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Abstract

Cancer is a dynamic disease driven by complex molecular and environmental
interactions. Therefore, the traditional “one gene, one drug, one disease” strategy
is insufficient to treat most cancer patients. Drug combination therapy targeting
various molecular mechanisms has become increasingly popular in treating
cancer and other complex diseases. In comparison to monotherapy, combination
therapy has the following advantages: possibility to reduce the dose of each single
drug to minimize toxic side effects; achieving at least additive, multi-targeting
effects, or even “greater-than-additive” effects, so called synergy; and reducing
the likelihood of treatment resistance. However, even with the advanced high-
throughput technologies currently used in drug combination screening, it remains
infeasible to test systematically all the possible drug combinations across
different cancer types, as the number of combination experiments grows
exponentially. In addition, it remains difficult to understand the synergy
mechanisms of many drug combinations, which poses further challenges for their
clinical approval. Therefore, there is a timely need for computational tools that
can help in identifying synergistic drug combinations for each individual patient,
revealing the mechanisms of action of the drug combinations in the specific
cellular context, as well as discovering potential predictive biomarkers for the
synergistic responses in a systematic and reproducible way.

In this thesis, I implemented a systematic computational framework for
identification and validation of synergistic drug combinations for each individual
patient. Firstly, I developed machine learning models to predict drug combination
effects by utilizing drug-target interaction networks, drug sensitivity profiles as
well as genomic profiles of each patient. The models further enable one to
identify both synergistic and cancer-selective drug combinations specific for each
patient, therefore avoiding broadly toxic combinations. Secondly, to
experimentally validate the predicted synergistic drug combinations, I developed
software tools to help designing multi-dose drug combination experiments, to
facilitate the semi-automated drug screening process, as well as to analyze the
high-throughput drug combination screening data. Thirdly, I demonstrated the
potential of constructing patient-specific cancer vulnerability networks to
investigate the mechanisms of action of the personalized drug combinations,
which is of importance to accelerate anticancer therapy discovery for precision
oncology. All of the computational tools developed in this thesis are distributed
as open-source tools, making it possible for others to reproduce the results and
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apply to their data, or to extend the tools to new applications, as well as to
integrate the tools as part of in-house drug combination analysis pipelines.
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Introduction

Cancer is a collection of related diseases (over 277 different types of cancers) in
which malignant cancer cells grow and divide at a rapid speed without control.
Collectively, cancer is the second most lethal disease worldwide (Hassanpour
and Dehghani, 2017; Fang et al., 2015). The number of individuals diagnosed
with cancer as the primary disease is increasing during the last decades, which
poses a serious threat to the health care system globally (IARC, 2014).

Cancer is a complex and dynamic disease. During the course of the disease,
cancers evolve gradually to gain fitness benefits compared to other cell types.
Most cancers also demonstrate wide heterogeneity, both intertumoral
heterogeneity (patient by patient) and intratumoral heterogeneity (within a single
tumor or one patient). Intertumoral heterogeneity refers to variability between
patients with the same tumor type, which originates from patient-specific factors
such as germline variation, somatic mutations, epigenetic differences or diverse
environmental factors (Dagogo-Jack and Shaw, 2017; Liu et al., 2018). In
contrast, intratumoral heterogeneity refers to the heterogeneity within one
individual patient. Such heterogeneity can be present either as diverse tumor
subpopulations located in different disease sites, or even within a single disease
site (spatial heterogeneity), or as individual tumor subpopulations dynamically
changing over time (temporal heterogeneity).

The heterogenous nature of cancers often results in drug resistance, which is one
of the major reasons causing the failure of monotherapies. Drug resistance is a
commonly seen phenomenon in pharmaceutical treatments for different diseases,
and in cancer it occurs when tumors become tolerant to the pharmaceutical
treatments (Housman et al., 2014). Certain types of drug resistance phenomena
are disease or patient-specific, whereas other types developed over time while the
disease evolve. For instance, many human drug-resistant cancers are initially
responding to chemotherapy and then develop resistance over time through new
mutations, metabolic changes, and other mechanisms (acquired resistance). With
improved understanding of molecular biology of cancer and advances in high-
throughput technology, the focus of cancer therapy development has shifted
during the last few decades from identification of traditional chemotoxic
treatments to discoveries of targeted therapy which targets certain pathways or
cancer-specific proteins involved in cancer development (Bayat Mokhtari et al.,
2017). For example, vemurafenib (BRAF inhibitor) has led to improved overall
survival in melanoma patients with BRAF-V600 mutation (Fisher and Larkin,

13



2012). However, such targeted therapy still suffers from drug resistance since
constant monotherapy with a single agent often causes cancer cells to recruit to
alternative survival pathways (Madani Tonekaboni et al., 2016).

To reduce or even overcome monotherapy resistance, drug combination therapy
is a promising therapeutic strategy, which has advantages over conventional
cancer therapies. Combination therapy is targeting multiple cancer-inducing or
resistance-driving pathways simultaneously. In this way, the chance of inducing
cancer cells to recruit alternative pathways can be reduced, eventually resulting
in reducing the likelihood of incidence of drug resistance. Furthermore, the
adverse side effects of traditional chemotherapy and cytotoxic monotherapy,
such as high toxicity and non-selective killing of both healthy and cancerous cells,
make them less beneficial as modern treatment strategies for cancer. In
comparison, drug combination therapies can often be used at lower doses of the
single agents that may lead to reduced toxic effects. Furthermore, combination
therapies offer also possibilities for increased therapeutic efficacy by synergistic
effects, that is, the combined effect having greater than additive effect compared
to the single agents.

Although there are many advantages of drug combination therapy for precision
oncology, it is still challenging to identify synergistic drug combinations and get
them approved for clinical use in an effective way. The enormous possibilities of
drug combinations across different cancer types make it not feasible to screen
them exhaustively, even with advanced high-throughput technology currently
used in drug screening. Furthermore, many of the combinations are identified
after intensive trials and errors, which makes it difficult to understand the synergy
mechanisms, posing further challenges for clinical approval. Therefore, there is
a timely need for computational tools that can help both in predicting and
prioritizing of most synergistic drug combinations in a systematic way for
combinatory therapy discovery.

The goal of this thesis was to develop computational models and software tools
for predicting synergistic drug combinations and analyzing high-throughput drug
combination screening data. The original publications of the thesis collectively
demonstrate how to implement a systematic computational framework,
including machine learning models to predict combination responses and
computational approaches to identify synergistic combinations, along with
experimental design and validation of the predictions, and all the way to construct
networks to explore the potential mechanisms behind synergistic combinations
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in individual patients. Such approaches are of importance to accelerate cancer
therapy discovery for precision oncology.

15



Review of the literature

1 Leukemia types

Leukemia is one of the hematological malignances, referring to a group of
cancers in blood or bone marrow (Kasteng et al., 2007; Polychronakis et al.,
2013). Depending on which types of blood cells are affected, leukemia can be
classified as lymphocytic leukemia (also called lymphoid or lymphoblastic
leukemia, LL) or myeloid leukemia (also called myelogenous leukemia, ML). LL
develops from cells which eventually become lymphoid cells. ML develops from
early myeloid cells which eventually become white blood cells (other than
lymphocytes), red blood cells, or megakaryocytes. Depending on how quickly
the disease develops, leukemia can be also classified as acute leukemia (AL) or
chronic leukemia (CL). AL starts abruptly and progresses rapidly, which results
in an accumulation of immature and functionless cells called blasts. Patients with
AL often have poor survival. In contrast, CL progresses more slowly, and results
in an accumulation of relatively more mature cells that can perform some of their
functions. Patients with CL can usually live much longer. Although CL patients
often live longer than AL patients, it is in general more difficult to cure CL than
AL (Goldsmith, 2011). Based on above classification of leukemia, there are four
major types of leukemia: acute lymphocytic leukemia (ALL), acute myeloid
leukemia (AML), chronic myeloid leukemia (CML), and chronic lymphocytic
leukemia (CLL). There are also several subtypes of these four major types and
other types of leukemia, such as hairy cell leukemia (HCL) and myelodysplastic
syndromes (MDS).

1.1 T-cell prolymphocytic leukemia

T-cell prolymphocytic leukemia (T-PLL) is a rare mature T-cell leukemia with
distinct features and an aggressive clinical course from presentation (Dearden,
2012). As a rare disease, clinicians do not see a case of T-PLL very often (once
every 5-10 years) (Vivekanandarajah et al., 2013; Figueroa-Jiménez et al., 2016),
which makes the diagnosis of T-PLL very challenging. Correct diagnosis requires
appropriate diagnostic tests and manual interpretation of the test results.

In general, T-PLL patients are resistant to conventional chemotherapy, resulting
in very poor prognosis (a median survival of only 4 months for non-responders).
Currently, the best treatment option for T-PLL is alemtuzumab, a monoclonal
antibody targeting CD52 mature lymphocytes, followed by consolidation with a
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hematologic stem cell transplant where possible. Such treatment has extended the
median survival to more than 4 years, but most patients eventually relapse, hence
calling for novel targeted combination therapies.

2 Cancer therapy

Many different types of cancer therapies have been developed during the past
decades. Traditional cancer therapies such as surgery, radiation therapy, and
chemotherapy, are still widely used in cancer treatment though there is the shift
from traditional cancer therapies to more advanced therapies such as immune
therapy and targeted combination therapy. Each cancer therapy has its own
advantages and disadvantages. The selection of cancer therapy depends on many
factors such as the types of cancer, the stage of cancer, age of the patient, and the
locality of cancer (Abbas and Rehman, 2018).

2.1 Surgery

Surgery, resection, or operation is one of the preferred treatments for firm
malignant tumors as it removes the cancerous tumor and it often causes less
damage to the healthy tissues surrounding it, compared with chemotherapy and
radiation therapy (Abbas and Rehman, 2018). Surgery can also help doctors to
find out if the tumor has spread or not. The outcome of surgery depends on many
factors such as the location, the type of cancer, the condition of the patient, and
the stage of cancer. Surgery usually yields good results for early stage cancer and
it can also be combined with other types of cancer therapies.

2.2 Chemotherapy

Chemotherapy is affecting the abnormally fast cell dividing capacity of cancer
cells and enforcing them to programmed cell death (apoptosis). The therapeutic
effect is based on the general fact that cancer cells are dividing faster than normal
cells. There are two different types of chemotherapy agents: cytostatic agents and
cytotoxic agents. Cytostatic agents such as molecularly-targeted drugs inhibiting
specific targets induce growth-inhibitory effects with lower toxic effects in
normal tissues (Kummar et al., 2006). Hence, cytostatic agents may stop the
growth of tumors without directly killing cancer cells (Rixe and Fojo, 2007). In
contrast, cytotoxic agents lead to cell killing directly, which eventually shrink the
tumor. As chemotherapeutic agents are also targeting healthy cells, their usage
leads to various types of side effects such as hair loss, vomiting, and nausea, and
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eventually some patients become immunocompromised (Abbas and Rehman,
2018).

2.3 Radiation therapy

Radiation therapy utilizes ionizing radiation to transfer high energy from the rays
to cancer cells. This high energy destroys cancer cells directly, or alters the DNA
of cancer cells, resulting in the halt of cell division and eventually the death of
cancer cells. In general, radiation therapy is targeting directly at the main
tumorous mass to avoid damaging healthy cells. Radiation therapy can be given
from outside the body by a machine or inside the body by introducing a
radioactive source into the body. Possible side effects such as hair loss, loss of
appetite, and tiredness could occur, depending on which areas of the body are
receiving the radiation therapy.

2.4 Hormone therapy

Hormone therapy is in general used as treatment for hormone sensitive cancer
such as breast, prostate, and ovarian cancer (Holle et al., 2015). In such cancers,
hormones play important roles in the growth and regulation of malignant cells.
Hence, hormone therapy can be as effective as cytotoxic therapy. Unlike
cytotoxic chemotherapy, however, hormone therapy does not lead to so high
degrees of cytotoxicity since hormones are natural substances in human bodies
(Carlson et al., 2014; EBCTCG, 2005). In general, hormone therapy focuses on
either blocking/lowering the production of hormones or changing the behavior of
hormones in cancer cell growth. Unwanted side effects such as diarrhea, hot
flashes, and weakened bones could happen during receiving hormone therapy.

2.5 Targeted therapy

Targeted therapy is one of the advanced cancer therapies and prompted by the
major advances in understanding of cancer biology especially the molecular
mechanisms that leads to cancer (Yan et al., 2011). During the past few decades,
many oncogenes and tumor suppressor genes have been identified, and major
signaling pathways involved in the development of cancer have been studied.
Such studies not only deepen our understanding of how cancer occurs and
evolves, but also accelerates the development of targeted cancer therapies which
are designed to interfere with certain proteins regulating the signaling pathways
related to tumor growth or progression (Wu et al., 2006). Currently, targeted
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cancer therapies encompass various types of agents, of which some agents such
as monoclonal antibodies (MoAbs) are designed to interact with cell surface
antigens, growth factor receptors, or ligands, to alter signaling pathways, whereas
some are inhibiting the activities of the intracellular cascade pathways, and there
are also agents that are developed to affect tumor micro-environment via
preventing vessel to grow or destroying existing vessel (Lheureux et al., 2017;
Holle et al., 2015; Herbst, 2005). In contrast with traditional cancer therapies,
targeted cancer therapies are more selective, meaning that they only modulate a
specific target, such as cancer-driving oncogene, to avoid damaging normal cells.

2.6 Immunotherapy

During the past few decades, our understanding of the complex immune system
has progressed rapidly, which has shed light on how to utilize our own immune
system to fight cancer (Ventola, 2017). Our immune system has the so-called
“immune surveillance” mechanism, which is able to recognize and eliminate
abnormal cells (Pennock and Chow, 2015). In the process of immune surveillance,
the adaptive and innate compartments of the immune system participate in tumor
recognition and elimination (Finn, 2012). Such duel protective system is
effectively detecting tumor cells and can destroy them in the elimination phase
(Vesely et al., 2011). However, when the immune system is not able to eliminate
the tumor cells completely, but the survived tumor cells are still under the
immune surveillance, the immunological equilibrium phase is reached. In this
phase, the tumor growth has been suppressed over a period of time and it remains
under control. In such a case, tumor cells can eventually break the immunological
equilibrium and escape the immune surveillance (escape phase), resulting in
more progressive tumor cell growth and suppressed antitumor immune response.
To prevent tumor cells escaping from the immune surveillance, immunotherapy
focuses on enhancing the host immune response and changing the tumor-
promoting immune response to tumor-rejecting immune response, in order to
achieve better tumor recognition and elimination. As one of the most advanced
cancer treatment modalities, immunotherapy holds promise of a life-long cure.
However, the current challenge is to identify patients who respond to different
types of immunotherapies, and combination of targeted chemotherapies with
immunotherapies has been suggested as more personalized treatment regimen.

2.7 Stem cell therapy

Stem cells are undifferentiated cells which can differentiate into various cell
types. Stem cells have many special features, such as regenerating original body
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tissues and immune modulation (Fleifel et al., 2018). Such special abilities
provide various strategies in cancer treatment. For example, engineering stem
cells to stimulate immune response against cancer cells. Stem cell therapy has a
great potential in curing cancer, but there are also many challenges to overcome
such as how to isolate and identify stem cells correctly from patients’ tissues.

2.8 Combination therapy

For most malignant diseases, such as cancer, driven by complex molecular and
environmental interactions, treatment with traditional one-gene-one-drug
approach is insufficient to disrupt the complex mechanisms (Wu et al., 2015).
Therefore, combining drugs working against different molecular mechanisms has
become increasingly popular in cancer treatment. The primary goals of
combination therapy are: 1) reducing the dose of each single drug to sufficient
response level to minimize the toxic side effects; 2) achieving at least additive
effects or even ‘“greater-than-additive” effects, so called synergy, in the
biochemical activities of two drugs; 3) modulating selectively on activity of
targets found in tumor cells but not in healthy cells; and 4) reducing the
likelihood of drug resistance (Fitzgerald et al., 2006; Al-Lazikani et al., 2012).

3 Personalized drug combination therapy in cancer

3.1 Personalized medicine approach

Personalized medicine is a rapidly evolving field of health care. In cancer
research, recent advances in high-throughput technology has allowed us to gain
the knowledge of each individual patient’s genetic and molecular information.
With such unique genomic information, along with the clinical information,
personalized medicine aims to provide more accurate treatment and prevention
strategies for particular subgroups of patients (Jovanovi¢ et al., 2018). Such
personalized treatment and prevention strategies suit for complex diseases like
cancer due to its heterogeneity.

3.2 Identification of synergistic effects in combination experiments

The concept of synergistic effects, or synergy generated by the interactions
between multiple chemical agents, has been studied in the biomedical world over
a century (Roell et al., 2017). For complex diseases, such as cancer, which is
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often treated with drug cocktails, this concept is often used to understand the
interactions among the drugs in order to maximize the therapeutic effects while
minimizing the side effects.

In general, the interactions between multiple agents can be classified as additive,
synergistic, and antagonistic. An additive effect is considered as the baseline
effect which is the theoretically expected effect when the agents are not
interacting with each other. Any significant deviation from the additive effect is
considered as either synergistic effect or antagonistic effect. Synergistic effect is
usually defined as the effect that is greater than the expected theoretical effect,
namely, the additive effect. In opposite of synergistic effect, antagonistic effect
is usually defined as the effect that is lower than the additive effect. However,
how to mathematically define the additive effect has been under debate over the
last century because simply summing up two or more effects does not accurately
reflect what happens in the cells. There are many models proposed to quantify
the expected effect that are based on different empirical or biological assumptions
(Tang et al., 2015; Lehar et al., 2009). These so-called synergy models inevitably
lead to inconsistent results, due to the inherent differences among these
assumptions, but no single universally best model exists (Vlot et al., 2019), as
was already admitted by an agreement from a conference held in Saariselké,
Finland in 1992 (Greco et al., 1992).

Highest Single Agent (HSA) model (Berenbaum, 1989) is the simplest and most
straight forward synergy scoring model. It takes the higher response of the two
single agents at corresponding concentrations as the baseline effect. The formula
for HSA model is yys4 = max (y, — yg), where yys,4 is the additive response,
v, is the response of agent A, and yj is the response of agent B. With HSA model,
any additional effect over the higher response is classified as HSA synergy.

Bliss independence model (Bliss, 1939) is one of the most used baseline or “null
hypothesis” models. It is based on the assumption that if two agents are behaving
independently, namely, under non-interaction (Greco et al., 1995), the baseline
effect can be simply calculated as the product of two individual responses:
Vgiiss = Va * Yg. In probability theory, the Bliss independence model can be
interpreted as the probability of two independent events, namely, P(AB) =
P(A) = P(B).

As an alternative model to Bliss independence model, Loewe additivity model

(Loewe, 1953; Loewe and Muischnek, 1926) is based on the idea of “sham
experiment” in which a single agent is combined with itself. In the sham
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experiment, no interaction is expected since a single agent cannot interact with
itself. Similarly, a single agent is not expected to interact with an agent with
similar structure and targets. In contrast to HSA model and Bliss independence
model, the Loewe additivity model requires additional information about the
dose-response relationships of each single agent (Tang et al., 2015), namely, y =
fa(x) and y = fz(x), where x is the concentration of the agent. Loewe

additivity model assumes that ratio of doses of agent A and agent B (R = i—A) is
B
fixed when agent A at dose x4 yields the same response as agent B at dose xg

(Hennessey et al., 2010; Lederer et al., 2018). Under this assumption, the
response of agent A at dose x, is equivalent to the response of agent B at dose

XB l
Xq * | — ), namely,
XA

f (xa . (jj—j)) = fa(xa). ()

A dose of combination (x,,x;,) which yields the same response y as each
individual agent should satisfy:

fa(xa) + fa(xp) = falxa) = fp(xp). (2)

By combining equation (1) and equation (2), the dose combination (x,, x;) must
therefore satisfy:

Xa | %

XA XB - 1 (3)
Under the sham scenario, x, = x, = %xA = %xB , equation (3) is trivially

satisfied.

As the name, zero interaction potency (ZIP) suggests, the ZIP model assumes
that there should be zero potency shift if there is no interaction between two drugs,
meaning the potency of each drug’s dose-response curve should remain under
non-interaction (Yadav et al., 2015). When using the four-parameter log-logistic
functions to model the dose-response relationship, and assuming complete
inhibition of the cell growth rates (i.e., Emin = 0 and Enax = 1), then the dose-
response curve for drug 1 after adding drug 2 becomes under no interaction:
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where y; _, is the response after adding drug 2 to drugl, A, is the slope of the
dose-response curve of drug 1, and m; is the half maximal inhibitory
concentration (ICso) (Yung-Chi and Prusoft, 1973). In such case, adding drug 2
should only increase the baseline response of drug 1 from Emin=0 to Emin=y2 with
m,and A, remaining unchanged as no potency shift occurs in the dose-response
curve. At dose pair (x4, X, ), the expected response of adding drug 2 to drug 1
becomes

y +(x_1)11 1+(m2)12 ( )Al
loz 2 ml (5)
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In the same way, the expected response of adding drug 1 to drug 2 becomes

A
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It was proved that y, _, and y,_;are equal (Yadav et al., 2015), which means that
the order of adding each individual drug does not matter in ZIP model. The
expected response can be factorized as a multiplicative of single dose—response
curves:

Lyt (2222 ENHtr (E2HA2
— m mp _ mq mo
Yzip = 1+(;_11)11 1+(1fl_22)12 1+(;L_11)11 1+(::l_22)12: (7)

which can be interpreted as the probabilistic independence between the two drugs.

As illustrated in Figure 1, the observed combination response is modelled in ZIP
in a two-way manner as well:
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In ZIP model, a delta score is defined to quantify the overall potency shift:

12 _,,1<2 2¢1_,,2¢1
5(0) = Ye 2J’ZIP + % ZJ’ZIP- (10)

When 6§ = 0, there is zero interaction between two drugs under ZIP model. It is
also shown (Yadav et al., 2015) that 6 = 0 also holds when combining two
identical drugs in a sham experiment. When § > 0, it indicates synergistic effect
between two drugs. When § < 0, it indicates antagonistic effect between two
drugs. As ZIP model makes use of the advantages of both the Loewe and the
Bliss models by taking the probabilistic independence between the two drugs and
sham experiment into consideration, ZIP model may be considered as an
integration of these two synergy models.
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Figure 1: A schematic illustration of modelling the observed combination response in a two-way
manner in ZIP model. Reproduced with permission from Elsevier (Yadav et al., 2015).

3.3 Prediction of synergistic drug combinations in silico

Despite the many benefits of drug combination therapy in curing cancer,
compared to monotherapy, identifying novel synergistic drug combinations is
still challenging due to the enormous search space of all possible drug
combinations. In addition, getting novel synergistic drug combinations approved
for clinical usage is challenging, because most of drug combinations in clinical
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use are based on intensive trials and error testing, rather than rational
understanding of their mechanism of action (Madani Tonekaboni et al., 2016).

Even though high-throughput screening technologies have been implemented
successfully for testing the phenotypic responses of single drug or drug
combinations, it is not feasible to test all possible drug combinations via in vitro
and in vivo screening across different cancer types as the number of experiments
grows rapidly (Madani Tonekaboni et al., 2016; Fang et al., 2015). Therefore,
there is a need to develop computational methods to prioritize drug combinations
for in vitro and in vivo testing. Identifying synergistic drug combinations via
computational methods is less time-consuming compared with direct experiment
approaches. Moreover, computational approaches, such as machine learning
models, accompanied with new technologies such as large-scale genomic and
systems or network biology, provide powerful approaches to making predictions
of the responses of drug combinations.

There are generally three types of computational approaches to predict
synergistic drug combinations: explicit mathematical methods, stochastic search
algorithms, and machine learning methods. Each type has its own advantages and
disadvantages.

Explicit mathematical methods refer to methods which utilizes one or several
direct mathematical models or statistical tests to predict the responses of drug
combinations. These can be based on assumptions of the relationship between
drug combination effects and transcriptomic changes. For example, drug-induced
genomic residual effect (DIGRE) (Yang et al., 2015), the best performing method
in one of the community challenges on drug combinations launched by the
Dialogue for Reverse Engineering Assessments and Methods (DREAM)
consortium, hypothesized that in a setting that cancer cells are treated with two
drugs sequentially, cancer cells treated after the first drug would contribute to the
transcriptomic changes induced by the second drug. There are three main steps
in DIGRE. In the first step, a drug-pair similarity score is obtained by comparing
the genomic or transcriptome changes induced by two drugs. In the second step,
a mathematical model integrates the similarity score and the dose-response curve
information to estimate the induced cell death. Finally, the average of the induced
cell death values estimated from two possible sequential orders of treatment is
used as the predicted synergy score.

Stochastic search algorithms or genetic algorithms are search methods that can
be used for solving many types of search problems, such as optimization of a
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function or determination of the proper order of a sequence (Forrest, 1993). Such
search method can be applied to search for synergistic drug combinations. For
example, a genetic algorithm called Medicinal Algorithmic Combinatorial
Screen (MACS) was developed to walk through a stepwise process of enriching
successive pools of drug cocktails for increased fitness, which indicates a more
optimal solution in the genetic algorithm (Zinner et al., 2009). This kind of
algorithms show the feasibility of predicting drug combinations of arbitrary size.
However, it is likely that such algorithms converge to different drug cocktails in
different runs, due to a complex search landscape, suggesting a local optima
rather than a global optima.

Machine learning methods utilize various types of omics data to predict the
combinatory effects of drug combinations. The data commonly used in drug
combination prediction are sample-specific data and drug-specific data. Sample
-specific data are collected from the tested samples (either cell lines or patient-
derived samples), such as gene expression, point mutation, and copy number
variation data. Drug-specific data contain information about the drugs, such as
similarity of structures or biochemical properties between drugs, responses of the
cancer cells to drugs, and target information of the drugs (Madani Tonekaboni et
al., 2016). With such data, there are generally three types of machine learnings
methods, namely, supervised, unsupervised, and semi-supervised that can be
used for drug combination prediction.

Supervised machine learning methods learn the structure or the pattern of labeled
data. The labels of the training data could be either the synergy scores of the drug
combinations for a regression problem or classes, such as “synergistic” and “non-
synergistic”, for a classification problem. Supervised machine learning methods
try to learn the relationship between the data and the labels. There are some
supervised machine learning methods developed to predict the synergy classes or
the quantification of drug combination responses. For example, a Bayesian
network approach called, termed probability ensemble approach (PEA) (Li et al.,
2015), was developed to integrate data from different sources such as the
chemical and pharmacological features of drugs to predict the efficacy of drug
combinations. Supervised machine learning methods can often make good
predictions with good-quality labeled data. However, there are many obstacles as
well. For example, one of biggest obstacles is lack of labeled drug combination
data, which requires a large amount of high-quality drug screenings experiments.

In contrast to supervised machine learning methods, unsupervised machine
learning methods aim at discovering the hidden structure of unlabeled data. For

26



example, a novel tool called DrugComboRanker (Huang et al., 2014) was
developed to prioritize drug combinations and to uncover the underlying
mechanisms of action. DrugComboRanker constructs a drugs’ functional
network based on their transcriptomic response profiles from Connectivity Map
(CMap) (Lamb et al., 2006), and then divides the network into drug network
communities using a Bayesian non-negative matrix factorization approach.
Under the assumption that drugs within overlapping community share common
mechanisms of action, DrugComboRanker next predicts the unknown targets of
drugs by applying a recommendation system on the drug communities. With a
disease-specific signaling network built with genomic and interactome data and
using the predicted targets, DrugComboRanker searched for such drug
combinations that have their targets enriched in the complementary signaling
modules of the disease signaling network, which are predicted to be synergistic.

As its name suggests, semi-supervised machine learning methods utilize
unlabeled data, along with typically small amounts of labeled data. Semi-
supervised machine learning methods can address issues like lack of labeled data
and data imbalance (insufficient number of positive or negative labeled data) in
the drug combination prediction field. Ranking-system of Anti-Cancer Synergy
(RACS) (Sun et al., 2015) is one of the semi-supervised machine learning
methods developed to predict synergistic drug combinations, which is based on
a manifold ranking method. RACS was developed with 26 effective
combinations (labeled data) and 502 pairs of drug combinations (unlabeled data).
The performance of RACS was demonstrated with drug combination data from
the 2014 DREAM challenge. It outperformed the best performing method of the
challenge with an AUC value of 0.85.

4 Functional and molecular profiling for personalized
therapy

4.1 Next-generation sequencing

Next-generation sequencing (NGS), also known as high-throughput sequencing,
is a technology to perform sequencing of millions of small fragments in parallel
(Behjati and Tarpey, 2013). NGS offers the possibility to produce a large amount
of sequencing data much quicker and cheaper than previous gold standard
sequencing technology, namely, Sanger sequencing. NGS enables researchers to
perform a wide variety of applications including whole genome sequencing,
whole exome sequencing, RNA sequencing, and targeted amplicon sequencing
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for more in-depth genomic knowledge. Such applications have revolutionized
research in different areas of genomics, epigenomics, transcriptomics, and
metagenomics (Herzyk, 2014).

4.1.1 Exome sequencing

The exome refers to the sequence encompassing all exons of protein coding genes
in the genome and it covers around 1%-2% of the human genome (Warr et al.,
2015). Exome sequencing (ES) is used for identification of rare and common
genetic variants in the protein coding regions (Belkadi et al., 2015). As roughly
85% of diseases-related variants are falling into the protein coding regions, ES is
a highly efficient approach to detect diseases related variants (Normand et al.,
2018). In addition, ES is more cost-effective than whole-genome sequencing as
exome sequencing only targets at a small subset of the genome.

ES targets all the genes in the protein coding regions, regardless whether they are
associated with the disease or not. Such a systematic way enables us to collect
unbiased information to decide if a new gene is associated with the disease or not,
even when it has not been previously identified or described in the literature or
public databases (Normand et al., 2018). Since we are still in the process of
enriching our knowledge of gene-disease relationships, it is possible to re-analyze
the ES data without performing ES on a new sample, once some additional
phenotypic information becomes available (Normand et al., 2018).

Even though performing ES does not require a clear diagnosis or target region
ahead of the time, it requires accurate identification of the variants that are
correlated with the patient’s phenotype, as ES results often contain many rare
variants that are not phenotype-related (Normand et al., 2018). Therefore, each
variant has to be verified based on the relationship between patient’s phenotype
and gene’s known function or disease association.

Although ES is increasingly used in both research and clinic context, there are
some limitations to be noted. In contrast to multigene sequencing panels that
simultaneously sequence a few to hundreds of genes, ES is targeting at the protein
coding region, which is about 30 million base pairs and covers 20,000-25,000
genes (Bertier et al., 2016). Such a wide genomic range results in a lower
coverage depth than multigene sequencing panels (Normand et al., 2018). ES has
difficulties in targeting certain regions, such as CG rich regions and highly
repetitive sequences. The lower coverage depth and difficulties in those regions
may lead to false positives. Furthermore, ES is not reliable at detecting large
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structural changes such as inversions, translocations, and nucleotide repeat
expansions.

4.1.2 RNA sequencing

RNA sequencing (RNA-seq) is a recently developed transcriptome profiling
technology to measure RNA abundance from a sample at a particular time
utilizing NGS technologies. There are three main steps in a typical RNA-seq
experiment: RNA extraction, RNA-seq library construction, and sequencing on
an NGS platform.

In the first step, RNA is extracted from tissue and mixed with deoxyribonuclease
(DNase), which reduces the amount of genomic DNA. A successful RNA-seq
experiment requires high-quality RNA in order to produce a library for
sequencing (Kukurba and Montgomery, 2015). The quality of RNA is typically
evaluated by an RNA Integrity Number (RIN), with a range from 1 (highly
degraded) to 10 (highest integrity), which is produced by an Agilent Bioanalyzer
(Herzog and Papenfort, 2018). RIN of >8 defines good-quality RNA (Hitzemann
etal., 2014).

In the second step, an RNA-seq library is constructed by following different
protocols depending on the selection of RNA species and NGS platforms
(Kukurba and Montgomery, 2015). In general, construction of an RNA-seq
library contains some common basic steps: selecting the desired RNA
species/modules and converting RNA to complementary DNA (cDNA). There
are four typical RNA modules: ribosomal RNA (rRNA), precursor messenger
RNA (pre-mRNA), messenger RNA (mRNA), and different types of non-coding
RNA (ncRNA). When selecting the RNA modules, the majority of the RNA
modules for most cell types (up > 80%-90% of the total RNA), namely, rRNA is
removed because rRNA is generally not of interest. In such a way, the experiment
will have a better overall depth coverage and a better detection power for less-
abundant RNAs. After selecting the desired RNA modules, a population of
desired RNA modules is converted to a library of cDNA and sequencing adapters
are added.

In the last step, each molecule is sequenced in an NGS platform to produce short
reads from one end via single-end sequencing or both ends via pair-end
sequencing (Wang et al., 2009). The length of the reads varies depending on the
sequencing technology. After obtaining the reads, an RNA-seq analysis pipeline
is needed to analyze the reads for different research purposes such as measuring
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the gene expression level of the sequenced samples, transcript quantification,
reference-based gene annotation, and de novo transcript assembly (Li and Li,
2018).

RNA-seq has many advantages over hybridization-based microarrays s that were
previously developed for profiling gene expression. Firstly, RNA-seq can detect
more novel transcripts that are differentially modulated, splice junctions, and
non-coding transcripts because RNA-seq allows for full sequencing of the whole
transcriptome, while microarrays probe only sequences of predefined
transcripts/genes (Rai et al., 2018; Rao et al., 2019). Secondly, RNA-seq has very
low background signal and it does not have an upper limit for quantification in
contrast to microarrays. Such an advantage enables RNA-seq to detect genes with
a large dynamic range of expression levels (Wang et al., 2009). Last but not least,
as a hybridization-free approach, RNA-seq does not suffer from the errors caused
during hybridization of microarrays as it does not depend on genome annotation
for prior probe selection (Zhao et al., 2014).

Although there are many advantages in the RNA-seq technologies, RNA-seq still
has its own limitations. For example, RNA-seq is subject to some systematic
variations such as different library sizes across samples (Vafaee et al., 2019).
Hence, RNA-seq results of different experiments or samples must be normalized
before performing any comparison analysis across different experiments or

samples. There are several normalization methods available for RNA-seq data
(Abbas-Aghababazadeh et al., 2018).

4.1.3 Analyzing sequence data

NGS technologies generally generate significant amounts of output data, which
requires bioinformatical tools to analyze the data for different applications. There
are some common steps to analyze the data. Firstly, the quality of the raw
sequencing data must be assessed, and quality-based trimmer is performed on the
raw data to remove contaminating sequences and low-quality sequences. Then,
the reads are aligned to the reference genome such as University of Santa Cruz
(UCSC) (Casper et al., 2018) or Genome Reference Consortium (GRC)
(http://www .ncbi.nlm.nih.gov/projects/genome/assembly/grc) human reference
genome using the aligner tools such as Burrows Wheeler aligner (BWA) (Li and
Durbin, 2009) and Bowtie2 (Langmead and Salzberg, 2012). After the alignment,
it is recommended to perform three steps of post-alignment processing, namely,
read duplicate removal, indel realignment, and base quality score recalibration
(BQSR) (Bao et al., 2014). Next, different types of variants including copy
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number variants (CNV), germline variants, somatic variants, and structural
variants are identified with different tools (Zhao et al., 2013; Kosugi et al., 2019).
In cancer research, somatic mutations are often more interesting than germline
mutations (Wadapurkar and Vyas, 2018). Somatic mutations are those that are
present only in somatic cells while germline mutations are present in germ cells.
After the variants are identified, annotation of the variants is needed as it provides
more information about the variants such as the amino acid change, gene symbol,
exonic function, and genomic features. In addition, some computational tools are
providing additional information such as minor allele frequency (MAF) in
normal populations and known cancer driver genes by integrating public
databases such as dbSNP (Sherry et al., 2001). After annotating the variants, they
can be visualized via different tools such as Integrative Genomic Viewer (IGV)
(Thorvaldsdottir et al., 2013) for manual curation.

4.2 Drug sensitivity testing

With advanced high-throughput technologies, a comprehensive functional
strategy called drug sensitivity and resistance testing (DSRT) was developed to
test a large panel of drugs including both clinically available chemotherapeutics
and targeted agents on cancer cells in a systematic manner (Pemovska et al.,
2013). Functional data from DSRT on cancer cells provide direct information
about which drugs are effective on killing the cancer cells. Such information can
help to select the most effective drugs for personalized treatment.

In DSRT data analysis, the dose-response of a drug across different
concentrations is fitted with four-parameter log-logistic function:

y=d+—o— (11)
where y is the observed response (e.g., cell inhibition or viability), x is the
concentration, a is the maximum drug response, b is the slope of the dose-
response curve, ¢ is the half maximal inhibitory concentration (ICso) (Yung-Chi
and Prusoff, 1973) or half maximal effective concentration (ECso) (Sebaugh,
2011), or half maximal growth inhibition (Glso) (Marx, 2013), depending how
the response is measured, and d is the minimal drug response.

It has become popular to use the point estimates of the dose-response curve such

as 1Cso, ECso, and Glso as summary drug response measure. However, the point
estimation is not always sufficiently accurate to quantify the actual response. For
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example, different dose-response curves could have exactly the same point
estimation, even if the curve shapes are quite different from each other (see
Figure 2). This problem can be avoided by using a model that takes the whole
dose-response curve into consideration to quantify the drug response. This model
can then be used to calculate the area under the curve (AUC) or so- called drug
sensitivity score (DSS) (Yadav et al., 2014) to represent the efficacy of the drug.
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Figure 2: Schematic demonstration of the different dose-response curves with the same point
estimate (IC50), but with different area under the dose-response curve (AUC).
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Aims of the study

This thesis aimed to develop computational models and tools for accelerating the
process of identifying personalized drug combination therapy for cancer patients
in a systematic manner, covering all the phases of the discovery process from
experiment design to predicting and validating synergistic drug combinations. To
prioritize the most potential synergistic combinations for follow-up experiment
validation and clinical translation, fast computational tools are needed. To make
the results more reproducible, a systematic approach and open source-code
implementation are needed.

The study consisted of four parts with specific objectives:

1. To develop computational models and open-code tools to predict patient-
specific synergistic drug combinations.

2. To develop open-code tools for facilitating the design of high-throughput
drug combination experiments.

3. To develop open-code tools to effectively analyze the data from high-
throughput drug combination experiments.

4. To develop open-code tools to discover the underlying mechanisms of
synergistic drug combinations for a particular patient.
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Materials and methods

5 Compound datasets

In Publication I, drug-target interaction data from 65 kinase inhibitors and 322
kinase targets from a previous study (Tyner et al., 2013) were used. The drug-
target interaction data were categorized into six classes that were labelled as [0,
1, 2, 3, 4, 5]. Class 0 represents the inactive group, meaning no interaction
between the drug and the target based on bioactivity data from (Tyner et al., 2013).
Class 1 means the target is the most potent target for the drug. The bioactivity
values of target in class 1 were lower than 10-fold of the lowest bioactivity value
of all targets for the drug. Classes 2 to 5 represent the intermediate interaction
groups. The 65 kinase inhibitors were tested on 151 leukemia patient-derived
samples ex vivo, where the drug responses were measured in a cell proliferation
assay and quantified by point estimation ICso from the dose-response curve
(Tyner et al., 2013). For each sample, the ICso values were normalized into [0, 1]
interval in Publication I:

Max(1C50)—1C50
Max(ICs0)-Min(ICsg) ’ (12)

y:

where y is the normalized drug response, Max(ICs,) is the maximum ICso
values for the sample, Min(ICsg) is the minimum ICso values for the sample.

In addition to the data from Tyner study, Publication I also included data from
another study (Miller et al., 2013), where only primary target information is
available for each drug. The data from Miller study included a total 14 drugs that
were tested in pairwise combinations in a dedifferentiated liposarcoma (DDLS)-
derived cancer cell line (Table 1). Primary targets are import indicators about the
drugs’ mode of action, but not enough to understand their full
polypharmacological interactions. Hence, additional drug-target interaction data
for the 14 EMD Millipore drugs were obtained from a broad bioactivity screen
(Gao et al., 2013). With further manual curation on the data, the drug-target data
were enriched (Table 2). Each of the 13 drugs (Rapamycin was missing in the
original publication’s supplementary data) were tested on DDLS8817 cell line
with 7 concentrations. The responses were measured as the relative cell metabolic
activities and quantified by ICso.
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Drug Abbreviation Primary Targets Company

AGS538 AG IGFIR EMD Millipore

AKT 1/2 Inh AK AKT1/2 EMD Millipore

FR180204 ER ERK1/2 EMD Millipore

Gefitinib GF EGFR Tocris

HNHA HN HDAC Cayman

PDGFR TKI III PD PDGFR EMD Millipore

PI3Ka Inh IV PI PI3K (PIK3CA/B/C/D) EMD Millipore

Rapamycin mTOR Selleckchem

Rottlerin RT PKC/CaMKIII Tocris

Ryuvidine RY CDK4/6 Tocris

SL327 SL MEK1/2 EMD Millipore

SRC Inh I SR SRC EMD Millipore

Stattic ST STAT3 EMD Millipore

SU11247 SU MET EMD Millipore
Table 1: The drug information in the Miller study (Miller et al., 2013).

Drug Abbreviation Number of targets | PubMed reference

AG538 AG 4 12869569

AKT 1/2 Inh AK 64 23398362

FR180204 ER 58 23398362

Gefitinib GF 16 24065146

HNHA HN 1 17353008

PDGFR TKI III PD 126 23398362

PI3Ka Inh IV PI 4 16837202

Rapamycin 9 24521231

Rottlerin RT 3 24521231

Ryuvidine RY 2 24902048

SL327 SL 26 17114005

SRC Inh I SR 75 23398362

Stattic ST 3 23398362

SuU11247 SU 79 23398362

Table 2: The number of drug targets identified from the literature in the Miller study (Miller et

al., 2013).
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6 Patients samples

In Publication II, three T-PLL patient samples and three healthy donor samples
were collected from Helsinki University Central Hospital (Finland), Hospital
Universitario de la Princesa (Spain), and University Hospital Aachen (Germany).
The study was approved by the Helsinki University Hospital (Finland) ethics
committee and was conducted in accordance of the Helsinki Declaration
principles (Andersson et al., 2017). Written informed consents were obtained
from all the patients and healthy donors. Biomaterial samples from Aachen
followed the regulations of the biomaterial bank and it was approved by the ethics
committee of the RWTH Aachen Medical Faculty. Patients diagnosis fulfilled
the old and current WHO diagnostic criteria of T-PLL (Swerdlow et al., 2016).

7 TIMMA-R workflow for drug combination prediction

In Publication I, a logic-based network algorithm, Target Inhibition Interaction
using Maximization and Minimization Averaging (TIMMA), was implemented
in R with major extensions from its original version (Tang et al., 2013), including
modelling of multi-classes drug-target data and network visualization. TIMMA -
R is much faster than the original MATLAB implementation and the TIMMA-R
predictions are robust to the intrinsic noise in the experimental data (He et al.,
2015).

7.1 Input data

TIMMA-R workflow takes two types of input data: drugs’ polypharmacological
profiles and drug sensitivity profiles (Figure 3). In the polypharmacological
profiles of drugs, both strong and week drug-target interactions are taken into
consideration in order to model the drug combination effect through their target
interactions. To construct such profiles, publicly available proteome-wide
quantitative drug-target interaction data from PubChem, ChEMBL (Gaulton et
al., 2012) or CanSAR (Halling-Brown et al., 2012) databases were utilized. To
integrate bioactivity data from different sources was advised to minimize the
false positive or negative interactions (Tang et al., 2014). The drug sensitivity
profiles can be obtained from either cancer cell lines such as the Cancer Cell Line
Encyclopedia (CCLE) (Barretina et al., 2012), the Genomics of Drug Sensitivity
in Cancer (GDSC) (Yang et al., 2012), and the Library of Integrated Network-
based Cellular Signatures (LINCS) (Vempati et al., 2014) databases or patient-
derived samples (Pemovska et al., 2013).
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Figure 3: The TIMMA-R workflow for drug combination prediction. Reproduced with permission
from Oxford University Press (He et al., 2015).

7.2 Modeling of multi-class drug-target data

Instead of utilizing conventional binary drug-target data for modelling, TIMMA -
R models multi-class drug-target data by classifying the targets of given drugs
into several classes based on their binding affinities (Tyner et al., 2013). In many
databases such as DrugBank (Law et al., 2014) or TTD (Zhu et al., 2012), one
can only find a few primary targets for many approved drugs without knowing
the corresponding activity classification threshold. Such information is not
sufficient to understand the drugs’ mode of action, as the therapeutic efficacy of
many approved drugs is not necessarily associated with higher binding affinity
(Gleeson et al., 2011). Some databases such as ChEMBL database, on the other
hand, provide comprehensive bioactivity profiles for many targeted drugs,
revealing considerably promiscuous drug-target interactions at the proteome-
level (Bento et al., 2014). However, for most compounds, the effect of many
week or unintended drug-target interactions on signaling pathways in a cellular
environment still remains mostly unknown. Therefore, using the conventional
binary drug-target classification might not fully reflect the pharmacological
significance of some drug-target interactions. In TIMMA-R, strong and week
drug-target interactions are classified into different potency classes to make the
target profile of a drug as comprehensive as possible.

With multi-class drug-target data, the set relationships such as target subsets and
target supersets between two drugs still hold. In such way, modelling multi-class
drug-target data is similar to binary class situation. However, for a drug
combination with N targets and P interaction classes, the number of possible
scenarios for a target combination increase from 2" to PN. The increased target
combination space makes the prediction computationally more expensive, while
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providing at least the same level of prediction accuracy, as using binary drug-
target interaction data. In addition, the prediction performance also depends on
how to classify the target classes, due to the fact that there are no standard
protocols to classify active and inactive interactions from a typical drug-target
binding assay. In practice, it is not recommended to have too many classes to
over-interpret the drug-target interactions, which may easily bring noise in the
predictions (He et al., 2015).

7.3 Network construction

To facilitate the interpretation of the drug combination predictions, TIMMA-R is
utilizing Boolean expression to explore the minimal configurations in the drug-
target profiles which can lead to effective drug sensitivities. By minimizing the
Boolean expression with the enhanced Quine-McCluskey algorithm (Quine,
1952; Quine, 1955), TIMMA-R formulated the predictions as a complete truth
table using the Qualitative Comparative Analysis (QCA) package (Dusa, 2008).
The target combination scenarios that lead to the same maximal response are in
the minimized Boolean expression. With the minimized Boolean expression,
TIMMA-R constructs a two-terminal graph that includes series and parallel
components to visualize the target inhibition network. Such a graph represents
the predicted response of cancer survival signaling pathways which can help
researchers to pinpoint target combinations that pass a certain sensitivity
threshold. The network visualization originally constructed by TIMMA-R can be
imported for downstream analysis in network analysis tools like Cytoscape
(Shannon et al., 2003).

8 NGS methods and data analysis
8.1 Exome-sequencing analysis

In study III, DNA was isolated from sorted CD8+ and CD4+ T-cell tumor
fractions from T-PLL patients’ peripheral blood (PB) mononuclear cell (MNC)
samples according to the Nucleospin® Tissue Kit instructions (Macherey-Nagel).
The concentrations of DNA were measured with Qubit® 2.0 Flurometer
(Invitrogen) and the quality was assessed by the Agilent 2100 Bioanalyzer
(Agilent Technologies).

Exome sequencing was conducted with the Illumina GAII instrument to produce
82 bp paired end reads and somatic mutation calling were performed with the
VarScan 2.2.3 somatic mutation caller using the CD8+ sample as the tumor and
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the CD4+ sample as the normal control. More details about the exome sequencing
experiment and data analysis pipeline can be found here (Koskela et al., 2012;
Pemovska et al., 2013).

8.2 RNA-sequencing analysis

In study III, RNA was extracted from the CD4+ T-cell fractions, CD4+CD8+ T-
cell fractions or CD3+ T-cell fractions (healthy controls), with the miRNeasy kit
including DNAse [ digestion (Qiagen) according to the manufacturer’s
instructions. The concentrations of RNA and the quality were measured with the
same machines and the same methods as DNA extraction.

RNA sequencing was performed with Illumina HiSeq2000 platform to produce
more than 40x106 paired end reads with 100bp read length. The reads from both
patient and healthy control samples were aligned to hgl9 human reference
genome with TopHat (Trapnell et al., 2009) and TopHat2 (Kim et al., 2013). Then
reads were mapped to Ensembl 64 gene models and counted using the HTSeq
Python package (http://htseq.readthedocs.io/en/release 0.11.1). Differential
gene expression analysis was performed with DeSeq2 R package (Love et al.,
2014).

9 Compound library

In Publication IT and III, FIMM oncology compound libraries were used. FIMM
oncology compound library is a comprehensive and constantly evolving
compound collection including both FDA-approved drugs as well as
investigational compounds. In Publication II, only 218 targeted compounds from
the library were used (Figure 4B). Approximately half of the 218 targeted
compounds were kinase inhibitors and the rest were other types of compounds,
such as differentiating/epigenetic or metabolic modifiers. In Publication III, the
full collection was used, which contained 525 small-molecular oncology
compounds (Figure 4A). Most of the 525 compounds were kinase inhibitors and
conventional chemotherapeutics. Other signal transduction modulators were
included as well.
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Figure 4: An overview of FIMM oncology compound library. (A) Compound classes for the full
collection (525 compounds). (B) Compound classes for targeted compounds only (218
compounds). Reproduced with permission from Springer Nature (He et al., 2018a).

10 Drug sensitivity and resistance testing (DSRT)

10.1 DSRT platform

In study III, DSRT was performed on fresh peripheral blood (PB) mononuclear
cell (MNC) samples, of which over 80% were leukemic cells, from T-PLL
patients as well as healthy control samples. The compounds were dissolved in
DMSO and preprinted on 384-well plates (Corning 3707) using an acoustic liquid
handling device (Echo 550). The compounds were diluted into 10-fold dilution
series of five different concentrations. The concentration ranges were chosen
separately for each compound based on previous investigations of their dose-
response relationships but most of compounds were ranged between 1 nM and
10000 nM. There were 16 positive controls (100 uM of benzethonium chloride)
and 16 negative controls (DMSO) in each plate. The plates with compounds and
controls then were kept in nitrogen pressurized StoragePods (Roylan
Developments Ltd.). Before the cells were plated, the plates were suspended in 5
ul of Mononuclear cell media (MCM) and dissolved in a shaker for 10 minutes.
Next, 20 microliters of single-cell suspension were plated into each well using a
MultiDrop Combi (Thermo Scientific) dispenser for 72 hours’ incubation at
37 °C and 5% CO.. After the incubation, cell viability of each well was measured
using the CellTiter-Glo luminescent assay (Promega) and a Pherastar FS (BMG
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Labtech) plate reader. The percentage inhibition was computed by normalizing
the cell viability to all the control wells.

10.2 Drug sensitivity scoring (DSS)

In study III, the compound responses in the samples ex vivo were quantified by
drug sensitivity scoring (DSS) (Yadav et al., 2014) based on the dose-response
curves. The dose-response curve is fitted with the four-parameter log-logistic
function. DSS integrates the area under the fitted dose-response curve in a closed-
form by summarizing all four fitted parameters: half maximal inhibitory
concentration (ICso), slope of the fitted dose-response curve, minimum and
maximum responses of the fitted dose-response curve. The scale of DSS scores
is between 0 and 50 and the calculation was done with the DSS R-package
(https://bitbucket.org/BhagwanY adav/drug-sensitivity-score-dss-calculation).

11 Drug combination prediction and testing (DCPT) platform

11.1 Drug combination plate design using FIMMCherry

In Publication II, the drug combination testing was performed in 384-well plates,
one of which could accommodate six pairs of drug combinations. Each drug
combination pair was tested in an 8 X 8 dose matrix. In the matrix, the first row
and the first column were cells treated with single drug with a series of one blank
and seven half-log diluted concentrations, whereas the rest was cells treated with
drug combination. DMSO as negative control is plated in the first well of the dose
matrix while 100 umol/L benzethonium chloride (BzCl) as positive control is in
the last well.

To transfer the compounds into the plates according to the dose matrix defined
above, a picking list containing information of where the source and destination
plates are, transfer volumes for the compounds is needed. To generate such a
complex list manually requires lots of time and prone to errors. To avoid errors
and save time, an in-house tool called FIMMCherry (He et al., 2018a) was
developed to generate the picking list automatically and effortlessly in the
Publication III. FIMMCherry is a desktop application, which provides an easy-
to-use interface with user guidelines (Figure 5). FIMMCherry is implemented in
Python and Qt framework, which allows FIMMCherry to run in different
operating systems such as Windows, MacOS, and Linux.
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Figure 5: Drug combination plate design using FIMMCherry. Reproduced with permission from
Springer Nature (He et al., 2018a).

There are three steps to generate the pick list with FIMMCherry. In the step one,
FIMMCherry requires users to load two input files as tab-delimited text files: a
source plate file providing information about the compound stocks (compound
identification, available concentration ranges, source plate identification, and
well identification) and a control file containing information where the controls
are located on the plate. In the step two, FIMMCherry requires a drug
combination file containing compound pairs to be tested.

After the required input files are loaded correctly, FIMMCherry displays the
layout of the plates accordingly (the red inset box in Figure 5), as well as the
input files (the yellow inset box in Figure 5). Then FIMMCherry generates a pick
list for dispensing compounds in the step three. The generated pick list is
compatible with Labcyte Echo dispenser, which can transfer the compounds from
source wells to destination wells in a non-contact fashion in 2.5 nL droplets. The
pick list is compatible with Echo Cherry Pick software to produce plates where
compounds are pre-dispensed with no further modifications (Kulesskiy et al.,
2015).
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11.2 Drug combination testing

In Publication II, drug combination testing was performed on fresh peripheral
blood (PB) mononuclear cell (MNC) samples from T-PLL patients as well as
unsorted MNC cells from healthy donors. In a similar way as drug sensitivity
testing, 20 uL of single-cell suspension were plated into the pre-dispensed plate
using the plate design described above. After incubating the cells in the plates for
72 hours at 37 and 5% CO2, cell viability of each well was measured via reading
luminescence in the plates using the CellTiter-Glo luminescent assay (Promega)
and a Pherastar FS (BMG Labtech) plate reader. The percentage inhibition was
calculated by normalizing the cell viability to the control wells.

11.3 Feature integration

For a polypharmacology-based machine learning method to predict
patient/control sample-specific drug combination responses, a patient/control
sample-specific feature vector combining a target feature vector with a genomic
feature vector was formulated for each drug combination. A target feature vector
contains binary values which indicate potency of the targets for each single drug
or their combinations. One in the vector indicates the target is a potent target
while zero means the target is not potent. For a single drug, all the potent targets
are marked as 1, while the non-potent targets are marked as 0. The target feature
for drug combinations is constructed in a similar way by marking potent targets
of both drugs as 1 while the rest as 0 in the combined target space of both
compounds. To construct the target feature, we collected the bioactivity data
across the compounds and their cancer-specific targets from our crowdsourcing
bioactivity data platform, DrugTargetCommons
(https://drugtargetcommons.fimm.fi) (Tang et al., 2018; Tanoli et al., 2018). For
each compound-target pair, we obtained the normalized bioactivity value by
comparing the median value of the log-transformed bioactivity values such as Kq
and K; again the smallest bioactivity value among all the targets of this compound.
After binarization with a compound-specific cutoff (log-fold-change less than 2),
we obtained the target feature of 366 targets for each single drug or their
combinations.

A genomic feature vector contains the patient/control gene expression data
extracted from RNA-seq and mutation profiles of the same sample extracted from
exome sequencing. To construct the patient/control gene expression feature, a set
of 634 genes were selected due to their functionalities associated with cancer
progress, tumor suppressors, or drug response or resistance. In the vector, the raw
counts and normalized fragments per kilobase of exon model per million reads
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mapped (FPKM) data for these genes are utilized. The mutation vector is a binary
vector of 68 entries as in total 68 mutated genes were identified in the three T-
PLL patients using VarScan2 algorithm with significance cut-off (P < 0.01). In
the mutation vector, one indicates a mutation is identified in the particular patient.

11.4 Predictive modeling

In DCPT, a supervised machine learning method called random forest was
applied to predict the quantitative responses of two combined drugs. Random
forest is an ensemble machine learning method which averages multiple deep
decision trees (Breiman, 2001). The integrated feature vectors defined above
were used as input features to train a model for predicting single-compound DSS
values in each sample separately. To evaluate the model performance and to
avoid model overfitting, one of the commonly used cross validation methods,
called leave-one-out cross validation (LOO-CV), was utilized. When using LOO-
CV, the model is applied once to each of data as test data while using the rest for
model training. In such way, LOO-CV could estimate the general model
performance.

With the trained, tuned, and sample-specific models, the compound combination
responses were predicted by treating a compound combination as a new single
“compound”, whose targets are combined targets of each single compound. For
each sample, the combination responses of all the possible pairwise combinations
among 218 compounds (23,653 combinations) were predicted. The predicted
combination responses were then compared against the predicted single
compound responses to classify each the combination as a synergistic or non-
synergistic combination for each sample individually, using the highest single
agent (HSA) model. More specifically, if the combination response of a
compound combination A+B was higher than the maximum response of
compound A and compound B, the combination A+B was classified as
synergistic. Otherwise, combination A+B was classified as non-synergistic.

Those combinations that were found to be synergistic in the patient samples using
HSA model were required to be non-synergistic in the healthy control sample.
To further avoid toxic combination effects caused by any toxic single compound,
the potential combinations were further filtered with single-compound responses
(DSS <20 in both patient and control samples with some exceptions, where DSS
< 20 was achieved only when excluding the highest concentration point). After
the filtering, the remaining combinations were considered as patient-specific as
well as cancer selective combinations. Such combinations are likely to have less
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severe side effects, which makes the translation into clinical practice more easily.
The R scripts for the predictive modelling are freely available at github
(https://github.com/hly89/ComboPred).

11.5 Quantification of drug combination synergy using SynergyFinder

After selecting the model-predicted synergistic combinations which are patient-
specific and cancer-selective, the next step is to validate these combinations ex
vivo using combination plate designed using tools from Publication III. To
quantify the degree of combination effects, we calculated an overall synergy
score across all the tested concentration combinations using the open-source R-
package SynergyFinder available at bioconductor from Publication III
(https://bioconductor.org/packages/release/bioc/html/synergyfinder.html) as
well as its web application (https://synergyfinder.fimm.fi) (Ianevski et al., 2017;
lanevski et al., 2020).

In Publication III, we demonstrated how to use R package SynergyFinder to
compute synergy scores for drug combinations (ibrutinib combined with
ispinesib and ibrutinib combined with canertinib) tested in 6 X 6 matrix design
for treatment of diffuse large B-cell lymphoma (DLBCL) (Mathews Griner et al.,
2014). The input data in csv format which contains the following information
about the dose-response matrix for a drug combination: BlockID (an identifier
for a drug combination), Row and Col (indexes of the wells in the drug
combination plate), DrugRow (the row-wise drug name), DrugCol (the column-
wise drug name), and Response (normalized drug responses). SynergyFinder
provides functions to fit a four-parameter log-logistic model to summarize the
single drug effects and to visualize the effects via a dose-response curve (Figure
6). In addition, the input dose-response matrix can be visualized as a heatmap
(Figure 6).

To quantify the degree of combination effects, a reference model is required.
There are four reference models available from SynergyFinder, namely, highest
single agent (HSA) model, Loewe model, Bliss model, and zero interaction
potency (ZIP) model. Once a reference model is selected, SynergyFinder
provides functions to calculate the synergy scores across all the tested
concentration combinations and to visualize the results as 2D and 3D synergy
plots (Figure 7). Such plots are very informative when identifying the dose
regions of interest such as the most synergistic dose regions. In addition,
SynergyFinder provides an option to correct the negative response values by
using the average of the minimum responses of the two single drugs.
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Figure 6: Plots for single-drug dose-response curves and drug combination dose-response
matrices (ibrutinib and ispinesib). Reproduced with permission from Springer Nature (He et al.,

2018a).

Ispinesib (nM)

39.1

625 2500

156.2

9.8

ZIP synergy score: 18.042
0 20 40

40 20

T T T
0.8 3.1 125

Ibrutinib (nM)

0.2 50

ZIP synergy score: 18.042
-20 -10 o 10

-40 -30 20

A
:“\
3

\"
R
NN
R
RN
QRN
R
R
>

N
R
R

X
S

R
S

&R

X

5
<
S
2
z
=

X
N
3

SR
SRR
R

X
X

30 40

Figure 7: 2D and 3D synergy plots for ibrutinib and ispinesib based on ZIP model. Reproduced
with permission from Springer Nature (He et al., 2018a).

In Publication II, ZIP model was used to compute synergy scores for all the drug
combinations tested in DCPT patient samples as well as healthy controls. ZIP
model assumes the effect of non-interaction, which is used as reference to
compute the synergy score, to be achieved when two drugs do not potentiate each
other. In such case, both the assumptions of the Loewe model and the Bliss model
could be met, making ZIP model a synthesis of both Loewe and Bliss models.

46



11.6 Patient-specific network visualization

For each patient-specific drug combination prediction, the last step of the DCPT
pipeline was to construct a cancer vulnerability network, which was based on
comprehensive cancer signaling networks including 6,296 proteins and 79,083
interactions (Zaman et al., 2013; Kirouac et al., 2012). Firstly, the selective drug
targets of the predicted drug combinations and patient-specific genetic
aberrations and molecular changes including mutated or dysregulated genes were
mapped to the cancer signaling networks. Then, the shortest paths to connect the
drug targets with patient-specific genetic aberrations and molecular changes were
computed to construct the pathway cross-talk network. Such patient-customized
networks provide a systematic way to investigate the mechanisms of action of
the drug combinations in the patient’s cellular context, as well as to discover the
potential predictive biomarkers for the synergistic responses.

An easy-to-use R/Shiny web-application with user detailed user instructions
(https://patientnet.fimm.fi) was developed in Publication II to construct the
cancer vulnerability networks automatically. The required input data are patient-
specific exome/RNA-seq data such as gene names and their expression levels,
single compound responses such as DSS, and target annotations containing drug
names and their target names. The output of the web-application is the patient-
customized network diagram which can be visualized in the web browsers and
downloaded in an html format. The output is also compatible with Cytoscape
(versions 2.7 and 3.4).
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Results

12 Predicting synergistic multi-targeted drug combinations
using TIMMA-R

12.1 Computational speed

TIMMA-R implementation was designed to be efficient and scalable for large-
scale analyses by using vectorization and multi-dimensional matrix computation.
It takes less than 50 seconds on average to run predictions for a typical dataset
with 50 drugs and 500 targets on a normal desktop computer, which is much
faster than the original MATLAB implementation that took over 250 seconds (He
et al., 2015). The current implementation aggregates the information from each
drug sequentially, which could be further speeded-up by aggregating parallelly
using multiple processors.

12.2 Sensitivity analysis

TIMMA-R uses the polypharmacological information to predict the combination
responses, according to the recent proteome-wide bioactivity studies that have
shown that there are many drugs that interact with more than one or two target
(Reddy and Zhang, 2013; Davis et al., 2011). The experimental uncertainties in
the interactions between a drug and its multiple targets could affect the robustness.
Therefore, we performed a sensitivity analysis to test the robustness of TIMMA -
R.

In the sensitivity analysis, we used 50 drugs and 100 targets with simulated binary
drug-target interaction, where 1 indicates a target and 0 indicates a non-target. To
introduce experimental uncertainties in the drug-target interaction data, we
flipped a target to non-target (1 to 0, false negative) or vice versa (0 to 1, false
positive) for up to 30% of the data. The number of positive interactions in the
data was set to 30% of total interactions. We collected the prediction results after
repeating the flipping process for 100 times. To compare the averaged predictions
from before and after the flipping, we used the RV-coefficient (Escoufier, 1973;
Robert and Escoufier, 1976). As expected, the RV-coefficient decreased when
the false positive rate or the false negative rate increased (Figure 8), but being
still significantly higher than the random predictions (P <0.001, paired z-test).
Such result shows that TIMMA-R can be applied to real case studies, where the
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drug-target interactions have been either experimentally validated or manually
curated.
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Figure 8: RV-coefficients for simulated drug target interaction with different false positive rates
or false negative rates. Reproduced with permission from Oxford University Press (He et al.,
2015).

12.3 Leukemia case study

We tested the performance of TIMMA-R using data from a study on the kinase
pathway dependence in leukemia patients using 65 small-molecule kinase
inhibitors as chemical probes, tested on 151 leukemia patient-derived samples ex
vivo (Tyner et al., 2013). In this case study, the effective drug or drug
combinations for these patient-derived samples could be readily utilized for
clinical applications.

From the Tyner study, we collected the drug-target interaction data including 65
small molecule kinase inhibitors and 322 targets. Each drug-target interaction has
been classified into one of the six classes labelled as [0, 1, 2, 3, 4, 5]. We scaled
the drug sensitivities (ICso) into [0, 1] interval, where a higher value indicates a
stronger effect, using equation (12).

We evaluated if multi-class drug-target interaction can lead to any improvement
by comparing with using binary drug-target interaction data. The binary drug-
target interaction data were obtained by treating all the non-zero classes as one
group, which includes both the strong and weak drug-target interactions. We used
mean absolute error (MAE) in the leave-one-out cross-validation (LOO-CV) to
compare the performance.

As shown in Figure 9, no significant difference was observed when using either
binary drug-target interaction data or multi-class drug-target interaction data in
terms of the prediction accuracy. The average differences in MAE across the 151
samples is 0.0091, which is quite minimal compared to the actual MAEs. The
results indicate that introducing more potency classes may not always lead to a
better prediction accuracy. When introducing more classes, the model search
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space increases from 2N to PN, where P is the number of classes and N is the
number of targets, which in general requires more training data to acquire better
performance. In addition, if the number of drugs or the number of targets does
not increase significantly, more classes will lead to very sparse training data,
which introduces higher uncertainty in the model predictions.
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Figure 9: Scatterplots of MAE (Mean absolute error) in the LOO-CV using either binary or

multiclass drug-target interaction data. Reproduced with permission from Oxford University
Press (He et al., 2015).

To further explore the impact of classification on the prediction accuracy, we
tested a simpler scheme by considering only 3 classes: class 0 is still the inactive
group; class 4 and 5 are merged into one group as the strong interaction group;
the rest are grouped together as the weak interaction group. Such a simplified
classification indeed improved the average MAE from 0.1792 to 0.1754, with
increased number of cases (from n = 61 to n = 74), where it outperformed the
binary data (Figure 9). However, the overall difference remained minimal, which
concluded that if the drug-target interaction data is of high-quality (e.g. manually
curated from experimental results), the classification schemes seem to have little
impact on the prediction accuracy of TIMMA-R.

12.4 Dedifferentiated liposarcoma study

To further evaluate the performance of TIMMA-R, we tested TIMMA-R on data
from another study (Miller et al., 2013). Unlike the Tyner study which contains
large-scale drug-target interaction data, only primary target information for 14
drugs (Table 1) is available in the original Miller study, which makes the TIMMA
analysis less straightforward. Such primary target information is useful for
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explaining the intended therapeutical actions of the compounds, but provide
limited information on the polypharmacological effects of a drug combination.
In such case, we still need to obtain the quantitative drug-target interaction
profiles at the proteome level. We found that 9 of these 14 drugs from the EMD
Millipore company are also included in another study which has profiled 158
drugs using a broad activity screen (Gao et al., 2013). With data obtained from a
global drug-target profiling (Gao et al., 2013; Tyner et al., 2013), as well as data
from the integration of multiple studies (Tang et al., 2014), we obtained enriched
drug-target data shown in Table 2.

In the original Miller study, the dose-response values of single and paired drug
combinations on the tumor-derived cell line DDLS8817 are available. However,
only 13 of 14 drugs were found, whereas Rapamycin sensitivities were missing.
Each of the 13 drugs was tested with 7 doses, where the responses were measured
as the relative cell metabolic activities. The cell viability ICso was derived using
the logistic curve-fitting with the drc package in R (Ritz et al., 2015). The drug
sensitivity values were calculated in the same way as in the Tyner study.
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Figure 10: Comparison of the predicted synergy scores and the combination index (Cl) over 12
compounds from the Miller study (Miller et al., 2013). Reproduced with permission from Oxford

University Press (He et al., 2015).
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We performed the TIMMA analysis on the 13 drugs (Rapamycin sensitivities
were missing). The spearman correlation between the TIMMA- predicted
synergy scores and the combination index (CI) scores from the Miller study was
-0.39 with a p-value of 0.008 (Figure 10). As low CI indicates stronger synergistic
effect, negative correlation was expected. In the TIMMA prediction, AG538 is
synergistic with ryuvidine with a synergy score of 0.285. Their targets IGF1R
and CDK4 in combination was also predicted a sensitivity of 0.997, which is in
line with the major finding in the Miller study (Miller et al., 2013). Furthermore,
in the derived target inhibition network alternative target combinations, such as
inhibitions of ABL1 and FLT3, or ABL1 and ACVRIB, might be also
synergistically blocking the cancer survival pathway (Figure 11).
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Figure 11: The target inhibition network for the DDLS-derived cancer cells. The network
connections indicate inhibiting FLT3 and ABL1 or ACVR1B and ABL1 might block the cancer
survival pathway. Reproduced with permission from Oxford University Press (He et al., 2015).

13 Predicting patient-specific and cancer-selective drug
combinations using DCPT

The molecular pathways driving disease progression and treatment resistance are
highly redundant. Even within the same type of cancer, those pathways often vary
among each individual patient. To tackle this complex rewiring of pathway cross-

52



talk, we implemented a computational and experimental drug combination
prediction and testing (DCPT) platform as an extension of TIMMA model (He et
al., 2015; He et al., 2018b; Tang et al., 2013). DCPT was designed to prioritize
potential drug combinations in silico and test them ex vivo in patient-derived
samples in order to identify patient-specific and cancer-selective drug
combinations for individual cancer patients.

Using DCPT platform, we carried out successful drug combination predictions
for three T-PLL patients with varying phenotypes and genotypes (Figure 12). For
each patient, a patient-customized network was constructed by connecting the
targets of the most effective drug combinations with the patient-specific genomic
and molecular alterations to understand the potential mechanisms of these drug
combinations in the particular T-PLL case.

1508 1263 1409 Control
Phenotype CD4+ CD4+CD8+ CD4+ CD3+
ATM Deletion Deletion Deletion Wild type
TCL1A Translocation ~ Translocation Wild type Wild type
IL2RG K315E, 55% Wild type Wild type Wild type
STAT5B P702S, 18% Wild type Wild type Wild type

Figure 12: T-cell phenotypic and genetic characteristics of the three T-PLL patient cases and the
healthy control. Reproduced with permission from American Association for Cancer Research
(He et al., 2018b).

13.1 Case 1263

For T-PLL patient case 1263 with a generally sensitive ex vivo single drug
response profile based on her treatment-naive diagnostic sample (Figure 13), the
DCPT platform was still able to identify selective and synergistic combinations.
One of such combinations was bryostatin 1 (investigational protein kinase C
activator) with nutlin-3 (apoptotic modulator) (Figure 14A). This combination
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inhibits the interaction between MDM2 and p53, activating p53 at higher
concentrations. When testing bryostatin 1 combined with three other MDM?2
inhibitors (Figure 15), selective synergy was also shown in at lower
concentrations of SAR405838, which effectively stabilizes p53 and activates the
p53 pathway (Bill et al., 2016). The other two MDM?2 inhibitors (idasanutlin and
AMG-232), however, did not show synergy in this patient.

Max 50

Patients
= 1508
= 1263
= 1409
B Patients.Average (n=39)

40

Controls
m 616

B Controls.Average (n=4)
30

20

Drug sensitivity score (DSS)

0 INK128 Megestrol Momelotinib Nutlin-3 Bryostatin 1 Carfilzomib ~ PF-04691502 Stattic Tacrolimus Venetoclax VX-11E

Figure 13: The ex vivo drug sensitivity profiles of the single compounds tested in combinations
in the patient cases as well the control sample. Reproduced with permission from American
Association for Cancer Research (He et al., 2018b).

Due to the dose and exposure-dependent activity of bryostatin 1, it may be
difficult to treat patients with bryostatin 1 clinically. Therefore, we predicted and
experimentally validated more clinically actionable combinations for this patient.
Selective synergy was confirmed between ventoclax (BCL2 inhibitor) and
tacrolimus binding to intracellular FKBP12 (Figure 16A). Tacrolimus inhibits
calcineurin, which has been shown to mainly activate overexpressed NFAT
transcription factors in T-PLL tumor cells (Dutta et al., 2017), including patient
1263.

To further investigate the role of FKBP12 in this patient, we combined ventoclax
with another approved drug, temsirolimus, which binds to FKBP12 as well to
inhibit the activity of mTORCI1 (Figure 17). Synergy was shown at lower
concentrations of these two drugs.
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Figure 14: Experimental testing of the selective combination (bryostatin 1 and nutlin-3) for
patient 1263. (A) the 2D synergy plots of the combination of bryostatin 1 and nutlin-3 tested in
all patients and healthy control ex vivo. (B) patient 1263-specific signaling network constructed
by connecting the targets of bryostatin 1 and nutlin-3/SAR405838 with the patient-specific
somatic mutations. Reproduced with permission from American Association for Cancer
Research (He et al., 2018b).
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Figure 15: 2D synergy plots and dose-response heatmaps of combinations between PKC
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Figure 16: Experimental testing of the selective combination (venetoclax and tacrolimus) for
patient 1263. (A) the 2D synergy plots of the combination of venetoclax and tacrolimus tested
in all patients and healthy control ex vivo. (B) patient 1263-specific signaling network
constructed by connecting the targets of venetoclax and tacrolimus/temsirolimus and FKBP1A
with the patient-specific somatic mutations. Reproduced with permission from American
Association for Cancer Research (He et al., 2018b).
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Figure 17: 2D synergy plots and dose-response heatmaps of combinations between BCL-2
inhibitor (venetoclax) and inhibitors binding to FKBP12 (temsirolimus, ridaforolimus) in patient
case 1263. Reproduced with permission from American Association for Cancer Research (He et
al., 2018b).

DCPT platform enabled us to construct customized cancer vulnerability network
diagrams for all the selective combinations by connecting the targets of these
combinations to patient-specific genetic and molecular aberrations via the
shortest signaling paths (Figure 14B, 16B). The customized cancer vulnerability
network for patient 1263 suggests that the selective synergies may be driven by
the MAPK pathway. The selective synergy from another predicted 1263-specific
combination, bryostatin 1 and the investigational JAK1/2 inhibitor momelotinib
(a drug for myelofibrosis undergoing phase III clinical trials) further supported
the functional importance of the JAK-MAPK pathway rewiring in patient 1263.
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13.2 Case 1409

For T-PLL patient 1409, the ex vivo single-compound sensitivity profile was
created based on patient’s sample treated with alemtuzumab, a monoclonal
antibody which binds to CD52 on the surface of mature T lymphocytes, allowing
the immune system to pick out and kill the leukemic T cells. Using DCPT
platform, combination of carfilzomib (proteasome inhibitor approved for the
treatment of relapsed or refractory multiple myeloma) and static (STAT3
inhibitor) was identified to show selective synergistic combination effect in the
post-treatment phase (Figure 18A). It was surprising to see that the selective
synergistic effect was observed on the lower concentration end of carfilzomib (0-
3 nmol/L) even though the effect was only moderate with delta score of 5.1. Since
the sample from patient 1409 was not treatment-naive, it may explain the degrees
of synergies for patient 1409 were somewhat lower than other patient cases.
However, it is often considered enough for clinical therapy benefits by having
just additive effect that is just over the single-agent efficacies using HAS model
for synergy scoring.

Based on the cancer vulnerability network diagram for patient 1409 (Figure 18B),
the synergistic effect between carfilzomib and static may be driven by the rewired
cross-talks between PI3K/mTOR pathways. To investigate this hypothesis, we
further tested more combinations based on the prediction results from DCPT
using two investigational kinase inhibitors, sapanisertib and PF-04691502, which
are targeting at mTOR and/or PIK3CA pathways (Figure 18C). All the additional
combinations showed selective synergy in patient 1409 samples comparing to the
healthy control samples. With this case, we demonstrated how DCPT help
researchers make hypotheses about the mechanisms of selective synergies for a
single patient based on the customized cancer vulnerability networks. These
hypotheses can be further validated or invalidated with additional target
perturbations.
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Figure 18: Experimental testing of the selective combination for patient 1409. (A) the 2D synergy
plots of the combination of static and carfilzomib tested in all patients and healthy control ex
vivo. (B) patient 1409-specific sighaling network constructed by connecting the targets of static
and carfilzomib with the patient-specific somatic mutations. (C) experimental testing of three
additional combinations targeting mTOR and/or PIK3CA pathways. Reproduced with permission
from American Association for Cancer Research (He et al., 2018b).
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13.3 Case 1508

For T-PLL patient 1508, the ex vivo single-compound responses were profiled on
the treatment-naive diagnostic sample (Figure 13), showing that patient 1508 had
strong resistance towards most of the single compounds. Such resistance may be
driven by an activating mutation in B-catenin (CTNNBI, K672Q) that could
induce malignant T-cell proliferation by promoting genomic instability. However,
the DCPT platform enabled us to identify a combination showing a relatively
strong synergistic effect with delta synergy score of 10.14 at relatively low
concentrations: VX-11E with megestrol (Figure 19A). VX-11E is a potent ERK2
(MAPK1) inhibitor and megestrol is a hormone therapy progestogen that acts
also as an agonist of the glucocorticoid receptor NR3C1. This combination
showed only selective synergistic effect on patient 1508, but not on the other
patients as well as the control samples.

With DCPT platform, we constructed the patient-customized pathway cross-talk
network by connecting four targets of VX-11E and megestrol (MAPK1, PGR,
AR, and NR3C1) to the patient-specific genetic and molecular aberrations. This
network suggested that the selective synergy may be linked to the IL2 and IL5
pathways (Figure 19B). These two pathways were activated in patient 1508 based
on the exome and RNA-seq profiles. The activation of these two pathways may
be caused by the gain-of-function mutations in IL2 gamma receptor (IL2ZRG and
K315E) with signal transducer and activator of transcription 5B (STAT5B and
P702S) accompanied by overexpressed IL5 and JAKI. Such mutation
combination (STATSB-IL2RG) appeared only in patient 1508, but not in our
other T-PLL patients, which may explain why VX-11E with megestrol were not
showing synergistic effect on other T-PLL patients in a previous study
(Andersson et al., 2017).
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Reproduced with permission from American Association for Cancer Research (He et al., 2018b).
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Discussion

In the past decade, personalized medicine and drug combination therapy have
gained more attention in medical research. In contrast to traditional single drug
therapy, which may easily lead to drug resistance for complex disease such as
cancer, drug combination therapy is promising alternative to reduce drug
resistance by targeting multiple disease related pathways simultaneously. Such
therapy could also reduce the drug toxicity as the dose for each drug when
combined is generally lower than using them separately as monotherapy.
However, there are currently two main challenges in developing drug
combination therapy for cancer patients. The first challenge is how to identify
drug combinations more efficiently and less costly for each individual cancer
patient. The most straightforward way is to screen all possible drug combinations
for each patient sample or cell line. Even with advanced technologies in drug
screening platforms, such exhaustive testing is still very time consuming and
costly. Further, the scarce patient cells rarely allow for testing hundreds of
combinations for each patient. The second challenge is how to quantify the
effects of the two combined drugs, which is very closely related to the first
challenge. After screening drug combinations in such preclinical drug screening
platforms that provide the phenotypic endpoint responses in vitro or ex vivo, the
next step is to evaluate the degree of combination synergy in a systematical
manner. Such systematical evaluation is crucial for the prioritization of effective
and safe drug combinations for further clinical examination (Yadav et al., 2015).
This thesis presents computational methods and easy-to-use software and open-
access implementation to address these two challenges by utilizing powerful
computational models with integrated genomic and functional data.

Publication I demonstrated that computation models can be used to accelerate the
identification of synergistic drug combination in anticancer research by utilizing
the integrated drug-target and drug sensitivity profiles, which are becoming
increasingly available in many cancer programs. In the study, the TIMMA model
was applied to two real case studies, the Tyner study and the Miller study. In the
Tyner study, manually-curated drug-target interaction data as well as the drug
sensitivity data were available for 151 patient-derived samples, which make it an
ideal case to illustrate the full analytical pipeline of the TIMMA-R package. The
Tyner study showed that introducing more target classes does not necessarily
increase the prediction accuracy, compared to using only binary drug-target
interaction data. With high-quality drug-target interaction data, such as those
manually curated from experiment results, the classification schema seems to
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have little impact on the prediction results but increase the model search space,
which makes TIMMA-R take longer time to make predictions. Unlike the Tyner
study, the Miller study provided only primary target information on the intended
therapeutical actions of the drugs, but provides limited information on the
polypharmacological effects of a drug combination. In such a case, a complete
analysis pipeline for utilizing TIMMA-R package contains collecting the
quantitative drug-target interaction data from public databases or literature (Tang
et al., 2018; Tanoli et al., 2018), analyzing the dose-response curves from drug
screen to acquire drug sensitivity data, and predicting drug combination
responses with the TIMMA-R package.

Publication III provided an overview of our in-house experimental-
computational drug combination design and analysis pipeline, including an
experimental protocol for drug combination assays and computational tools for
combination plate design and scoring. This pipeline is designed for both cancer
cell line and patient-derived sample applications. The experimental protocol
contains the cell culture protocol, combination playout for a 384-well plate, and
the phenotypic readouts. To facilitate the process of drug combination plate
preparation, we developed an in-house software, called FIMMCherry, to
automatically generate complex pick lists used by the robotic system for
automated dispensing and visualize the combination plates. To evaluate the high-
throughput drug combination screening, we developed an R-package,
SynergyFinder, which provide efficient implementations of commonly used
synergy scoring models such as highest single agent (HSA), Loewe, Bliss, and
zero interaction potency (ZIP) model. The SynergyFinder web-tool paper
(Tanevski et al., 2017) has been cited already >100 times (based on Google
Scholars), and there is now also an extended version of SynergyFinder (version
2.0), which implements additional features supporting especially higher-order
combination data analytics and exploratory visualization of multi-drug synergy
patterns, along with automated outlier detection procedure, extended curve-
fitting functionality and statistical analysis of replicate measurements (Ianevski
et al., 2020).

Publication II demonstrated the translational use of our computational platform,
drug combination prediction and testing (DCPT) platform, which is an extension
of the original TIMMA model and makes use of the experimental-computational
drug combination analysis pipeline of Publication II. Using DCTP, we could
successfully identify synergistic drug combinations for T-PLL patient derived
samples. The study used T-PLL as the first case study to show that it could
successfully predict at least one synergistic drug combination for each individual
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patient, each demonstrating with various resistance patterns and synergy
mechanisms. DCPT platform extended the original TIMMA model by using
high-throughput genomic profiles, such as exome-seq and RNA-seq profiles,
along with single-drug responses from ex vivo drug testing to identify patient-
specific synergistic drug combinations. More importantly, DCPT included
healthy controls to prioritize cancer-selective drug combinations. Regarding the
use of healthy controls to avoid toxic effects or effects associated only with the
cell phenotype, DCPT shares some degrees of similarities with the Therapeutic
Algorithmic Combinatorial Screen (TACS) algorithm (Kashif et al., 2015),
which is an iterative experimental-computational algorithm searching for
promising drug combinations. As TACS did not focus on less-exhaustive search
strategies for large sets of compounds, TACS is limited to relatively small sets
(<50) of compounds in practice, whereas DCPT can deal with much larger
compound panels (> 200 in the T-PLL case study), thanks to its effective two-
stage design, in which single-compound profiling is followed by combination
predictions and experimental validation of prioritized combinations. Although it
is beneficial to include healthy controls that can improve the cancer-selectivity
of the predictions, it should be noted that the genomic profiles or the drug
sensitivity profiles of control samples are not always available in clinical
applications.

In the T-PLL case study in Publication III, 42% (10 out of 24) of the model
predictions were confirmed to show synergistic effects in experiments (Figure
20). Such result is significantly better than random sampling of drug pairs, which
has around 4% to 14% drug combinations to be synergistic in high-throughput
drug combination screens (Jaeger et al., 2017; Zhang et al., 2007; Borisy et al.,
2003; Miller et al., 2013). More importantly, the study showed that DCPT
platform can make patient-specific predictions, which is more challenging than
merely identifying generally toxic combinations that not only kill most cancer
cells but also damage normal cells. In order to make patient-specific predictions,
those DCPT predicted combinations were evaluated in term of differential
synergy, which compares the effect not only to healthy samples but also to other
T-PLL patient samples. In such a way, it is more likely to have better clinical
results. The study emphasized the importance of validating the predicted
synergies by replacing one drug or both of drugs with agents that inhibit the same
patient-specific targets or pathways. Although such combinations are targeting
the same primary targets as the predicted combinations, different modes of
actions may lead to drastically different combination effects.
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Combinations of already approved drugs with predicted selective synergies are
the most straightforward drug repositioning cases for T-PLL. In publication III,
such cases included combinations of tacrolimus and temsirolimus with the highly
selective BCL-2 inhibitor venetoclax, which has been approved for the treatment
of patients with relapsed/refractory chronic lymphocytic leukemia (CLL) and
acute myeloid leukemia (AML) (Juarez-Salcedo et al., 2019). In another recent
study, venetoclax has already shown clinical responses towards two late stage
refractory T-PLL patients as single drug treatment (Boidol et al., 2017). Other
combinations with selective synergies which may be more easily to be applied
soon in clinic are those combinations including late-stage investigational drugs
that are approved as chemotherapies, such as proteasome inhibitor carfilzomib, a
second-generation proteasome inhibitor (PI) approved by FDA for relapsed and
or refractory multiple myeloma as a single agent (Groen et al., 2019). With
standard chemotherapeutics, most T-PLL patients develop drug resistance with
various resistance mechanisms, which makes it critical to develop patient-
customized combination therapies for T-PLL patients. On the other hand, due to
the rarity if the disease, it is difficult to make randomized or stratified clinical
trials in a large enough cohort of T-PLL patients, in which the selective
combinations could be validated clinically. Therefore, developing personalized
precision medicine is critically needed for rare cancers such as T-PLL.

For complex diseases such as cancer, there are many complex biological factors
involved in causing the drug resistance, such as extensive pathway cross-talks,
network rewiring, and pathway redundancy (Dancey and Chen, 2006). Such
complex mechanisms demand polypharmacologic approaches to target multiple
pathways simultaneously. As a polypharmacologic approach, our DCPT platform
makes predictions based on target profiles of hundreds of drugs. Those drugs
target various cancer-related pathways and most of them have overlapping target
profiles with each other. Since single-compound functional testing is becoming
increasingly popular, it is possible to model the systems-wide drug-target
interaction in the network setting at individual patient level. In DCPT platform,
signaling network analysis is performed as the last step by constructing patient-
specific network after prediction have been made, which differs from those
approaches taking pathway cross-talks into consideration already in the
prediction step (Jaeger et al., 2017; Chen et al., 2016). To date, signaling
pathways and metabolic networks are still not completely mapped in most cancer
contexts. Such incomplete information could lead to less accurate predictions.
Therefore, such incomplete information was not used to make predictions in the
current DCPT platform. However, once more comprehensive and accurate
enough network information becomes available for certain cancer types, it is
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possible to utilize the network information already in the prediction phase by
extending from target proteins to target pathways in the DCPT platform.
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Figure 20: Comparison of the DCPT-based synergy predictions with ex vivo testing in the patient-
derived cells. Reproduced with permission from American Association for Cancer Research (He
etal., 2018b).

As healthy controls are not always available in clinical applications, we also
tested the DCPT approach in an additional leukemia case study in which genomic
and functional profiles are only available for acute myeloid leukemia (AML)
patients, but not for healthy controls. The goal was to find those common
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synergistic drug combinations across all the patient samples or most of the patient
samples. In this case study, predictions for three given combinations in eight
AML patient samples from DCPT were compared against the experimental
results from our previous study (Karjalainen et al., 2017). As shown in Figure 17,
combination of ruxolitinib and venetoclax was found to overcome stroma-
induced resistance to BCL2 inhibitor venetoclax in AML patients, while
combination of ruxolitinib and quizartinib was found not to overcome stroma-
induced resistance to FLT3 inhibitor quizartinib. In addition, synergism was
detected between WEHI-539 and venetoclax in conditioned medium (CM)
cultured cells, but not in mononuclear cell medium (MCM) cultured cells.
Among the 7 predicted synergistic drug combinations, 5 were confirmed to show
synergy in the experiments, which results in a high true positive rate (TPR, 0.625).
Meanwhile, DCPT also maintained a low false negative rate (FNR, 0.375). Due
to lack of exome-seq and RNA-seq data from healthy bone marrow (BM) samples,
it should be noted that these results are only patient-specific but not cancer
selective. As shown in Figure 21, the degree of synergistic effects of these
established synergistic combinations varies among these eight patients, further
suggesting that personalized drug combinations predictions are needed for
leukemia patients.

As with the most combination prediction algorithms (Gayvert et al., 2017; Bulusu
et al., 2016; Madani Tonekaboni et al., 2016), DCPT currently predicts only the
overall synergy, which is a summary of the synergy/antagonism over the whole
dose-response matrix, instead of the optimal concentrations for two compounds
to be combined ex vivo. To predict the optimal concentrations for two compounds
to show synergy, it is usually required to use some global optimization search
algorithms (Kashifetal., 2015; Weiss et al., 2015; Nowak-Sliwinska et al., 2016).
Such algorithms increase not only the computational complexity, especially
when the compound sets are very large, but also the experimental costs because
of the iterative rounds of combination validation. However, such more accurate
predictions at concentration level make it easier to find more clinically tolerable
low-concentration drug combinations by testing them in parallel in healthy
control samples. Although our previous studies have shown that ex vivo drug
responses from leukemia patient-derived samples correlate with the clinical
responses (Pemovska et al., 2013; Malani et al., 2017; Pemovska et al., 2015), it
should be noted that the ex vivo predicted concentrations may not translate to
relevant concentrations in vivo. In timewise, it takes up to four weeks’ time to
apply the whole DCPT pipeline to a new clinical application. The current bottle-
neck is gathering and analyzing the required sequencing data, which can be
accelerated by sequencing multiple patient samples in parallel and streamlining
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the exome-seq analysis. Once the process of gathering sequencing data is
optimized, the modelling component of DCPT can be used for predicting targeted
combinations for cancer patients in less than one week.
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Figure 21: prediction and experimental validation of three combinations in 8 acute myeloid
leukemia (AML) patients. Reproduced with permission from American Association for Cancer
Research (He et al., 2018b).
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In conclusion, this thesis demonstrated that computational platforms, such as
TIMMA and DCPT platform, utilizing effective integration of genomic and
functional data can be used for patient-customized drug combination prediction
and testing of selective synergies. As it is not feasible to experimentally test all
the possible drug combinations in practice for clinical applications, due to the
exponential number of combinations and scarce patient cells, our computational
approach is aimed at prioritization of the most promising drug combinations to
narrow down the number of combinations for further experimental testing.
Careful ex vivo validation of the in silico predictions is required before clinical
translation. This thesis also demonstrated that computational tools, such as
FIMMCherry, enables faster and less error-prone approaches to perform high-
throughput drug combination screening for precision oncology applications. In
addition, this thesis also demonstrated that network centric investigation of the
underlying mechanisms of experimentally-validated synergistic combinations in
the patient’s cellular context can help us to better understand the functional cross-
talks in cancer signaling pathways which are driving the caner progress and drug
resistance. Such knowledge can be utilized to develop more effective drug
combination therapies also for other patients with similar genomic background.
As the cancer heterogeneity often leads to patients developing monotherapy
resistance, it is extremely important to model cancer heterogeneity and develop
more effective patient-customized therapy (Dagogo-Jack and Shaw, 2018). New
next-generation sequencing (NGS) technologies, such as single-cell sequencing
and multi-region sequencing, provide more accurate assessments of the complex
clonal architecture of cancers, which can be used in the future versions of DCPT
pipeline for predicting targeted combinations inhibiting resistance-driving cancer
subclones. However, it is challenging to obtain comprehensive drug sensitivity
profiling at subclone-level. Therefore, computational tools are needed to analyze
drug sensitivities for different clones with the help of identified drug response
biomarkers. One of the future developments of DCPT pipeline will be focusing
on subpopulation drug combination predictions, once clone-level drug sensitivity
profiling becomes available in routine cancer studies. The open-source
implementations made available for the computational tools presented in this
thesis will make it possible for others to extend them to new applications and
datasets, as well as to integrate the tools as part of in-house drug combination
pipelines.
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