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Abstract

Aldehyde dehydrogenases (ALDH) are a large family of enzymes that maintain
homeostasis through metabolizing reactive compounds. They play a pivotal role in the
regulation of many important biological processes such as detoxification of alcohol and
xenobiotics, amino acid salvage pathways, and retinoic acid synthesis. An attractive
feature of ALDH is that it is a marker for both normal and cancer stem cells. It is thought
to play a role in protection, differentiation and expansion of stem cells. DIMATE, a small
molecule inhibitor of ALDH3A1, has been previously shown to display anti-proliferative

effects on cancer cells.

Drug promiscuity refers to a drug having multiple targets. While multiple targets confer
flexibility to a drug, it also creates unintended off-targets. Off-target detection is a crucial
step of drug design to prevent unwanted side effects. Reverse docking may be used to
identify off-targets, but it is very inefficient and has a high computational cost. An
alternative to this is pharmacophore approach. A pharmacophore is a description of the
chemical and geometrical features of a compound that is necessary for its interaction with
a biological target to initiate or inhibit a biological activity. In this study, we identified
the possible off-targets of DIMATE through similarity based approaches employing

reverse-docking and through pharmacophore based approaches.



Ozet

Aldehit dehidrogenaz (ALDH) enzimleri reaktif bilesiklerin metabolize ederek hiicre igi
homeostazi saglayan biiyiik bir enzim ailesini olusturur. Alkol ve ksenobiyotiklerin
parcalanmasi, amino asitlerin geri doniisiimii ve retinoik asitin sentezlenmesi gibi 6nemli
birgok biyolojik siiregte kilit rol oynarlar. ALDH’1n 6nemli bir 6zelligi de hem normal,
hem kanser kok hiicreleri igin belirte¢ niteliginde olmasidir. ALDH’in bu hiicrelerde
koruma, faklilasma ve ¢ogalma iizerinde etkisi oldugu diigiiniilmektedir. ALDH3A1’in
kiigiik molekiil inhibitérii olan DIMATE’mn kanser hiicreleri iizerinde biiylimeyi

engelleyici etkileri oldugu gosterilmistir.

Iag kirliligi ya da ¢ok hedefli ilag, bir ilacin birden fazla protein hedefleyebildigini ifade
eder. ilacin kirliligi ona esneklik saglamakla beraber ayn1 zamanda istenmeyen yan
etkilere sebep olabilir. Dolayisiyla ilag tasarimi siirecinde yan etkilerin tahmini,
istenmeyen yan etkileri onleyebilmek i¢in 6nemli bir adimdir.  Geriye doniik protein-
ligand yerlestirme (docking) hedef dis1 etkileri bulmak i¢in kullanilabilir, ancak
verimsizdir ve yiiksek bilgisayar giicii gerektirir. Buna bir alternatif ise farmakofor
yontemleridir. Farmakoforlar bir molekiiliin biyolojik hedefiyle etkilesebilmesi icin
gereken kimyasal ve geometrik 6zelliklerin biitiintidiir. Bu ¢alismada DIMATE’1n olasi
istenmeyen hedeflerini benzerlik prensipleriyle geriye doniik molekiiler yerlestirme ve

farmakofor temelli analizler yaparak tahmin ettik.
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Chapter 1

INTRODUCTION

Aldehyde dehydrogenases are a large family of enzymes that play an active role in many
important biological processes to maintain cellular homeostasis [1, 2]. Recently, they
have been shown to be markers for both normal and cancer stem cells, which make them
attractive candidates for targeted cancer therapy [1]. A small molecule inhibitor,
DIMATE, has shown promising results in inhibiting the proliferation of cancerous, but

not normal cells [3].

An important aspect to drug development is drug off-targets. Off-targets are the
secondary, unintended targets of a drug. They result from drugs having multiple targets
within a system, referred to as drug promiscuity [4]. The exact reason behind this

promiscuity remains unknown.

In this study, multiple approaches were employed to characterize the possible interactions
DIMATE within the cell. Chapter 2 provides necessary background and literature review
on aldehyde dehydrogenases, drug promiscuity and pharmacophore models. Cellular
functions of ALDH, previously identified inhibitors and principles of drug promiscuity
are reviewed. Aldehyde dehydrogenase family of enzymes, their significance in normal

physiological processes and disease phenotypes are introduced.

Chapter 3 describes the dataset and tools used in the study. The limitations of the dataset
are explained. Statistical analyses used to derive principles of drug promiscuity and off-

targets are introduced.

Chapter 4 presents the results of similarity based and pharmacophore based identification

of possible off-targets of DIMATE. Ligand similarity, binding pocket similarity and
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reverse docking approaches are used to suggest possible targets of DIMATE, other than

its intended target.
Chapter 5 discusses of a significance of these findings. The limitations of the study are
discussed in detail. The studies implications in drug off-target prediction and future

directions are analyzed.

The thesis is concluded with a short summary of the performed study.
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Chapter 2

LITERATURE REVIEW

An important consideration of drug design and development is drug off-targets. Off-
targets are secondary, unintended targets of a drug [5]. In some cases, drug-off targets
may turn out to be useful, as in the case of plerixafor, a drug that was initially designed
against HIV to inhibit its interaction with the CXCR4 receptor, but then repurposed as a
stem cell mobilizing agent [6, 7]. In other cases, off-targets cause unwanted side effects.
Thalidomide is one such drug, which was initially prescribed for nausea in pregnant
women, but turned out to have severe side-effects that led to birth defects in thousands of
children in the 1960s [8]. Therefore, it is crucial to be aware of any potential off-targets
of drugs prior to releasing them for public consumption.

Not all side-effects are easily detected prior to actual phase I trials, that is, before the use
of human subjects. Pre-clinical studies in wet-laboratories are mostly conducted in cell
cultures, which may not fully recapitulate the whole organism. Recently, the power of
computation has been realized to screen drugs and predict their possible off-targets. In
this study, we are interested in the prediction of off-targets of a small molecule inhibitor
of aldehyde dehydrogenase (ALDH). ALDHs are biologically important molecules that
regulate cellular homeostasis/ through the oxidation of aldehydes to their corresponding
carboxylic acids [9]. These enzymes have been shown to be markers of cancer stem cells,
the tumor initiating cells [10-15]. Therefore, ALDHs have recently received wide

attention as possible targets for cancer therapy [16].

In this section, I will introduce the functions aldehyde dehydrogenase in the cell, describe
small molecule inhibitors of ALDH, and outline work on drug promiscuity and off-target

prediction.
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2.1 Enzyme Inhibitors

Inhibitors of enzymes are defined as molecules that are capable of binding to an enzyme
and reduce its activity. Most drugs are enzyme inhibitors that disrupt metabolic processes
of the target pathogen. Inhibitors generally work to prevent an enzymes interaction with
its substrate, or obstruct the enzyme’s ability to catalyze the reaction. Inhibitors can be
generally classified as reversible or irreversible, depending on the interactions they have

with the enzyme.

2.1.1 Reversible Inhibitors

Reversible inhibitors, as the name implies, have reversible interactions with their targets.
These are a result of non-covalent interactions, such as electrostatic interactions (e.g.
ionic bonds and hydrogen bonding), van der Waals interactions, and hydrophobic effects,
which require considerably less energy to break down than covalent interactions [17].
Therefore, the effects of reversible inhibitors can be reversed simply by diluting the

inhibitor in the environment

Reversible inhibitors can be further categorized as competitive, non-competitive and
uncompetitive inhibitors [17]. Competitive inhibitors work by preventing binding of the
substrate to the enzyme. This could either be achieved by the inhibitor itself binding to
the active site of the enzyme, to which the substrate normally binds. Non-competitive
inhibitors bind to the enzyme at a site different than the active site. Thus, they do not
hinder the binding of the substrate to the enzyme. Rather, they prevent enzyme turnover.
Finally, uncompetitive inhibitors bind to the complex of enzyme and substrate, resulting
in reduced availability of the enzyme and substrate active complex, decreasing the overall

maximum velocity of the normally catalyzed reaction.

2.1.2 Irreversible Inhibitors
Irreversible inhibitors are inhibitors that permanently render the enzyme inactive [17]. In

this case, covalent bonds are involved in the mechanism, which modify the functional
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groups within the active site of the enzyme, which are key to the normal catalytic
function. Irreversible inhibitors are classified as group-specific reagents, substrate
analogs, and suicide inhibitors. Of these, suicide inhibitors are the ones with most
biological application. They are essentially modified substrates, hence are still specific to
the enzymes active site. When a suicide inhibitor is introduced to the environment, it is
first processed by the enzyme as if it is a normal substrate. However, the intermediate

generated modifies the active site such that the enzyme becomes inactive.

2.2 Aldehyde dehydrogenases

ALDH enzymes are involved in reactive compound metabolism, which make them highly
attractive targets for inhibition for cancer therapy. They are specific to many substrates
that allow these enzymes to oxidize many different aldehydes that are important in
maintaining a number of physiological processes [18]. In the most general terms, the
aldehydes that form from both endogenous and exogenous precursors may be healthy or
harmful. Exogenous aldehydes are generated from drugs, such as ethanol, or from sources
readily present in the environment such as cigarette smoke [1, 19, 20]. Endogenous
aldehydes, on the other hand, form during normal cellular processes such as amino acid,
vitamin and lipid metabolism. Different aldehydes are responsible from different
functions. For example, the aldehyde retinal is necessary for vision. When it is oxidized
by ALDH, it becomes retinoic acid, with is required in cellular differentiation. Another
biologically important group of aldehydes are electrophiles that are generated during
oxidative stress. ALDHs are able to metabolize these cytotoxic aldehydes into less

reactive groups [21, 22].

The mechanism through which ALDHSs oxidize aldehydes into their carboxylic acids is
by using NAD or NADP as coenzymes. ALDHs are found in a number of isoforms and in
almost all organisms [23-25]. Moreover, ALDH can have a variety of subcellular
localizations, such as the cytoplasm, nucleus, ER and mitochondria. The expression level

of ALDHs also change depending on the tissue type [19].
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Interestingly, ALDHSs also have enzyme activity-independent functions, such as the
ability to bind to hormones and small molecules [18]. They are also important in
preventing the harmful effects of UV radiation on the cornea. ALDH mutations can result
in irregularities in the aldehyde metabolism, and hence lead to diseases such as type Il
hyperprolinemia, y-hydroxybutyric aciduria, and Sjogren—Larsson syndrome. ALDHs
have also been implicated in the developments of complex diseases, such as cancer and
Alzheimer’s. Excitingly, ALDH enzymes are markers for healthy and cancer stem cells.

Currently there 10 known functional genes of ALDH in humans [1].

2.3 Families of ALDH proteins
In humans, the ALDH proteins are separated into 11 families and 4 subfamilies. Each has
different chromosomal locations. The specific functions of each ALDH family are

outlined below:

Members of the ALDH1 family are found mainly in the cytosol, and are involved in the
oxidization of retinal and some other aliphatic aldehydes. They are important in the
protection of the eye lens from UV absorption, which leads to the production of peroxidic
aldehydes [26]. ALDHL1 also has some function in the detoxification of anticancer drugs.
Therefore, ALDH1s have been shown to be involved in drug resistance, a phenomenon
commonly observed in cancer cells [27]. This is most likely thought to result from the
activation of transcription of the ALDH1 genes [28].

ALDH?2 family is made up of enzymes of the mitochondria. They have high affinity for
acetaldehyde, and have functions in detoxification. It is involved in alcohol metabolism,
and a deficiency of ALDH2 leads to sensitivity to alcohol [20, 29]. ALDH3 enzymes
function in fatty aldehyde and peroxidic aldehyde metabolism. The members of this
family are highly expressed in the cornea, liver, ER and cancer cells [30]. ALDH4
enzymes are mitochondrial, and play a role in the oxidation of y-semialdehydes [31].

ALDHS5 enzymes are succinic semialdehydes dehydrogenases. They are highly active in
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the human brain [32]. Upon ALDHS5 deficiency, succinic semialdehydes accumulate in
the brain and result in severe neurological conditions such as mental retardation and
seizures [33]. ALDH6 enzymes are CoA-dependent methylmalonate semialdehyde
dehydrogenases. They are involved in the breakdown of valine and pyrimidines [34].
ALDH9 family of enzymes is responsible in the 4-aminobutyraldehyde and
aminoaldehyde metabolism. ALDH9 enzymes are highly expressed in the developing
brain, but poorly in the adult brain. In the adult, they are found in liver, kidney and
muscle cells [31]. ALDH16 enzymes are widely distributed in the body, such as the
heart, kidney and lungs. However, their functional significance remains unknown [9].
ALDH18 enzymes are found in the mitochondrial inner membrane, and are dependent on
ATP and NAD(P)H. These enzymes have dual activities of y- glutamyl kinase and vy-
glutamyl phosphate reductase. ALDH18 functions in a crucial step of the proline
biosynthesis pathway as well as ornithine and arginine. The enzyme is mostly found in
pancreas and kidney. Deficiencies in this enzyme cause metabolic and neurologic
disorders [9].

2.4  Structure of ALDH
Although ALDH enzymes have common functions and substrates, ALDH isozymes
possess different specificities for their substrates [2]. These differences in their active site

allow specifically targeting each isozyme for inhibition.

Many ALDH enzymes have been crystallized with their substrates, which has enabled the
description of the enzyme’s active site [35-39]. Through these studies it was shown that
many of the isozymes possess the same dehydrogenase and esterase enzyme mechanism.
One exception to this is ALDH6AL, which uses CoA instead of NADP as its cofactor [40,
41]. The great similarity between different ALDH enzymes is most likely due to the
conservation of important catalytic residues within each enzyme. These are Cys302,
Lys192 and Glu268 [42].
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Mammalian aldehyde dehydrogenase enzymes function as homotetramers or
homodimers. Each component of these complexes bears an active site. When in tetramer
form, the enzyme complex may have full or half site reactivity, which is dependent on the
pH [43]. The monomers are composed of 500-600 amino acids, but there are exceptions
that have 800-900 residues [44, 45].

Crystallographic studies have revealed that ALDH enzymes in all of its subfamilies share
some common domains, such as the NAD binding, catalytic, and oligomerization domain
(Figure 2.1) [35, 36, 38, 46, 47].

Mutagenesis of key residues of ALDH enabled the study of the enzymatic catalysis.
These experiments demonstrate that catalysis occurs though five distinct steps [48]. These
steps are illustrated in Figure 2.2. The first is the activation of a catalytic cysteine residue
(Cys302). This occurs with the proton abstraction of Glu268 residue. In step two, the
thiolate group of Cys302 does a nucleophilic attack to the substrate aldehyde. In the third
step, this nucleophilic attack forms a tetrahedral thiohemiacetal intermediate, and at the
same time shifts a H™ anion to the cofactor NAD", making it NADH. In the fourth step,
the thioester intermediate is hydrolyzed. Finally in the fifth step, the cofactor is released,

and the enzyme is restored by NAD" binding [48].
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NAD-
binding
domain

Dimerization
domain

Figure 2.1 Structure of Aldehyde dehydrogenase
Figure downloaded from Protein Data Bank.

2.5 ALDH as a normal and cancer stem cell marker

Cancer stem cell theory postulates that cells within a tumor are heterogeneous, with each
cell bearing a different degree of plasticity and differentiation potential [49]. Cancer stem
cells possess the ability to self-renew and give rise to other specialized cells, properties
attributed to normal stem cells. A striking property shared between normal and cancer

stem cells is the high expression levels of the enzyme aldehyde dehydrogenase [1].

ALDH is thought to play a role in protection, differentiation and expansion of stem cells.
In fact, ALDH positivity by immunohistochemistry (Aldefluor) is used to identify stem
cell populations. For example, ALDH1Al is considered to be a marker of human
hematopoietic progenitor cells [50]. ALDH1AL is also thought to be a marker or normal
and cancer stem cells. ALDH1Al1 and ALDH3ALl are especially important in

proliferation and differentiation [51].
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Figure 2.2 Proposed mechanism of aldehyde dehydrogenase oxidation
Figure reprinted from [42] with permission.

ALDH enzymes are much more active in hematopoietic stem cells (HSCs) than mature
cells of the blood system. For example, lymphocytes only very poorly express ALDHs,
whereas erythroid progenitors express ALDH in higher levels [52]. This difference makes
HSCs resistant to alkylating agents such as mafosfamide or 4-
hydroperoxycyclophosphamide (4-HC). If ALDH enzymes are inhibited, HSCs become
sensitized to anticancer drugs that target tumor cells or drugs that are used during bone

marrow transplants [53].

Aside from hematopoietic stem cells, other types of stem cells also possess high ALDH

expression, such as neural [54], myogenic [55] and mammary [56] cells. High ALDH



Chapter 2: Literature Review 11

expressing cells from mouse brain are multipotent, can self-renew and give rise to
neuroepithelial stem cells. ALDH expression is higher in embryonic neural tissues
compared to the adult, signifying ALDH’s role in proliferation [54]. Stem cells of the
muscle also express high levels of ALDH, which are resistant to oxidative stress,
enabling them to be protected from cytotoxic effects of ischemic injury [55]. In mammary
progenitor cells, cells highly expressing ALDH cannot self-renew but can generate

luminal and myoepithelial cells [57].

2.6 ALDH3

ALDH3 family of enzymes is of particular interest because they bear important roles in
regulation drug resistance and proliferation. They are responsible from the oxidization of
medium-chain aliphatic and aromatic aldehydes [9]. ALDH3AL, a cytosolic ALDH, is
expressed in high levels in normal tissues such as stomach and cornea, but very poorly
expressed in the liver. It is also expressed in a number of human tumors, and in stem cells
[58-60]. ALDH3AZ is a liver microsomal ALDH [61, 62]. It was shown to be involved in
Sjogren—Larsson syndrome, an ichthyotic disease [63]. ALDH3BL1 is expressed in the
lungs, prostate and kidney [64, 65]. It is found in the cytosol. ALDH3B2 is expressed in
the salivary gland and in the placenta [66].

Protein and activity levels of ALDH3A1 are correlated with cell proliferation rate.
Inhibition or activation of ALDH3A1 show this direct correlation, and also hints at the
possibility of inhibiting cell proliferation in cancer cells, and inducing cell proliferation in

normal healthy stem cells in response to tissue damage [18].

2.6.1 Mechanism of ALDH3AL1 regulation of cell proliferation
With the current knowledge today, how ALDH3A1 controls cell proliferation remains
unknown. However, it is believed to involve the regulation of genes that are responsible

for modulating cell growth, apoptosis or lipid peroxidation [18].
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Many of the studies investigating the mechanism of ALDH3AL in control of gene
expression have been conducted in lung cancer cells, because ALDH3AL was shown to
be expressed in significant levels in non-small-cell lung carcinoma cells in patients.
Therefore, lung cancer cells present an important model to study how ALDH contributes
to homeostasis and cancer. Inhibition of ALDH3AL1 has been shown to have an effect on
genes such as CCL20, GPR37, EIF1AY, and HMGAZ2, which are known to be involved in

the modulation of transcription, proliferation and apoptosis [67-69].

ALDH3A1’s control over lipid peroxidation products may also be a mechanism through
which ALDH3AL regulates cell proliferation. Lipid peroxidation is a reaction associated
with oxidative stress on unsaturated fatty acids, and results in the generation of reactive
aldehydes. Such oxidative stress may result from xenobiotics or UV radiation [70].
ALDH3AL is responsible from the metabolism of aldehydes that are products of lipid
peroxidation, such as alkanals, which are known to be toxic [18]. For example,
ALDH3AL is highly specific to 4-hydroxy-2-nonenal (HNE), which is extremely
cytotoxic. It results in glutathione depletion [71], interferes with DNA and RNA synthesis
[72], and prevents mitochondrial respiration [73]. These result in serious effects and
inhibit proliferation. However, ALDH3AL activity can metabolize this toxic by-product
and prevent these biological effects. It has been shown that overexpression of ALDH3A1
in normal and cancer cells confer resistance to the toxic products of lipid peroxidation
[74].

2.6.2 Inhibitors of ALDH3A1

Inhibition of ALDH3AL is achieved through the use of synthetic inhibitors or by short
interfering RNA molecules (SiRNAs). Moreover, indirect inhibition of ALDH3AL is also
possible through the inhibition of peroxisome proliferator-activated receptor y (PPARY)
[18]. This is thought to be achieved through the inhibition of NF-xB or AP1 binding
activity [21, 75]. Small molecule inhibitors of ALDH3AL include tetraethylthiuram

disulfide (disulfiram), an irreversible inhibitor, diethylaminobenzaldehyde, a slow



Chapter 2: Literature Review 13

competitive inhibitor and S-methyl ester (ampalthiol ester) [18]. Two derivatives of S-
methyl ester are especially useful for ALDH3AL inhibition: dimethylampalthiol ester
(DIMATE) and morpholinoampalthiol ester (MATE). These two inhibitors are shown to
decrease proliferation of tumor cells significantly. This has been demonstrated in cell
culture for a wide variety of cell lines, including lung cancer cells [67], glioblastoma cells
[76] and hepatoma cells [77].

Inhibition of ALDH3AL activity to same extent in different cells can result in varying
results. Experiments with normal and cancerous human prostate epithelial cells
demonstrated the selectivity of DIMATE and MATE. Both DIMATE and MATE were
shown to be reversible inhibitors of the normal epithelial cells, but were irreversible

inhibitors of cancerous epithelial cells [3]. In the cancer cells, apoptosis is induced.

2.7 Drug Promiscuity

Off-targets are the unintended targets of a drug. Until recently, a drug having multiple
targets was considered an exception causing side effects, rather than being common. It is
now becoming clear that a drug having multiple targets, referred to as drug promiscuity,
is in fact common [4]. The exact cause of drug promiscuity remains unknown. This
phenomenon is disadvantageous because it results in off-targets. However it is also
advantageous because it allows drug repurposing, where new uses are discovered for
readily used drugs [78]. This may be especially important in treatment of complex
diseases. Current attempts to discover new targets of a drug range from genome wide

association studies [79] to structural binding site comparison [80, 81].

2.8 Pharmacophore Models

Whether a small molecule interacts with a protein is determined by chemical interactions.
Binding occurs when these interactions are energetically favorable. This means that only
the small molecules that are of the right size, and that possess chemical properties

complementary to the target protein will bind and will have a biological effect. A
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protein’s probability to bind to a small molecule is determined by the chemical properties
of the amino acids from which it is composed, the size of the binding site, and the overall
shape of the protein. This indicates that all of the small molecules that bind to the same
binding site of a protein have similar chemical properties, sizes and shapes. All of these
properties could be captured and represented as pharmacophore models. The idea the
pharmacophore modeling relies on is that chemical properties present in similar
arrangements in space result in biological activity on the same target protein [82]. These
chemical properties are commonly referred to as features, and include hydrogen bond
acceptors, hydrogen bond donors, hydrophobicity, ionizable groups and metal
coordinating areas. The pharmacophore models do not retain information on the atoms of
the small molecules and the target proteins, but only store information on the chemical
features. For example, both NH,- and OH- groups are simple hydrogen bond donors, and
the pharmacophore model treats them as similar features. The aim of pharmacophore
modeling is to predict the potential biological effect of the small molecule by deciding
whether the small molecule matches the pharmacophore model of the target protein. The
advantage of using this technique in virtual drug screening is that it allows the elimination
of the compounds that are not compatible to the pharmacophore model of the target
protein early on in the screen. Hence, it spares the experimenter significant resources that
would be spent to investigate the biological activity of the small molecule in in vitro

experiments [83, 84].

There are two methods through which pharmacophores are generated. The first is the
ligand based method, which is used when a 3D structure of a molecule is not available,
but when there is some information on the molecules that bind to the target [85]. The
second method is the structure based method that is used when a 3D structure of the
target protein is available. One alternative lesser known pharmacophore generation
method is to predict the structure of target protein through amino acid sequences by
homology modeling, and then using this structural prediction in this structure based
method [86, 87].
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2.9 Pharmacophore Libraries

2.9.1 Dataset generation

For both the model generation and validation steps, different kinds of reliable sources
needed. The qualities of the resources are of high importance, because if the starting data
is incorrect, the resulting model will be misleading. For data on the small molecules and
their activities on the target molecule, there are multiple public sources available, such as
ChEMBL [88] and PubChem [89]. Both of these sources contain large collections of
small molecules with their activity data. For 3D structures of the target proteins, the
Protein Data Bank [90] is a rich source that contains over 100,000 protein structures.
These structures often include co-crystallized ligands which are important for obtaining
conformations of the targets proteins and the small molecules in their biologically active

states.

In the ligand based pharmacophore modeling, a training set is essential. The compounds
of the training set will be the compounds on which the pharmacophore model will be
based. The training set should contain a minimum of 2 compounds that are known to
interact with the target protein. Some pharmacophore model programs allow the use of
multiple small molecules in the training set with different degrees of biological activities
on the target protein. Such an approach will allow the model to better distinguish the

chemical features that are required for high and low biological activity [91].

Pharmacophore modeling also requires a test set. The test set determines whether the
pharmacophore model can recognize most of the biologically active molecules and
separate them from biologically inactive molecules. Such a test set allows to theoretically
validate the freshly generated pharmacophore model. The training set should ideally
contain molecules with great structural diversity. In addition, the use of molecules that

are biologically inactive is an advantage.
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As the case with any small molecule database, virtual screening can only detect a small
percentage of the all the small molecules that are biologically active. This possibility
should also be included in the model. Therefore, a decoy set with a small number of
active molecules and a large number of inactive molecules need to be tested in the model.
The decoy set could be developed from a set of random small molecules with unknown
activities since the probability of these molecules to be biologically active will be quite
low [92]. Directory of Useful Decoys (DUD) [93] offers readily available decoy sets for
some targets which may be used in the pharmacophore model. For other targets,
databases such as ChEMBL or Virtual Library [94] may be used.

2.9.2 Conformational Analysis

The structural information available for small molecule could contain 1D, 2D or 3D
information. 1D information usually consists of simply the name of the molecule, its
physical formula, and the chemical properties. The 2D information usually contains
information on the structure of the molecule. The 3D information contains information on
the geometry of the molecule. The descriptions of the molecules within the dataset that
are used for the pharmacophore model are usually in the 2D representation. For
pharmacophore modeling, however, 3D structures are needed. There are computational
tools available that convert these 2D structures into 3D form. Examples to such tools are
CONCORD [95] and CORINA [96]. These 2 tools, although very useful, represent the
molecule in single conformations where the molecule is in its most relax form and hence
has the lowest possible energy value. These tools assume that the active conformation of
the molecule is within this state, however, this might not always be the case. There may
exist other conformations of the molecule that have higher energy values that are still
favorable. Therefore, a detailed conformational analysis for all of the small molecules
used in the model needs to be performed [85]. The purpose of this analysis is to generate
conformations that are energetically favorable among all of the possible conformations.
There are a number of tools that employ different methods to generate such

conformations. Examples to these tools are OMEGA [97], tools in DiscoveryStudio [98],
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tools in Schrodinger Suite and in Molecular Operating Environment (MOE) [99]. All of
these tools generate high quality conformations of molecules. Since these conformations
complement the ligands that are available in the PDB, they are suitable for the prediction

of the conformations that are biologically active.

2.9.3 Pharmacophore Model Construction

In the ligand base pharmacophore modeling method, the models are all based on the
shared chemical properties of the molecules in the training set, and their representation is
dependent on the algorithm. These algorithms can be categorized as RMSD based or
overlay based methods [100]. RMSD based methods make use of the distance between
the feature group of the molecule and the feature group in the pharmacophore model of
the target protein. On the other hand, the overlay based methods consider the radius of the
feature and approximate the suitability of that feature.

In structure based pharmacophore modeling, the model is generated from a ligand-protein
complex [85]. Such a complex can be constructed via docking, which predicts the
orientation of a small molecule in which it binds to its target. However, where available,
protein structures in the protein data bank may be used instead. The analysis of the
interactions between a ligand and a protein is a crucial step in these structure based
pharmacophore models. This analysis can be performed manually by examining the
amino acids of the binding site in close proximity to the ligand. However, there are tools
that readily perform this analysis. Although these interactions could be used in the

pharmacophore models as they are, some refinement is usually required.

2.10 Aim

The primary aim of this study is to generate a reproducible method that allows prediction
of drug off-targets. The method proposed has been applied to predict the potential off-
targets of DIMATE, a potent inhibitor of ALDH3A1 and proliferation of cancer cells. In
order to achieve this, similarity based computational predictions and pharmacophore
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based methods were used. In the similarity based methods, targets with binding pockets
similar to that of ALDH3 are analyzed. Moreover, ligands with similar structure to
DIMATE are identified, and their targets are evaluated as potential unintended targets of

DIMATE. The feasibility of the predictions are discussed in detail.



Chapter 3: Materials and Methods 19

Chapter 3

MATERIALS AND METHODS

3.1 Tools Used

3.1.1 BLAST

Basic Local Alignment Search Tool (BLAST) is a freely available tool that allows
comparison of biological sequences at the DNA or protein level [101]. It can either search
for sequence similarity of a query sequence within a specified library of sequences, or can
align two or more sequences specified by the user. BLAST can be accessed at

http://blast.ncbi.nlm.nih.gov/Blast.cqi. In this study, protein BLAST was used to compare

sequence similarity of aldehyde dehydrogenases of different species [102].

3.1.2 SWISS-MODEL

To predict the structural similarity of the sheep aldehyde dehydrogenase with the human
aldehyde dehydrogenase, homology modeling was used. SWISS-MODEL is a
comparative modeling tool that allows the prediction of a protein structure based on its
amino acid sequence [103-106]. The availability of a potential template, which is similar
in sequence to the target, eases the process of structure prediction. The template protein
with known structure is used to propose a potential crystal structure of the target. SWISS-
MODEL can be accessed freely at http://swissmodel.expasy.org/.

3.1.3 Splitpocket

Splitpocket is a freely available server that allows the extraction of functional protein
surfaces [107]. The idea relies on the alpha shape theory. The algorithm identifies the
geometrical information of a split pocket, that is, the binding surface of a ligand., The
input of the server is the simple structural data in the form of a PDB file. The output
allows a dynamic visualization of the functional surface of the input protein. The server is

fully automatic, and allows obtaining biological insights into the structure of input
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proteins, and hence, their functions. The server can be found at

http://pocket.uchicago.edu/.

3.1.4 ReliBase

ReliBase is an easy to use tool to analyze ligand-protein data [108]. It can therefore be
used a s a data mining tool to obtain structural data on the particular interacting surfaces
of proteins, aiding the process of drug discovery. In this study, a SMILE based search
was used to search ligand substructures. The algorithm of the ReliBase computes a 2D
similarity index that is based on Tanimoto coefficient [108]. The index is compared
against a library of 2D similarity indices available in their database. This server can be

accessed from http://relibase.ccdc.cam.ac.uk.

3.1.5 ProBis

Protein Binding Sites (ProBis) Tool is a tool that enables detection of similar binding
sites in protein structures [109]. It allows local pairwise alignment of structures obtained
by crystallography or NMR in the Protein Data Bank. ProBis takes PDB IDs or files as
input, and compares the query structure to a non-redundant database of proteins (non-
redundant PDB) through the maximum clique algorithm. The maximum clique algorithm
makes use of protein structures represented as protein graphs, and returns the largest
similar subgraphs among the compared graphs [110]. ProBis then calculates the degree of
structure conservation for each of the amino acids in the specified protein. The web server
outputs these data in a protein structure where different colors represent the degree of

conservation.

ProBis has important applications in drug off-target prediction. Compared to algorithms
that compare protein sequence or folding, ProBis can more effectively address the
question of off-target prediction. This is because protein binding sites, rather than overall
fold of the protein, determine the protein’s interaction with ligands. ProBis can be

accessed from http://probis.cmm.ki.si/.
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3.1.6 Autodock Vina
Autodock Vina is a program for molecular docking [111]. It is an improved version jof
AutoDock 4, a previously created molecular docking tool by the same group. The
program uses PDBQT molecular structure files as input. In this program, specific chains
can be selected to assign flexibility to a specific target. Autodock Vina can be found at
http://vina.scripps.edu.

3.1.7 Gold

Genetic Optimisation for Ligand Docking (GOLD) is a molecular docking program that
makes use of a genetic algorithm to predict the binding and conformational space of a
ligand and its prospective target [112]. It uses pharmacophore (fitting) points to match a
ligand to a potential target. It makes use of a coring function to rank probable poses of a
ligand and its target. An important aspect of GOLD is that it supports flexible side-chains
which allows modeling flexibility to indicated side-chains. It is also possible to perform

ensemble docking with GOLD when more than one structural file is present for a protein.

3.1.8 Molegro Virtual Docker

Molegro Virtual Docker (MVD) is a molecular docking software [113]. It is used to
predict the plausibility of indicated ligand-protein interactions. It uses a new heuristic
search algorithm , which uses differential evolution along with a cavity prediction. MVD
has a re-ranking scoring function, as well as a docking scoring function to improve
accuracy. It has been demonstrated that Molegro is superior to other docking tools in

terms of correct identification of binding modes, with an accuracy rate of 87% [113].

3.1.9 PharmMapper
PharmMapper is a free server that is used to search for possible targets for a set of
molecules [114]. It uses a pharmacophore based modeling approach to predict binding of

small molecule to its potential targets. It is a relatively fast server, allowing the
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identification of possible targets from a set of candidates provided by the database in a
few hours. The server can be accessed at http://59.78.96.61/pharmmapper/.

3.1.10 LigandScout

LigandScout is a software that models three dimensional 3D pharmacophore models from
available structural data of a molecule with its ligand [115]. It makes use of all of the
chemical feature data available for the molecules, generating a model of interaction
between a ligand and its target. LigandScout allows for the overlaying and comparison of
different pharmacophore models through an alignment algorithm. This way, a shared-

feature pharmacophore can be generated.

3.2 Steps of Off-Target Prediction
Three separate approaches were used to predict potential off-targets of ALDH based on
ligand similarity, binding pocket similarity and pharmacophore models. This strategy can

be extended to virtually all drug candidates as outlined in Figure 3.1.
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3.2.1 Similarity Based Approaches

In drug off-target prediction is through similarity, candidate factors were identified
through two separate methods. In the first method, the binding pockets of the target were
identified, and proteins that have similar binding pockets were found. To select the
binding pocket of ALDH, previous data on ALDH active site was used. This region
includes the critical Cys302 residue. Considering NAD is also an important cofactor in
ALDH function, NAD binding region was also included in the binding pocket selection.
Molegro was used to identify five potential cavities of ALDH. The top choice included
the NAD binding region. In all following models, this cavity was specifically selected
and centralized with a sphere radius of 16 A. In this method, the proteins that have similar
binding pockets to that of ALDH may possibly be targets of the drug of interest, since
they also contain a similar binding pocket (Figure 3.2A). In the second method, ligands
that are similar in structure to the drug of interest were found. The drug of interest,
because it is structurally similar to the identified set of ligands, may also bind to the
readily known targets of the similar ligands (Figure 3.2B). These possibilities determined
by the two methods were computationally tested for their feasibility using molecular
docking. The overall workflow of off-target predication using this similarity based

approach is illustrated in Figure 3.3.

3.2.2 Pharmacophore Based Approaches

For pharmacophore model generation, PharmMapper and LigandScout were used to
create pharmacophore models of ALDH and DIMATE interaction. These models were
then used to find other interactions that are of similar nature. This method, compared to
the previous similarity-based method, makes use of feature points of the pharmacophore
model instead of chemical structural data.
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structure to DIMATE are identified, and the known targets of those ligands are
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similarity based approaches
To identify possible off-targets of DIMATE, two approaches of drug similarity and

pocket similarity are used. The identified targets are subsequently verified by docking.
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Chapter 4

RESULTS

In this section, two different methods are employed to identify the possible off-targets of
DIMATE, a novel small molecule inhibitor of ALDH3AL1. In the first method, a
similarity based approach is used. This method relies on the structural similarity
principles to identify ligands similar to DIMATE, and targets similar to ALDH to predict
off-targets. In the second method, a pharmacophore based approach is used.
Pharmacophores are lists of molecular and geometrical features of a protein and its

associated ligand that outline the requirements of a biological interaction.

4.1 Homology modeling to assess validity of the approach

The absence of a crystal structure of human ALDH3 from the Protein Data Bank
(accessed Jan 2014) without an inhibitor limits the studies of its interactions with its
partners. To investigate the potential off-targets of ALDH, we made use of rat ALDHS3,
whose crystal structure was readily available in the PDB. The amino acid sequence of
human and rat ALDH3 are remarkably similar, sharing 82% sequence identity as
determined by protein BLAST (Figure 4.1). Moreover, considering conservation of

residues in terms of structure and chemical properties, 91% of amino acids are similar.

Similarity of human and rat ALDH3 proteins enabled prediction of human ALDH3
structure by homology modeling. SWISS-MODEL was used to generate a model of the
protein, using the rat enzyme as a template (Figure 4.2). As expected from the high
percentage of sequence similarity, the human and rat ALDH3 were predicted to be
structurally similar. The quality of the model as estimated by Global Model Quality
Estimation (GMQE) is considerably high, with a value of 0.97. The GMQE score is a
measure of the reliability of the model for a particular template and alignment, and has a
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value between 0 and 1, with higher values indicating a higher quality of the model.
Moreover, estimating the quality of the model at a local level by QMEAN scoring
function [116], each chain of the target was shown to be highly similar to that of the
template (Figure 4.2A). With this model, the human enzyme is predicted to also function
as a homo-dimer. The structures of human and rat aldehyde dehydrogenase enzymes are

provided in Figure 4.2B.
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Figure 4.1 Alignment of human and rat ALDH3 proteins
Protein BLAST was used to align human (UniProtkKB ID: P30838) and rat

(UniProtkB ID: P11883) ALDH3 enzymes.
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Figure 4.2 Homology modeling of human and rat ALDH3 proteins
(A) Local quality of models analyzed at the chain level. (B) Predicted structure of

human ALDH3 (left) and the known crystal structure of rat ALDH3 (right).
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4.2 Computational off-target prediction of DIMATE using similarity approach
4.2.1 Similar pocket approach

Using the pocket similarity approach, we identified proteins in the Protein Data Bank that
have binding pockets similar to the binding pocket of ALDH3A1 using Splitpocket. The
results are provided in Table 4.1. This approach did not turn out to be fruitful, because
many of the proteins with similar binding pockets were found to be other aldehyde
dehydrogenase proteins. The only three hits that were not from the ALDH family were
Guanine nucleotide exchange factor DBS, ADP Ribosyl Cyclase and Nitrile hydratase
(subunit alpha). However, the organism to which these proteins belong were not H.
sapiens, but were the mouse M. musculus, the pipevine plant A. californica and the
bacteria strain Rodococchus sp. Therefore, they could not be possible off-targets of
DIMATE found in humans.

4.2.2 Similar ligand approach

We next adopted a ligand similarity approach to identify possible off-targets of DIMATE.
We used ReliBase to find ligands that are similar in structure to DIMATE. The results of
this approach are provided in Table 4.2. Interestingly, DIMATE was found to be
structurally similar to carnitine and d-carnitine in many species, including humans,
mouse, and bacteria. This indicates that DIMATE, because it is structurally similar to
carnitine, may also bind to carnitine acetyltransferases, especially carnitine
acetyltransferase isoform 2 in humans, as suggested by the results of ReliBase. Other
important results for that were found in humans were 2-(butanoylsulfanyl)-N,N,N-
trimethylethanaminium (Butyrlthiocholine), 4-(dimethylamino)butyl imidothiocarbamate,
2-methyl-3-(2-Aminothiazolo)propanal, tetradecanoyl-CoA, and N[4-[(R)-
methylsulfinyl]butylthioformamide, = making  possible targets of DIMATE
butyrylcholinesterase, Histamine N-methyltransferase, rennin, Acyl-CoA-binding protein,

and Macrophage migration inhibitory factor, respectively (Table 4.2).
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Table 4.1 Binding pocket similarity approach results for ALDH using Splitpocket

PDB ID Protein Gene name Organism
1001 Aldehyde dehydrogenase ALDH2A H. sapiens
20NM Aldehyde dehydrogenase, mitochondrial ALDH2A H. sapiens
INZW Aldehyde dehydrogenase ALDH2A H. sapiens
INZZ Aldehyde dehydrogenase ALDH2A H. sapiens
1ZUM Aldehyde dehydrogenase ALDH2A H. sapiens
20NN Aldehyde dehydrogenase ALDH2A H. sapiens
20NO Aldehyde dehydrogenase ALDH2A H. sapiens
1CW3 Mitochondrial Aldehyde Dehydrogenase ALDH2A H. sapiens
1002 Aldehyde dehydrogenase ALDH2A H. sapiens
1005 Aldehyde dehydrogenase ALDH2A H. sapiens
20NP Aldehyde dehydrogenase ALDH2A H. sapiens
2VLE Aldehyde dehydrogenase, mitochondrial ALDH2A H. sapiens
INZX Aldehyde dehydrogenase ALDH2A H. sapiens
1000 Aldehyde dehydrogenase ALDH2A H. sapiens
1A4S Betaine aldeyhde dehydrogenase from cod liver ALDH9A1 G. morhua
— Sheep liver class 1 aldehyde dehydrogenase, NAD ALDHIAL .
bound
202P Formyltetrahydrofolate dehydrogenase ALDHILL R. norvegicus
FTHFD
1004 Aldehyde dehydrogenase, mitochondrial ALDH2A H. sapiens
1RJ2  Guanine nucleotide exchange factor DBS [Fragment]  Mcf2l Dbs M. musculus
1LBE ADP Ribosyl Cyclase A. californica
1R15 ADP Ribosyl Cyclase A.californica

1AHJ Nitrile hydratase (subunit alpha) nthA Rodococchus sp.
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Table 4.2 Ligand similarity approach results for DIMATE using ReliBase

Ligand

BCH

2MM

3MM

4AMM

]l

MSN

4Dl

KBP

NM2

Ligand Name
2-(BUTYRYLSULFANYL)-N,N,N-
TRIMETHYLETHANAMINIUM

N,N-dimethyl-L-methionine

(1R)-1-CARBOXY-N,N,N-TRIMETHYL-3-
(METHYLSULFANYL)PROPAN-1-
AMINIUM
(1S)-1-carboxy-N,N,N-trimethyl-3-
(methylsulfanyl)propan- 1-aminium
2-METHYL-3-(2-
AMINOTHIAZOLO)PROPANAL

(1R,2R,3R,4S,5R)-4-AMINO-5-

(METHYLTHIO)CYCLOPENTANE- 1,2,3-
TRIOL

4-(DIMETHYLAMINO)BUTYL
IMIDOTHIOCARBAMATE
S-[2-(acetylamino)ethyl] (3R)-3-

hydroxydecanethioate

3-CARBOXY-N,N,N-TRIMETHYLPROPAN-

PDB ID

2ha7

1p0p

3ciq

3cjt

3cju

3egv

1bil

1bim

3dx0

2f70

2ao0v

4h0i

2WSX

Protein
Acetylcholinesterase

butyrylcholinesterase

Ribosomal protein L11
methyltransferase
L11

Ribosomal protein

methyltransferase

Ribosomal protein L11

methyltransferase

Ribosomal protein L11

methyltransferase
Renin

Renin

Alpha-mannosidase 2

Alpha-mannosidase 3
Histamine
N-methyltransferase

3-
HYDROXYDECANOYL-
[ACYL-CARRIER-
PROTEIN]
DEHYDRATASE

CaiT carnitine transporter
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1-AMINIUM
Gamma-butyrobetaine
302¢g )
dioxygenase
152 CARNITINE 1t7q Carnitine acetyltransferase
2h3p Carnitine acetyltransferase
2h3u Carnitine acetyltransferase
Indf Carnitine acetyltransferase
1t70 Carnitine acetyltransferase
Peroxisomal carnitine O-
1xI8
octanoyltransferase
Indf Carnitine acetyltransferase
carnitine acetyltransferase
1s50

isoform 2

4.2.3 Reverse Docking

We next used a reverse docking approach to evaluate the affinity with which the inhibitor
DIMATE binds to ALDH. Reverse docking is the docking of a ligand to the potential
binding site of a target [117]. It helps uncover potential uses for a ligand other that its
original intent, meaning drug repositioning. However, compared to normal molecular
docking, it is more difficult. Normal docking involves docking of many ligands to one
target with a known or predicted binding site. Conversely, off-target prediction involves
docking one ligand to many targets.

Before applying the reverse docking methodology to identify off-targets of DIMATE, the
method itself should first be validated with a negative control, such as MATE that
is not an inhibitor of ~ ALDH1, apositive  control  such  as disulfiram,

an established inhibitor of ALDHZ2, a positive control, such as a chlorpropamide analogue
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that is an inhibitor of ALDH3, and a positive control such as benzaldehyde that is
a substrate of ALDH3. We therefore tested the reverse docking scores obtained by
different reverse docking programs: Autodock Vina, Molegro and Gold. These results are

provided in Table 4.3, Table 4.4 and Table 4.5, respectively.

Table 4.3 Reverse docking results with Autodock Vina-Molegro

MATE — ALDH1 -[118] |49 -56,421 -75,350
Disulfiram - ALDH2|  +[42] |41 -56,427 -77,505
API-2 - ALDH3 +[19] |67 -88,728 -97,853
Benzaldehyde —

ALDH3 +[119] |57 -52,364 -60,884

Table 4.4 Reverse docking results with Molegro using varying iterations and runs

MATE — ALDH1 | -[118] |-66,1653 -81,7077 56,421 75,350
Disulfiram -

it +[42] |-83,9569 -102,058 56,427 77,505
API-2 - ALDH3 +[19] |-84,6247 -91,601 -88,728 97,853
Benzaldehyde —

e +[119] |-50,6291 -58,4316 52,364  |-60,884
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Table 4.5 Reverse docking results with Gold

“Enin s

MATE — ALDH1 - [118] -34,714 34,339
Disulfiram - ALDH2 + [42] 40,384 -42,615
API-2 - ALDH3 + [19] -40,587 42,818
Benzaldehyde — ALDH3 +[119] -29,926 35,069

In order to utilize reverse docking, we made use of a collective list of proteins with
similar binding pockets to that of ALDH3AL1. This list was generated using pocket
similarity search tools available online, such as Pocketome, ProBis, and Splitpocket. We
reverse docked DIMATE to proteins that have similar binding pockets to ALDH3AL,
such as other ALDH enzymes. As for controls to the reverse docking process, we also
reverse docked all-trans retinal, a natural substrate of ALDH, and Aldi-1, a previously
established ALDH inhibitor. Figure 4.3 provides a flowchart outlining the basic steps of

reverse docking process. The results of this approach are provided in Table 4.6.

Looking at the results provided in Table 4.6, the docking scores for DIMATE should be
compared to that of all-trans retinal and Aldi-1, which are both known to bind to ALDH.
Negative docking scores (in kcal) indicate the feasibility of the docking process. As seen
from the docking scores of DIMATE to other ALDH proteins, the binding affinity of
DIMATE is in fact comparable to natural substrates of ALDH. This is indicative of the
possibility that DIMATE may not only bind to ALDH3AL, but also other ALDH

molecules.
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* Find binding pocket of the target

* Find binding pockets similartothe target
binding pocket

* Dock the drug candidate to the similar
binding pockets

* Find small melecules similar to drug
candidate & repeat steps 2-3 for the similar
drug

* Determine possible off targets by selecting
good docking scores

Figure 4.3 Overview of off-target prediction by reverse docking
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Table 4.6 Docking scores of different ligands to ALDH structures
Docking scores are given in kcal. (All-trans retinal, a natural substrate of ALDH and

Aldi-1, synthetic inhibitor of ALDH)

Gene name PDBID DIMATE ATE All-transretinal ALDI-1
ALDH1A1 1BXS -54 -46 -85 -5.8
ALDHI1L1 FTHFD 3RHP -55 -51 -8.0 -6.3
ALDHIL1 FTHFD 3RHQ -5.6 44  -7.9 -6.1
ALDHI1L1 FTHFD 4GNz 5.7 47 719 -6.4
ALDHI1L1 FTHFD 3RHJ -5.3 -45 -8.2 -6.3
ALDHIL1 FTHFD 3RHL -55 -45 -82 -6.4
ALDHI1L1 FTHFD 202R -5.6 -47 -8.0 -6.3
ALDHIL1 FTHFD 3RHR -5.6 -46 -81 -6.2
ALDHI1L1 FTHFD 4GO0 -5.1 47 -71.3 -5.9
ALDHIL1 FTHFD 3RHM -55 -5.0 -85 -6.0
ALDHIL1 FTHFD 4G0O2 -5.0 -41 -81 -6.4
ALDHI1L1 FTHFD 202P 55 -50 -84 -6.3
ALDHIL1 FTHFD 202Q -53 -41 -82 -6.3
ALDH?2 1AG8 -5.8 -3.7 -81 -5.8
ALDH?2 3SZ9 -55 -49 -7.6 -5.6
ALDH?2 4FQF -6.0 -49 -7.8 -4.7
ALDH?2 4FR8 -6.1 -45 -7.6 -4.8
ALDH2A 2VLE -6.2 -41 -8.0 -5.8
ALDH2A 1004 -6.2 -48 1.7 -6.7
ALDH2A 1000 -5.6 -43 -1.7 -5.6
ALDH2A 3INJ -6.2 -49 -7.8 -5.8
ALDH2A 20NN -5.7 46 1.7 -6.1

ALDH2A 1005 -6.0 -46  -7.7 -6.0
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ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH2A
ALDH3A
ALDH3A
ALDH3A
ALDH3Al
ALDH3Al
ALDH3Al
ALDH3Al

INZZ
3N82
1002
20NO
1001
1ZUM
3INL
INZX
20NP
20NM
INZW
1CW3
1AD3
3SZA
3SZB
4H80
4120
4H80
4120

-6.1
-6.0
-6.1
5.5
-6.0
5.7
5.9
-6.0
-6.0
5.6
5.8
5.9
4.6
5.1
5.1
4.7
4.8
4.7
4.8

4.7
4.3
4.8
45
4.8
4.6
5.0
4.9
4.7
4.9
4.9
4.8
4.6
5.0
45
-3.9
5.1
-3.9
5.1

-1.5
-7.6
-8.3
7.9
-1.7
-7.1
-8.0
-1.7
-7.3
-7.2
=1.7
-8.0
-8.3
-9.5
-1.4
7.2
-7.1
-7.2
-7.1

-5.3
-4.9
-7.1
-6.5
-5.4
-6.1
-6.0
-6.0
-6.7
-5.7
-5.4
-5.9
-6.2
-6.7
-6.2
-6.0
-5.3
-6.0
-5.3
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4.3 Computational off-target prediction of DIMATE using pharmacophore

approach

A different approach to identifying drug off-targets is through the use of pharmacophore
models. Pharmacophore models list the chemical and geometrical features of a particular
interaction between a protein and a ligand. Similar models for the possible off-targets
along with the ligand of interest are constructed, and their similarity to the original
pharmacophore model is compared. A high similarity indicated by z-scores shows a
better probability of the ligand to bind the listed off-targets. In this section, we used
PharmMapper to search for proteins that are similar pharmacophore profiles to DIMATE-
ALDH interaction. The results are provided in Table 4.7. The top hits are displayed
according to their z-score rankings. Using this approach, thymidylate kinase, ADP-
ribosyl cyclase 2, and cytoplasmic tryptophanyl-tRNA synthetase appear to be possible
off-targets of DIMATE.

4.3.1 Analysis of Thymidylate Kinase as a Hit

To assess the validity of thymidylate kinase as a hit, DIMATE was docked to thymidylate
kinase. Figure 4.4 shows the docking results of DIMATE to the ADP binding site of
thymidylate kinase, which is the active site of the protein. However, lower energy scores

could be obtained upon docking to FDM binding site (Figure 4.5).
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Table 4.7 Proteins with similar pharmacophore profiles to DIMATE-ALDH as
found by PharmMapper

Number of . Normalized
Rank Target Name Fit Score z'-score
Feature Fit Score
1 Thymidylate kinase 3 2.965 0.3706 104.339
2 ADP-ribosyl cyclase 2 9 2.943 0.3270 136.623
Tryptophanyl-tRNA synthetase,
3 YPIoP .y y 11 2.943 0.2675 0.403523
cytoplasmic

©

4 Glucose-6-phosphate 1-dehydrogenase 2.905 0.3228 0.880866

Signal transducer and activator of
5 o 3 2.880 0.3600 0.828366
transcription 1-alpha/beta

Scavenger mRNA-decapping enzyme

6 Deps 11 2.850 0.2591 -0.0581112
7 Insulin-like growth factor 1A 6 2.828 0.4714 0.531979

3 Eukaryotic translation initiation factor 4E[12 2.827 0.2356 -0.273193
&) Thymidylate kinase 9 2.801 0.3113 -0.145247
10  [Thymidylate kinase 9 2.795 0.3105 -0.296493
11  [Thymidylate kinase 10 2.692 0.2692 -101.914
12  |Pancreatic alpha-amylase 9 2.597 0.2886 -124.964
13  |[Estrogen receptor beta 9 2.449 0.2721 -208.542

14  |Lysozyme C 8 2.421 0.3027 -248.839
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(A)

INTERACTION POSE MOLDOCK SCORE RERANK SCORE
Thymidylate kinase-DIMATE 0 -74,403 -60,341
(B)

%@13:154

1Inmx

Figure 4.4 DIMATE docked to thymidylate kinase’s active site
(A) DIMATE was docked to the ADP binding site of thymidylate kinase (PDB
ID:1INMX) (B) Putative interactions of DIMATE with thymidylate kinase active site
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(A)

INTERACTION POSE MOLDOCK SCORE RERANK SCORE
Thymidylate kinase-DIMATE 9 -83,216 -73,482

(B)
A

! 5 =
Phel0s
«.
Phed2 ;
o
B iz §
a i )
R La
.

Gly10Z

Inmx

Figure 4.5 DIMATE docked to thymidylate kinase’s other ligand binding site
(A) DIMATE was docked to the FDM binding site of thymidylate kinase (PDB

ID:1NMX) (B) Putative interactions of DIMATE with thymidylate kinase
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Chapter 5

DISCUSSION

5.1 Conclusions

In this study, our aim was to predict the potential off-targets of ALDH inhibitor
DIMATE. DIMATE is a small molecule that has been shown to inhibit ALDH3AL, the
aldehyde dehydrogenase enzyme that functions in drug resistance and affects cell
proliferation. We employed two different approaches to predict other potential targets of
DIMATE using computational approaches. In the first approach based on target binding
pocket and ligand similarity, we identified carnitine acetyltransferase, histamine N-
methyltransferase, rennin, Acyl-CoA-binding protein, and macrophage migration
inhibitory factor as possible off-targets of DIMATE. Our reverse docking results as
verification of these predictions suggested that DIMATE may also bind to other ALDH
molecules to inhibit them. In the second method based on pharmacophore structures,
potential off-targets of DIMATE were found to be thymidylate kinase, ADP-ribosyl
cyclase 2, and cytoplasmic tryptophanyl-tRNA synthetase.

One of the more interesting potential DIMATE targets is thymidylate kinase. This
enzyme is responsible for the phosphorylation of thymidine 5'-phosphate (dTMP) for the
production of thymidine 5'-diphosphate [120]. It is integral to dTTP synthesis pathway, a
component of pyrimidine metabolism. Interestingly, thymidylate kinase was implicated in
cell cycle progression. When the human enzyme was expressed in yeast cells, it was able
to functionally complement a cell cycle mutant, cdc8 (the yeast homolog of dTMP
kinase) [121]. This study suggests that the enzyme activity of human thymidylate kinase
corresponds to the progression of cell cycle, with the highest gene expression levels
observed in the S phase of the cell cycle. Possibly, an interaction of DIMATE with
thymidylate kinase could inhibit this enzyme to result in a cell cycle arrest and stop

proliferation. Such an event is plausible, because the yeast homolog is essential for DNA
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replication during cell division. Therefore, the inhibition of thymidylate kinase with
DIMATE could potentially be halting cell proliferation. In such an inhibition, the overall
effects observed would be similar to the case where ALDH3 is targeted. However, one
problem might be that although high ALDH3 expression is commonly seen in cancerous
and stem cells, thymidylate kinase is expressed in virtually all cells, meaning that growth
inhibition would not be specific to cancer cells. This would be a major drawback,
eliminating the specificity of DIMATE treatment. Hence, it is of great importance to

investigate thymidylate kinase as a potential off-target.

Another interesting potential off-target of DIMATE is tryptophanyl-tRNA synthetase.
This enzyme is responsible from the aminoacylation of tRNA(trp) by tryptophan. It is
induced by interferon [122]. A critical feature of the cytoplasmic form of tryptophanyl-
tRNA synthetase is its implication in the negative regulation of proliferation [123]. This
characteristic implies that inhibition of this enzyme by DIMATE binding may in fact
increase cell proliferation, an undesirable effect for the potential use of DIMATE.
However, this interaction is probably unlikely, because it was already previously shown
that treatment of cancer cells with DIMATE inhibits cell proliferation [67, 76, 77].

In these types of computational approaches, it is crucial to consider the biological context
at which these interactions could occur. For example, many of the possible targets of
DIMATE as found by binding pocket similarity tools list proteins that are of other
species. These are immediately discarded, since these two proteins would not encounter
each other within the same cell. Another example could be that a computational
prediction might suggest some protein to be bound by DIMATE, but these two molecules
may in fact never be within the same subcellular compartment. This would prevent any
interaction, but such false positives would still show up in the list. Therefore, it is
important to analyze each hit one by one to more accurately predict the potential off-

targets.
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5.2 Future Directions

Although computational tools are invaluable to shorten the list of possible off-target
interactions of a ligand, ultimately experimental approaches have to be employed to
definitively determine the unintended targets. As the next step in drug-off target
prediction, the suggested unintended targets could be tested for their binding to DIMATE.
Direct binding experiments would be provide the most confident results. Alternatively, in
an easier approach, the indirect physiological effects of DIMATE binding to its off-
targets could be analyzed. For example, ligand similarity approach has suggested that a
possible off-target of DIMATE could be carnitine acetyltransferase in humans. In the
literature, it the function of the mouse homolog of this enzyme was previously shown to
be necessary for the cells to exit from G1 phase of the cell cycle toward the S phase
[124]. Therefore, a possible experiment to test whether the inhibitor also targets carnitine
acetyltransferase would be to treat cells that express high levels of ALDH3AL with
DIMATE, and analyze the cell cycle stage by flow cytometry. If DIMATE actually binds
to carnitine acetyltransferase, the analysis of stages of the different cell cycles by
propidium iodide staining would reveal the accumulation of cells in G1 in DIMATE
treated cells compared to the untreated samples. Such strategies can also be adopted to

initially bypass the more laborious experiments of chemical binding.
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Appendix

APPENDIX

Appendix A: Reverse Docking Poses

The verification docks of ALDH1, ALDH2 and ALDH3 with acetaldehyde, API2,
benzaldeyde, DIMATE, disulfiram, MATE and propanal are visualized with LigPlot in

Figure 5.1.
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(D) ALDH1-DIMATE
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(E) ALDH1-DISULFIRAM
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(G) ALDH1-PROPANAL
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(H) ALDH2-Acetaldeyhyde
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(J) ALDH2-Benzaldehyde
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(O) ALDH3-Acetaldehyde
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(P) ALDH3 — API2
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(R) ALDH3-Benzaldehyde
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Figure 5.1 Visualization of verification docks
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