position or the N7 position (53, 54). Several bioreductive enzymes have
been shown to activate mitomycin c including DT diaphorase (55), NADH cytochrome ¢
reductase (55), NADPH cytochrome c reductase (55), cytochrome P450 reductase (56),

xanthine oxidase (56), cytochrome bs reductase (57), and xanthine dehydrogenase



(58). The availability of the different bioreductive enzymes might play a crucial role in
determining cytotoxicity depending on surrounding microtumor environment. For
example, it had been shown in CHO cells that an increase in cytochrome P-450 resulted
in minimal increase in MMC activation under aerobic conditions; however, significantly
greater MMC activation was exhibited in anerobic; suggesting that cytochrome P450
might play a pivotal role in MMC activation in hypoxic tumor environments (59).
Likewise, in EMT6 mouse mammary tumors Gustafson et. al. demonstrated that
reduction by xanthine dehydrogenase resulted in the preferential formation of the
metabolite, 2,7-diaminomitosene, forming guanine N2/N7 crosslinks, in hypoxic and
acidic pH conditions leading to an increase in alkylating ability in hypoxic and acidic
environments (58). Furthermore, directly related to MMC sensitivity, it was shown that
MMC sensitivity in the NCI60 cancer cell line panel (60) correlated with expression of
DT diaphorase, the major reductive enzyme in oxygenated environments (61).
Mitomycin C sensitivity tends to favor hypoxic conditions (62-64) suggesting that
differences in expression of different bioreductive enzymes might play a role in
sensitivity particularly in tumors favoring hypoxic conditions such a breast, uterine
cervix, brain, squamous cell carcinoma, brain, and head and neck tumors (65).
Doxorubicin and mitomycin ¢ are good examples of how cytotoxic chemotherapies can
have multiple mechanisms of action which can influence the sensitivity of a tumor to a
certain drugs; however, the availability of biomarkers for cytotoxic chemotherapies are
still limited (66).

During DNA replication the two strands of the double helix are pulled a apart by

the DNA helicase. This separation results in excess tension in front of the replication

10



fork eventually making the two strands impossible to separate. In order to relieve this
tension super coils began to build up in the DNA strand but eventually the super coiling
can no longer mitigate the tension build-up prohibiting the DNA replication machinery
form moving forward. The enzymes responsible for mitigating this excess tension are
the topoisomerases. Topoisomerases come in two classes; topoisomerase | and
topoisomerase Il. Topoisomerase | releases tension through a single stranded break
within the helix, rotating the other stand through the break and then splicing the break
back together. Topoisomerase |l induces a double stranded break within a supercoil
relaxing the coil and then splices the primary helix back together. Topotecan, an
inhibitor of topoisomerase |, binds in the pocket of the enzyme after it induces a strand
break, binding the enzyme, the drug, and the DNA together in a combined complex, as
this complex approaches the replication fork double strand breaks are introduced
resulting initiating apoptosis (67). Alternatively, etoposide, a topoisomerase Il inhibitor,
stabilizes the cleavage state after a double stranded break is created, preventing the
enzyme from repairing the break (68). As these strand breaks become abundant, DNA
replication is inhibited, and apoptosis is eventually triggered (68).

Microtubules are essential components of the cell and play a central role in the
structure of the cell, acting as molecular “highways” for intra-cellular transport, and are
essential in cell division (69). During interphase a portion of the microtubules are
disassembled into tubulin subunits and then reassembled to form the mitotic spindle
(69). The interference in the assembly and disassembly of microtubules during mitosis
is the mechanism of action for anti-microtubule agents. The taxols, which include

paclitaxel and docetaxel, work by stabilizing tubulin in its polymeric form thus
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decreasing microtubule disassembly, thus decreasing the free tubulin and inhibiting
microtubule reorganization that must take place for cell division (70). Alternatively, a
class of drugs known as the vinca-alkaloids, represented by vinblastine, binds free
tubulin preventing microtubule formation thereby inhibiting spindle formation and thus
cell division (70).

One of the biggest challenges to treating cancer with cytotoxic chemotherapy, or
any pharmacological therapy, drug resistance. A variety of mechanisms are known, that
include everything from decreasing drug concentration in the cell, altering drug targets,
and up-regulation of anti-apoptotic regulators (14). A known mechanism of resistance to
multiple drugs, including but not limited to doxorubicin, cisplatin, methotrexate,
vinblastine, etoposide, and paclitaxel involves increased efflux of the drug out of the cell
by upregulated ATP-binding cassette (ABC) drug transporters deceasing cellular
concentrations (71, 72). Furthermore, additional mechanisms that decrease drug uptake
into the cell can impart resistance, for example, in ovarian cancers doxorubicin is often
delivered via encapsulation in a synthetic liposome. Drug resistance is seen in cells that
lose the LPP1B cell surface protein which is involved in the transport of liposomes
across the cell membrane (14, 73). Another example is seen with methotrexate where
decreased expression of the transport protein, reduced folate carrier (RFC), limits
cellular uptake (74, 75). Nucleotide excision repair, the removal of cross-linked
nucleosides by DNA repair machinery, is observed in cisplatin resistance (76, 77).
Furthermore, many chemotherapeutic drugs are prodrugs and require enzymatic
activation into their active form. Enzymes that are necessary for activation can become

common mechanisms of resistance; for example, gemcitabine requires the addition of
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three phosphate groups to form the active metabolite gemcitabine triphosphate after
transport into the cell. One of the enzymes responsible for the transformation of
gemcitabine to gemcitabine triphosphate is deoxycytidine kinase (dCK) (78). The down
regulation of dCK has been observed in gemcitabine resistant pancreatic cells (79).
Mutations in drug targets can also contribute to resistance; for example, mutations in
tubulin have been shown to decrease vinca-alkaloid binding (80). Furthermore,
resistance can be mediated by directly altering the expression of the target such is the
case for etoposide where the predominant mechanism of resistance is decreased
expression of topoisomerase Il (81). Additionally, gene expression changes in signaling
pathways that regulate apoptosis or cell cycle can be drivers of resistance. For
example, the family of BCL-2 proteins act as an apoptotic activator, overexpression of
BH3, a member of the BCL-2 family, correlates with paclitaxel sensitivity in non-small-
cell lung cancer (82). Likewise, decreased expression of cell cycle proteins in the
MAPK pathway have been associated with doxorubicin resistance in breast cancer (83).
Despite the discovery of several new mechanisms of drug resistance, drug resistance
continues to be an obstacle to effective cancer treatment (84, 85). Therefore, the
development of biomarkers or computational techniques that can identify
subpopulations of patients who are likely to be more responsive to certain drugs could
play a crucial role in more effective cancer treatment.
Targeted Therapies: Kinase Inhibitors

Cytotoxic chemotherapies have mechanisms that primarily involve interfering
with machinery needed in cell replication and division. This toxicity is not specific to

cancerous cells but applies to all dividing cells. The theory behind why cytotoxic
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chemotherapies have antitumor properties stems from the preference of these drugs to
target proliferating cells whereas most cells in the body are not dividing as rapidly as
cancerous cells. However, the harsh side-effects that are common with most therapies
result from the drugs ability to affect all dividing cells in the body. This is one of the
limiting factors in treatment with cytotoxic chemotherapies, both from the standpoint of
managing side-effects and planning treatment; a sufficiently long time on chemotherapy
would effectively start interfering with normal cell division processes essential for
maintenance of different tissues. This would certainly eliminate the cancer but in the
process it would kill the patient as well. A better understanding of the genetic and
molecular nature of cancer in the 20" century led to the discovery of several genes or
mutations necessary for neoplastic growth, oncogenes. This would lead to a more
rational drug development approach, by targeting oncogenic pathways the specific
mechanisms that allow for neoplastic growth would be inhibited.

The role of kinases in cancer initiation and progression has resulted in a number
of small molecule kinase inhibitors, including the first targeted drug imatinib which was
shown to inhibit a key tyrosine kinase Bcr-Abl in the formation and proliferation of
leukemias (14, 18). There are roughly 538 different protein kinases encoded in the
human genome and hundreds have been shown to influence cell transformation, tumor
initiation, survival, and proliferation in cancer (86). As a result, 46 kinase inhibitors have
been FDA approved as treatments in various cancers (87). Kinase inhibitors are one of
the most actively studied in ongoing cancer clinical trials; for example, as of 2018 there
were 150 active clinical trials involving kinase inhibitors (86). Most kinase inhibitors

block the binding site of ATP, preventing the transfer of a phosphate group from ATP to
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a protein substrate. Inhibitor specificity results from high frequency oncogenic mutations
specific to certain kinases and cancers (86). Common pathways targeted by kinase
inhibitors include Bcer-Abl, VEGF, EFGR, HER1 and HER2 (table 2) (88). Resistance to
kinase inhibitors is mediated through two different mechanisms; intrinsic resistance and
acquired resistance (89). Intrinsic resistance arises from pre-existing mechanisms that
prevent the drug from working; acquired resistance mechanisms develop after initial
treatment (89). Similar to multi-drug resistance in cytotoxic chemotherapies, intrinsic
mechanisms include increased efflux of the drug out of the cell by increased ABC
membrane transporters (90). Acquired resistance to targeted therapies is one of the
main challenges in targeted therapy, after an initial positive response recurrence often
results from acquired resistance mechanisms (91). For example, acquired resistance
can result from a secondary mutation in the binding site of the drug (89). Because there
is a large overlap in these signaling pathways, resistance can result through
upregulation or activation of redundant or alternative signaling proteins reactivating the
signaling pathway or activation of pro-survival signaling thereby disrupting mechanisms
of apoptosis (91). Despite the very specific approach of targeted therapies, including
kinase inhibitors, factors such as high mutation rates, signal crosstalk and redundancy,
and the complexity of signaling in oncogenic pathways can lead to ineffective treatment

and a multi-drug approach is required to overcome multiple mechanisms of resistance.
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Table 1.2: Select Kinase inhibitors, their targets, and FDA approved uses.(88)

Drug Target FDA approved treatments

Dasatinib Ber-Abl Chronic Myeloid Leukemia, Acute Lymphocytic Leukemia
Erlotinib EGFR Non-Small Cell Lung Cancer, Pancreatic Cancer
Lapatinib HER2 HER2 positive Breast Cancer

Sorafenib VEGF Renal Cell Cancer, Hepatocellular Carcinoma

Sunitinib (F:)-I[;ité‘l;/r\l’EGFR Renal Cell Cancer, Gastrointestinal Stromal Tumor

Cancer: A Genomics View:

Cancer is heterogenous. It is a complex disease and as a result treatment is
complex, difficult, and evolving. The idea of precision medicine has arisen as a means
to address the heterogenous nature of cancer and leverage specific pathological
attributes for diagnosis, prognosis, and treatment (92). Such approaches have given
rise to biomarkers, “A characteristic that is objectively measured and evaluated as an
indicator of normal biological processes, pathogenic processes, or pharmacologic
responses to a therapeutic intervention.” (93). The discovery and development have
been the topic of a great amount of research and resulted in a number of relevant
applications in several cancers. What follows is a brief discussion of the development
and implementation of genomic biomarkers which have risen over the past 3 decades.

It is estimated that 15.5% of all new cancers in 2020 will be breast cancer and
also account for 7% of all cancer related deaths (1). For these reasons a considerable
amount of cancer research has been directed to breast cancer and has allowed for
some of the biggest breakthroughs in cancer therapy and detection (94). Traditionally,

as with all cancers, one of the biggest challenges has been understanding the
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relationship between the biological factors contributing to the epidemiology and efficacy
of treatment. Historically, histological grading was one of the most prominent methods
of predicting outcome. In 1979 Freedman et al. was able to show histological grading
based on tubule formation, number of mitotic nuclei, and shape of nuclei was capable of
predicting outcome in a cohort of 1759 breast cancer patients (95). Focus has continued
on improving the histological grading scale and it continues to be a standard practice
today in diagnosis; however, the advent of gene expression profiling has been essential
in developing both better diagnosis and treatments (96-98).

Technological advancements in sequencing techniques would usher in the ability
to experience biological phenomena on a molecular level including cancer (99). Breast
cancer’s role in the development of precision medicine is best put by Lukong: “The
molecular classification of breast cancer based on gene expression profiles reported by
research groups in the first decade in the 215 century is one of the momentous
developments in personalized medicine in recent years.” (94). One of the earliest
advancements in molecular cancer treatment in breast cancer was the discovery of the
newly sequenced HER2 (human epidermal growth factor 2) gene (100). Soon after
discovery it was demonstrated that over expression of HER2 correlated with poor
clinical outcomes in female breast cancer (101). The discovery of HER2 would lead to
the development of one of the first biomarker based drugs trastuzumab, a multiclonal
antibody with high affinity for the extracellular domain of HERZ2, first granted FDA
approval in 1998 for combination use with paclitaxel for HER2-positive metastatic breast

cancer (94). In 2006 trastuzumab was approved for neo-adjuvant use on early stage
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HER2 positive breast cancers, demonstrating a reduction in recurrence by reportedly
50% (94).

The development of gene array technology in 1995 would launch a new
molecular era of cancer research by allowing rapid and consistent measurement of
expression from multiple genes simultaneously (102). As this technology progressed, a
genetic finger print of breast cancer was starting to emerge, and gene expression would
allow for the genetic subtyping of breast cancer (94). Analysis of 43 breast tumors using
gene expression for 496 genes showed that hierarchical clustering could subtype the
samples into four primary groups: basal like, Erb-B2/HER2 positive, normal breast like,
and luminal estrogen receptor (ER) positive based on co-expression patterns (103).
Another hierarchal cluster analysis of 78 breast cancer tumor samples of 456 genes
also demonstrated the stratification between basal like, ERB-B2 positive, and normal
breast like but found that the luminal could be further be discretized into further
subtypes, luminal A, luminal B, and luminal C; additionally, they established that basal
and ERB-B2 positive cancers were associated with poor prognosis compared with other
subtypes (104). Today there are five main molecular subtypes based on genomic
analysis: luminal A, luminal B, triple negative basal like, HER2-enriched, and normal like
(105). The discovery of these molecular markers have resulted in a number of targeted
therapies for breast cancer. In addition to trastuzumab and its derivates for over-
expression of HER2, a tyrosine kinase inhibitor, lapatinib, was developed an alternative
therapy for HER2 positive breast cancer that is unresponsive to trastuzumab (94).

Fulvestrant is an estrogen receptor antagonist used on ER positive breast cancer (106).
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Additionally, aromatase inhibitors which interfere with estrogen synthesis, can be
effective in preventing relapse in hormone receptor positive breast cancers (107).

As seen in breast cancer, molecular classification has had tangible effects with
regards to diagnosis, prognosis, and drug treatments. Thus, there have not only been
efforts in breast cancer but many other families of cancers as well. Classification of
cancers by histology has relied on morphological appearance; however, histological
similarities are rarely indicative of individual patient’s response to therapy (108, 109).
Golub et al. carried out one of the initial experiments to classify acute leukemias using
only gene expression data (108). From a collection of 38 bone marrow samples (27
acute lymphoblastic leukemia (ALL), 11 from acute myeloid leukemia (AML)) and gene
expression of 6817 genes, a 50 gene predictor was constructed to discern between the
two different classes of leukemia; when applied to an independent collection of
leukemia samples the predictor was able to correctly predict the class of 29 of the 34
samples (108).

Clinically significant subtypes of diffuse large B-cell lymphoma (DLBCL) could
also be differentiated by gene expression profiles. It was found that there were two
distinct gene expression profiles that “reflected variation among tumour proliferation,
host response and differentiation state of tumours” (109). Using hierarchical clustering
on 2984 genes, DLBCL samples clustered into two distinct groups, those with a similar
gene expression profile to germinal center B cells, GCB-like DLBCL, and those with
gene expression profiles closer to activated B cells, ABC-like DLBCL (109).
Furthermore, it was noted that the clustering was a multi-gene phenomenon, a single

gene alone could not differentiate the two subgroups (109). Additionally, the
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classification of the DLBCL subgroup had a profound influence in overall survival with
GCB-like DLBCL carrying a much higher probability of survival compared to ABC-like
DLBCL (109).

Many of the earlier methods of cancer classification utilized univariate correlation
and clustering methods to construct gene expression signatures. Alternatively, different
approaches utilizing machine learning to classify cancers and construct gene
expression signatures were also being explored. Khan et al. utilized artificial neural
networks to classify small, round blue cell tumors, including neuroblastoma,
rhabdomyosarcoma, non-Hodgkin lymphoma, and Ewing’s sarcomas (110). Utilizing an
iterative training approach with a two layer artificial neural network (ANN) they isolated a
96 gene signature with 100% accuracy on a test set of 20 tumor samples (111).
Similarly, an ANN was trained to distinguish between Barrett’'s esophagus and
esophageal cancer achieving 100% accuracy and a gene signature of 160 genes (112).
Several studies applied support vector machines (SVM) to tumor classification as well.
Furey et al. used a linear SVM for classification on the same set of AML and ALL
tumors as Golub et al. (108), achieving slightly results correctly 30 to 32 tumors
correctly, compared to 29 of 35 by Golub, using gene signatures ranging from 25 to
1000 genes (113). Likewise, Su et al. achieved 90% accuracy using a one versus the
rest SVM classifier and 110 gene signature to distinguish between tumors from 11

different carcinomas (114).
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Predicting Patient Outcome With Gene Expression:

These selected examples demonstrate that gene expression profiling could
successfully differentiate between tumor types and subtypes. The ability of gene
markers to establish breast cancer subtypes had important consequences in
determining treatments and drug development. Additionally, it was shown that multigene
markers could differentiate acute leukemias and led to the discovery of two different
subtypes in DLBCL that could explain differences in survival. The clinical significance of
these results suggested that gene expression might have the ability to predict drug
response. Early, demonstrations of the ability of gene expression to predict treatment
response was successful in medulloblastoma. Pomeroy et al. took 60 pediatric tumors
and applied a K-nearest neighbors (KNN) classifier to classify patients as either
responsive to treatment or unresponsive to treatment (115). Using a leave one out cross
validation they established an eight gene signature with only a 15% miss-classification
rate (p=0.009) (115). Additionally, when comparing this classifier to tumor staging, the
KNN classifier achieved greater significance (p=0.002 vs p=0.03) in classification which
they claim demonstrates?® the additional benefit of gene expression based markers
(115).

The success of gene expression profiles to delineate clinically meaningful
classifications in DLBCL (109) directly resulted in efforts to model patient outcome.
Shipp et al. used a cohort of 58 DLBCL patients, 32 with cured disease and 26 with fatal

or refractory disease, and used a supervised learning technique to classify samples

3 This was stated by the authors of the original cited work and is not a viewpoint
necessarily taken by authors of this work.
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either as cured or those who had fatal/refractory disease after treatment with a regimen
of cyclophosphamide, docorubicin, vincristine, and prednisone (CHOP) (116). Using
cross validation they showed that a 13 gene model could accurately predict the long
term survival of DLBCL patients (116). In a similar study 240 DLBCL patient were split
into a preliminary group of a 160 samples and a validation group of 80 samples (117). A
17 gene signature, based on correlation with outcome, was used to construct a Cox
proportional-hazards model on the preliminary data, when this model was applied to the
validation data they were able to achieve results that were significantly correlated with
clinical outcome (117).

Genomic markers in breast cancer gave rise to specific molecular markers that
could be used to tailor treatments to specific classes of breast cancer. However, the
drugs that have resulted from genomic markers only apply to a subset of patients;
additionally, cytotoxic chemotherapy has proven to be effective therapy for women at
risk for development of recurrent disease (118, 119). However, estimates of the
additional benefit of adjuvant chemotherapy range from a 7-11% increase in 10 year
survival for women under age 50 and only 2-3% for women aged 50-69 (120). Gene
expression profiling has been shown to predict patients that would benefit from adjuvant
chemotherapy and has resulted in clinically utilized technologies. In an analysis of 98
breast cancer tumors in young women a multi-gene marker of 70 genes was
constructed using supervised learning to distinguish patients that would develop distant
metastases within five years and those who did not without adjuvant chemotherapy
intervention; the multi-gene marker resulted in only a 5.3% misclassification rate on an

independent validation set of 19 tumors suggesting that the predictor could identify
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individuals who might possibly benefit from adjuvant chemotherapy and those who
could be successfully treated without it (121). Based on similar work there have been a
couple multi-gene platforms developed to help clinicians in making decisions about
treatment in breast cancer. For example, OncotypeDX (122) is a 21 gene assay which
is predictive of 10 year cancer recurrence for patients with early-stage ER positive and
lymph node-negative breast cancer after hormone therapy, accounting for
approximately 50% of diagnosed female breast cancers (94). Similarly, MammaPrint is
another FDA approved test, consisting of a 70 gene signature that determines if a
patient would benefit from adjuvant chemotherapy for all breast cancers (94, 123).
Application of in vitro cell lines to predict Chemosensitivity:

Current drug discovery methods rely on in vitro high-throughput screening to
generate initial hypothesis about the clinical benefit of a compound (124). With respect
to chemotherapy, prior to in vitro cell line screens, in vivo drug screens were done by
implanting tumor cells in mice (13). From 1986 to 1990 the National Cancer Institute
(NCI) had developed a panel of 60 immortal tumor cell lines, the NCIG0 cell line panel
(60). By the early 1990’s the advancement of robust drug screening methods would
lead to the first drugs, ellipticinium derivatives, to show anticancer effects using the
NCI60 cell line panel (60). Cell line screens of anti-tumor compounds on the NCI60 cell
line serve as a cornerstone of the NCI Developmental Therapeutics Program and serve
as a fundamental tool in drug discovery and development (125). The success of the of
the NCI60 drug screening program has inspired other cell line databases, such as

Genomics of Drug Sensitivity in Cancer (GDSC) a panel of 987 cell lines screened with
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367 different compounds (126) and the Cancer Cell Line Encyclopedia (CCLE) which
includes 479 cell lines screened on 27 compounds (127).

One of the difficulties in cancer treatment is that tumors are composed of
heterogenous subpopulations of cells, this is the motivation behind multi-drug treatment
(14). The effectiveness of omics based models to predict effective personalized
therapies relies on the ability to capture sufficient variability in omics based signatures
that are explanatory over a range of drug sensitivities (128). In vitro cell line models
provide an ideal platform where molecular variability is captured over a diverse set of
cell lines and easily associated with drug response (129). As a modeling tool, in vitro
drug screens are a valuable resource for model development and biomarker discovery,
representing a large molecular diversity over several compounds. Thus, there has been
a concerted effort to accurately model drug response in in vitro systems with the
expectation that these models may become stepping-stones for developing more
effective and diverse precision therapies in a clinical setting.

In vitro drug screens allow rapid model development and validation over
hundreds of compounds without the need for large amounts of clinical or in vivo data.
Staunton et al. took drug screening data from 232 compounds in the NCI60 and
developed a classifier between sensitive and resistant cell lines (130). From an initial
6817 genes, a gene signature based on the ability of the gene to discriminate between
sensitive and resistant cell lines, was constructed for each drug; classification was
made based on weighted comparison of the gene expression signature to the
signatures of the sensitive and resistant cell lines (130). Using an independent testing

set they claimed that were able to generate statistically significant models for 88 of the
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232 compounds (130). Potti et al. used a 50 gene signature and Bayesian binary
regression to predict docetaxel response in the NCI60 with 74% accuracy (131). Lee et
al. developed a method to extrapolate gene signatures in the NCI60 and applied to
human bladder cancer tumors (132) which served as a basis for a recent clinical trial in
human bladder cancer (133). Additional cell line data bases have been used in
predictive models as well; Barretina et al. constructed predictive models in the CCLE for
24 anti-cancer agents and found several predictive gene-drug associations (127).

Computational methods in biology are rapidly developing as the collection,
integration, and storage of large quantities of data become a focus of scientific and
medical research. The complexity of the data is going to require creative and novel
approaches; however, with vast amounts of tools and data an understanding of the
different methodologies is paramount to continue to make progress. In a competitive
format the NCI-Dream challenge evaluated 44 drug sensitivity prediction algorithms on
a cohort of breast cancer cell lines (128). Given copy number variation, transcript
expression values, mutation status, RNA sequencing data, DNA methylation, and
reverse phase protein array (RPPA) data for 35 breast cancer cell lines, models were
trained to predict drug sensitivity for 28 anti-cancer compounds and evaluated on an
independent set of 18 cell lines (128). This was followed by a rigorous independent
analysis on modeling approaches and the influence of different data modalities on
overall performance (128).

The NCI-DREAM challenge provided several key insights to omics-based
modeling. Models ranged from non-linear multitask learning, sparse linear regression, to

simply using correlation based prediction; additionally, teams utilized anywhere between
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one to all six datasets with some teams including specific known pathway information
(128). Thirty four of the forty four models yielded prediction accuracies better than using
a random permutation to rank drugs (128). The two top performing models utilized non-
linear techniques; however, the third best performing model was strictly correlation
based, indicating that model complexity was not necessary to build a top performing
model (128). Furthermore, when the influence of different data types on model
performance was analyzed, gene expression data was found to contribute most to
model performance (128).

Chapter three is largely influenced by the NCI-DREAM and merits further
discussion. One of the striking findings was the difference in performance between the
best performing model and the third best model despite a stark contrast between model
complexity. The best performing model used a multi-view, multi-task Bayesian multi-
kernel learner (Bayes-MKL) (128). For simplicity, a kernel can be thought of as a group
of functions that measures the similarity between two data points; a more detailed
description of kernel functions is presented in chapter 2. The Bayes-MKL approach
utilized all six of the given data sets and combined them into multiple data views by
combing different data types into feature matrices (128). Each view was used to
construct individual non-linear kernel functions then combined by linear weights derived
from a Bayesian learning approach. The training was done simultaneously for all 28
drugs, referred to as multi-task learning (128). The third place model utilized gene
expression, RNA seq, and RPPA data. Each feature was weighted according to its
correlation with drug response and predictions were made using the correlations of the

weighted features (128). Interestingly, the performance difference between these two
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different strategies was only 2.2% (128). This highlights that a simple statistical method
can perform better or comparable to a number of more complex modeling approaches
and raises the question if more complex models capture complex data-drug
relationships or if these methods are simply a more elaborate method of measuring
simple statistical relationships? Either way, this demonstrates the importance of having
a better understanding of how data is used to learn specific drug interactions and how
they can be leveraged for more robust and accurate prediction of drug response.

The success of Bayes-MKL is representative of current trends in predicting drug
response. There has been a focus on how to integrate different types of data for better
overall prediction accuracies. This has been facilitated by an a continued interest in
multi-kernel learning methods and the recent popularity of deep learning (134, 135).
Chang et al. used a convolution neural network (CNN) to combine gene expression data
from cancer cell lines and gene mutation status from a cohort of patient tumor samples
for 244 drugs; additionally, they applied their model to 1487 approved drugs and were
able to identify 37 possible new cancer treatments (136). Similarly, artificial neural
networks (ANN) have been used as autoencoders to develop low dimensional
representations of high dimensional data sets; for example, Li et al. employed an
autoencoder to generate low dimensional representations of gene expression data then
combined those representations with chemical structure data to predict drug response
in the CCLE and GDSC (137). Furthermore, Ammad-un-din implemented kernelized
Bayesian matrix factorization to integrate multiple data views in conjunction with MKL to

predict drug response of cell lines in the GDSC (138). Also applying MKL, Cichonska et
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al. used cell line data, drug characteristics, and protein level data to predict drug
response in the GDSC (139).
Gene Perturbation and Drug Response

The vast majority of the molecular characterization of large-scale in vitro cell line
databases is limited to a static or basal state. For example, the gene expression data
that exist for these cells is limited to cells in generally growth conducive conditions. This
is particularly limiting especially when trying to understand the underlying mechanisms
of drug response. Drug response, itself, is a dynamic process that involves the
interruption of several cellular processes. It is reasonable to associate the cytotoxic
effect of a drug with the drugs ability to interrupt crucial cellular processes that cancer
cells need to proliferate. This was largely the motivation for the connectivity map, to
explore drug mechanisms with disease states, drug influence on drug induced
physiological response, and relationships between different drugs based on drug
mechanism (140). For example, it was hypothesized that if a disease state was
associated with certain genetic differences from a non-diseased state, a drug which
induces an opposing genetic response to the diseased state might be able to reverse
the disease state on treatment. Similarly, if two different drugs resulted in similar genetic
changes after treatment than those drugs might share similar mechanisms (140).

The first version of the connectivity map was released in 2006 by Lamb et al. and
consisted of genetic profiles of up to four cancer cell lines perturbed by 164 different
small-molecule perturbagens (140). The general concept was to develop multi-gene
signatures for disease states and signatures for each drug and find the correlations that

could be made between disease states and gene changes induced by drugs (140).
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Initial applications of the connectivity map showed several instances of proof of concept.
Particularly, they were able to similar signatures for HDAC inhibitors vorinostat and
trichostatin; additionally, they were able to reverse dexamethasone resistance in the
lymphoid cell line CEM-c1 by introducing treatment with sirolimus which was suggested
by profile comparisons in the connectivity map (140). In 2017, the generation of an
optimized gene expression assay of 978 genes, the L1000 referring to its 1058 probes,
that could infer the expression levels in 81% of the additional gene transcripts
generated profiles from the original 164 drugs to 19,881 small molecule drugs among 3
to 77 cell lines (141). Since its inception, the connectivity map has been used to
generate hypotheses for new drug treatments (142-144), identify new pathways (145),
and identify combination treatments (146, 147). Overall, the connectivity map showed
that there was a clear relationship between disease, gene expression, and drug
treatment.

Motivation:

The co-expression extrapolation (COXEN) trial in human bladder cancer was
recently completed (133). The study was based around the COXEN algorithm which
leveraged co-expression patterns between NCIGO0 cell lines bladder and breast tumors
for feature selection and model training to predict drug sensitivity in bladder and breast
cancer patients (132). The clinical trial looked at 237 bladder cancer patients which
either received neoadjuvant chemotherapy regimens of methotrexate-vinblastine-
adriamycin-cisplatin (MVAC) or gemcitabine-cisplatin (GC), COXEN then was used to
extrapolate gene profiles to calculate a score that was predictive of tumor downstaging

and the best chemotherapy treatment (133). The results of the study stated that the
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COXEN score had no discernable significance in predicting successful chemotherapy
regimen or downstaging looking specifically within the GC or MVAC treatment groups
(133). However, the GC COXEN score for all patients, both patients receiving GC
therapy and MVAC therapy, was a significant predictor of downstaging (133). One
survey of the literature highlights an important question: why haven’t these models that
have astounding performance in situ not translated to clinically available tools? The
statistical epidemiologist, loannidis, in a somewhat damning critique titled “Why Most
Published Research Findings are False” suggest that this is a result of many factors, but
two of particular interest he gives are “greater flexibility in designs, definitions,
outcomes, and analytical modes” and the “chase of statistical significance” that has
become almost a requirement for publication (148). The increase in computational
capacity, data volume, and advances in machine learning, particularly deep learning,
can capture complex phenomena; however, it is essential to keep in mind that
complexity does not necessarily translate to utility.

The purpose of data driven models in oncology is the development of robust and
interpretable clinical tools or, alternatively, vehicles that can drive knowledge and
discovery acting to bridge the gap between large amounts of hard to interpret data and
the biological phenomena underlying those data. /n vitro models are often the initial step
to determining drug cytotoxicity because they offer the most direct way to determine
cytotoxicity on a cellular basis; additionally, large amounts of cells and drugs can be
characterized relatively quickly and accurately. The simplicity of in vitro assays is a
necessary proving ground for modeling approaches; if a model cannot predict

cytotoxicity at a cellular level it is unlikely that it will be successful in tumors or patients
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where factors such as tumor heterogeneity and patient physiology might become
important factors. Additionally, in the absence of additional complexities such as the
micro-tumor environment, the cytotoxicity can directly be attributed to molecular aspects
of the cell. Therefore, modeling in vitro chemosensitivity is an essential step to
establishing a predictive relationship between genomic features and cytotoxicity that is
necessary for more complex models. Furthermore, without additional confounding
factors, the association between gene expression and drug response is more clearly
defined for biomarker discovery and hypothesis generation which can be leveraged in
more complex models in tumors and patients. Therefore, the main focus of this work is
to leverage in vitro drug response and gene expression data to systematically identify
the relationships between modeling practices, gene expression, and drug response to
provide a clear and precise foundation for innovations in model development and
analysis.

The following chapter serves as a brief technical introduction into statistical and
machine learning concepts and practices. The third chapter is largely motivated by the
NCI-Dream challenge, providing a more focused view on the tradeoff between linear
and non-linear approaches and biomarker selection using gene expression in the GDSC
and the NCIG0 cell line panels for supervised learning of drug response for cytotoxic
chemotherapies. The fourth chapter explores the relationship between drug exposure,
changes in gene expression, and drug response using supervised learning and network
analysis. The fifth chapter uses genes identified from the network analysis to derive a
basal signature and applies them to a drug response model of bladder cancer patients

treated with a combination of gemcitabine and cisplatin.
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CHAPTER 2: TECHNICAL REVIEW

The Problem of Learning

Chapters 3, 4, and 5 explore how statistical learning techniques can be used to
infer the relationship between gene expression and drug response for in vitro cell lines.
Tibshirani et al. defines statistical learning as the construction of a statistical model “for
predicting, or estimating an output based on one or more inputs” (1). Thus, in the
context of this work the input is gene expression and output is drug response. While a
“statistical model” is a generalized term for a number of tools and techniques; central to
all statistical models is their dependence on data. Thus, all statistical models leverage
statistical patterns to estimate the relationship between input and output variables
based on a given set of observations, i.e. data, and applies these relationships to
additional inputs with the goal of accurately generating an output.

What follows a general mathematical formulism for the learning problem. First
define the input space as X and the output space as Y, specifically concerning the
models in the following chapters, X, is the gene expression profile for all possible cells;
likewise, Y, is all possible values for drug responses of those cells. Members of X are
given as vectors x; = {x4, ..., xp} and for simplicity we will assume x; 3 R; however,
noting that x,; can be any numerical, ordinal, or categorical value. Additionally, the
members of Y are given as vectors y; = {y4, ..., V4, }, again for simplicity we will assume
the members Y are real value scalers such that y; = y;, ¥; 3 R while noting that y; can
be of any dimension and y; can be any numerical, ordinal, or categorical value.

Additionally, we will assume that there is some function such that f: x; - y; V x;,y;.
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Now the objective of learning is to learn the function f given a paired subset {X, Yy}
where Xy 2 X, Yy D Y. However, given that we are given a limited amount of data we
are relegated to estimating f such that the metric |f: x,, — f: x,,| is minimized for all x,, 3

Xy. In order to do this we define a loss function

0if |fixp—yu| =0

h(xn) ::{z>0if|f:xn—yn| #0

then we minimize the sum over all X,

N
min £: = z h(x,)

i=1

Gene Expression Modeling: The Basics
Figure 2.1 shows the general workflow that is followed for model construction.

The input is gene expression microarray data for an in vitro cell line and the output is
the concentration of drug which inhibits the growth of that cell line by 50% (ICs0/Glso).
Gene expression is measured in microarray experiments; first, mMRNA is extracted from
the cell line. This is followed by reverse transcription of the mRNA into fluorescently
labeled complementary DNA (cDNA) via reverse transcriptase and then transferred to a
microarray chip, referred to as DNA hybridization. Each microarray contains multiple
sets of tens of thousands small oligonucleotide probes (~20 bases) complementary to
conserved regions of the cDNA for each gene. Gene expression is quantified by the
number of gene specific probes hybridized to the chip measured by the fluorescent
intensity of the gene specific region of the microarray. Drug response is quantified by a
cohort of experiments where different concentrations of drug are exposed to
fluorescently labeled in vitro cell line for a fixed amount of time the growth response is

then measured as a fraction of the baseline value. The ICsg is typically extrapolated
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from a sigmoidal fit to the data and reported with a log scale. For all the work presented

in chapters 3,4, and 5 the data was downloaded from publicly available databases.
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Figure 2.1. Workflow of a general model including data acquisition, feature selection (if
applicable), training including parameter optimization (if applicable), and model
evaluation.
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Each microarray experiment pertains to a single cell line and as discussed, gene
expression is quantified based on relative fluorescent intensity which is proportional to
the expression of that gene. However, as each microarray is a separate experiment it is
subject to random experimental effects; thus, comparison of two different microarray
experiments might not be biologically relevant (2). Therefore, it is necessary to adjust
the intensity values such meaningful comparisons can be made, referred to as
normalization of the data. There are several methods of proposed data normalization
techniques (3, 4). Chapters 3, 4, and 5 use a popular method known as robust multi-
array-average (RMA) (5) or a variation of RMA called frozen RMA (fRMA) (6). After
RMA has been applied gene expression is then reported as a log scaled intensity value
which comprises the gene expression matrix (5).

The utility of a model is based on predictive capabilities to a broad range of input
data. However, models are constructed on a finite subset of observations which is
typically a small subset of all possible observations. In order to estimate the
generalizability of the model to a general population the model has to be evaluated on
observations independent of the observations the model was constructed. This is
accomplished by partitioning the data into training and testing subsets. Again let {X, Y}
represent the space of all gene expression profiles with the corresponding drug
response with the assumption that there is some underlying statistical relationship such
that there is a function f: X — Y. We are limited to a subset of observations
{X,Y} o {X,Y} to estimate f. Furthermore, we define the training set to be a subset
{Xy, Yy} 2 {X,Y} and the testing set to be the complement {Xf, Y} of the training set.

Generally speaking X is sometimes referred to as the data and Y is sometimes referred
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to as the target value. The function, f, is estimated, or trained, on the training set and
then evaluated on the test set to estimate if the model generalizes well to random
observation of {X, Y}. Regression models can be evaluated by a number of statistics
including R?, Pearson correlation, Spearman correlation, root mean squared error
(RMSE), or mean absolute difference (MAD). Classification model are typically
evaluated by classification accuracy, sensitivity, and specificity. The performance of a
model on a test set estimates the predictive accuracy when applied to a random input of
X.

Often in practice, there is variation in model performance that depends on the
individual samples within the testing and training set, this the result of overfitting which
will be addressed later. Thus, to quantify the variation due to random sampling the
model is trained on several different partitions of the data into training and test sets and
the model is evaluated by the average performance on all test sets. This procedure is
referred to a cross validation. Additionally, many methods such a regularized regression
techniques require a predetermined parameter to be specified; however, it often
unknown what parameter will lead to the best performance on the test set. Thus, often
cross validation is performed during training on subsets of the training set as the
parameter or parameters are systematically changed. The parameter set that performs
best overall cross-validation sets is selected then the model is re-trained on all data

and then evaluated on the independent test set.
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Least Squares Regression
Least squares regression is the standard method that is used to optimize over a

linear equation:
M
f:xi = Z W]x] (21)
j=0

where y; is the target value for sample i, w’ = (wy, wy, ..., wy) Where M is the
dimensionality, and x! = (xo, x{, ..., x;) Where x; is the j" variable for sample i. Also
note that XT = (x,, ..., xy) where N is the total number of samples, additionally w, = b
and x, = 1 to make a more compact form of the standard linear equation y = mx + b.

Furthermore, with respect to the formalism that was presented above, f: x; = y; and:
1 T 2
h(x;) = SwWix —y)® (2.2)

therefore least squares regression is defined as the optimization over the following error

function:
N
1 T 2
E:w = Ez(“’ X —y)? (2.3)
i=1

the optimal solution is found by minimizing the error function with respect to w:

dE _
dw

0= Z X (Wx; —y;) (2.4)

i=1
Converting this to matrix form gives the following solution

T

T XTX

w

(2.5)

where YT = (y;, ..., ).
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Overfitting:

Generally the goal of learning is to develop a method that is generalizable to all
possible values of input data. Overfitting results when a model is very accurate on a
training set but does not generalize very well to data outside the training data. Many
factors contribute to overfitting such as noise resulting from data acquisition, the number
of data points available, and the dimensionality of the data. Omics data are susceptible
to all three of these conditions; systematic error and random error will always be present
in experimentally collected biological data and the number of data points in a given data
set is far exceeded by the number of genes. An additional complication that arises is
there is a large co-dependence between genes as several genes may be components
in a single biological function, such as a pathway. With respect to dimensionality,
generally the training error continuously falls with increasing dimensions and testing
falls until it arrives at a minimum additional variables often result in increased error. The
effect of dimensionality on model accuracy has been termed “the curse of
dimensionality”.

The Curse of Dimensionality:

The total number of human protein-coding genes is not entirely known (7).
Current estimates put it somewhere between 20,000 and 25,000 (8). Thus, a genome
as a whole is a high dimensional system in comparison to the dimensionality of many
other datasets. The phrase “the curse of dimensionality” can be traced back to 1957
and is attributed to Richard Bellman (9). The curse of dimensionality basically refers to
the sparsity that arises from finite sampling of data in high dimensional space,

particularly when the dimensions greatly exceed the number of data points (10). The
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notion of distance is a fundamental concept in machine learning; for instance, in LSQR
is can be shown that the optimal solution is the solution which minimizes the Euclidean
distance between data points and a point on the best fit line. For example, if we take
two random points whose coordinate value on each dimension is a uniform random
variable from 0 to 1, increasing the number of dimensions results in the points becoming
farther apart (Figure 2.2 A.). Conceptually, the consequences of this can be
demonstrated with a simple regression algorithm where we are given a handful of data
and target values, a simple way of estimating the value of a new point is just to assign it
the same value as the closest point in the data that’s been observed. If the majority of
the variability in the target value is the result of a small subset of the total variables but
the distance measured is going to depend on the total dimensionality, there is a
possibility that values that differ substantially in meaningful variables are closer together
than points which are closer with respect to their target value. Furthermore, as the
dimensions grow to a substantially larger number of points, the points will become
effectively equidistant and then noise could have a much bigger effect on the accuracy

(Figure 2.2 B-D).
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Figure 2.2: A. As the number of the dimensions goes up the distance between two
points increase as well. B-D As the number of dimensions increase from 1 (B), 2 (C), 3
(D) the number of points that occupy a d dimensional unit goes from 2 to 0.2 to 0.02

Techniques for Dimensionality Reduction:

There are two ways of mitigating complications that arise from high
dimensionality; the first is to increase the number of data points such that the number of
data points and the number of dimensions are comparable. However, in omics modeling
the number of variables often exceeds the number of data points by several orders of

magnitude, thus increasing the data that substantially is not practical. Furthermore, the
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curse of dimensionality can be thought of as a combinatorial problem; as dimensions
are added the possible locations for a points in space increases exponentially (Figure
2.2 b-d). Thus, by reducing the number of dimensions the possible location of the point
decreases dramatically; therefore, the data occupy a much more dense space where
the relationships between points can be well defined, which is essential to learning
tasks. While dimensionality reduction can be approached from a number of ways, such
as various methods of manifold learning, for the purposes of this text the discussion is
limited to Principal Components Analysis and feature selection.

Principal Components Analysis:

Principal components analysis (PCA) is a linear dimensionality reduction
technique that projects multidimensional data onto a lower dimensional space in such a
manner that the variance of the projected data is maximized (10). With respect to
genomics modeling where the number of dimensions usually exceeds the number of
data points, PCA allows for substantial dimensional reduction while also maintaining the
maximum amount of variance. The follow derivation closely follows that of Bishop’s (10).
First, let each of the N data points be represented by an M dimensional vector, x,,.
Define another M dimensional vector, u,. Now the objective of PCA is to find the
direction of u; such that when all x,, are projected onto u, the variance of the projected

data is maximized. By definition the variance along u, is given by

N N
1 _ 1 _ _
5 @lx, —ul®? =+ > ul(ty — Dy - D = ulSu,  (26)
n=1 n

=1
Where S is the covariance matrix of with respect x,, not projected onto u,. Therefore to

find the maximum of ul Su, with respect to u, the method of Lagrange multipliers is
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used to prevent ||u,|| = o. The constraint ulu, = 1 allows for maximization of the
following with Lagrange multiple 2,

wl'su, + (1 —ulw) (2.7)
taking the derivative of this and setting it equal to zero the following solution is obtained

Su, = Luy - ulSu, = 1,

Therefore the projection of all x,, onto the vector u; has the maximum variance of value
A4. Further principal components, u, ...,u; [ < N, can be similarly defined and the
process can be repeated, with the additional requirement u; are orthogonal. The benefit
of PCA is that often the majority of variability in high dimensional data can be captured
on a lower dimensional subspace. One drawback of PCA is the number of components
can be not exceed the number of data points. In high-dimensional problems the number
of dimensions is much greater than the number of data points, u; < uy. Therefore, the
low dimensional projection of data given by PCA might not be sufficient to capture
meaningful variability that is only present in a higher dimensions.
Feature Selection:

PCA can greatly reduce the dimensionality of a dataset. The ability of the
principal components to represent the variance of the data in a lower dimensional space
can have a dramatic effect on overfitting in a regression of classification task; however,
the direction of the principal components are oriented to maximize variance over the
entire dataset, not necessarily with respect to a target value in a learning problem. For
example, consider spheres of variable volumes and masses in a constant gravitational
field all with the same height above the ground. The potential energy of the sphere only

depends on its mass if the height is fixed; however, representing each sphere as a two
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dimensional data point the, the first principal component would be oriented such that it
captures maximum variability with respect to mass and volume. Therefore, if | am trying
to learn a function for potential energy given noisy data, and use PCA to reduce the
dimension of my data from two to one, there is a possibility of overfitting especially if
mass and volume are independent. In order to minimize error on a testing set, it might
be best to only use the mass of the spheres for learning. Such a practice is referred to
as feature selection in learning applications.

In a model construction, contextual knowledge might be used to select out
important features prior to model building; for example, if a model is constructed to
estimate the amount of some molecular byproduct in a cell based on gene expression
and it is known what enzymes carry out this process, then all genes can be eliminated
except for the ones coding for those enzymes. However, with respect to drug response
in tumors or cancer cells mechanisms that determine response might not be entirely
known, even for targeted agents the mechanisms of resistance might not be fully
understood. It is therefore necessary to reduce features based on the data itself. Data
based feature selection is broadly categorized into three categories, filter, wrapper, and
embedded methods. For the purposes of this review only filter methods are discussed;
however, a substantial amount of literature is devoted to feature selection in its entirety
both in the context of bioinformatics and other statistical learning applications (11, 12).

The defining feature of filter methods is that features are selected prior to training
the model. Often genomic models involve discriminating between two or more states,
such as sensitive or resistant in drug response. One technique filters out genes based

on the difference in fold change between the two groups (13). Likewise, a two-sample t-
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test can be used to determine if a gene belongs to the same distribution in both groups.
However, the validity of a t-test relies on the assumption that the random variable
follows a normal distribution that has a well-defined mean and variance. In the case of
small sample size,s the mean and variance are not well defined and thus a t-test is
poorly suited; however, methods using modified t-tests have been implemented with
genomic data. For example, the R package limma uses a modified t-statistic that allows
for parallel estimation of parameters by “borrowing” information from other genes (14).
Additionally, non-parametric methods such as the Wilcoxon rank-sum test have been
used to deal with non-normality assumptions (15). Other methods include the use of
mutual information to determine relevant features (16).

The above methods are all with respect to discrete classes; however, chapters 3,
4, and 5 are all presented as regression problems and thus require methods that are
defined for continuous data. The simplest method is univariate correlation based feature
selection (CBF) (17). The process involves calculating the Pearson correlation
coefficient between drug IC50 and gene expression for all genes. Genes below a
certain correlation cutoff or correlation magnitude to include negative correlations.
Alternatively, a level of significance cutoff can be made; however, depending on the
level of significance, for a high dimensional system the false discovery rate can be quite
high. This can be mitigated by correcting for multiple testing using Bonferroni correction
(18), or controlling for the false discovery rate using the Benjamini-Hochberg procedure
(19). Again the Pearson correlation assumes normality; however, in a case where the
normality assumption does not hold the Spearman rank coefficient offers a non-

parametric alternative.
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High dimensional systems often involve a large amount of co-linearity. This
certainly applies to genomic systems as many genes typically are involved in a cellular
process. This can pose challenges when using any kind of filter feature selection. If
several genes are highly correlated, they both might meet selection criteria; however,
this results in a high level of redundancy between features offering no additional
predictive power and might actually be punitive by adding additional noise that can
cause overfitting. This suggests that the optimal set of features are the features that can
explain the maximum variability in the target variable while minimizing the overlap
between features. This is precisely the motivation behind minimum redundancy
maximum relevance (MRMR) feature selection (20). The MRMR algorithm is simple:
each new feature is added to maximize the following quantity (20):

! 2.8

max {£(g,7)/ mgjzeclcwpgil 28)
where g; € G which is the set of selected features in this case genes, g; € G' is the set
of all other genes, |G| is the number of selected genes, f(g;,y) is a function that
measures the similarity between the gene and drug response, y, such as correlation or
f-test in the case of categorical targets (i.e. sensitive vs resistant), and c(g;, g;) is the
Pearson correlation between genes. This is repeated until some criteria is met; for
example, a specified cutoff for the number of features. Simply put, the next gene added
to the previously selected features should have a maximal relationship with drug

response with minimal co-linearity with genes already in the feature set.
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Additional Methods of Linear Regression:

Least squares regression is a very effective method to estimate a number of
practical phenomena both linear and approximately linear. However, as discussed in
high dimensional systems the curse of dimensionality can lead to overfitting. One of the
methods to address this issue is to use filter based feature selection; nonetheless, many
filter based feature selection methods are univariate ignoring multi-variate interactions
that may play important roles. Some filter based methods can be extended to multi-
variate interactions; for example, CBF can be applied to sets of variables (17); however,
to apply this method to every possible combination of unique sets in high dimensional
systems is impractical, especially for anything greater than a two gene interaction. If g is
the number of genes and k is the number of covariates in the feature, the number of
possible features to be tested is g*. Furthermore, wrapper and embedded methods can
be computationally intensive as well (11). Nonetheless, several modified versions of
LSQR have been proposed that can offer substantial improvement based on a
generalized linear model.

Principal components analysis is an effective method for conserving the
maximum variability of high dimensional data in a lower dimensional subspace. Thus,
PCA results in a set of M principal components U,, = (uy, ..., uy) with dimension (I x M)
where M must be less than or equal to the number of data points. Additionally, let
X = (x4, ..., xy) be the matrix of N data points with a dimension of (I x N). Furthermore,
as is the case for genomic data, [ > N. Projecting X onto M principal components
defines each x,, as a M dimensional approximation of each point X,, = U} X.

Additionally, X, is the best approximation, i.e. captures the most variability, of the
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original data in M dimensions. Given that the target value follows a linear function Y =
w’X the value of y as a function in M dimensions can be approximated as
Yy = wlUyX = wh, X,,. The principal components regression (PCR) is a LSQR over the

lower dimensional data with the following error function
N
1 . 2
Ewi) =5 ) Whii, =)' (29
n=1

The question that remains is how is M chosen. Recall that 4, is the variability along
component m, additionally 1; > 4, > --- > 1), > -+ > 1y. One method would be to
decide the number of components by the fraction of variability that is explained. The
other methods is to systematically add or remove components by the magnitude 4,, and
evaluate how many components are needed to perform optimally using cross validation
during training. PCR can work exceptionally well if the variability in the data is directly
related to the target value. PCR has the added value of not having to eliminate features,
as required by feature selection, while finding a lower dimensional representation.
However as noted above, the orientations of the components is with respect to the
variability in the independent of data itself. Thus, if a large amount of variability in the
data is unrelated to the target data, the components might not give the best low
dimensional representation with respect to the target variable.

Ridge regression is a popular method used to fit linear functions while also
bounding over-fitting. The method adds and additional penalty term to the error function
that puts restrictions on the weight vector w referred to as a regularization term. Ridge
regression, in particular uses what referred to as the L2 norm of a vector as a penalty

function. The L2 norm for a vector is defined as
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M
wiw = leil2 (2.10)
i=1

The resulting regularized error function is given as
N
1 A
E(w) = EZ(WTxi —y)?+ EWTW (2.11)
i=1

Overfitting is usually coupled with larger values for the L2 norm, the penalty term
therefore preferences components of w that have the largest overall effect on the
accuracy at the expense of some components those which have lesser influence.
Intuitively, this prevents overfitting because variables accounting for the “underlying
phenomena” should have larger effects on the accuracy than variables that may only
contribute to overfitting. Here 1 is a Lagrange multiplier that modulates the trade off with
higher values being more punitive. Geometrically this can be viewed as restricting the
least squares solution to a hypersphere centered at the origin with a fixed radius (Figure
2.3 A).

Generally speaking a LP norm on the vector w is defined as

M
Wi, = Y IwilP (212)
i=1

In addition to a L2 penalty there is a L1 penalty yielding the following error

function

N

1
Ew) =5 ) W'xi—y)* +alwl, (213)

i=1
Where « is a again a Lagrange multiplier. This is known as Lasso regression (21);

geometrically the L1 penalty is a hypercube with vertices falling on the axis which drives
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select components of w to zero if the optimal solution intersects with a vertex of the
hypercube (Figure 2.3 B). Additionally, a regularization penalty has been proposed that
combines both L1 and L2 penalties

N

1
E(w) = EZ(WTxi —y)?+alwl, +AwTw (2.14)

i=1

which is termed elastic net regression and has been shown to outperform both lasso

and ridge regression when certain structural dependencies exist within the data (22).

A Wy B W»
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Wy ) /4 ® Wy
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wlsq

Figure 2.3. A. Example of a L1 norm. B. Example L2 norm. The black dot in the middle
of the level curve is the solution is LSQR was performed. The reqularized solution is
where level curve intersects with the norm. This demonstrates how LASSO can lead to
sparse solutions; likewise, ridge regression has the ability to drive many of the
coefficients close to zero.

Support Vector Regression:

The challenge in supervised learning problem is that the solution should be
generalizable to a broader space of data given that we only have a finite number of
samples to train on. An aspect of real world data is that there is some uncertainty or
noise associated with the data. Generally, overfitting is the result of the influence of

noise during training; thus, minimizing the influence of noise will lead to better
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performing models. Dimensionality reduction and regularization are strategies to
mitigate the influence noise. Here support vector regression (SVR) is introduced which
also aims to decrease the effects of noise. This section is largely influenced by the
tutorial provided by Smola and Scholkopf (23) and the text by Bishop (10). Again, let’s
consider the problem of linear regression, we have been given some data D =

{(x1, 7)), - (xn, y0)}, x; € R4,y € R and we hypothesize that relationship between x;,
and y;, is a linear function i.e. f(x;) = w'x; + b. Given that y; is some kind of
measurement there will be some sort of noise, ¢, such that f(x;) = y; + €. Thus, the
learning problem amounts to finding the best function f(x;) = y; + € = wlx; + b. As
with regularized regression we want to limit the magnitude of w. We can define this

problem as follows:

1
m1n§|w|2

(2.15)
yi—wlix;—b <c¢
wix,+b—y; <c¢

Subject o {
Geometrically, this corresponds to finding a line where all the points fall within a
distance ¢, which can be viewed as a cylinder with radius ¢ (referred to as the ¢ tube)
surrounding the line w”x,, + b (Figure 2.4). However, such line might not exist, given a
value ¢, and there might be a tradeoff between letting some points lie outside the ¢ tube
and the best fit line. To accomplish this a new variable is introduced, &, that allows a

tradeoff between the number of points that fall outside the ¢ tube and stringency of the

constraints. This defines the following optimization problem
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N
1
min [§|W|2 + CZ(fi + &1
i=1

Vi — wai —b <&+ Ei (216)

Subjectto {w'x; +b—y, < e+ ¢
$uéi =20

Where C is a constant that modulates how far points will be allowed outside the ¢ tube.
This defines the ¢ insensitive loss function defined by Vapnik (24)

E —{ 0if Wha;+b—y|<e
£ €| = |[wTx; + b — y;| — € otherwise

¥

(2.17)

Figure 2.4 Diagram of epsilon insensitive support vector regression

This optimization problem is solved using a Lagrangian with multipliers («;, a;,n;,n;) =0

N
1 *
L=§|w|2+c;(fi+a)

N
—zai(g‘*‘fi—%' +w'x; +b)
i=1
N N
=Y g - Wi —b) = ) g+ niE)  (218)
i=1 i=1
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in order to obtain optimality the following conditions must exist

oL 4 )
= in(ai —-a;)=0 (219
i=1

I ~o, .
5= Z(ai —a;)=0 (2.20)
i=1

oL

0

aL—C ! =0 (2.22
a%—l*_ a; n; = ( )

Given these equations w = YV | x;(a; — a}) and therefore
N
flx) = Z(ai —a))xIx;+b (2.23)
i=1

Utilizing equations 2.19-2.22 into equation 2.18 defines the dual optimization problem

N

D nl@-a)] (224)

1 N N N
max[—zz Z(al- - a{‘)(aj - af)(xi,xj) - sZ(ai +a)) +
i=1j=1 i=1
subjectto0 < a; <(C,0<a; <C
the solution to 2.23 requires the Karush-Kuhn-Tucker (KKT) conditions
ai(e+&+wix;+b—y,) =0 (2.25)
aj(e+ & —wlx;—b+y;)=0 (2.26)
(C—apé =0 (2.27)
(C—af)é =0 (2.28)
Insight can be gained by quickly observing equations 2.25-2.28. First, the dual variables

a;, a; can only be non-zero if the point lies outside of the e-tube, thus, these points are

the only points used in the calculation of equation 2.23 and are referred to the support
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vectors. Second, a; and «; cannot both have a non-zero value otherwise the point
would have to lie simultaneously above and below the e-tube. Third, 0 < a; < € and

0 < a; < C. There still is the matter of finding b. Based on equation 2.23 it might be
tempting to pick a training point, plug it in, an then solve for b; however, for the any
training point the equality of 2.23 most likely does not hold but must satisfy the
constraints in 2.16. Furthermore, the KKT conditions mandate that for any support
vector where 0 < a; or a; < C by the condition of either 2.27 or 2.28 ¢; = 0,& = 0.
Thus, we can pick a point such that 0 < a; or af < C and §; = 0, = 0 and either 2.25
or 2.26 must meet the following condition:

{e+waQ+b—yQ=Oif0< ag < C
e—wlxg—b+y,=0if0<aj<C

Therefore, lets select a point, xq for which 0 < ag < C we can solve for b
b=yq—c—wlxy (2.29)

Substituting the dual solution forw = ¥¥ | x;(a; — a;) 2.29 becomes
M
Yo — & — Z(aj —aj)x[xq (2.30)
j=1

Where M is the number of support vectors Thus subbing this into 2.23 the prediction for

a new point x becomes
N M
f(x) = Z(ai —a))xTx+yq—e— Z((xj —aj)x[xq (2.31)
i=1 j=1

The Kernel Trick and Kernel Methods
Linear systems represent a very small subset of phenomena in the natural world;

however, they are well characterized and readily applied to many problems in science,

65



engineering, and mathematics. Linear functions represent some of the most basic
mathematical functions; nonetheless, a formal mathematical framework is necessary for
understanding some of the more complex applications of linearity. As discussed linear
regression amounts to finding a function of the form f(x) = w’x + b, where x =

{x4, ..., x4} is a multidimensional set, w = {w,, ...,w,;} is a d dimensional vector, and b is
a constant. The linear framework can be generalized to a much larger subset of
functions by using a basis set of functions ® = {¢4, ..., ¢;}. In the case of a strictly linear
function, ¢(x) = x; however, @, could be a basis of polynomial functions up to degree 2
such that ® = {¢,, ¢,, P35} = {1, x, x?}. Thus, the more general form of a linear function

becomes f(x) = wl ®(x) + b giving the following LSQR error function:

1 N
E:w = EZl:(chp(xi) —y)? (231)

The use of basis functions allows the extension of the rigorous framework of linear
models to a broader class of functions beyond strictly linear functions.

As mentioned earlier the idea of distance plays a central role in regression
problems. Geometrically, the solution to least squares problem is the vector, w, that
minimizes the distance between every data point, x,,, and the projection of x,, onto
w. In Euclidean geometry the projection of a vector x,, onto the vector w is given as the
inner product between the two vectors, (w,x,,) = wix, 1 + WX, + - + WXy, 1. Using

the solution of the LSQR problem we found that

T

T XTX

w (2.32)

Now considering that we want to make a prediction, y, given a new data point, x, after

training on a set of N data points, the solution is given by
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YXT Y <
1=

Where (x,y) = x1y1 + %3, + -+ + X, ), is the Euclidian inner-product. Additionally, lets

define the matrix K = X" X, therefore each elements of K is given by (x;, x;) where x;
and x; are training points. Furthermore, lets define the (1 x N) vector & = YK™*.

Therefore the target value, y, for any x, is given by a linear combinations of inner-

products between the new point and each training point.

N

y= aZ(xi,x) (2.34)

i=1

This can further be generalized to any basis set of functions ® = {¢4, ¢,, ..., P}

N
y=a) (@), ex) (235)
i=1

Furthermore, we will define a new function called a kernel function

k(x;, x) = (®(x;), P(x)) the above equation then becomes

y = az k(x, %) (2.36)

Example: Polynomial Basis Functions
Consider a polynomial with a maximum a degree of two or less for a two
dimensional variable x = {x; x,}
Yy = Wo + wixg + WXy + wax X, + wax? + wex? (2.37)
This can be defined by the following basis functions

D(x) = {Po, D1, D2, 3, Pas Bs, D6} = {1, X1, %5, X1 X, %7, X5}

now
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y = wld(x)
Which is clearly a linear function which can be approximated by LSQR, thus

Y®T(X)

=wid(x) = = ! 3 AN k 2.38
y = WB(x) = g s () = m;@(xa,@(x» - “Z (x,%) (238)

Such that
k(z,x) =([1,2,, 2y, 2125, 22, 22, [1, X1, X3, X1 X, X2, x2])
Where the inner product is the familiar Euclidean dot product as defined above. While, it
seems that nothing revelatory has been done the central concept is that we have taken
a non-linear two dimensional function and, using a non-linear transformation, ®(x),
transformed it to a linear function in a five dimensional space. Furthermore, every point
in this five dimensional space has a defined inner product given by the kernel function.
The relationship between kernel functions and linear basis functions is central to allow
non-linear function to be represented in a linear space.

In the above example we showed that a kernel function is defined as the inner
product of a set of linear basis functions; however, the basis functions were limited to a
very small subset of functions, in this case multiplicative products with degree two or
less. However, in practice, the basis functions are usually not known or well defined and
thus an inner product and its kernel function are not defined as well. Fortunately, the
application of Mercer’s theorem allows for the generation of orthogonal basis set for any
finite set of points. Let X = {x,, ..., xy} and let k(x;, x;) - R; x;, x; 3 X be a continuous
function with the following properties:

N N
k(x;, x;) = k(x;,x;) and Z k(x;,x)cic; =0 (2.39)
i=1

i j=1



where c;, ¢; 3 R*. Then there exists a set of basis functions, ®, such that

k(x;, x;) = (P(x), P(x)) V x;,x; 3 X
The first property requires all kernel functions to be symmetric and the second condition
requires all kernel functions to be positive semi-definite. In general, any continuous,
symmetric, positive semi-definite function defines an inner-product on some set of
orthonormal basis functions. This sometimes referred to as the “kernel trick”, and it
plays a central role in allowing non-linearity in ridge regression and support vector
regression.

As stated, any continuous, symmetric, positive semi-definite function can be a
kernel; nonetheless, throughout the body of this work two are utilized, linear kernels and
radial basis function (RBF) kernels; for a more comprehensive list of kernel functions
see Bishop (10). The linear kernel is simply the familiar dot product; let
x = {x1, X3, .., X} @nd z = {2, z,, ..., Zz,,} then the kernel function is

k(x,z) =(x,z) = x12, + X325 + -+ Xpz, (2.40)
in the case of a linear kernel ®(x) = {x,, x5, ..., x,,} and only appropriate to approximate
linear relationships. One of the more frequently used kernel function is the radial basis
function and is defined as follows:

k(x,z) = exp(—y|x —z|}) (2.41)

where |x — z|; is the L1 norm and y is a constant usually chosen by cross-validation. In
the case of a RBF the basis set, @, is not so apparent; in fact, in practice @ is not
explicitly known. This is precisely why the kernel trick is so powerful, via Mercer’s
theorem, for any kernel k there must be a orthonormal basis set ® such that

k(x,z) = (®(x), D(2)) (2.42)
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Thus, using LSQR as an example

y = az k(x,x) (2.43)

the value of the kernel function is all that needs to be calculated. However, it is
important to remember that the orthonormal basis set is defined by the kernel function
via the inner-product; with respect to supervised learning, the basis functions defined by
the kernel might not be, and probably are not, the optimal set of basis functions that
assigns each data point to a target with minimum loss in generalizability. Nonetheless, if
no apparent set of basis functions is well defined for the problem at hand, the kernel
trick can define a basis set that can capture a number of non-linear relationships. For
example, the RBF kernel captures an infinite set of orthonormal non-linear functions,
such that the inner product between two close points is exponentially larger then points
that are far apart. Thus, again using LSQR as an example when a target value is
estimated for a new data point, the target value is more influenced by points that are
close to the new point then those far apart.

The Kernel Trick and Non-Linear Regression:

The kernel trick is not so much as a “trick” but taking advantage of the
prevalence of the inner product in learning problems. This was shown with LSQR
above; however, the kernel trick is fundamental in generalizing linear regression and
classification techniques into non-linear methods. For instance, take the error function

for ridge regression replacing x; with ®(x;)

N
1 A
E(w) = EZ(WT(D(xi) —y)?+ EWTW (2.43)
i=1
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Taking the derivative and setting it equal to zero

1 N
W= We(x) —y)P@) (244)

Define
1 N T 1 T
a=-- E W) —y) = —7 (W X) —y) (245)

Thus
w=ad"(X) (2.46)
using equations 2.44, 2.45 and 2.46
—la = (a®T(X)®P(X) —y) (2.47)
Solving equation 2.47 for a and recalling that K = ®7 (X)®(X)

a= Y
K+ Al

(2.48)

Where I is the (NXN) identity matrix. The form of the equation that minimizes equation

2.1is y = wl' ®(x). The using equation 2.46 and 2.48

k(', x)y

— T —
y=ad’' (X)d(x) = K+ I,

(2.49)
Where
k(,x) = ®T(X)P(x) = Z(@D(xi), P (x)) = Z k(x;,x) (2.50)

Applying the kernel trick to ridge regression results in a solution given by equation 2.7
and is simply referred to as kernel ridge regression.

Recall that the solution to the support vector regression problem is given by
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N N
y() = Y (@ - a)x, 0 +y' — e = ) (- @) x)
i=1 j=1

Then generalizes to an arbitrary set of basis functions
N N
y() = ) (& - GNP, P@) +y' — e = ) (4 - @ )(@(x;), D)) (251)
i=1 j=1

J

We can then use the definition of a kernel function

N N

y(x) = Z(ai —a)k(x,x) +yq—¢&— Z(aj —a;)k(x;,xq) (2.52)

i=1 j=1
For which any continuous, symmetric, positive semi-definite function can be substituted
for k. Therefore, as well as in kernel ridge regression, the kernel function allows for an
implicit set of orthonormal basis functions which, depending on the kernel, can include a
number of non-linear functions.
Artificial Neural Network:

Artificial neural networks (ANN) can be applied to non-linear regression and
classification tasks. As the name suggests, ANNs are conceptually inspired by
biological neural networks where a single neuron receives electrical input from
surrounding neurons, integrates this signal and then based on the magnitude of the
integrated signals outputs an appropriate signal to other neurons. In the case of ANN,
neurons are represented by nodes, signals are represented by linear functions, and
each output is modulated by an activation function. Each ANN is composed of layers

input layers feed data into the network, hidden layers perform mathematical operations

on input from both input layers, and output layers generate the output from the
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accumulation of all other layers. Figure 2.5 shows a simple 4 layer network with two

hidden layers.

3

Figure 2.5. Example a 2 hidden layer neural network with a single output node.

For each node in the hidden layer the input is given by a linear combination of basis

functions evaluated on the input data.

D
v} =) wiglx) (253)
i=1

Let h; (y}) denote the activation function for the j*"" node for the first hidden layer then

the output of each node from the first hidden layer is given by
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—h1<z l¢l(xn)> (2.54)

Then input to each node of the second hidden layer is given by a linear combination of

the outputs of the first hidden layer

]
y£=2wk] (z lqbl(xn)) 2.55
j=1

following the previous steps the output of the 2" hidden layer is

l J D
y? = ) wichg| > wi bl (Z w,%¢>3cxn)> (2.56)
i =1 i=1

finally the output node gives the final value
J

1 l D
FO) = D wikd| D wiht( > win (Z w},-qb%(xn)) 257)
k=1 i j i=1

For regression the error function for a ANN is given by least squares error

function

1 N
EW) =3 ) (F) = m)?  (258)

For simplicity let ¢(x) = x. The we minimize function 2.58

f( n)

VE(wW) = Z(f( SES'S (259)

Thus we are required to calculate %2 l) . At first sight this looks like a daunting task so

we will make the following simplifications to equation 2.57
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D

1 _ 31 1

0; = hj ( Wijxi,n>
i=1

J
2 _ p2 1
j=1

0i = hi(67)
Given this simplification equation 2.57 becomes

f(xn) = wi67

d
now lets calculate ;(—xl")

Wi

of (x,) 0f(x,)007067 67  , . ,0h
=W WpWa —1

owjy 07 067 061 wiy W11

Additionally if we calculate %)
ows,

Of (%) _ 0f (x,) 067005 |, . 0hj

= = wiw
2 3 2.2 Wok >3
owy, 00; 005 w, w5,

Thus, for an arbitrary network any derivative for w can be calculated in a similar fashion.
Now we know that a minimum of eq 2.59 is found when the gradient is equal to 0.
However, because of the non-linear nature of ANN often times there are multiple local

minima thus there is typically no way to find all minimum to find the global minimum.

Thus, ANN are typically solved using a gradient descent algorithm
W‘L’+1 =w' — T]VE(WT)
Where 7 is the iteration and 7 is a learning rate.

Conclusion:
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This chapter has provided a very brief introduction to select concepts and
methods in statistical learning and has barely scratched the surface of the vast and
developing field. For those looking to dive further into material | suggest starting with the
text by Bishop (10). In the following chapters statistical learning is utilized to predict
cancer drug response given gene expression either for in vitro cell lines or patient
tumors. In chapter 3 principal components regression, support vector regression, and
artificial neural networks along with methods of feature selection are utilized and
evaluated to predict drug response in multiple in vitro cell line databases. Chapter 4
utilizes support vector regression to predict in vitro drug response using drug perturbed
gene expression in NCI60 cell lines. Finally, chapter 5 utilizes a variation of support
vector regression called survival support vector machines to predict drug response in
bladder cancer patients that have received a combination treatment of the
chemotherapy drugs cisplatin and gemcitabine. The potential for application statistical
learning in medicine is a rapid and growing field; however, the complexity of biological
systems are immense. Thus, an understanding of these applications coupled with
biological insight and creativity will be essential in moving forward. The contents of this
thesis attempt to explore a small sliver of these applications; however, the vast intrigue
of this work is in the questions that are left unanswered rather than the questions that

are answered.
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CHAPTER 3
A SYSTEMATIC ANALYSIS OF GENOMICS-BASED MODELING APPROACHES

FOR PREDICTION OF DRUG RESPONSE TO CYTOTOXIC CHEMOTHERAPIES*

Background:

The introduction of cDNA microarrays launched a new era of genomic studies in
biological systems (1, 2). This revolutionary new technology allowed researchers to
collect vast amounts of data to characterize the genomic landscape fundamental to
biological processes. The power of this technology was soon realized to have broad
implications in the study of cancer, providing insight into the genomic nature of the
disease (3-5). Over the past few decades there has been a concerted community effort
to collect both in vivo and in vitro data characterizing the molecular blueprints for a
variety of cancers (6, 7). This work has spawned countless new insights and has paved
the way for a new paradigm of cancer treatment involving precision approaches (8).

The term “Big Data” refers to the collection and storage of large amounts of
information for analysis providing insight for a variety of applications (9). The
mathematical, statistical, and computational techniques to analyze and extract this
information from large sets of complex data encompass the field of statistical learning,
having application in science, business, and technology (10). The ability of statistical

learning theory to find useful information in large, complex, and often noisy datasets

4 This work was published in BMC Medical Genomics in June 2019 titled “A Systematic
Analysis of Genomics-Based Modeling Approaches For Prediction of Drug Response to
Cytotoxic Chemotherapies” Authored by J.D. Mannheimer, D. Duval, A. Prasad, and
D.L. Gustafson
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make it a popular biomedical research area with clear clinical applications (11),
including several in cancer diagnostics and treatment (9, 12, 13). A specific area of
research has focused on the utilization of statistical learning to predict successful
treatment options based on patient and disease specific clinical biomarkers (5, 14-16).

High throughput technologies have allowed researchers to profile the genomics
of tumor-derived cell lines and test chemosensitivity to a variety of anti-cancer agents in
vitro, most notably the National Cancer Institute 60 (NCI60) and the Genomics of Drug
Sensitivity in Cancer (GDSC) cell line panels. Several studies have indicated the ability
of in vitro data to predict patient response in multiple cancers (17-20). Therefore, in vitro
drug response data offer a simplified format to uncover clinically relevant cancer drug
relationships. Thus, models that can accurately capture behavior of in vitro experiments
are essential to elucidate genomic signatures that can be further applied in more
complex clinical models.

To date, one of the most comprehensive analyses of computational methods for
predicting drug response with in vitro data was a community based challenge
sponsored by the Dialogue on Reverse Engineering Assessment and Methods
(DREAM) and National Cancer Institutes (NCI) (referred to as the DREAM-NCI
challenge) (21). This challenge tasked 44 different research teams to build and train a
predictive algorithm given gene expression, DNA methylation, mutation, copy number,
protein abundance, and drug response for 35 breast cancer cell lines for 28 different
known anti-cancer agents. The methods were then assessed for their ability to predict
drug response for the 28 agents on 18 independent breast cancer cell lines. The

resulting models highlighted some of the most advanced and cutting edge statistical
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learning techniques, with the best model using Bayesian multi-task multiple kernel
learning (MKL). However, the third best model differed in performance by only 2.3
percent using only weighted Pearson correlation between feature sets with drug
response to make predictions. Overall, the DREAM-NCI challenge demonstrated the
ability of statistical learning techniques to capture and predict drug response in in vitro
environments.

The DREAM-NCI challenge illustrates the balancing act between complexity and
simplicity that often presents itself in computational modeling. As “Big Data” takes off,
more complex computational techniques will be developed offering new opportunities in
precision oncology. However, to fully utilize and develop these techniques a firm
understanding of how basic modeling principles influence performance is essential.
Biological processes consist of complex dynamic interactions in a high dimensional
system. Non-linear methods have the ability to capture complex interactions between
players; however, in high dimensional systems these methods have a tendency to
incorporate noise, leading to over-fitting. Alternatively, linear methods are more robust
to over-fitting but at the cost of potentially missing important non-linear interactions.
Furthermore, the high dimensional nature of biological data sets presents challenges in
the ability to pinpoint covariates that are most informative to the underlying processes
being modeled.

Insights into the molecular nature of cancer has driven a precision approach to
cancer pharmacology by capitalizing on specific driver mutations exhibited by certain
cancers (22-24). This strategy had been successful in a number of specific instances

and continues to be an active area of research and drug development (25, 26).
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Cytotoxic chemotherapies were some of the earliest drugs developed for the treatment
of cancer and continue to play an important role in cancer therapy (27-30). However,
the success of these drugs, as with all therapies, still varies (31). The toxicity associated
with these drugs produce substantial side effects and can diminish quality of life for
many patients; thus, a precision approach that can identify patients who would benefit
could greatly improve the quality and efficacy of treatment. /n vitro drug assays have
become a standard approach to identifying compounds with potential therapeutic benefit
(17, 18, 20). Opposed to targeted agents, mutations are poor predictors of efficacy for
cytotoxic agents (32) and gene expression signatures have proven to show promise as
predictors in cytotoxic agents (33, 34). Therefore, genomic data driven models that can
accurately predict chemosensitivity to in vitro cell line assays of cytotoxic agents serve
as a foundation for improving predictive models in patients.

Here we describe a systematic, pragmatic approach to identify the key
components driving model performance when using genomic profiles to predict drug
response in cytotoxic agents. While statistical learning offers a vast amount of possible
techniques we simplify the approach by breaking down models into two fundamental
aspects; the trade-off between linear and non-linear modeling techniques and the
influence of feature selection via filter based selection methods. While, our approach is
by no means an exhaustive survey of all possible techniques and approaches, our
studies illustrate how simple approaches to modeling can offer valuable insight. Mainly
we demonstrate that for a given population of cells the association between histotype
and drug response is indicative of model performance. The dominance of these traits

have important implications when assessing model performance and may prove
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instructive in the development of new techniques for modeling drug response across
multiple cancers.

Methods:

Preprocessing:

The Genomics for Drug Sensitivity in Cancer (GDSC) is comprised of over 1000
cancer cell lines with response data to 138 anticancer drugs. The available CEL files,
containing gene array data using Affymetrix Human Genome U219, array were
downloaded at (35). Using the “affy” R package, the CEL files were normalized using
Robust Multi-Array Average (RMA) algorithm (36). The data were further corrected for
batch variability using COMBAT of the “sva” R package (37). Cells that occurred in
duplicate were averaged, resulting in a final gene expression matrix with 968 cell lines
and 49386 genomic features. Likewise, for the NCI60, CEL files containing gene array
data from Affymetrix Human Genome U133 2-plus array were downloaded from the
CellMiner database (38, 39). A total of three CEL files were available for each NCI60
cell line, again the data was normalized using RMA (36) and batch corrected using
COMBAT (37). The resulting data were then averaged over the three replicates to give
a final gene expression value for each gene and cell. For our analysis in the GDSC we
chose 15 cytotoxic drugs Table 3.1. The IC50 data was downloaded from (35). The
NCI60 has 61 FDA approved cytotoxic agents (40), the drug response data again
downloaded from CellMiner. For the majority of drugs, multiple IC50 measurements
were made on multiple cell lines so the final IC50 represents an average over all
measurements. For several of the drugs a significant number of the cell lines had the

same reported IC50 leading to minimal variability and as such these drugs were
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discarded. This left a total of 39 drugs, 14 of the drugs also had data in the GDSC.
Several cell lines in multiple drugs in the GDSC reported ICso above the maximum
concentration experimentally tested and were not included in any of the models. Given
the final number of cell lines as reported in Table 1. 75% of cell lines were randomly
chosen and assigned to the training/validation set and the remaining 25% were
assigned to the testing set. This was performed six times generating six non-
overlapping test-train/validation splits. Likewise, in the NCI60 six random
training/validation sets were generated consisting of 75% of the data with the remaining
25% left out for testing. To ensure the presence of each histotype in both testing and
training sets, 75% of each histotype was reserved for training and validation with the
remaining 25 % in the test set. Prostate cancer cell lines were removed because
measurements were limited. Both in the GDSC and NCI60, these generated datasets
were used on all models for a given drug.

Table 3.1. Cytotoxic drugs and number of cell lines. 15 cytotoxic agents and the number

of cell lines with experimentally determined IC50's for each drug. Training set comprises
75% of the total data while the testing data account for the remaining 25%

Drug Abbreviation Number of Cell Lines
Bleomycin BLM 632
Bortezomib BTZ 331
Cisplatin CIS 146
Cytarabine CYT 515
Docetaxel DTX 555
Doxorubicin DOX 738
Etoposide ETP 643
Gemcitabine GEM 583
Methotrexate MTX 216
Mitomycin C MMC 759
Paclitaxel PTX 227
Vinblastine VBL 719
Vorinostat VOR 728
SN-38 SN-38 698
5-Fluorouracil 5-FU 409
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The choice to limit our analysis to cytotoxic chemotherapies was three-fold; first,
as opposed to molecularly targeted therapies, cytotoxic chemotherapies work broadly to
inhibit cell proliferation and the mechanisms of action are not dependent on specific
driver mutations (22, 23). This has been demonstrated in the NCI60 where mutation
status was shown to be a poor predictor of drug response in cytotoxic chemotherapies
(32). Second, a study in “The Cancer Genome Atlas” concluded that “the information
content content from copy number aberrations, miRNA and methylation is captured at
the level of gene expression and protein function” (41). Lastly, several analyses have
suggested that gene expression data accounted for the majority of variability in
predictive model outcomes (21, 42). By restricting the study to cytotoxic agents,
complications that arise from data redundancy could be minimized while also
eliminating challenges in integrating different data types. Thus, variability in model
performance could directly be attributed to methodological experimental factors.

Model Construction:

Figure 3.1 outlines the basic procedure used to build all models. Feature
selection was performed on the training data followed by model training after which the
model was validated using the independent test set. Four different regression methods
were used for model development including two linear methods; principal components
regression (PCR) and support vector regression with a linear kernel function, and two
non-linear methods including non-linear support vector regression (NLSVR) and artificial
neural networks (ANN). We implemented 3 different feature selection strategies with all
four algorithms and an additional seven on our best performing linear

model (PCR) and non-linear model (NLSVR). These feature selection methods are
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Figure. 3.1 General workflow: The general workflow used to build models.

summarized in Table 3.2. Feature selection was performed in python 2.7 and a generic

python 2.7 script was used to read, organize, and write the model output. PCR was

implemented in R version 3.2.4 using the PLS package with the number of components

chosen by 10-fold Monte Carlo cross validation. Both NLSVR and SVRLN were

implemented with scikit-learn version 18.1 (43). For NLSVR parameter optimization was

performed on three separate parameters amounting to 210 different three parameter

combinations using 10-fold Monte Carlo cross validation. Likewise, SVRLN was

86



optimized over two parameters for 30 different combinations using 10-fold Monte Carlo
cross validation. A single layer ANN with 20 hidden nodes was implemented using the
Keras package in python. To combat over-fitting dropout was implemented using 10-fold
Monte Carlo cross validation with dropout rates 0,10,25, and 50 percent of total nodes
chosen by 10-fold Monte Carlo cross validation. All parameter optimization and model
training was performed using only the training data and the independent testing data
was used to assess model performance.

Gene expression data is inherently high dimensional, presumably, a given
biological response, such as drug response, is influenced by a subset of the total genes.
Feature selection provides a means to reduce the number of covariates systematically
favoring features that are most relevant to the problem. This often leads to more
favorable outcomes by eliminating features that only contribute to noise leading to a
more robust signal and a decrease in over-fitting. Filter based feature selection attempt
to associate a given feature (gene) to a targeted output (drug response) based on
statistical inference. Many such of these algorithms exist for gene expression data (44)
and contextually amount to looking at two or more populations (i.e. drug resistant, drug
sensitive cells) and determining if a given feature is statistically different between
groups. Such methods are often applied to classification problems but can be
generalized to continuous responses by looking at populations with distinct responses.
However, this method requires reformatting the problem into a binary classification
problem and assuming it can be generalized to a continuous response. Alternatively,

correlation based feature selection methods (CBF) are more aptly suited to continuous
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processes by looking at the statistical relationship between a covariate and target
variable based on correlation (45).

To assess the effects of reducing features in our models we used several CBF
feature selection methods. First we implemented the non-parametric Spearman
correlation using a cutoff of p<0.05 to determine as set of differentially expressed
probes (DEGs) using the statistics package in scipy 0.17.0. We compared this to a
standard method of isolating probes with distinct difference between the 25% of cells
with the greatest IC50s (resistant) and the lowest IC50 (sensitive) using the R Limma
package (46) with a false discovery rate q=0.05. In order to assess the influence of
feature selection we performed three control experiments. For the first control (CTR1)
we randomly selected a number of probes that corresponded to the the same number of
DEGs for a given experiment. The second control (CTR2) consists of all probes that are
not selected as DEGs. Lastly, we performed a random control (RCTR) by shuffling the
gene array matrix leaving the response vector untouched and then random selecting the
same number of probes used in DEGs and CTR1. We addressed multiple testing by
using a Bonferroni correction for p cutoff in the spearman correlation. Additionally, we
explore a bootstrapping method to decrease false discovery rate (FDR). Lastly we
applied a maximum relevance minimum redundancy (MRMR) algorithm (47). All feature
selection methods were applied to the training set prior to model fitting. A summary of

the different feature selection methods as summarized in Table 3.2.
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Table 3.2: Feature selection methods. A summary and definition of the different feature
selection methods discussed in the results section. The abbreviations that will be used
in the text to refer to these methods are in prentices.

selection (NO
FS)

Selection Description
Method
No feature All probes used with a total of 49386 probes.

Differentially
Expressed
genes (DEGs)

Array probes that have a statistically significant Spearman
correlation P <0.05 with drug response

LIMMA

Linear Empirical Bayes with a modified t-statistic as implemented
in the LIMMA Bioconductor package in R. Genes were selected by
running LIMMA on the top and bottom 25% sensitive and
resistance cell lines. A false discovery rate of 5% was chosen as a
cutoff.

Bonferroni
Correction (BC)

Bonferroni Correction pg. = %where a is significance level of 0.05
and m is the number of features tested, 49386. pgc = 1.0 x 10~°

DEG Bootstrap
(BS)

Array probes which have a statistically significant Spearman
correlation P<0.05 in fifty random subsets containing 75% of the
training data

Histotype
specific
Bootstrap (BS-
Hist)

50 subsets of the training data were generated such that each
subset contained only one cell from a specific histotype. Probes
that have a significant Spearman correlation P<0.05 in 50% of the
splits were selected. ** Data not shown, reported in
supplementary materials

Maximum Maximum Relevance Minimum Redundancy. 1000 Probes are

Relevance chosen such that they have a maximum correlation with drug

Minimum response with minimal cross-correlation with other chosen probes.

Redundancy

(MRMR)

Control 1 Probes are randomly selected from all 49836 probes equal to the

(CTR1) number of DEGs for each model/trial. For example, bleomycin
dataset 1 yielded 5377 DEGs in DEG feature selection thus 5377
probes are selected randomly in control 1 experiments.

Control 2 The compliment of DEGs. For example, for bleomycin dataset 1

(CTR2) control 2 genes would include 38,009 probes excluded form the
5377 probes selected as DEGs.

Random A number, N, of probes equal to the number of DEGs are

Control randomly selected. This gives N vectors with each entry

(RCTR) corresponding to a cell line in the training set. This vector is then

shuffled randomly such that the original value is no longer
associated with the same cell yielding a feature matrix that is
arbitrary.

89




Histotype Only | Each cell line is associated with a 55 dimensional vector where
(HIST) the nth entry is 1 if the cell comes from the corresponding
histotype and 0 otherwise. (One hot encoded)

Analysis:

The performance of each model was assessed using the Spearman correlation
coefficient between the predicted and measured IC50 values in the testing set using the
scipy statistics package version 0.17.0. p values were calculated within the statistics
package using a student’s t distribution. Additionally, we also calculated a Mean
Absolute Difference metric (MAD). The MAD scores were generally reflective of the
Spearman correlation; therefore, we have chosen to report the Spearman correlation,
as it better highlights particular patterns in the data in the main paper but MAD values
for all models can be found in the supplementary materials. K-means clustering was
performed using the clustering package in scikit-learn (43). The ability of a given set of
genes to assign cells of the same histotype to the same cluster was determined using
Clustering Entropy, S, (48) which is defined and conceptually illustrated in Figure 3.2.
Sc has a minimum value of 0 when histotypes are perfectly clustered together. A
theoretical maximum S¢ occurs when each cluster contains a uniform distribution of
samples from different histotypes, however, since samples are not uniformly distributed
across histotypes and each dataset contains a different distribution of histotypes the
maximum value was estimated using the random control for each dataset and the
values reported are normalized consisting of the S; of the given dataset divided by the
S¢ of the random control. Note that by this definition the normalized Sc can be greater

than one.
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Fig 3.2. Cluster Entropy: lllustration of how cluster entropy, S, is calculated. It is a
measure of cluster homogeneity, in this case, how many cells of the same histotype are
placed in the same cluster.

Results:

Regression models:

Individual Spearman correlations between measured and predicted IC50 values
ranged from 0.64 to -0.345 with 51%-84% percent of the models showing significance
(P<0.05). While NLSVR (0.316-0.331) yielded higher average Spearman correlations
than PCR (0.297-0.316) and SVRLN (0.27-0.285), the difference on a per drug basis
was minimal (Figure 3A). ANN showed significant drops in performance (0.144-0.266)
compared to the other three methods especially when no feature selection was

performed, while, the gap narrowed upon the introduction of feature selection,
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performance was still substantially less, most notably when compared with NLSVR and
PCR (Figure 3A, Table 3.4.).

Correlation based feature selection (P<0.05) decreased the number of features
by an average of 77% (range 39% to 96%) with the fewest features for cisplatin and
most for vorinostat Table 3.3. Model performance was increased for ANN (63%)
increasing the average Spearman correlation by 63 percent with only a modest increase
for NLSVR (1.5%) and PCR (1.6%). The decrease in features had a minor negative
impact on SVRLN (9%) performance. Feature selection by use of the R package Limma
was substantially more restrictive than the DEG criteria, leading to an 99% decrease
feature number, yielding no features for cisplatin. Despite this substantial decrease in
genes, only a 9% average decrease in correlation was observed with similar effects to
NLSVR, PCR, and SVRLN (~ 11%) and minimal effects to ANN (1.6%) in comparison to

the top performing feature selection method.

B . c

Exp ICs; In uM

5

Wi Ul %01 paid

Fig 3.3 Model performance by method and drug: (A) Average spearman correlation
coefficients for four different regression methods over three different methods of feature
selection. (B-E) Predicted versus Measured IC50 values for each of the fifteen drugs
using DEG genes. (B) NLSVR, (C) PCR, (D) SVRLN, (E) ANN
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Table 3.3. Model Performance: Average spearman correlations across six different
testing sets for all regression and feature selection methods. This data is graphically

displayed in Figure 3.3
NLSVR PCR LNSVR ANN
NFS |DEG |LIM | NFS | DEG |LIM | NFS | DEG | LIM | NFS | DEG | LIM
BLM | .207 202 | .202 | 239 | .208 | .208 | .151 | 1 209 | 147 | 17 .21
BTZ .38 404 | .365 | 422 | .399 | .354 | .332 | .326 | .232 | - 299 | .24
.009
CIS .05 .08 N/A | - .047 | N/JA | .03 | .079 | N/A |- .034 | N/A
.009 .066
CYT | .313 .32 279 | .32 281 | .256 | .337 | .291 | .269 | .226 | .266 | .291
DTX | 422 44 408 | .367 | 409 | .382 | .357 | .319 | .359 | .185 | .318 | .207
DOX | .273 27 A17 | 243 | .285 | 106 | .27 | .226 | 103 | 115 | 173 | .096
ETP .289 302 | 294 | 248 | .291 | .263 | .238 | .219 | .273 | .209 | .195 | .246
GEM | .143 139 | 166 | 1563 | 117 | 143 | .07 | .063 | .165 | .131 | .119 | 134
MTX | .461 455 | 462 | 431 | 435 | 433 | 417 | .388 | .338 | .411 | .391 | .322
MMC | .237 302 | 244 | 264 | .269 | .25 | .27 | .224 | .239 | .203 | .1563 | .248
PTX .32 27 198 | 287 | .282 | 159 | .233 | .170 | .191 | - 211 1 AT77
.106
VBL 44 403 | .399 | 408 | .398 | .37 | .398 | .339 | .371 | .112 | .302 | .363
VOR | .509 495 | 486 | .5 487 | 439 | 484 | 471 | 404 | 445 | 42 42
SN- .383 417 | 409 | .379 | .391 | 443 | .397 | .404 | 429 | .01 327 | 402
38
5-FU | .463 464 | 40 455 | 484 | .354 | 451 | 438 | .337 | .309 | 409 | .365
AVG | .326 331 | .316 | .314 | .319 | .297 | .285 | .27 28 | 144 | .252 | 0.266

and 4B). Compared to DEG and NO FS models, all three methods yielded lower

The results from BC, BS, and MRMR models for NLSVR and PCR in (Figs 4A

average Spearman correlations. BC criteria reduced features by an average of 98.6%

with no selected features for cisplatin datasets as well as two datasets for bleomycin

and a single dataset for doxorubicin (Table 3.3). The use of BC selected features

decreased the overall average Spearman correlation by 11.4% (0.3513 to 0.3112) for

NLSVR and 12.2% (0.3406 to 0.2991) across identical datasets using DEG selected

features. The most dramatic decreases in performance was seen in bleomycin,

cytarabine, doxorubicin, and 5-fluorouracil (Figure 3.4 A and 3.4 B). A small increase in

performance was seen for methotrexate in NLSVR models. Despite the decreased
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Performance, 80 percent of the models had significant correlations (P<0.05) between
experimental and predicted IC50 values.

Bootstrap methods resulted in an average 95% decrease of features.
Performance decrease was slightly less than that of BC selected genes with an average
decrease of in NLSVR (3.4%) and PCR (4.4%) models. A substantial decrease in
performance was observed for cisplatin while an increase in performance was seen in
etoposide, gemcitabine, and paclitaxel in comparison with DEG models for both NLSVR
and PCR (Figure 3.4). Likewise, the modified MRMR algorithm was used to select 1000
features, representing a 98% decrease in features. The drop in performance was similar
to that seen with both BC and BS for NLSVR (6.3%) and PCR (6.9%). The general
decrease in performance correlated directly with the reduction in the number of genes;
however, even a maximum 98.6% decrease in features only resulted in 11.4% drop in
performance for NLSVR and 12.2% for PCR. Additional methods of feature selection
that attempted to take the histotype into account yielded similar performances

(Appendix A).

94



o
)

o
o
o

o
o

Spearman r predicted vs. measured IC50
o
8 <

S

Spearman r predicted vs. measured 1C50
o
n

e
o

o
N

= =¥
&
=

Spearman r predicted vs. measured IC50
3 S

et
T
e
[ — e )
—e—

i

SEELLTTES

F O F oo LD
S «@ ¢4°‘§\3¢>'Q

Drug

@ﬁﬁ
} 1t
l } T LB%%

v CTR2
+ Hist
@ RAN

e

o
o
—e——
e
F—e
e

CTR2

=<
I g
o}
o 3 2

Feature Selection Method
o2
[

o\%

(9

g oI Cdd g dS
LTSS EE L 4°4°9e”o,f‘

. Spearman r predicted vs. measured IC50
o o
N
= = m—

S & CFFRNGTET o PO
"O\*"O‘@‘s‘@ «40405_}@6&

Drug Drug

]
o= -
min

*****

Figure 3.4. Feature selection methods and controls: (A-B) spearman correlation
Coefficients for different feature selection methods NLSVR (A), PCR (B). (C-D)
spearman correlation coefficients for control models NLSVR (C), PCR (D) the
placement of the symbol indicates the mean with the ends representing the range. (E)
Cluster Entropy (Sc¢), indicative of how well cell lines of the same histotype cluster using
k-means. comparable S. as well as little difference in r indicate that histotype
recognition drives model performance. S; is relative to the random control (RCTR)
where S¢=1, perfect clustering would have a S;=0. The asterisks indicate significance
(p<0.05) between the method and alternative models, indicated by color (black indicates
is was significant compared to all other methods), using a non-parametric Wilcoxon

match-paired rank
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Influence of CBF feature selection:

In order to gain insight into the overall influence of correlation based features we
tested several sets of control features on the datasets, designed to address the
following questions. First, what was the benefit of using DEGs compared to the same
number of randomly selected genes (CTR1)? Second, how influential was the inclusion
of correlation based features, thus, what would be the effect of using those genes that
had no significant relationship to drug response (CTR2)? Lastly, were these
relationships simply an artifact that was introduced during the collection, preprocessing,
and normalization of the data, and thus what happens if all causal relationships are
removed (Random Control)?

The use of CTR1 genes resulted in a decreased performance <1% (0.331 to
0.329) for NLSVR and a 3.1% (0.319 to 0.309) for PCR in average Spearman
correlation. With respect to DEGs in NLSVR, CTR1 genes led to comparable average
Spearman correlations for each drug and exceeded DEGs in certain drugs such as
methotrexate, paclitaxel, vinblastine, and vorinostat (Figure 3.4 C.). Likewise, for PCR,
small increases in average Spearman correlation was seen for bleomycin, bortezomib,
cytarabine, and gemcitabine while a minimal decrease for other drugs (Figure 3.4 D.).
Surprisingly, removing features with a-priori significant statistical relationships with drug
response had little overall negative effects on the average performance of NLSVR
models (4.8%) with cisplatin, gemcitabine, paclitaxel, and vorinostat yielding better
average performances than the same DEG models (Figure 3.4 C.). However, the
performance of CTR2 models in PCR dropped significantly by 26% (0.319 to 0.236)

compared to DEG models, however, 64% of the models had significant correlations.
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Nonetheless, comparable performances were observed in several drugs including
bortezomib, docetaxel, methotrexate, vorinostat, 5-fluorouracil, and gemcitabine while
other drugs such as bleomycin, docetaxel, cisplatin, and SN-38 saw dramatic decreases
in performance (Fig 3.4 D). Lastly, by randomly assigning expression values to cell-lines
(Random Control), there was a significant loss in the predictive ability of the model with
average Spearman correlations of 0.0185 for NLSVR and -0.007 for PCR (Figure 3.4 C
and 3.4 D.). The loss in predictive capability when the gene-cell line relationship is
removed demonstrates that our models are clearly capturing a genomic signature that is
indicative of drug response.

Histotype is linked to drug response:

Several of the drugs cell line predictions of the same histotype tended to cluster
together as illustrated with vorinostat (Figure 3.5 D.) suggesting that histotype might be
predictive of drug response. In order to ascertain if there was an actual differential drug
response between histotypes, we performed pairwise F-tests between drug responses
categorized by histotype. The number of significant pairwise comparisons ranged from a
low of 5.1% for bleomycin (Figure 3.5 A.) to 52.6% for vorinostat (Figure 3.5 B.) with an
average of 24.1%. Furthermore, the Spearman correlation between the percentage of
significant F-tests and the average Spearman correlation for the two control models was
0.85 and 0.88 for NLSVR and 0.84 and 0.86 for PCR on CTR1 and CTR2 datasets
respectively.

To establish the influence of histotype on model performance it had to be shown
that histotype could predict drug response, and that any feature selection methods

yielded features with the equal ability to distinguish one histotype from another. To
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accomplish this a 55 dimensional feature matrix was developed to encode cell line
identity to one of the 55 possible histotypes represented in the data using one hot
encoding. Then using this feature matrix NLSVR and LSQR were applied to predict drug
response. In both NLSVR and LSQR there was a significant drop in the average
Spearman correlation, 0.2193 for NLSVR and 0.2218 for LSQR. However, 61-62 % of
the models gave significant correlations in both NLSVR and LSQR (Fig 3.4 C and 3.4
D). For several drugs, such as bortezomib, cisplatin, docetaxel, gemcitabine,
methotrexate, paclitaxel, and vorinostat gave comparable results. Whereas for others,
such as bleomycin, doxorubicin, 5-fluorouracil, and SN-38 substantially lower
correlations were obtained. The ability of histotype to predict response is best illustrated
between bleomycin (Figure 3.5 A, 3.5 C, and 3.5 E.) and vorinostat (Figure 3.5 B, 3.5 D,
and 3.5 F.). Bleomycin has minimal differential drug response between histotypes
(Figure 3.5A.) as a result, when given nothing but histotype as input the model will have
a tendency to predict the average IC50 values of a given histotype. In the case of
bleomycin the average IC50 values of different histotypes do not exhibit a great amount
of variability and thus the predictions collapse to the overall average of the data (Figure
3.5 E.). Alternatively, for drugs such as in vorinostat, the histotype average IC50 values
exhibit a greater amount of variability (Figure 3.5A.) and as a result this variability is
reflected in the predictions (Figure 3.5 F.). Furthermore, the variability of average
histotype responses is roughly captured when the features are reduced to only
indicators of histotype in drugs such as vorinostat (Figure 3.5 D.) where this is absent in

bleomycin (Figure 3.5 C.)
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Figure 3.5. Histotype influence on drug response. (A-B) P values for pairwise F-tests
between histotype IC50 for Bleomycin (A) and Vorinostat (B). (C-D) Measured vs
Predicted IC50 using DEGs for Bleomycin (C) and Vorinostat (D). (E-F) Measured vs.
Predicted IC50 for Hist models in Bleomycin (E) and Vorinostat (F). Each symbol color
combination indicates a different histotype.
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To explore the ability of a given set of features to identify histotype we used k-
means clustering to cluster the cells into one of 55 groups and then used cluster
entropy, Sc, to quantify the consistency of which cells of the same histotype were placed
in the same cluster. A pairwise non-parametric Wilcoxen paired T-test showed that
there was no significant difference between DEG, CTR1, and CTR2 genes, and while S¢
for NO FS was statistically significant it is not apparent if there is a meaningful
difference as the average absolute difference was only 8.5% (Figure 3.4 E.).
Additionally, while BS, BC, and MRMR had higher average S¢, 100% of BS models,
98.8% of MRMR models, and 86.7% of BC models clustered by histotype better than a
randomized model. Therefore, the data suggests that the predictive ability of the model
is partially dictated by the ability of a set of features to recognize similar histotypes as
well as the variability between drug responses between histotypes.

Model performance, number of features, histotype recognition:

To determine how the number of genes affected the performance, if genes
statistically linked to drug response became a bigger factor as the number of features
decreased, and how both of these affected the ability to cluster cells based on histotype,
we constructed models for both NLSVR and PCR using 10, 55, 250, 500 ,1000
randomly selected features from DEGs, CTR1, or CTR2 as well as performing k-means
clustering.

As expected, a decrease in overall performance was observed as the number of
features decreased. However, the magnitude of performance drop was considerably
different depending on the feature selection method. In NLSVR the performance of DEG

models dropped by 36%, CTR1 models dropped by 61%, and CTR2 models dropped by
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71% (Figure 3.6 A, 3.6 B, 3.6 C, and 3.6 G.). Likewise, PCR models decreased by
35.2%, 51% and 70% in DEG, CTR1 and CTR2 models respectively (Figure 3.6 D, 3.6
E, 3.6 F, and 3.6 H). Furthermore, DEG feature selection in both PCR and NLSVR
models are reasonably robust down to 250 features, with NLSVR exhibiting only a 7.5%
difference and PCR only 9.1% at 250 features compared to 1000 features (Figure 3.6 A,
3.6 D, 3.6 G, 3.6 H). Likewise, in CTR1 models, only a 7.1% decrease in NLSVR and
11.9% decrease in PCR (Figure 3.6 B, 3.6 E, 3.6 G, and 3.6 H). CTR2 models exhibited
a decrease approximately twice as great (14.4% NLSVR and 26% PCR) as that seen

with DEGs or CTR1 features (Figure 3.6 E, 3.6 F, 3.6 G, and 3.6 H).
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Figure 3.6. Model performance and number of features. Average Spearman correlations
for all 15 drugs as a function of features used for NLSVR DEG (A), NLSVR CTR1 (B),
NLSVR CTR2 (C), PCR DEG (D), PCR CTR1 (E), PCR CTR2 (F). average S; vs
average Spearman correlation with each symbol representing the number of features
used for NLSVR (G) and PCR (H).



For NLSVR models the difference in Scis minimal down to 500 features for all
three feature selection methods and down to 250 genes for DEG and CTR1 features.
As a result, there is not a substantial difference in performance down to 500 or less
features (Fig 6G). Additionally, for DEG and CTR1 genes the difference in Scis only
about 7% going from 1000 to 250 features (Fig 6G). The drop in Screflects a loss in a
given set of features to identify histotype and is coupled directly to a loss in
performance. Furthermore, substantial performance differences between DEG and
CTR1 features began to occur at 55 genes which is also marked by a substantial
increase in S¢ between DEG and CTR1 genes, and begins happening at 250 CTR2
features (Fig 6G). PCR models exhibit a clear discrepancy between all three feature
selection methods; however, as the difference in S¢ increases between methods the
difference in performance grows as well consistent with the idea that S, and therefore,
histotype, has a substantial influence on model performance (Fig 6H). Lastly, as the
number of features is dropped considerably, DEG features maintain more histotype
specificity which suggest that features which are highly correlated to drug response are
also highly correlated with histotype.

Comparison with DREAM:

The DREAM-NCI project assessed the performance of each model using a
modified concordance index which they called the weighted-probability concordance
index (wpc-index). Given the vast diversity of models evaluated we wanted to determine
if the models we used were comparable using the wpc-index. The average wpc-index
was 0.576 with a range from 0.552 to 0.582 for NLSVR and 0.569 for PCR ranging from

0.552 and 0.58 (Table 5). For Both NLSVR and PCR methods the models with the
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highest wpc-index were DEG models while the lowest performing model were the
histotype-only models. The Spearman correlation of the wpc-index with average
Spearman correlation was 0.9833 (p=0) for NLSVR models and 0.95 (p=0) for PCR
models. The top models in the DREAM-NCI paper have wpc-index scores of 0.583,
0.577, and 0.57, and the minimum score was calculated to be 0.485. While, based on
wpc-index, we had no models out-perform the top performing model, four NLSVR
models had wpc-index scores that would place them in second place, and all, with the
exception of the HIST model, scored within the top three. Likewise, PCR, had two
models that scored above the second place model and six that placed above the third
place model Table 3.3.

The DREAM-NCI project consisted only of a single cancer histotype (breast) and
thus, the histoytpe phenomena driving the performance of our models is not a
contributing factor in their models. The testing set for the DREAM-NCI project consisted
of 18 cells lines, the number of cells of a single histotype did not exceed 20 and was
often below 10 for any test split. However, non-small cell lung carcinoma
adenocarcinoma (NSCLC-adenocarcinoma) was represented with 10 or greater cells in
10 of the 15 drugs and 43 % of the total testing data sets. Thus, in order to gauge if the
models were picking up some cell specific drug response within a histotype we used the
WPC index to score DEG, CTR1, CTR2, and No FS models. Compared to wpc scores
for our pan-cancer models and several models in the DREAM project the WPC index
was smaller ranging from 0.5346 for DEG Models to 0.5084 for CTR2 models (Table
3.3). Considering the variable number of cell lines for each dataset, we assessed the

significance by creating a null distribution of 3000 randomly constructed permutations of

104



the modeled data. DEG and No-FS had wpc scores that significantly differed (p<0.05)
from what would be expected by random permutation with a wpc value of 0.5. This
suggests models which include genes relevant to drug response have some ability to
pick up variability in individual histotypes, while genes with no apparent significantly
statistical relationship with drug response fail to pick up that variability indicated by
having a wpc score consistent with a random permutation of the data.

Modeling the NCI60:

The NCI60 results were highly variable due to the low sample size, but many of
the trends that emerged in the GDSC were also evident in the NCI60, mainly, there was
not a significant difference in performance between NLSVR and PCR, and minimal
difference between selected features (NOFS: 0.4, DEG: 0.403, CTR1: 0.399, CTR2:
0.351) for SVR and (NOFS: 0.412, DEG: 0.406, CTR1: 0.382, CTR2: 0.35) for PCR.
One of the more interesting points is that models performance still has a significant
relationship with histotype as evidenced by significant correlation histotype models and
models constructed with genomic feature with correlation ranging 0.4114 to 0.4576 for
NLSVR and 0.2988-0.4547 for PCR (Figure 3.7 A. and B.) This is relationship is even
stronger in the GDSC (NLSVR:0.6878-0.7341, PCR: 0.663-0.733) due to the increased
number of cell lines and histotypes (Figure 3.7 C. and D.). It is also important to note
that the GDSC and NCI60 share 38 cell lines, however, the range is smaller in the drugs
we modeled (7-30). For the 14 common drugs with data in the NCI60 and GDSC only 7

had significant correlations in drug response for identical cell lines.
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Discussion:

The development of molecular tools allows for a unique look into the molecular
nature of cancer inspiring a community effort to collect data with the potential for
significant clinical impact. Given the complexity and amount of data that is available and
continues to be generated, computational approaches are necessary to fully utilize the
available information present in the data. As these computational techniques become
more advanced, a basic understanding of the factors that influence model performance
are essential. We have taken a systematic approach to characterize the influence of
basic model complexity in terms of the linearity of the model and basic CBF feature
selection methods to predict in vitro drug response across a number of cancer cell lines
in the GDSC and NCI60. Our results suggest that the complexity of the model and the
method of feature selection have marginal effects on the performance of the model with
performance largely dictated by the relationship between histotype and drug response.

With the exception of ANN, it is not straightforward to establish which model is
superior as it is certainly reasonable that more thorough parameter optimization and
different data splits might lead to fractional improvements for one method over others
changing the relative rank of each model while having insignificant meaningful
quantitative gain. Likewise, there is no substantial gain by eliminating features that do
not significantly correlate with drug response. The control experiments (CTR1 and
CTR2) as well as the histotype models suggest that histotype has a major influence on
predictive capability of model. More rigorous criteria as imposed by Bonferroni
correction and bootstrap methods tend to decrease model performance slightly and this

is accompanied by a similar decline in selected features ability to cluster cell lines by
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histotype as evidenced by a larger Sc. Attempts to remove redundancy in features using
MRMR results in higher S¢ values suggesting that the histoytpe signal can be somewhat
mitigated by removing redundant features but is also accompanied by a decrease in
overall performance. Furthermore, even at 500 random features a diffuse histotype
signature is maintained which maintains the majority of drug-response information
sufficient for producing predictive models.

Our best performing model consisted of Support Vector Regression using a
radial basis function. However, the improvement over the best performing linear model,
PCR, was only a 3.8% increase in average Spearman correlation. Likewise, the
DREAM competition concluded that non-linear models performed slightly better than
linear models; however, the performance increase between their top non-linear model
and top linear model was only 1.5% with several linear models performing better than
many other non-linear models developed (21). Artificial neural networks performed
consistently the worst, for comparison, Menden et al. used ANN to build predictive drug
response models for 608 cell lines and 111 drugs in the GDSC using genomic and
chemical properties of drugs reporting an overall Pearson correlation of 0.85 across all
drugs. However, the individual drug correlations ranged roughly from -0.15 to 0.5 similar
to the results we achieve (49). The discrepancy in Menden’s work between the overall
correlation and the individual drug correlations is most likely due to the spread of IC50’s
across drugs as different drugs have distinct ranges of IC50 values, this can clearly be
seen in (Figs 3 B-E) demonstrating how inherent data structure, i.e. different ranges of
drug response for different drugs, can introduce artifacts that can potentially affect both

the construction and analysis of models. Other modeling strategies in the GDSC that
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have focused on targeted agents have produced average spearman correlations slightly
higher, (approximately 10%) (50) while models incorporating Bayesian components
have led to significantly lower average Spearman correlations (around 50%) (51).

Our results show that neither the linearity of the regression method nor features
used have a strong influence on performance with the single most influencing factor
being the identity of the drug. Furthermore, this is consistent across multiple data-bases
and over many cytotoxic agents despite inconsistencies seen among cell lines shared
by the GDSC and NCI60 that could prove a barrier to using the GDSC to train and
validate a model and test on the NCI60 or likewise the NCIG0 to train and validate
testing on the GDSC. This phenomenon results from the tendency that cancers from the
same histological background respond similarly to certain drugs. This is reflected in our
results; predictive outcomes can be achieved in most drugs simply by identifying the
histotype. Consequently, any gene set that has the ability to differentiate histotype also
can generate predictive models as demonstrated with our control models. Often the
identification of histotype is an essential step into determining specific approaches to
successful treatment, clearly not all cancers of the same histotype respond precisely the
same to a given drug. The range of responses might have important consequences
when it comes to determining effective PKPD parameters for clinical applications.
Furthermore, with respect to modeling, this “histotype” effect potentially shields features
that have significant predictive capability across all histotypes where the signal to noise
ratio is significantly less compared to features that have strong associations with

histotype.
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Several successful models have been built to classify tumors histologically using
genomic profiling (3, 5, 52, 53) demonstrating the ability of statistical learning
techniques to learn tissue specific features. Thus, given the differential drug response of
cancers with similar histological background the prediction of response loosely defaults
to a classification exercise. This simultaneously presents opportunity and challenge.
Knowing the histotype, therefore, gives a significant amount of information about the
drug response. However, histotype accounts for a large amount of genomic variation as
well as variability in drug response. Therefore, feature selection results in the
convolution of three possible categories: features that account for variability in histotype
having no influence on actual drug response, features that account for variability in
histotype and drug response, and lastly features in which variability is exclusively a
result of drug response. This is a challenging task, filter methods, such as CBF and
mutual information, tend to pick more robust signals associated with drug-histotype
interactions. The ability to extract drug response within a histotype and then leverage
that information across histotypes, such as ensemble methods, might be a reasonable
approach. For example, a filter based feature selection method could be applied on
each histotype independently then those features present in all histotypes could be
pooled. Additionally, a multiple kernel learning (MKL) method where each individual
kernel is applied to a distinct histotype might be an effective way to pool multiple
histotype based models into a more generalized pan cancer model. However, number
of samples of each histotype in most databases, such as the GDSC, could be a limiting
factor for producing robust features in a filter based method or parameter optimization in

a MKL setting. Databases such as the NCI60, GDSC, Cancer Therapeutics Response
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Portal (CTRP), and Cancer Cell Line Encyclopedia (CCLE) would provide for a broader
diversity of data. However, several studies have shown inconsistency in drug response
among cell lines derived from the same source (54-56).
Conclusion

The ultimate goal for these types of predictive models is to become a clinical tool
that practitioners can utilize to improve the treatment of cancer patients or to inform
clinical trials. While the jump from an in vitro cancer cell line to a tumor and then
eventually a patient is a considerable progression these in vitro based experiments
certainly add insight to the problem. Previous studies that have leveraged in vitro data
to inform tumor based predictions have approached drug response as a binary variable,
sensitive or resistant (15, 16). However, in such an approach valuable quantitative
insight might be lost that could be critical to successful clinical applications. For
example, an in vitro cell line might exhibit an IC50 that is much lower in comparison to
other cell lines, implying sensitivity, but the concentration of drug needed to achieve a
comparable exposure in a patient might not be reasonable due to pharmacokinetic or
toxicity constraints. Thus, to more effectively use cell line drug exposure the ability to
first accurately capture in vitro drug response is critical. What our models suggest is that
similar pan-cancer cell based models might over emphasize a relationship between
histotype and drug response thus could be misleading when applying such techniques
to tumor data by effectively only capturing a broad histotype response failing to be
applicable to more inter-tumor variability. Therefore, it is paramount that drug-histotype

response is considered to improve model performance and utility.
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Biological systems are inherently complex, noisy, and high dimensional which
makes modeling their behavior a difficult task. Statistical learning allows for the
extraction of valuable insights from large sets of data without direct knowledge of the
intrinsic mechanisms that are influencing the properties of the system. For this reason,
statistical learning provides several tools that are directly applicable to cancer diagnosis
and treatment and it has been an active area of cutting edge research in cancer biology,
mathematics, statistics, and computer science. Therefore, as the field moves forward it
is absolutely imperative to understand how fundamental modeling considerations
influence model performance on large complex biological datasets. Systematic
approaches with well thought out control experiments are paramount to fully understand

the complexities that arise when considering different modeling strategies.
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CHAPTER 4: PREDICTING CHEMOSENSITIVITY USING DRUG PERTURBED GENE

DYNAMICS

Introduction

A major focus of cancer treatment is the utilization of phenotypic characteristics
that can inform data-driven treatment protocols to target specific vulnerabilities of a
patient’s cancer (1). There has been a substantial amount work to characterize the
genomic and mutational landscape of cancer that have resulted in successful
interventions in cancers, harboring specific mutations or genomic signatures (2-4).
Nonetheless, for the majority of cancers specific genomic prognostic indicators
informing treatment have yet to be discovered with current estimates of only ~15% of
cancer patients being eligible for genome-informed treatment (5). Cancer is a complex
disease that arises from both numerous and diverse biological interactions.
Developments in high-throughput drug screening and genomic profiling have laid a solid
foundation characterizing the pharmacogenomic landscape of the disease (6, 7). Even
so, developing specific experimental protocols in vitro or in vivo that probe the entirety
of this landscape is an infeasible if not impossible task. A major goal of computational
and systems biology has been to integrate and leverage the information inherent in
available data to foster new insight about complex biological systems (8). Specifically in
cancer, statistical, mathematical and computational approaches, are starting to be
utilized to uncover complex drug-disease relationships (9) (10). However, this is an
inherently complex task. The genome is innately a high dimensional space, has built in

redundancy between genes, and gives rise to several complex multivariate interactions
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many of which we have little or no knowledge about. Thus, identifying these
relationships requires developing tools and approaches for deconvolution and screening
of this complex data pool.

Recently, a clinical trial in human bladder cancer was concluded using
computational methods to leverage cell line data to predict prognosis for neoadjuvant
chemotherapy (11). The origin of these studies has been driven by similar in silico
models predicting drug response for in vitro cell lines (12, 13). One of the most
comprehensive evaluations of these methods was conducted as a team-based
competition where 44 teams using a variety of different computational approaches
competed to predict drug response for 28 therapeutic agents in a panel of 53 breast
cancer cell lines (14). The study concluded that computational approaches could predict
drug response using omics data particularly with a high regard to genomics data.

Pan-cancer models have also been shown to predict the response of cytotoxic
chemotherapies in large cell line databases such as Genomics for Drug Sensitivity (15)
and the National Cancer Institute 60 cell database (NCI60) (16). However, one of the
central findings in (16) was that the predictive capabilities of these models was largely
driven by associations between certain drugs that had stratified drug response based on
histotype; drugs for which drug response was mostly independent of histotype tended to
perform poorly in the models compared to those that did. The dimensionality inherent in
omics data makes the model more susceptible to weaker broader signals making
smaller, yet more informative signals, hard to isolate. The processes in a cell are
inherently dynamic and adaptive. With respect to cancer drugs, the purpose of a drug is

to interfere with the dynamic and adaptive mechanisms that are responsible for disease
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pathology. Therefore, it is reasonable to assume that changes in gene expression after
drug perturbation would, in part, be reflective of the underlying mechanisms responsible
for drug response. The idea that changes in gene expression are linked to drug
mechanism has been reflected in the connectivity map (17, 18) which has shown to give
relevant pharmacogenomic insights (19, 20). Additionally, there have been studies that
have leveraged specific gene dynamics in the p53 pathway to predict drug response
with promising results (21). These results suggest that perturbation-based models have
the potential to reflect drug response. Furthermore features identified in perturbation-
based models may be predictive even when applied to basal gene expression.

The NCI Transcriptional Pharmacodynamic Workbench (22) is a web based tool
that allow users to explore the relationship between changes in gene expression, drug
response, and drug exposure for 15 different drugs in the NCI60 panel of cell lines.
However, this tool only allows a univariate analysis by correlation of gene expression
and drug response. To the best of our knowledge, no one has applied multivariate
predictive models using this data. We use support vector regression with a radial basis
function (SVR-RBF) to build predictive models of drug response for the data available in
the NCI Transcription Pharmacodynamic Workbench. Specifically, there is an emphasis
on the predictive capabilities of gene expression under different drug treatments.
Additionally, the predictive relationships between these datasets are explored using
correlation based feature selection (23). Additionally, network-based analysis is utilized
to explore the relationships that exist between selected genes for both basal gene

expression and drug induced changes in gene expression.
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Methods:
Data Acquisition and Pre-Processing
The Affymetrix U133A 2.0 raw expression data from Monks et.al were

downloaded from the gene expression omnibus (https://www.ncbi.nih.gov/geo) series

number GSE116436 (22). Each drug had CEL files for gene expression for untreated
cell lines (basal, 0 nM), cell lines drugged at a low dose of drug (Ciow), and cell lines
treated with a high dose of drug (Chign) at 2,6,and 24 hours. Frozen robust multi-array
analysis (fRMA)(24) was performed using the fRMA bioconductor (version 3.8.0)
package in R (version 3.5.1) for all CEL files corresponding to each individual drug. At
2,6, and 24 hours, the data were split into gene expression matrices for basal, Ciow, and
Chigh. All gene expression matrices were scaled to a mean of 0 and unit standard
deviation. Perturbation gene expression was obtained by subtracting the basal data
from the drug treated data (Cnigh,Ciow) Yielding matrices of gene differences at the high
and low concentration (AChigh, ACiow). Throughout the text, (Chigh, Ciow) refer to
perturbation gene expression and (AChigh, ACiow) to perturbed gene expression deltas or
simply expression deltas. NCI60 drug response data were obtained from the CellMiner

version 2.2 https://discover.nci.nih.gov/cellminer (25). The natural log of the GI50 was

averaged for all measurements attributed to the same single cell line giving a single
average LN GI50 for each cell line per drug.

Training and validation sets were generated randomly using 3-fold nested cross
validation. In order to generate a robust measure of performance across all gene
expression datasets this process was repeated 2 more times giving a total of 9 random

training and validation pairs with each cell line being represented at exactly 3 times
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during validation. This, amounted to 9 replicates for each gene expression matrix

(basal/0 nM, Ciow, Chigh, ACiow, AChign) (Figure 4.1) at 2, 6, and 24 hours.
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Figure 4.1: Model building outline.
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Modeling:

All models were trained using e-insensitive Support Vector Regression (SVR)
using a radial basis kernel function (RBF) from Scikit-learn (26) version 20.3 in python
version 3.7.3.

Parameters were optimized using a 10-fold random shuffle cross validation scheme on
subsets of the training set. Differentially expressed genes (DEGs) were chosen using
correlation based feature selection (CBF) (7) using spearman correlation in scipy
version 1.2.1. For the DEGs models, the DEGs chosen are the identity of the genes,
however, the gene expression data used in the model will be from a possibly different
dataset. For example, if the DEGs are from the Chigh data set, but the model is being
evaluated on ACiow the gene expression used in the model is from ACjow but only those
genes that were selected from the Chigh are used. Graphics are generated using Prism
Version 8 and to calculate significance, the paired Wilcoxon t test is used in comparing
different models.

Topological Network Analysis:

A graph, a mathematical formalism that represents networks, is defined as an
ordered set of nodes, V, and the edges, E, that connect nodes G (V, E). The frequency
and orientation with which two nodes are connected describe the networks topology. A
topological measurement, cliques, are a subset of nodes such that every node in the
subset shares an edge with every other node in the subset (Figure 4.5 A.). Additionally,
a graphs topology can be described by a connectivity coefficient which is a
measurement of the degree to which a node is connected to other nodes (Figure 4.5 A).

We use these graph theoretic principles to estimate networks of genes. Graphs, gene
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networks, are constructed as follows: using the smallest subset of DEGs from all nine
training/validation sets an adjacency matrix was obtained by first constructing a
correlation matrix using spearman r, then all matrix values that meet the Bonferroni
corrected cutoff p value (a<0.05) are set equal to 1 and all other values are set to 0.
The software NetworkX 2.4 (27) was used to generate a undirected graph and calculate
cligues and average clustering coefficients.
Results:
Perturbed Gene Expression at 24 hours is a Good Predictor of Drug Response

It can be hypothesized that for each drug there is some timescale when drug
induced perturbation is most predictive of drug response. Using the basal and perturbed
gene expression at 2, 6, and 24 hours, 135 models (9 models for all 15 drugs), per
timepoint, were constructed for each gene expression profile (basal, perturbed,
expression deltas) for the 3 different treatment conditions. The best performing models,
by average spearman correlation, consisted of gene expression profiles from Chigh gene
expression (i = 0.495) after 24 hours of treatment while, performance was lowest for
AChigh (r =0.025) 2 hours post treatment. Performance was dominated by gene
expression profiles 24 hours post treatment (AChigh, ACiow, Chigh, Ciow ) (Figure 4.2). The
highest achieved average spearman correlation was achieved for the drug dasatinib
(7 =0.848) using ACnigh gene expression 24 hours post treatment compared to lowest
for azacytidine (7 =0.144) using AChigh gene expression 6 hours post treatment. The
average correlation of the top performing models for each drug drugs was r= 0.6074

(SD: 0.16) (Table 4.1.).
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Table 4.1. The dataset that gave the best correlation for each drug

Drug Abbreviation Dataset Correlations
Azacytidine AZA Chigh Delta 6hr 0.144
Bortezomib BTZ Ciow 24hr 0.603
Cisplatin CIS Chigh Delta 24hr 0.773
Dasatinib DAS Chigh Delta 24hr 0.848
Doxorubicin DOX Chigh Delta 24hr 0.709
Erlotinib ERB Chigh 24hr 0.692
Geldanamycin GEL Ciow 24hr 0.641
Gemcitabine GEM Chigh Delta 24hr 0.576
Lapatinib LAP Chigh 24hr 0.646
Paclitaxel PTX Ciow 24hr 0.6
Sirolimus SIR Ciow 24hr 0.556
Sorafenib SOR Ciow Delta 24hr 0.566
Sunitinib SUN Chigh Delta 24hr 0.593
Topotecan TOP Chigh Delta 24hr 0.707
Vorinostat VOR OnM 2hr 0.457

With respect to each drug and gene expression profile , six drugs were most
predictable using AChigh gene expression at 24 hours post treatment, four drugs using
Ciow gene expression at 24 hours post treatment, two drugs at using Chigh gene
expression at 24 hours post treatment, and a single drug using ACiow gene expression

at 24 hours post treatment (Table 1,Figure 4.3 B). Azacytidine and vorinostat were the
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only two drugs that did not have the best performance with 24-hour post treatment gene
expression. Azacytidine was most predictive using ACnigh 6 hours post treatment and
vorinostat was best predicted by basal gene expression. The interplay between dosage
and timing was explored, since some drugs may display more predictive signatures at a
low dose and others at a high dose. We found that across all models, gene expression
profiles drugged at a high concentration (Cnigh/AChigh) performed better than similar gene
expression drugged with a lower concentration of drug (Ciow/ACiow). Both Chigh/Ciow
(Ar=22%) and AChigh/ACiow (Ar=0.172%) had large differences in average correlation,
however, only Chigh/Ciow Was significantly different (pwc=0.0005) by Wilcoxon paired t
test. Specifically, at 24 hours post treatment Chign resulted in models 1.2% better then
AChigh gene expression; however, the difference was not significant (pwc=0.427).
Conversely, at the lower concentration ACiow outperformed Ciow by 2.88% but not
significantly (pwc=0.65). At the 24 hour time point models using basal data gene
expression performed significantly lower with respect to Chigh (42.7%, pwc < 1e-4) and
AChigh ( 42%, pwc<1e-4). The results were similar at the lower concentration for Ciow
(30% , pwe<1e-4) and ACiow (32%, pwc<1e-4). With respect to drug exposure (dose x
time), Ciow at 24 hours performs 4.4% better than Chigh expression at 6 hours despite
that drug exposure at Chigh is greater; however this difference is not significant
(pwc=0.1065) (Figure 3.4 A). Additionally, note that Chigh gene expression at 6 hours
post treatment performs better than basal data (18%, pwc=0.0001). Ciow gene expression
at 6 and 2 hours and Chigh gene expression at 2 hours post treatment are comparable to
models using basal gene expression ranging for 3.4% to 9.8% with no significant

difference (pwc>0.25).
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Figure 4.3. Average spearman correlations based on drug exposure. With highest
exposure starting on the left working to no drug exposure on the right. Correlations
based on exposure with high exposure starting at the left of page. B. Rank of each drug
by spearman correlations over different all gene expression profiles.
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A smaller set of differentially expressed genes are sufficient to capture drug response
Since each drug has specific modes of action that endow it with cytotoxicity, a
smaller set of features, or gene expression signatures, may be as predictive of drug
response as the entire ensemble of gene expression. To determine whether a predictive
drug response gene expression signature could be found, DEGs were selected for each
24-hour gene expression profile and models based on these DEGs were constructed
within each gene expression profile (Figure 4.4 F). DEG gene expression profiles
resulted in lower average spearman correlation compared to using all genes (NOFS),
with the exception of the AChigh data (azacytidine was left out in the analysis as it varied
greatly between different testing sets within each individual gene expression profile).
The increase in performance while using AChigh DEGs on AChigh data compared to the
entire AChigh profile (NOFS) was modest (DEG 7 = 0.5415, NOFS = 0.5294) and not
significant (pwc=0.3437). Additionally, when comparing ACiow gene expression the
performance was only slightly less using DEGs ( = 0.4092) than NOFS (7 = 0.4443)
with no significant difference (pwc=0.2516). However, comparing Chigh DEG models to
Ciow DEG models, the performance of the DEG models was significantly less (Chign
p<1e-4, Ciow p=0.0181) with differences in performance of 10% (Ciow) to 16.2% (Chign).
The difference between basal DEG models and basal NOFS models data was
insignificant (pwc=0.0533) where the DEG model performed about 10% worse (i =
0.299/0.331). Comparisons between models using DEGs and NOFS model on a drug

by drug basis can be seen in Figure 4.4 F.
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Figure 4.4. The influence on performance using DEGs selected from one gene profile
and for models utilizing A. AChigh , B. ACiow , Chigh , D. Ciow, E. 0 nM. F. Comparison
between average spearman correlation where DEGs are selected from the perspective
data profiles used in the models.

130



DEGs selected from different gene expression profiles are not universally predictive
when applied across gene expression profiles

The advantage of using perturbation data for feature selection is straight forward;
if a gene’s expression changes with exposure to drug there is a higher probability that
the gene plays a role in the cell line’s response to that drug. Thus it is not unreasonable
to assume that a gene that has a dynamic response to drug exposure is a good feature
to use when modeling. However, often the gene expression data for in vitro cell lines
and tumor samples after drug exposure is not available. We asked whether it might be
possible to use available drug perturbed data from another dataset to select features
with a dynamic response, and apply those features to predict response in another
dataset. However, it unclear whether a signature derived from drugged gene expression
data also reflects drug response under unperturbed conditions. In order to explore this
question, we used correlation-based feature selection to select features using one gene
expression profile and then applied those selected genes in models utilizing a different
gene expression profile (refer to methods).

Differentially expressed genes selected in basal gene expression and applied to
AChigh gene expression resulted in a 46.5% drop in performance (ir = 0.542 to 0.29).
For comparison, using 100 randomly selected genes resulted in a smaller drop in
performance by only 36%. The difference in performance was minimal (12%) when
ACiow DEGs were applied to AChigh expression data (i = 0.542 to 0.48) and was
substantially lower when Chigh DEGs were applied to the same data, resulting in a drop
of 22% (r = 0.542 to 0.429)(Figure 4.4 A). Likewise, with respect to ACiow data using

basal DEGs resulted in a 52% decrease in overall performance ( = 0.41 to 0.197);
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however, contrary to the results for AChigh, when DEGs from AChigh were applied to ACiow
gene expression performance increased by 5% (r = 0.41 to 0.43) but was not
significant (pwc=0.96). The application of Cijow DEGs to ACiow gene expression resulted
in 16.7% drop (¥ = 0.41 to 0.351, p=0.0028) (Figure 4.4 B).

We also tested the predictive capability of DEGs selected from basal and
expression deltas on perturbation gene expression. Similar to what we found for
expression deltas, basal DEGs resulted in the greatest drop in performance for both
Chigh 16.7% (7 =0.476 to 0.396) and Ciow 15.1% (7 = 0.4253 to 0.425) (Figure 4.4 C&D).
Performance of AChigh DEGs on Chigh gene expression resulted in a slight increase in
performance by roughly 1.7% (7 =0.476 to 0.484), while AC,ow DEGs had only a
negligible effect when applied to Ciow gene expression (r = 0.4253 to 0.4250) (Figure
4.4 C&D). The application of Ciow DEGs to Chigh gene expression resulted in a decrease
of roughly 1.7% (¥ = 0.476 to 0.468), a slightly larger, but still models, drop in
performance resulted from the use Chigh DEGs to Ciow gene expression (r = 0.4253 to
0.414)

Finally, DEGs were selected from perturbed gene expression and expression
deltas and these DEGs were applied to basal gene expression (Figure 4.4 E). When
AChigh DEGs were applied to basal genes expression, performance substantially
decreased by 30% (r =0.299 to 0.208) and similarly, using ACiow DEGs on basal gene
expression the performance decreased by 44% (r = 0.299 to 0.166). Finally, a random
selection of gene expression from 100 random genes resulted in a decreased
performance by only 29% (¥ = 0.299 to 0.213). Furthermore, models using basal gene

expression increased performance by 6% (r = 0.299 to 0.317) when using DEGs from
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Ciow and AChigh DEGS applied to basal gene expression decreased performance by by
2.7%. These results indicate that changes in gene expression that predict drug
response are not predictive features in basal gene expression.
DEGs and Network Topology

One of the fundamental concepts in biology is that cellular systems are an
assembly of dynamic interactions forming a network of interacting components, that
provide the framework for all functions of the cell. While generally it is well understood
that networks involve some kind of connectivity, network models allow for a more
rigorous mathematical approach to understand and analyze this general notion of
connectivity. Particularly, there has been an interest in applying concepts behind
network topology to understand the relationship between genes, disease states, and
treatments (21, 28). To explore the relationships between genes under both a basal and
perturbed states, DEG networks were constructed using statistically significant
correlations between genes. As outlined in methods, this was accomplished by
calculating a correlation matrix for both the basal and expression delta gene expression
profiles. Then Boolean graphs were constructed by placing edges between genes that
had a spearman correlation p-value below a Bonferroni corrected significance level. The
topology of the given network was then quantified based on cliques, a subset of nodes
which share an edge with every other node in the subset, and the clustering coefficient
which measures the connectivity of a subset of nodes all sharing an edge with a single
node (Figure 4.5 A).

There was a clear distinction between topological properties of networks formed

with expression deltas DEGs compared with basal DEGs. On average networks
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constructed from expression DEGs formed 389% more cliques then networks formed
with basal DEGs. The number of cliques which exceeded a size of 2 was also much
greater using the expression deltas DEGs averaging around 60% similarly compared to
21 % for basal DEGs. Likewise, the average clique length was 314% greater using
expression deltas DEGs compared to Basal DEGs (Figure 4.5 B). Additionally, clique
participation was much greater in expression delta gene networks, with each node
participating in 1.1% of all cliques compared to only 0.3% for basal DEG networks.
Lastly, expression deltas DEG networks had an average clustering coefficient that was
2.15x greater than that of the basal DEG networks (Figure 4.5 C). Based on network
topological features expression deltas DEGs showed a much greater level of interaction

compared to DEGs derived from basal gene expression.
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Figure 4.5. A. lllustration of a clique (Right) of size 2 (top), 3 (Middle), 4 (bottom) and
Clustering Coefficient for 3 different subgraphs along with the average over all three
subgraphs. B. Average clique size, and C. Average clustering coefficient for different
drugs for ACy;4, and On M at 24 hours.

Clique patrticipation is a signature of cancer and drug response association of genes.
In order to explore how clique participation might be associated with cancer
association we looked at the 15 genes that participated in the most cliques in both the
expression deltas network and the basal gene network. Analysis of expression deltas-
based data yielded several genes that had been cited in the literature to have some

known association with cancer. This in included tumor suppressor genes, Breast
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Cancer Metastasis Suppressor 1 (BMRS1) in bortezomib (29-32) and RNA Binding
Protein 5(RBM5) in paclitaxel (33-35). Additionally, Genes that promote proliferation
such as MOB Family Member 4 (MOB4, doxorubicin) (36), PBX Homeobox Interacting
Protein (PBXIB1, geldanamycin) (37, 38) and Heterogenous Nuclear Ribonucleoprotein
A/B (HRNPAB, Sorafenib) (39). Furthermore, apoptosis related genes including Nuclear
Receptor Coactivator (NCOAA1,cisplatin)(40), TIMELESS interacting protein (TIPIN,
lapatinib)(41), and G1 to S Phase Transition 1 (GSPT1, sunitinib)(42). Additionally, cell
cycle regulators, Cell Division Cycle 25A (CDC25A, geldanamycin)(43) and
Topoisomerase DNA binding Protein (TOPBP1,pacliatxel)(44). Furthermore, some
genes linked to drug resistance arose as well such as survivin (BIRCS5, erlotinib) which
has been found to correlate with paclitaxel resistance (45). These represent a subset of
genes that we identified. For all drugs, genes with cancer associated references could
be found or genes involved in cell cycle regulation, apoptosis, or translation. A list of
these additional genes can be found in Appendix B.

Likewise several genes with maximum clique participation in the basal gene
networks had associations with cancer. The gene that participated in the most cliques
for bortezomib was ABCE1, a known mediator of drug resistance (46-48). Likewise, for
lapatinib ATB binding cassette family F member 1 (ABCF 1) also associated with
chemoresistance (49). One of the genes picked up for sorafenib was EGFR and among
the genes for topotecan was a tumor suppressor genes ST14 (matriptase) (50-52).
Additionally, R-Ras 2, a oncogene gene known to be associated with tumorigenesis and
metastasis was present for erlotinib (53, 54). Additional genes of interest from basal

gene expression networks can be found in Appendix B.
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Discussion:

Small molecule gene perturbation studies have become a new focus to
understand the relationships between diseases and drugs (17, 18, 22). One of the
central roles of this work was to understand how gene dynamics could inform drug
response and what roles drug exposure may play. The results suggest, given a limited
subset of drugs and cell lines, that the differences in gene expression at 24 hours
between untreated and treated cells with a relatively higher high dose of drug is the best
predictor of drug response compared to basal gene expression or perturbed responses
at earlier time points and lower drug doses. Additionally, the data suggest that elapsed
time might play may be a bigger factor than exposure, as models that utilized
perturbation gene profiles treated with a low dose at the 24-hour post treatment often
outperformed models using high dose gene expression but at an earlier time point. The
similarity between the predictive ability of non-drugged gene expression and drugged
gene expression at 2 and 6 hours suggest that changes in gene expression are rather
minimal at these early time points. One of the questions that might be of interest would
be to answer at exactly what time do changes in gene expression become predictive
and whether time points greater than 24 hours could possibly be more predictive?
Additionally, if the changes in gene expression could be measured with enough
temporal resolution it might enable analysis of gene trajectories to see if they are
indicative of drug response.

The role of feature selection in omics-based models is somewhat controversial.
In certain other data-driven models, feature selection can be critical in eliminating noise,

resulting in a better performing model. In genomics two of the most used methods of
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feature selection is to use user-defined genes, for example, exploiting all genes known
to be in a specific pathway or leveraging statistical inference to select features that can
most likely explain the variability in the phenomena, such is the case with CBF or a
pairwise t-test like LIMMA (55). With respect to the former, this method inherently gives
biological context; however, the problem of predicting drug response is that many of the
mechanisms of drug response are not known (56), thus making it difficult to select
genes based on prior knowledge. The second approach is very susceptible to noise and
it is not clear if there is any advantage over using all features (14, 16). However, the use
of all features lacks the specificity to be useful for hypothesis generation. The inferential
approach is somewhat of a go between, it does not exclude genes based on any prior
bias, but preferences features only by the statistical capability to explain variation with
respect to some biological observation such as drug response. The hope is that many of
these features have a shared underlying biological context which results in the observed
statistics. Drug response has both static and dynamic component; multi drug resistance
can result from the overexpression of efflux transporters (56) and down regulation of
deoxycytidine kinase is seen in gemcitabine resistance (57). A central question that
underlies the DEG experiments is whether statistical inference can capture an
underlying relationship between static and dynamic gene expression when it comes to
drug response. Based on our results, the drug induced changes in gene expression that
best predicted drug response did not have any predictive power in basal gene
expression and the same was true of basal gene expression with respect to gene
changes. However, this is only in respect to univariate feature selection, it is perfectly

reasonable to believe that features exist in a higher dimensional space which might
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pertain to an underlying biological phenomena; however, methods to find such features
and map them to specific genes are yet to be developed.

The complexities of cancer therapy are immense and thus, especially from a
pharmacological view, it is necessary to understand what properties make a cancer
susceptible to a certain drug or what mechanisms are responsible for resistance. A
recent publication showed that cell proliferation could be maintained without the specific
proteins targeted by many therapies; additionally, they also demonstrated that many of
these drugs achieved cytotoxicity without the inclusion of the druggable target (58).
Targeted therapies are notorious for an initial response followed quickly by developed
resistance (59, 60). All in all, gene expression of drug targets in both perturbed and
unperturbed data are poor predictors of drug response. However, through network
analysis we found that genes with high clique participation are associated with cancer in
both changes in gene expression and basal gene expression. Furthermore, the
networks constructed from changes in gene proved to be significantly more connected
than networks constructed from basal gene expression. This might explain why
perturbation is a better predictor of drug response, the redundancies that result from
coordinated changes lead to a stronger signal to noise ratio. Alternatively, this might
suggest that drug response is a more likely a function of several interacting genes and
several different mechanisms and this is reflected better under dynamic changes. This
is certainly consistent with the observation that cancer has multiple mechanisms of drug

resistance (61, 62).
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Conclusion:

There are several roles for computational models in oncology including, but not
limited to, patient prognostics and treatment, new treatment development, informing
clinical trials, and as a method of hypothesis generation especially when it comes
interaction between cellular processes and drug mechanisms. Genetic perturbations
would be difficult to leverage in a clinical setting: a prognostic model to aid patient
treatment needs to be quick and cost effective. Acquiring gene perturbations of a
patient’s tumor for multiple drugs would be both difficult and time consuming. In vitro
drug screens are often the first step in determining the potential of a possible drug
candidate and also serve as a platform for hypothesis generation. However, as our data
indicate, obtaining predictive models with basal gene expression is difficult and
furthermore might not be the best data to determine drug mechanism. However, gene
perturbations prove to be better at capturing drug response and they exhibit a high level
of connectivity between genomic features. Therefore, modeling in vitro gene expression
changes could be instrumental to better understand the dynamic mechanisms behind
drug response. A better understanding of the underlying gene dynamics induced by a
drug would most likely promote insight into the underlying genetic mechanisms of drug
response which are essential for developing new treatments and building robust
prognostic models at the clinical level. In order to fully take advantage of this strategy it
would be essential to generate more perturbation data similar in scope to the genomic
and drug profiling that is associated with large cell line panels such as the GDSC,
CCLE, and expanded among more drugs in the NCI60. This is a task that funding

agencies and foundations that help build these databases should take up without delay
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CHAPTER 5: MODELING PATIENT RESPONSE IN BLADDER CANCER TO

GEMCITABINE CISPLATIN COMBINATION TREATMENT

Introduction

Chapters 3 and 4 focused specifically on drug response in in vitro cell lines. The
benefit of leveraging in vitro cell lines in statistical learning models is directly related to
the simplicity that in vitro drug assays provide. Compared to tumor data, drug response
in a cell line is relatively easy to interpret, the experimental conditions are absent of
higher order complexity such as tumor or patient heterogeneity, and can capture a
relatively large amount of genomics/omics variability with the corresponding variability in
drug response. These attributes are highly desirable as grounds to construct, validate,
and compare modeling approaches as well as in silico hypothesis generation, such as
identifying relevant biomarkers or identifying possible underlying biological mechanisms
of drug response. However, the other appeal of statistical learning is its possible
application in diagnosis, prognosis, and treatment in a clinically relevant setting (1, 2).
One of the current interests is how to leverage in vitro models to inform modeling
applications in patient derived data.

As discussed, the high dimensionality of omics data can make a model prone to
overfitting and can obscure true biological relevance. Feature selection is one method to
eliminate confounding noise and isolate biologically relevant relationships. Because, the
relationship between patient tumor data and drug response is not as clearly defined as it
is in in vitro, strategies to isolate features in in vitro data to apply to tumor models have

been explored such as COXEN (3). The methodology of COXEN was to extrapolate the

147



relationship between drug response and co-expression in cell lines to co-expression
patterns in tumor data to identify a biologically relevant feature set in tumor drug
response models (3). In a similar manner, we wanted to address the question of how
cell line based models could inform feature selection in tumor models, particularly with
respect to the observation that drug induced gene perturbation was a significantly better
predictor of drug response.

It was demonstrated in the previous chapter that differentially expressed genes
(DEGs) derived from drug induced changes in gene expression were the best predictors
of drug response; however, these genes lacked any predictive power when applied to
basal gene expression. Therefore, these genes would only be applicable in a clinical
setting if tumor samples could be collected and cultured and gene expression data
could be measured before and after drug exposure. This process would be time
intensive and costly, making this approach impractical from a clinical perspective. Thus,
how can drug induced gene perturbation be used in a clinically relevant manner? A
systems view of biology places emphasis on the emergent properties that result out of
the interaction of several individual components (4). In this view the emergence of drug
response is a result of interactions among genes. Change in gene expression are
assumed to be a reaction to drug exposure; however, in a systems view, the reaction of
one gene might be indicative of a underlying system of genes. Therefore, changes in
one gene might reflect a bigger underlying genetic state that as a whole accounts for
the variability in drug response. Thus, in an unperturbed state it is not sufficient for
expression of a single gene to predict drug response but the expression of the system

as a whole. Therefore, as basal expression of DEGs identified through gene expression
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changes are poor predictors of drug response, basal gene expression of the entire
system of associated genes with a DEG might be more indicative of drug response.
Such an approach would accomplish two tasks, first the identification of a basal gene
expression signatures based on observed gene expression changes, and second, the
identification of a basal gene expression signature that could be applied to patient
derived tumors in a clinical setting. In the following work a method is presented that
uses highly connected DEGs discovered by the network analysis of gene perturbations
in chapter 4 to identify a basal signature for drug response. Those signatures are then
applied to patient derived bladder tumors who received a combination treatment of
gemcitabine and cisplatin (GC) to predict patient drug response.

Methods:

Data Acquisition and Preprocessing:

The Laval bladder cancer dataset is a 90 patient cohort of patients that received
neo-adjuvant chemotherapy of either gemcitabine and cisplatin or methotrexate,
vinblastine, adriamycin, and cisplatin (MVAC) prior to cystectomy ranging anywhere
from T2a to T4b. Gene expression from the tumor was measured using Affymetrix U133
2-Plus gene arrays. Survival data included the chemotherapy regimen of each therapy,
the survival time in years, censorship status at the survival time given, and the tumor
stage of the cystectomy. The censorship status of the patient was one of four
possibilities; death from disease uncensored, disease recurrence, death from other
causes, and alive at time of measurement. Patients with a status of either death of
disease or disease recurrence were considered uncensored and patients with a status

of alive of died of other causes were considered censored. Array data was normalized
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using frozen robust multiarray analysis (fRMA) (5). Because these models were based
on perturbation data from the NCI Transcription Pharmacodynamics Workbench
(NCI-TPW) (6), only patients receiving GC treatment were considered. In total there
were 36 patient samples, 18 of which were uncensored and 18 censored.

Gene Signature Selection (DEGS):

There are three different sets of gene signatures that are used in models; David
derived differentially expressed genes (dDEGs), basal differentially expressed genes
(bDEGs), and randomly selected differentially expressed genes (rDEGs). From Chapter
4, gene signatures from drug induced changes in gene expression were identified and
network analysis was used to identify genes with maximal clique participation. David
Bioinformatics Resources 6.8 (7, 8) was used to identify related genes that had an
similarity score greater than 0.35 (refer to appendix C for more information of the
similarity score) of the top ten clique participating genes identified in the network
analysis (Figure 5.1). This resulted in 203 unique genes represented by 495 U133 2-
plus probes for cisplatin and 246 for gemcitabine represented by 514 U133 2-plus
probes. Basal DEGs (bDEGs) consisted of all DEGs identified in Chapter 4 by
correlation-based feature selection on non-drugged cell lines in the NCI-TPW. Lastly
random genes (rDEGs) served as a control where 495 random probes were selected for
cisplatin and 514 random probes were selected for gemcitabine.

Modeling:

The test to train ratio was 1/3 testing and 2/3 training. For each test and train set

the number of uncensored samples was equal to the number of censored samples thus

for testing it was 6 to 6 and 12 to 12 for training. We utilized survival support vector
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machines (sSVM) which predicts the relative rank at which events (dod or disease
recurrence) occur, taking into account input from censored data (sSVR is expanded on
in appendix C of this thesis) (9). Survival support vector machines are implemented
using the scikit-survival python module for survival analysis (10). Both linear and radial
basis function (rbf) kernels are used. SVMs require two parameters, a and vy, that are
typically optimized using cross validation; however, since the dataset is small and
contains many censored data points cross validation would not be possible. Therefore a
range of the penalty parameter, o, was explored (0.001,0.01,0.1,1) and y was set to 1
over the number of features. The ability of the model to correctly predict the order of
events is characterized by the concordance index (11), which measures the
concordance between the rankings predicted and those actually seen. For this score, 1
is a perfect concordance, 0.5 would indicate picking the rank of events at random, and 0
would be ranking the events completely opposite of the correct order. This was
repeated 50 times for each different kernel, parameter setting, DEG set, and
combination of drugs (GC) and single drugs (i.e. Cisplatin or Gemcitabine). A pairwise t-
test was used to determine if there was any significant difference based on the different

application of DEGs. This process is outline in Figure 5.1.
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Figure 5.1. General outline of how the modeling workflow

Results:
David Identified DEGs Predict Survival Better Compared to Other DEGs:

With respect to an RBF the range of the concordance scores varied from a
minimum of 0.51 using dDEGs for cisplatin to a maximum of 0.649 using dDEGs for

Gemcitabine (Table 5.1 ). Likewise, the best average performance over all levels of a
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were the dDEGs gemcitabine (0.641) models and the worst performing models were
dDEG models for cisplatin (0.527) (Figure 5.2). For combination (GC) treatment models
using dDEGs (0.605) performed better on average than all other DEG models with the
exception of ADEG gemcitabine models (Figure 5.2). Furthermore, dDEG GC models
performed significantly better than rDEG models for three of the four alpha levels
(Figure 5.3). However, compared to bDEGs in GC models, dDEGs only performed
significantly better for a=0.001; nonetheless, this was also the best performing dDEG
GC model (0.625) in additional to exceeding all other DEG models with the exception of
the dDEG Gemcitabine model (0.649) (Table 5.2). Furthermore, the performance
comparison between cisplatin and gemcitabine models was completely opposite, dDEG
models consistently performed better in gemcitabine while consistently performing the
worst in cisplatin for all levels of o (Figure 5.3 and Table 5.1). Additionally, it is of note,
that for GC models bDEGs never performed significantly better the rDEGs over all

levels of a (Figure 5.3).
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Table 5.1 Minimum, mean, and maximum values for the various models at different
levels of o for sSSVR models with rbf kernels.

o 0.001 0.01 0.1 1
GC 0.325 0.216 0.3958 0.408
0.625 0.606 0.602 0.588
0.842 0.8 0.766 0.75
Basal GC 0.275 0.373 0.333 0.353
0.591 0.597 0.579 0.594
0.816 0.857 0.762 0.818
R-GC 0.3 0.216 0.292 0.333
0.593 0.582 0.569 0.578
0.812 0.756 0.786 0.784
CIS 0.296 0.137 0.229 0.286
0.555 0.528 0.51 0.516
0.737 0.78 0.745 0.705
Basal CIS 0.25 0.392 0.364 0.326
0.578 0.58 0.558 0.576
0.769 0.822 0.738 0.818
R-CIS 0.325 0.177 0.395 0.353
0.588 0.568 0.59 0.58
0.889 0.756 0.805 0.818
GEM 0.35 0.442 0.447 0.438
0.649 0.647 0.64 0.628
0.868 0.844 0.81 0.804
Basal GEM 0.3 0.386 0.375 0.373
0.591 0.59 0.598 0.614
0.822 0.786 0.881 0.818
R-GEM 0.3 0.275 0.25 0.326
0.5919 0.593 0.556 0.567
0.816 0.776 0.75 0.804
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Figure 5.3. Distribution of the concordance scores over 50 random training and testing
splits for A. a=0.001 B. a=0.01 C. a=0.1and D. a=1 using sSVM with a rbf kernel. The
stars above each bar indicate a significant difference (p<0.05) by pairwise t-test for the
same drugs modeled with a different set of DEGs.

Application of a linear kernel function resulted in the best performing model in
gemcitabine using dDEGs at an a level of 1 (0.669) (Table 5.2). For combination
models both dDEG (0.632) and bDEG (0.638) models performed about the same (figure
5.2) and performed significantly better than rDEG models at all levels of o (Figure 5.4).

Similar to RBF models dDEG gemcitabine models (0.643) had the best average
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performance over all and dDEG cisplatin models consistently performed the poorest
(Figure 5.2). Furthermore, dDEG gemcitabine models performed significantly better
over-all a while the dDEG models for cisplatin performed the worst. With the exception
of o = 0.1 in gemcitabine bDEG models always outperformed rDEG models (Figure 5.4).

Table 5.2 Minimum, mean, and maximum values for the various models at different
levels of a for sSSVR models with linear kernels.

o 0.001 0.01 0.1 1
dDEG-GC 0.319 0.381 0.386 0.425
0.622 0.629 0.629 0.648
0.878 0.826 0.864 0.875
bDEG-GC 0.37 0.422 0.366 0.354
0.63 0.641 0.622 0.657
0.881 0.837 0.86 0.881
rDEG -GC 0.333 0.317 0.261 0.225
0.57 0.565 0.544 0.586
0.854 0.786 0.822 0.796
dDEG-CIS 0.192 0.186 0.13 0.184
0.478 0.485 0.479 0.483
0.829 0.787 0.773 0.896
bDEG-CIS 0.275 0.4 0.304 0.26
0.583 0.592 0.578 0.614
0.837 0.857 0.84 0.826
rDEG-CIS 0.196 0.34 0.326 0.271
0.55 0.551 0.53 0.563
0.84 0.745 0.796 0.829
dDEG-GEM 0.326 0.4 0.386 0.45
0.6301 0.635 0.637 0.669
0.824 0.809 0.886 0.857
bDEG-GEM 0.255 0.362 0.24 0.32
0.598 0.595 0.554 0.605
0.842 0.838 0.881 0.864
rDEG-GEM 0.319 0.296 0.261 0.225
0.56 0.545 0.529 0.562
0.857 0.811 0.784 0.8
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Figure 5.3. Distribution of the concordance scores over 50 random training and testing
splits for A. a=0.001 B. a=0.01 C. a=0.1and D. a=1 using sSVM with a linear kernel. The
stars above each bar indicate a significant difference (p<0.05) by pairwise t-test for the
same drugs modeled with a different set of DEGs.

Combined DEGs are additive in performance for GC Models

We wanted to see if combining dDEGs and the bDEGs could lead to better
models for both a RBF kernel and linear kernel. For models utilizing the RBF kernel
models using combined dDEGs and bDEGs did not perform better than any single drug
model while the dDEG gemcitabine model continued to perform best (Figure 5.5 A,
Table 5.3). However, models using linear kernels performed better in both GC and

cisplatin models; additionally, the highest concordance index was achieved using
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combined DEGs for GC models at 0.68 and was significantly better than (p<0.05) than

all single drug models (Figure 5.5 B, Table 5.3).
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Figure 5.5. Distribution of 50 test train splits using combined dDEGs and bDEGs
compared to using a single set of DEGs in a single drug. A. RBF kernel B. Linear
Kernel. Stars indicate which DEG sets are significantly different by a paired t tests. The
black star in B reflects the the combined DEG set is significantly different from all other
DEG sets.
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Table 5.3 Minimum, mean, and maximum concordance index over 50 test train splits for
the respective set of DEGs and kernels

Kernel RBF Linear
dDEG-GC 0.351 0.362
0.613 0.623
0.822 0.875
bDEG GC 0.351 0.354
0.588 0.658
0.8 0.837
Combined GC 0.378 0.511
0.604 0.68
0.844 0.896
dDEG-CIS 0.324 0.268
0.532 0.505
0.778 0.813
bDEG-CIS 0.378 0.313
0.587 0.623
0.8 0.843
Combined CIS 0.324 0.383
0.569 0.631
0.769 0.813
dDEG-GEM 0.378 0.468
0.65 0.661
0.85 0.863
bDEG-GEM 0.404 0.271
0.597 0.589
0.826 0.813
Combined GEM 0.405 0.447
0.625 0.653
0.822 0.875
Discussion:

This work demonstrated three central results. First, drug induced changes in
gene expression from in vitro cell lines could be used to generate basal signatures to
successfully predict patient drug response. Second, this derived signature was better at
predicting patient drug response than DEGs derived from basal gene expression of in
vitro cell lines as well as randomly selected genes. Finally, DEGs selected for each

individual drug could be combined to improve patient response to a combination
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chemotherapy treatment. The three of these taken together have the potential to have
significant impact to building models to predict drug response in patients to combination
chemotherapy which is much more clinically common than treatment with a single
agent.

Despite these promising results, it is best to remain cautiously optimistic as this is
only a pilot study. The results indicate that there is a significant improvement for dDEG
models, especially with respect to gemcitabine; however, these experiments would have
to be conducted in a larger patient cohort to gain a greater confidence. Likewise, the
models were also limited by the fact that half of the data was censored limiting both
training and validation of the performance of the model. |deally, the majority of the
patients would be uncensored; however, in the case of cancer this would be a
substantially poor treatment as most patients would have died or had reoccurrence of
disease. A more concrete endpoint, likely resulting in a more definitive results if dDEGs
were indeed better, might be the 5 year survival of patients; nonetheless, the data is
always the biggest limiting factor. Additionally, the size and the composition of the
dataset did not allow for a reliable cross-validation step to optimize the model
parameters, o and y, where both parameters could be optimized for the feature set
independently. However, this would unlikely have a major effect as the different feature
sets have approximately the same dimensionality such that the kernel function values,
with respect to RBF parameter y, are similar in the order of magnitude and thus
differences results from true differences in the data and is not just an effect of
dimensionality. Likewise, with respect to different a levels the lowest performing dDEG

gemcitabine model, which seems to be the major driver in dDEG gc models, is greater
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than the best models in bDEG and rDEG for gemcitabine. Furthermore, the dDEGs
seem to be optimal only for gemcitabine where cisplatin seems to do worse despite the
fact that in vitro cisplatin models which used drug induced changes in gene expression
were among the top performers including better than similar models in gemcitabine.
This suggest that perhaps overfitting is occurring in the in vitro models and that top
performing feature sets in in vitro models do not generalize well to tumor data.

One of the difficulties when moving from in vitro data to tumor data is the fact that
tumor data are vastly more complex. Factors such as tumor heterogeneity and tumor
microenvironment most likely play a substantial role in patient drug response. So an
interesting question arises can more accurate models be achieved though better feature
selection, whether that is based on basal gene expression, extrapolated from drug
induced changes in gene expression, or by other methods, or is this a fundamental
limitation of gene expression models such that they cannot account for these other
factors. If this limitation is the case, what kind of information do we need to produce
better models? This is where statistical modeling approaches might be able to play an
informative role whereby the solution to produce better models might also be an avenue
for better understanding drug response.

Conclusion

In vitro cell lines have served as the bedrock of early drug discovery and
development (12, 13). In the modern era drug response can be measured for a large
amount of drugs and cell lines in a highly efficient manner making large amounts of data
available. Additionally, advances in genomics technologies has allowed genomic

characterization of the cell relatively easy and low cost. The wide availability of both
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drug response and gene expression for a wide variety of in vitro cell lines provides a
large and relatively simple platform to build, test, and explore computational models;
however, there remains the question of how modeling of these cell lines can be used in
a clinically relevant setting. One possibility that has been put forth is using in vitro drug
response to select a relevant gene set to apply to clinical data. However, previous
attempts, such as the COXEN algorithm (3), have seen little success in clinical trials
(14). A possible explanation of this is that basal gene expression is not a robust
predictor of drug response as was shown in previous chapters (15). However, it was
demonstrated in Chapter 4 that signatures from drug induced changes in gene
expression were far better as predictors of drug response. Nonetheless, clinical
application of these signatures would be impractical at best and how to apply these
signature clinically became a central question. This work has shown that a systems
based approach, which utilizes drug induced dynamic gene expression as a “Rosetta
stone” to uncover a broader underlying biological relationships is a possible application
of in vitro experimental data to the more practical clinical side. As such, it is important
that these continue to be developed and, as the results of chapter four suggests, puts
an even greater emphasis on the need to quantify drug induced changes in gene

expression for a greater number of cell lines and drugs.
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CHAPTER 6: CONCLUSION

Omics data are playing an increasingly import role in both the understanding of
the molecular underpinnings of cancer as well as the development of precision
medicine. The large scale and complexity of the data has and will continue to require
innovative approaches of computational methods to generate actionable insight for both
advancements in treatment and knowledge of cancer as a disease. Despite, successful
application of statistical learning models applied to patient tumor data and in vitro cell
line data the application of these models clinically is still limited. The translation of these
computational methods from the research “bench” to a clinical setting requires a
comprehensive understanding of the intersection between the biology, computational
methodology, and the data. This work has provided a systematic assessment of
computational approaches and prediction of in vitro drug sensitivity for cytotoxic
chemotherapies across a number of pan-cancer cell lines. Additionally, the role of drug
exposure and genome wide drug induced gene perturbation has been explored through
supervised learning of drug response in in vitro drug screens among a pan-cancer
databases of cell lines. On the whole, the intention of this work has been to establish a
better understanding of computational techniques and the role of gene expression in
predictive models of drug response to inform both advancements in modeling and
experimental data acquisition practices.

Early on Staunton et al. showed that gene expression could be used to predict
chemosensitivity for 80 drugs in the NCI60 cell line panel (1). Much more recently the

NCI-DREAM competition established that a variety of modeling approaches applied to
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different types of descriptive data could successfully predict drug response in a cohort
of breast cancer cell lines (2). Some of the key applications of that study that influenced
the work presented in Chapter 3 was the general outperformance of non-linear
regression methods compared to linear regression methods, gene expression was most
influential in model performance, and the comparative performance of the most
complicated method and the simplest method (2). Given these observations, the work
presented in Chapter 3 aimed at a similar comparison between linear and non-linear
gene expression-based models in pan-cancer cell lines in the GDSC and NCI60
databases specifically for cytotoxic chemotherapies.

The main conclusion of chapter three was that the modeling methodology and
feature selection, was much less important than the influence of histotype on drug
response. More specifically it was shown that non-linear models only slightly
outperformed linear models indicated by the comparative performance between non-
linear support vector regression and principal components regression. Furthermore, it
was demonstrated that various approaches to filter based feature selection also did not
lead to significant improvements in performance; however, on the contrary, models
using genes that lacked any significant statistical relationship with drug response
performed comparably to models using features selected by correlative strength with
drug response. This phenomenon was attributed to the ability of as few as 250 random
genes to distinguish between histotype coupled with correlative relationships between
drug response and histotype. Therefore, this work suggested that histotype could play a
major predictive role in model performance and therefore has to be taken into account

when determining the overall generalizability of pan-cancer models. Additionally, feature
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selection methods that could differentiate between the relationships strictly resulting
from drug histotype interactions and features where the relationship was more specific
of drug-gene associations.

The connectivity map explored the basic premise that drug induced gene
perturbations might be indicative of a causal relationship between disease states and
drug mechanism (3, 4). This concept suggests that drug induced gene dynamics might
play a pivotal role in drug response; however, the application of gene dynamics in
predictive models of drug response has been limited. Using data generated in the
recent development of the NCI Transcriptional Pharmacodynamics Workbench (5)
Chapter 4 explored the relationship between drug exposure and drug response. Given
gene expression of the NCI60 cell lines at 2 hours, 6 hours, and 24 hours post drug
exposure with a high dose of drug, low dose of drug, and no dose for 15 compounds,
support vector regression was implemented to predict the log ICso. Particularly, at each
time point the predictive capabilities of models built with basal gene expression, drug
perturbed gene expression, and the difference between drug perturbed and basal data
at both high and low dose of drug were assessed. The results demonstrated that drug
perturbed gene expression and differences in perturbed and basal gene expression
performed substantially better for both high dose and low dose of drugs at 24 hours.
Additionally, at the two and six hour time points little difference was seen between
perturbed and basal gene expression while performance using the difference of the two
was substantially lower. These results suggest that perturbed gene expression might be
much more indicative of drug response encouraging perfroming additional perturbation

experiments in additional drugs and cell lines at various timepoints and dosing
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concentrations to improve models but more importantly to gain insights into the
relationships between gene expression, drug exposure, and drug response.

One of the central questions raised in Chapter 4 was if there was if an underlying
relationship between differentially expressed genes in basal gene expression and
perturbed gene expression. We approached this question by using differentially
expressed gene signatures developed from one gene expression profile as feature
inputs for models constructed from different gene profiles. We showed that DEG
signatures derived from changes in gene expression, with respect to a treated versus
untreated state, had very little predictive capability in models using basal gene
expression. Likewise, DEG signatures derived from basal gene expression had
diminished predictive capabilities using gene expression profiles from changes in gene
expression. This result suggests that statistical dependencies between gene signatures
and drug response are not necessarily reflected as statistical dependencies between
basal and dynamic gene expression. As a result it might be misleading to use
perturbation data as a feature selection method for models in basal data; for example,
the drug perturbation signatures contained in the connectivity map do not necessarily
translate to predictive signatures of drug response in basal data.

Network theory allows for a rigorous mathematical formalism to represent and
analyze complex interactions of genes and proteins (6). The structure of a network, a
graphical and mathematical description of the network, is referred as its topology. A
theory, proposed by Barabasi, suggests that disease states are represented by changes
in network topology (7). This concept is naturally extended to pharmacology, as different

interactions, network topologies, may give rise to differences in drug response (8). In
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chapter 4 it was demonstrated that a network representation of DEG interactions
showed differences in topological features when comparing basal DEGs to DEGs
derived from the magnitude of change of gene expression after drug treatment (AC) .
Specifically, it was shown that AC DEGs showed a greater level of connectivity than
basal DEGs as evidenced by higher clique participation and average clustering
coefficient. This suggests that the gene interactions seen in drug induced gene
dynamics may have a significant role in determining drug response. Furthermore, genes
with high clique participation in both DEGs from basal and AC gene profiles had some
evidence of playing a role in cancer. Altogether, this shows that gene expression
network topology in both basal and drug treated in vitro cell lines might be a useful
avenue in understanding the complexities that underly variations in drug response.
Finally, Chapter 5 presented a direct extension of how in vitro drug induced gene
dynamics could be translated to a clinically useful model. We identified a predictive
basal gene expression signature based on the analysis of drug induced gene dynamics
predictive models and applied those signatures for survival analysis in bladder cancer
patients who received neo-adjuvant chemotherapy of a combination treatment with
cisplatin and gemcitabine (GC). Particularly, these gene signatures performed
significantly better than gene signatures derived from in vitro cell line data indicating that
drug response information gained from drug induced gene dynamics could be applied to
basal gene expression, which might be the only available data, as would be the case in
a clinical setting. This demonstrated that in vitro drug perturbation experiments are
clinically relevant and there could be a great benefit for conducting experiments such as

those demonstrated in the NCI Translational Pharmacodynamic Workbench (5)
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The Path Forward:

The role of computational biology is ever changing with advancements in
computational techniques, improved methods of data acquisition and quantification, and
general advancements of knowledge into biological processes and disease. As more
data becomes available the use of statistical learning will become more prominent and
advanced. With respect to oncology, statistical learning serves a couple of fundamental
purposes. Firstly, is an application to precision medicine, developing narrow and
focused strategies to provider better diagnosis, prognosis, and treatment of cancer. The
second, which is certainly not mutually exclusive from the first, is as a means to explore
the complex relationships that dictate drug response for hypothesis generation, drug
discovery, and development of novel treatment for cancer as a disease.

Network theory has gained a lot of attention to explain biological phenomena.
One of the prevailing arguments for a network based approach is that most biological
processes are not the result of a single independent protein/gene but are the result of a
number of interactions within multiple proteins/genes. Network medicine is a conceptual
framework that frames disease states as topological features in biological networks (7).
In particular, for cancer, it was shown how topological differences in protein-protein
interaction networks account for breast cancer prognosis (9). The use of network
topologies to describe disease has led to the concept of network pharmacology which
looks at network topology as a means to identify new candidates as drug targets (10-
12). Given this idea that disease, network topology, and drug action are connected it
seems natural to extend this idea to understand drug response. For example, are

differences in drug response reflected in difference in network topology? This, in some
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sense, was the basis behind chapters 4 and 5. In chapter 4 we demonstrated that DEGs
selected using drug induced gene dynamics showed high clique participation and
connectivity compared to basal DEGs. Furthermore, by using these gene to identify
related genes, based on functional annotations in DAVID (13, 14), we were able to
identify a basal signature to use in tumor data. This work utilized very basic network
metrics and network construction methods and further work should look at enhanced
methods of determining network topology as well as measuring network topology. For
example, in another DREAM challenge several different teams applied network
inference algorithms to reconstruct networks in E. coli and S. cerevisiae (15). Therefore,
these methods might be better alternatives to construct gene networks; however, the
question also becomes how can network information be used. The first most obvious
way is to use network connectivity as a method of finding import features as was done
in Chapter 5. Alternatively, could it be possible to learn on networks directly?
Convolution neural networks and kernel methods might provide such means.

Kernel methods have become useful tools in computational biology mainly
because the flexibility of kernel functions allows for construction of a kernel that is
specific to the problem at hand (16). For example, specific string matching kernels have
been used for protein classification (17). Based on the definition of a kernel, a
continuous function k(x;, x;) - R; x;,x; 3 X such that

i Xj
N N

(%1, %) = k(xj,x;) and ZZ k(x;, x)cic; = 0
i=1 =1

it is possible to define a kernel function k(G;, G;) - R on networks G; and G;. If the

topology of G; is dependent on its response to a drug the kernel function can be used to
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define a scaler value to the differences in topology, (i.e. k(G;, G;) - R), in turn this
allows any kernel method, such as SVM, to be used to predict drug response as a
function of network topology. Likewise, convolutional neural networks (CNN) have
become one of the most popular and successful methods in image recognition problems
(18). Thus, how can the power of convolutional neural networks be applied to learning
on biological networks. The interaction between two genes can be described by an
adjacency matrix where given two nodes/genes the ith/jth entry in the matrix indicates
the interaction between genes i and j. For example, in Figure 6.1 a 5 node network
where the width of the edges represents the magnitude of the interaction between
nodes is translated into a 25 pixel gray scale image where the shade of each pixel is

reflective if the interaction between nodes.

—

Figure 6.1. The five node network on the right is translated into a 25 pixel image. In the
network the width of the edge connecting the two nodes represents the magnitude of
the interaction. While in the translated image the shade of the block represents the
magnitude of the interaction between nodes.

Therefore, different network topologies and interactions among genes would be
reflected by pixilated structures in the image. If certain network topologies and gene

interactions gave rise to differences in drug response it would be possible to train a
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CNN to distinguish different drug responses based on the network topologies that had
been translated into images.

In closing, as the ability to measure the molecular activities of the cell becomes
even better large sets of omics data will continue to be collected. Advancements in
computational biology will really determine how that data will be used to understand and
treat disease. Constant advancements in machine learning, particularly deep learning,
will continue to be made and will find medical applications. However, while deep
learning has shown impressive capabilities in certain areas it must be remembered that
robust models are models that reflect the biology itself and thus for deep learning to be
successful it must also reflect the underlying biology. Therefore, looking ahead, finding
new ways, such as networks, to impart biological function into complex learning models
will be essential to the development of clinically useful tools. While challenging, | am
looking forward to see, and hopefully be a part of, the creativity that can drastically alter

the way we view and treat cancer.
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APPENDIX A: SUPPLEMENTARY MATERIAL FOR CHAPTER 3

Mean Absolute Difference Results:

The Spearman correlation is a relative measure that is particularly useful in
describing general trends in the data, however, other measures such as root mean
squared error (RMSE) and mean absolute difference (MAD) are better at quantifying the
overall accuracy of the model. Here we show that the same quantitative patterns are
captured by Spearman correlations are also present in MAD. Average MAD values
accompanied with the corresponding average spearman correlations, and the
Spearman correlation between MAD values and Spearman correlations for each model
are reported in supplementary table 1. Average MAD values ranged from a minimum of
0.881 to 1.391 with a mean value of 0.931 and standard of deviation 0.067.
Comparatively, the average Spearman correlations ranged from -0.011 to a maximum
value of 0.334 with a mean of 0.253 and a standard of deviation of 0.083. As with
Spearman correlation average MAD values gave relative performance as
NLSVR>PCR>SVRLN>ANN. The MAD value of a model was strongly negatively
correlated to a model Spearman correlation (Figure A.1 C). The correlation between
model average MAD scores and average model Spearman correlations also had a
strong negative correlation -0.8418 (Figure A.1 B.). MAD scores generally reflect the
behavior that drugs with higher correlations generally have lower MAD scores (Figure
A.1 B.). However, within each drug there is not a strong correlation between a given
datasets correlations and their MAD scores (Figure A.1 B.). This can be explained by

the influence of histotype in predictions. For example, for drugs such as vorinostat,
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bortezomib, and methotrexate the high correlations are attributed to correctly identifying
the association between histotype and drug response, however, for these drugs, within
a given histotype the predicted values do not necessarily have a strong correlation with
the experimental values. Therefore, within a histotype the MAD score is more a
reflection of the variability within each histotype that results as noise around an average
IC50 for that histotype. Interestingly, for drugs which show smaller response to
histotype, bleomycin, doxorubicin, cytarabine, and mitomycin slight negative correlation
can be seen between MAD and Spearman Correlation (Figure A.1 B). Additionally, the
range of experimental IC50’s can have an effect. As an extreme example Cisplatin,
which with respect to Spearman correlation, performs the worst has the lowest MAD
values. This results from the fact that the range of IC50’s for Cisplatin is much smaller
than the other drugs, which might also explain why it is particularly hard to yield good
predictions. Therefore, variability of the given dataset plays a role in MAD scores which
is minimal with respect to Spearman correlation.

Table A.1: Each models average Spearman Correlation, Average MAD score, and the

correlation between the average Spearman correlation and MAD along with the
associated P value

AVGr rvs MAD p
AVG MAD
LSQR_HIST_ONLY 0.206600941 0.99311685 -0.789215686  0.00016550
NNet1_DEG 0.268050903 1.001504775  -0.825635314  4.39E-22
NNet1_Limma 0.265734239 1.031461462  -0.684458844  7.06E-13
NNet1_None 0.170836501 1.39071894 -0.519894705  4.02E-07
PCR_BC_DEG 0.299126885 0.892740612  -0.742411924  2.16E-15
PCR_BS_DEG 0.328409628 0.89976564 -0.74097398 7.75E-16
PCR_BS_hist 0.231715541 0.927316692  -0.778454996  2.92E-18
PCR_CTR1 0.327679648 0.89026602 -0.79437076 1.94E-19
PCR_CTR1_10 0.145384873 0.94669059 -0.503735952  1.04E-06
PCR_CTR1_1000 0.282793893 0.907468456  -0.77946745 2.47E-18
PCR_CTR1_250 0.242837144 0.923793142  -0.741905437  6.83E-16
PCR_CTR1_500 0.264982445 0.917180188  -0.738787081 1.04E-15
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PCR_CTR1_55
PCR_CTR2
PCR_CTR2_10
PCR_CTR2_1000
PCR_CTR2_250
PCR_CTR2_500
PCR_CTR2_55
PCR_DEG
PCR_DEG_10
PCR_DEG_1000
PCR_DEG_250
PCR_DEG_500
PCR_DEG_55
PCR_DEG_HIST
PCR_Limma
PCR_MRMR
PCR_None
PCR_RAN_CTR
SVRLN_DEG
SVRLN_Limma
SVRLN_None
SVR_BC_DEG
SVR_BS_DEG
SVR_BS hist
SVR_CTR1
SVR_CTR1_10
SVR_CTR1_1000
SVR_CTR1_250
SVR_CTR1_500
SVR_CTR1_55
SVR_CTR2
SVR_CTR2_10
SVR_CTR2_1000
SVR_CTR2_250
SVR_CTR2_500
SVR_CTR2_55
SVR_DEG
SVR_DEG_10
SVR_DEG_1000
SVR_DEG_250
SVR_DEG_500
SVR_DEG_55
SVR_DEG_HIST
SVR_HIST_ONLY
SVR_Limma

0.204242863
0.259641397
0.069563485
0.235427127
0.176621455
0.187357689
0.107959474
0.338371044
0.203332115
0.302904109
0.274990668
0.292483261
0.249617233
0.321946531
0.297227647
0.315486982
0.336920624
-0.01183200
0.2840744
0.279914537
0.314662929
0.311197619
0.319205813
0.323632754
0.347084298
0.128314394
0.31239602
0.283867927
0.288746646
0.210776307
0.328040711
0.072550415
0.294807627
0.25805736
0.28915211
0.17142137
0.348704324
0.209667666
0.319370711
0.299125501
0.310820283
0.258337555
0.333098198
0.229659101
0.316195531

0.935326004
0.913025063
0.958145959
0.924755282
0.939921685
0.93702075

0.950592666
0.89577949

0.939005307
0.91008021

0.922032562
0.909676385
0.928768805
0.912223626
0.902728419
0.92277003

0.886850982
0.967311497
0.967909486
0.937635103
0.922962809
0.890135989
0.855917246
0.893051569
0.881359019
0.947990492
0.896025151
0.906474413
0.907812295
0.927963843
0.904836275
0.95671404

0.898299147
0.901661149
0.924286006
0.941638918
0.885688225
0.936247036
0.896286971
0.904835421
0.896687404
0.919247829
0.899440672
0.930236405
0.895748638
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-0.731861901
-0.777908272
-0.11588539
-0.707765516
-0.608909588
-0.67718943
-0.267712868
-0.807168168
-0.677533664
-0.804576288
-0.732226385
-0.761587527
-0.734717019
-0.778758732
-0.722689076
-0.747777665
-0.784732206
0.054247241
-0.801761669
-0.685896527
-0.79763086
-0.788775971
-0.756
-0.784266478
-0.812250683
-0.428895414
-0.813769363
-0.725442948
-0.759542371
-0.722527083
-0.749559583
-0.401781918
-0.687366115
-0.760345667
-0.722324592
-0.647949782
-0.79698289
-0.66854308
-0.766690291
-0.786736863
-0.804961021
-0.696770274
-0.809415815
-0.784894199
-0.754621849

2.61E-15
3.19E-18
0.29384029
5.17E-14
7.98E-10
1.52E-12
0.01381718
1.83E-20
1.47E-12
3.00E-20
2.49E-15
4.08E-17
1.79E-15
2.78E-18
8.44E-15
3.03E-16
1.03E-18
0.62406627
5.07E-20
6.05E-13
1.08E-19
2.26E-18
<0.0001
1.11E-18
6.84E-21
4.69E-05
5.06E-21
5.96E-15
5.54E-17
8.61E-15
2.35E-16
0.00015177
2.63E-12
4.38E-16
8.83E-15
2.70E-11
1.21E-19
3.68E-12
1.88E-17
7.32E-19
2.79E-20
1.83E-13
1.19E-20
1.00E-18
1.14E-16



SVR_MRMR 0.326862919 0.905420517  -0.76820897 1.49E-17
SVR_None 0.345708834 0.881855077  -0.780074922  2.24E-18
SVR_RAN_CTR 0.008792232 0.967722401 -0.123855092  0.36311230
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Figure A.1 A. Average Spearman correlations vs Average MAD scores for various
models. B. Average Spearman correlations vs average MAD scores for NLSVR DEG
datasets. C. Average Spearman correlation vs average MAD scores by feature
selection in NLSVR models.

Additional Feature Selection Methods:

The relationship between histotype and drug response dictated both model
performance and feature selection. Selected features tended to reflect this relationship,
presumably masking features that could account for subtler differences in drug
response. Therefore, an approach that could balance variability due to histotype with

variability more specific to drug response might allow for better model performance.

This suggested that the problem could be addressed either by muting features selected
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purely based on histotype or adding additional histotype specific covariates to account
for histotype variability while allowing genomic covariates to account for drug variability
independent of histotype.

In general, histotypes were not equally represented in each dataset. This
becomes problematic when two or more histotypes that are disproportionally
represented in the training data have dramatic differences in drug response which
results in the selection of genetic features which might show differential expression as a
result of histotype rather than drug response. Presumably this effect could be mitigated
by using a more uniform representation of histotypes during feature selection. However,
by specifically curating datasets such that each histotype had equal representation
introduced the possibility that selected features would be biased towards the makeup of
the individual choice of dataset. We addressed these issues by constructing 50 subsets
of the data containing one sample from a histotype and then taking genes that were
significantly correlated (P<0.05) in at least half the subsets (Boot Strapped by histotype:
“BS Hist”). As expected features were dramatically reduced ranging from 99.99 to 88.65
percent with an average decrease of 98.6 percent. This method resulted in the lowest
average Spearman correlation of all feature selection methods, 0.304 for NLSVR (Sup.
Figure 2 A) and 0.216 for PCR (Sup. Figure 2 B). S also was significantly higher than
DEG and no feature selection, consistent with the observation that for a given set of
features a decreased ability to discriminate samples by histotype results in a decrease
in performance. Analysis of the selected genes showed that genes which met the
criteria for selection still showed significant variability according to histotype, thus again

these models defaulted to fitting an average histotype 1C50.
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Alternatively, by adding an additional histotype specific variable we attempted to

break the regression into two different groups of terms:
Y(h,G) =f(h) + f(G)

where Y is the drug response, h is the histotype, and G is the gene expression matrix.
This was accomplished by combining the feature matrix for the histotype models and
the DEG expression values scaled from zero to one to avoid scaling issues. The
motivation behind this was to place the variability strictly due to histotype on the
histotype term allowing non-redundant variability independent of histotype to play a
more active role in predicting drug response. However, the addition of histotype specific
variables resulted in an overall decrease in average performance, 0.319 for NLSVR and
0.306 for PCR (Sup figure 2 A and B). The failure of this method further suggests that
sources of genomic variability that are small compared to the variability resulting from
histotype are effectively treated as noise which both NLSVR and PCR aim to minimize

by regularization in NLSVR or the elimination of components in PCR.
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APPENDIX B: SUPPLEMENTARY MATERIAL FOR CHAPTER 4

Combining DEGS:

The best performing models without the inclusion of feature selection utilized 24 hour
high dosed drug gene expression (Cnhigh) performing marginally better than similar
models using perturbed gene expression (1.2%). While, this was not a significant
difference a possible explanation for the increase performance is that a signature from
this dataset combined aspects from both the basal gene expression and gene
perturbations. This presented an opportunity to select DEGS from two different data
sets, basal gene expression and gene perturbations , and apply them to the gene
expression of a single dataset hopefully capturing a more predictive signature.

The application of DEGs from both the basal data and the perturbed data
outperformed models using a single set of DEGs from either the basal data or perturbed
data as well as DEGs selected within the Chigh dataset. The combination of OnM and
AChigh DEGs resulted in an average spearman correlation of 0.515 (Not including AZA)
compared to 0.484 using AChigh DEGS, 0.396 using basal DEGs, and 0.476 using DEGs
selected within (Chigh) the data; however, with the exception of basal data (p<0.0001),
there performance of the other DEGs did not prove to be significant by a paired t-test.
Nonetheless, for several drugs including bortezomib, doxorubicin, geldanamycin,
paclitaxel, sorafenib, and sunitinib proved to outperform using any other DEG set most

notably for bortezomib and sunitinib (Figure B.1).
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Figure B.1. Models Built with DEGS from AChigh and OnM using Chigh gene expression
compared with other DEG Models

Perturbation as Indicators of Drug response:

One of the questions we sought to answer is how indicative is drug induced gene
dynamics, specifically without the additional knowledge of drug mechanism or specific
routes of resistance. How well can changes in gene expression alone predict drug
response? Are predictive genes subject to greater dynamic perturbation? In order to
ascertain the influence of we looked at the profile of DEGs, DEGs chosen from OnM
gene expression, and a 100 genes with the greatest magnitude of change in high dosed
perturbation data. With the exception of sunitinib and lapatinib (%75,%83) the average
magnitude of relative change between models using perturbed DEGs to basal DEGs

was on average larger by %111 (SD=0.195) and a maximum of %160. For the 100
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genes with the maximum magnitude of change were on average %247 (STDEV 0.45)
larger ranging from a minimum of %181 and maximum %326 (Figure B.2 A). When
looking at performance despite the fact that drug treatment resulted in a large
magnitude of change very few of these genes are predictive of drug response resulting
in a correlation of only 0.087 significantly lower than using random genes by %75. As
referenced earlier, DEGs from high dosed perturbation performed %46.5 better then

DEGs chosen from basal data (Figure B.2 B).
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Figure B.2: A. Distribution of the root mean squared magnitude of dynamic changes in
gene expression after application of a high dose of drug in different gene sets. B. The
performance using the respective DEGs for each drug.
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Drug Related Genes and Networks

In order to determine if gene expression of drug related genes at OnM or AChigh were

predictive the following genes were identified through the iLINCS web tool (1) and

STITCH web tool (2) each drug

Table B.1. Gene-drug interactions reported in the iLINCS and Stitch databases

Drug Genes

Bortezomib PSMB1, PSMB2, PSMB6, TP53, MAPKS8, CASP3, CYCS, JUN

Cisplatin XIAP, TRAF1,TRAF2,LCK

Dasatinib ABL1, FYN, LCK, KIT, YES1, EPHA2, LYN, PDGFRB, BCR, SRC,
HCK

Doxorubicin ABCB1, TOP2A, TP53, ABCG2, EFGR, CASP3, AKT1, MYC,
ABCC1, ATM

Erlotinib EFGR, EGF SLK, STAT3, CYP3A4, PTPN9 NOX4, AKT1, GAK,HGF

Geldanamycin

HSP90AA1, HSP90AB1, ERBB2, AKT1, HSP90B1, RAF1, HSPA4,
DNAJB1, TRAP1, TP53

Gemcitabine | RRM1

Lapatinib ERBB2, EGFR, ERBB3, ERBB4, ESR1, AKT1, VEGFA,
ABBC10,MCL1, TP53

Paclitaxel AURKB, CDK1, MAPRE3 TNF, VEGA, MMP2, CYCS, CAMKMT,
CDH1, WNTSA, TUBB, NR1I2

Sirolimus MTOR, FKBP1A

Sorafenib RET, BRAF, FLT3, KDR, RAF1, FLT1, FLT4, PDGFRA, CSF1R,
AXL, RPS6KB1

Sunitinib PDGFRB, KIT, FLT3, KDR, FLT1, FTL4, PDGFRA, CSF1R, AXL,
RPS6KB1

Topotecan TOP1

Vorinostat HDAC1,HDAC2,HDAC3,HDACG6, HDACS, TP53, K2AFX, BCL2L1,

HDAC7, HSP90AA1

Compared to DEG models for both AChigh and OnM DEGS the performance of models

using the genes above was significantly worse (figure B.3).
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Figure B.3: Models using genes defined in Table S1 compared to Models using DEGs
from different gene expression profiles.

Additional Genes From Network Analysis

Table B.2. Additional genes with top clique participation for AChigh DEGs

Bortezomib Developmentally regulated GTP binding protein 2 (DRG2)(3)
MicroRNA 939 MIR939 (4)

Cell division cycle 37 (CDC37) (5, 6)

Eukaryotic translation initiation factor 3 subunit G (EIF3G) (7)
Squamous cell carcinoma antigen recognized by T-cells 1 (SART1)

Cisplatin SWI/SNF related, matrix associated, actin dependent regulator of
chromatin subfamily c member 1 (SMARCC1) (8, 9)

Drosha ribonuclease Il (DROSHA) (10, 11)

Nuclear receptor coactivator (NCOA1, SRC1) (12)

ADAM metallopeptidase domain 10 (ADAM10) (13)
Tetratricopeptide repeat domain 28 (TTC28) (14)

Doxorubicin Heterogenous nuclear ribonucleoprotein AO (HNRNPAO) (15)
Eukaryotic translation initiation factor 4E (EIF4E) (16-18)
Cytokine receptor like factor3 (CRLF3, p48.2) (19)

MOB family member 4, phocein (MOB4) (20)

Erlotinib survivin (BIRCS) (21-23)
H2A histone family member X(H2AX) (24)
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BUB2 mitotic checkpoint serine/threonine kinase B(BUB1B) (25, 26)

Geldanamycin

Proteasome activator subunit 3 (PSME3) (27, 28)
Proliferation-associated 2G4 (PA2G4)(EBP1) (29, 30)
RAN binding protein 1(RANBP1)(31, 32)

Cell division cycle 25A (CDC25A) (33-35)

PBX homeobox interacting protein (PBXIP1,HPIP)(36, 37)

Gemcitabine | Peroxiredoxin 1 (PRDX1) (38, 39)
BUD31 homolog (BUD31) (40)
DEAD-box helicase 27 (DDX27)(41)
Small ubiquitin-like modifier 3 (SUMO3) (42)
Tyrosine 3-monooxygenase/tryptophan 5-monooxygenase activation
protein epsilon (YWHAE, 14-3-3 epsilon) (43, 44)
Lapatinib Tumor susceptibility 101 (TSG101) (45, 46)
Chromosome segregation 1 like (CSE1L) (47, 48)
TIMELESS interacting protein (TIPIN) (49)
NME/NM23 nucleoside diphosphate kinase1 (NME1) (50-52)
GINS complex subunit 2 (GINS2)(53-55)
Paclitaxel RNA binding motif protein 5(RBM5,LUCA15)(56-58)
Topoisomerase DNA Il binding protein (TOPBP1) (59-61)
BUB3, mitotic checkpoint protein (BUB3)(62)
SET domain containing 1B (SETD1B) (63)
Histone cluster 4 H4(HIST4H4) (64, 65)
Sirolimus Ubiquitin associated protein 2 like (UBA2P2L) (66, 67)
RE1 Silencing transcription factor (REST) (68, 69)
Sorafenib Proteasome activator subunit 3(PSME3)(27, 70)
Heterogeneous nuclear ribonucleoprotein A/B (HNRNPAB)(71)
Chaperonin containing TCP1 subunit 2 (CCT2) (72, 73)
Sunitinib Eukaryotic translation initiation factor 2 subunit alpha (EIF2S1)(74,
75)
Calcyclin binding protein (CACYBP) (76, 77)
G1 to S phase transition 1 (GSPT1) (78, 79)
DExD-box helicase 39A (DDX39A) (80, 81)
Proliferation-associated 2G4 (PA2G4) (30, 82)
Topotecan RAD23 homolog B. nucleotide excision repair protein (RAD23B) (83)
Cullin 4A (CUL4A) (84, 85)
BUD31 homolog BUD31 (40)
Complement C1q binding protein C1gBP (86, 87)
Methionyl aminopeptidase 2 (METAP2) (88-90)
Vorinostat Eukaryotic translation elongation factor 1 epsilon (AIMP3) (91)

NOP16 nucleolar protein (NOP16, HSPC111) (92)
Proliferation-associated 2G4 (PA2G4,EBP1) (29, 30, 93, 94)
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Table B.3. Genes with top Clique Participation for OnM DEGs

Bortezomib

Protein phosphatase 2 scaffold subunit Abeta (PPP2R1B) (95, 96)
MAD2 mitotic arrest deficient-like MAD2L1 (97-99)
Polo like kinase 4 (PLK4,SAK) (100, 101)

Cisplatin

Epithelial cell adhesion molecule (EPCAM) (102-104)
Suppression of tumorigenicity 14 (ST14, TADG15) (105)
Zinc-Finger protein 165(ZNF165)(106)

Serine peptidase inhibitor, Kunitz type 2 (SPINT2)(107, 108)
F11 receptor (F11R, JAM-A) (109, 110)

Doxorubicin

Tyrosine 3-monooxygenase/tryptophan 5-monooxygenenase
activation protein zeta (YWHAZ, 14-3-3 Zeta) (111-113)
Centrosomal protein 57 (CEP57)(114)

Fli-1 proto-oncogene, ETS transcription factor (FLI1) (115, 116)
Ribosomal protein S4, X-linked(RPS4X) (117, 118)

Erlotinib

Myosin light chain kinase (MYLK) (119, 120)
N-myristoyltransferase 2(NMT2) (121)

Related RAS viral (r-ras) oncogene homolog 2(RRAS2,TC21)(122-
124)

NOP14 nucleolar protein (NOP14) (125)

Geldanamycin

GLI pathogenesis related 1(GLIPR1) (126, 127)

NUAK family kinase(NUAK1) (128-130)

Microtubule associated protein 1B (MAP1B) (131)

microRNA 22(MIR22) (132, 133)

FOS like 2, AP-1 transcription factor subunit (FOSL2, FRA2) (134,
135)

Gemcitabine

Cadherin 1 (CDH1) (136, 137)
CCCTC-binding factor (CTCF) (138, 139)
GINS complex subunit 3(GINS3,PSF3) (140)

Lapatinib

RAP1 GTPase activating protein (RAP1GAP) (141-143)
Transforming growth factor alpha (TGFA) (144, 145)
Lysophosphatidic acid receptor 2 (LPAR2) (146, 147)
Tissue factor pathway inhibitor 2 (TFPI12)(148)

F11 receptor(F11R,JAM-A) (109, 110)

Paclitaxel

Serine and arginine rich splicing factor 2 (SRSF2) (149, 150)
Cell division cycle 25A (CDC25A) (34, 35, 151)

Sirolimus

Nucleolin (NCL) (152)

Serine and arginine rich splicing factor 2 (SRSF2) (149, 150)
microRNA 1244-1(MIR1244-1) (153)

polo like kinase 4 (PLK4,SAK) (154, 155)

checkpoint kinase 1(CHEK1) (156, 157)

Sorafenib

Tropomyosin 1 (alpha) (TPM1) (158, 159)
CD24 molecule (CD24)(103, 160, 161)
E74 like ETS transcription factor 3 (ELF3) (162, 163)
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Caspase recruitment domain family member 10
(CARD10,CARMA3)(164, 165)

Sunitinib

Cell division cycle 25A (CDC25A) (35, 151, 166)

Cyclin dependent kinase 8 (CDKS8) (167, 168)
Squamous cell carcinoma antigen recognized by T-cells
3(SART3)(169, 170)

NOP14 nucleolar protein (NOP14)(125)

PLAGH1 like zinc finger 2(PLAGL2) (171-173)

Topotecan

Cadherin 1 (CDH1)(122, 137)

E74 like ETS transcription factor 3 (ELF3)(162, 163, 174)
P21 (RAC1) activated kinase 6 (PAKG)(175, 176)
Microtubule associated protein 7(MAP7) (177)

Vorinostat

Plasaminogen activator, urokinase (PLAU) (178)

Microtubule associated monooxygenase, calponin and LIM domain
containing 2 (MICAL2)(179)

Transforming growth factor beta2 (TGFB2) (180, 181)

Annexin Il (ANXA2) (82, 182)

Neuropilin 1 (NRP1)(183)
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APPENDIX C: SUPPPLEMENTARY MATERIAL FOR CHAPTER 5

David Similarity Score:

The method for calculating similarity scores will eb summarized here. For the full

explanation of how the similarity score is used consult the DAVID website using the

following web address https://david.ncifcrf.gov/helps/linear _search.html#result. Each

gene in DAVID is associated with several functional annotations. For example, these

functional annotations might be if they involved in cell replication or both nuclear

proteins. The similarity score between two genes represent how many functional

annotations are shared between two genes. Consider two genes, gene a and gene b

the following table describes each gene and its functional annotations

Table C.1. Example of functional annotations of genes.

Cell Cycle Nuclear protein Apoptosis DNA Synthesis
gene a 1 1 1 0
gene b 1 1 0 0

where 1 indicates the gene has that functional annotation and 0 indicates that the gene

lacks that functional annotation. Given the values of Table C.1, the following quantities,

defined in Table C.2, can be calculated:

C; *R, +Cy %R,

Aab =

_Cptcoe 241
Oab - -

T. 4

3*2+1*2_

= 0.75

0.5

2
Tab
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Ogp —Aqp 025
1-4, 05

Kab == 05

Table C.2: Values used to calculate the Kappa statistic

gene a

gene b 1 0 Row Total

1 2(c11) | 0(c10) 2 (R1)

0 |1(co1) |1(co0) |2(R2)

Column 3(Cy) 1(C2) 4 (Tab)
Totals

K, is referred to the as the Kappa statistic and is the given similarity score (1). The
Kappa Statistic ranges from 0 to 1 being complete overlap (i.e. identity) and 0 being no
overlap. David defined the following ranges when defining related genes; Very high
(0.75-1), High (0.5-0.75), Moderate (0.25-0.5), and Low (0-0.25). The score cutoff used
in chapter 5 was 0.35.
Survival Support Vector Machines

Technically given a cohort of patients and time of death after the diagnosis of the
disease one could use a regression method to model survival. However, survival of
some of the patients might exceed the duration of the study or patients might drop out
before the completion of the study, these patients are referred to as censored. In
censored cases, such as these, a regression analysis would require those data points
be thrown out which could result in a significant loss of data. The other possibility is to
transform the problem into a classification task such that survival beyond some time is
considered one class and everything before is the other. However, all censored data

before that cutoff would have to be eliminated from analysis because there is no
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certainty as to which class such samples belong again resulting in data loss. Survival
support vector machines salvages this data by using it where appropriate. This problem
follow the formulation given in Van Belle et al. (2). First the regression problem is
turned into a more tractable problem of predicating the rank at which the event (death)

happens. Given two patients x; and x; associated with observation times y; and y; and
censorship status §; and §; which is an indicator function with a value of 1 for

uncensored data or a value of 0 for censored data. Define the following function

{1lf5l=1,5]=10T5l=1,5]=OandylSy]

comp(i,j) =
p(L.)) 0 otherwise

And define the following optimization problem

1
min— W w
w 2

Subject to
wT (x; — xj) =>1Vi=1,....,mVj:y; > y;and comp(i,j) = 1
Again as is the case with regression this might be too stringent of a problem to solve

and therefore a slack variable, ¢;;, is introduced and the problem becomes

l]’

mln w W+azz
we 2 Jyl>y,

Subject to

ij

wT (x; — xj) >1-¢g;Vi=1,..,n Vj:y; >yjand comp(i,j) = 1
g =20vi=1,..,n V].yi > y;j and comp(i,j) = 1

For a new data point x* the dual formulation gives the relative rank, u, as

N
u(x*) = ZZ aij(xl- — xj)Tx*
= ~j:yi>yjcomp(ij)=1
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Where q;; are Lagrange multipliers. Therefore a;; = 0 if y; < y; or comp(i,j) = 0 similar
to how only the Lagrange multipliers for points outside the epsilon tube are used for
calculations in support vector regression.
Measuring Performance of Survival Support Vector Machines

The output of the survival SVM demonstrated above is a relative rank where by
lower values of u(x*) indicate a shorter survival time compared to higher values. If the
testing data was fully uncensored the performance of the model could be measured by
a rank correlation. However, given that the testing set likely contains some censored
data, much like as in the SVM case, this needs to be taken into account. First lets define
the actual time an event happens as T; and the relative predicted rank u;. Given a pair
of events (i, j) a concordant pair is defined such that if T; > T; then u; > u; and
discordant when u; < u;. However, if both T; and T; are censored there is no way to tell
if they are concordant or discordant and they cannot be used in the calculation.
However, if T; is uncensored and T; is censored as long as T; > T; then the pair is
concordant if u; > u; and discordant if u; < u;. The concordance index,c, is given by

#concordant pairs

CcC =
# concordant pairs + # discordent pairs
This particular method of calculating the concordance index is known as Harrell’s c-

index (3).
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