ABSTRACT

COOK, BETHANY THERESE. Cheminformatics Modeling of Ara h 2 and CDK Binders
Using 3D Docking and the Molecular Chimera Approach. (Under the direction of Dr. Denis
Fourches).

Cheminformatics is the field that characterizes, models, designs, and predicts chemicals
and their properties using computers. Cheminformatics (especially using 3D molecular docking)
is particularly useful to better understand protein-ligand interactions.

Herein, we began our cheminformatics investigation with the analysis of Ara h 2 proteins
as they are a known source for allergic reactions produced by peanuts. When an allergic
individual is exposed to peanuts, the protein triggers an inflammatory response through the
production of histamines. This reaction can be mild to severe (anaphylactic shock). Previous
research has identified that anti-inflammatory drugs can combat the detrimental effects of
histamine reactions. A natural source of compounds with anti-inflammatory activity has been
discovered in blueberries and cranberries in the form of polyphenols. With the use of
Schrodinger’s Glide software, we were able to molecularly dock 42 known polyphenols into the
identified binding site of peanut allergen Ara h 2. This computational study resulted in the
identification of 10 compounds predicted to bind Ara h2 and those compounds were
recommended for experimental testing. Two out of four tested polyphenols showed the ability to
produce structural changes to the Ara h 2 protein. Through computational and experimental
efforts, we were able to highlight and identify potential anti-inflammatory inhibitors of peanut
allergens.

In another study, we investigated a large series of small molecule inhibitors of protein
kinases. Cyclin dependent kinase proteins (CDK) are overexpressed in most cancer cells
inhibition. Chemotherapy based on the specific inhibition of CDK proteins is thus of high
interest. Previous studies have identified 316 CDK2 inhibitors for which associated crystal
structures are available in the PDB. First, we analyzed this set using chemical clustering and 3D
docking. Second, we used the molecular chimera approach, which allows for the structural
fusion of two known CDK?2 inhibitors through a common scaffold. The idea behind this research
is to identify and combine key scaffolds and substituent groups that could result in new
compounds with higher potency and selectivity towards CDK2. Third, we developed QSAR
models to compute the inhibition potency (pICso) using 2D descriptors and machine learning



techniques. These models were used to estimate the plCso values for all newly generated
molecular chimera compounds. Our analysis led to the identification of over 300 newly predicted

inhibitors with increased binding affinities and predicted pICso values of 7.0 or higher.
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CHAPTER 1. INTRODUCTION TO CHEMINFORMATICS

Cheminformatics is broadly defined as the use of computers and computational
techniques to solve chemical problems. More specifically, cheminformatics techniques are
typically used to numerically characterize the 1D/2D/3D structures of chemicals in order to
calculate their physical, chemical, and biological properties. “Cheminformatics” is a relatively
new term, that was established in the late 1990s*2. In fact, the field itself is so new, there is
disagreement over the proper spelling, as, cheminformatics, chemoinformatics, chemical
informatics, molecular informatics, and even chemiinformatics, can all refer to one thing: the
representation and manipulation of chemical structures using computational methods.*

Although the term of cheminformatics is relatively new, and modern methods intensively
rely on the most powerful computers, the ideas behind the cheminformatic methods have been
around for almost 55 years. The work of four main contributors (Profs. Kennard, Wipke,
Levinthal, Hansch, and Karplus) has led to the development of databases, such as the Cambridge
Structural Database (CSD) and the Protein Data Base (PDB), as well as key methods such as
quantitative structure-activity relationships (QSAR) and molecular dynamic simulations (MDS)

were developed?. The CSD (https://www.ccdc.cam.ac.uk/solutions/csd-system/components/csd/)

is a database that contains information regarding the crystal structures of organic molecules. The

CSD ultimately led to the creation of the PDB (https://www.rcsb.org/), a database which contains

the analysis and x-ray crystal structures of proteins. With these two databases, a researcher can
mine, browse, and analyze the structures of proteins and small molecules in the hopes of
determining their key characteristics to better understanding their properties and/or modes of
action. The development of QSAR, key chemical and biological properties have become
predictable using sets of molecules with known properties and machine learning. * MDS
enables the simulation of the time-dependent motions of protein-ligand interactions for a fully-
solvated, full-atom system. While it was difficult to see the utility of CSD, PDB, and QSAR
during their infancy these databases and tools would one day revolutionize the way we can now
browse, access, visualize, and simulate chemical biological data so easily.

The rapid development of cheminformatics is fueled by two main forces that have
skyrocketed in parallel for the past twenty years:

(1) The extreme advancement of the computational power of modern computers:

advances in CPU technology (e.g., 12 core CPU), GPU technology (15,000 cores in


https://www.ccdc.cam.ac.uk/solutions/csd-system/components/csd/
https://www.rcsb.org/

modern GPU workstation), and data storage (from megabytes in the early 90s to
hundreds of terabytes and unlimited cloud storage in 2018) allows for accelerated
parallel processing for computing the properties of hundreds of millions of virtual
compounds or simulating large protein-ligand complexes over longer biological time
(e.g., up to several milliseconds for a GPCR).
(2) The growing compendium of chemical biological data available in publicly-available
repository: a vast amount of freely-accessible data is readily available. At the click of
a button, one has access to over 1TB of structural data from proteins to DNA (PDB
database) and close to 200 million chemical compounds (PubChem, ChEMBL, and
ChemSpider). One is capable of accessing chemical biological information instantly,
with over 3 million compounds in ChEMBL and over 237 million bioactivities
reported for those compounds. These resources are allowing medicinal chemists and
other researchers to make leaps and bounds in the advancement of chemical analysis
with the help of cheminformatics.
Cheminformatics has become an essential element in the chemist’s toolbox of methods.
This is especially for the drug discovery pipeline by facilitating the virtual screening of very
large libraries of compounds and prioritizing the ones predicted to have the most desired
properties. Those “computational hits” are then advanced to experimental confirmation.
Cheminformatics is also used for hit/lead optimization, especially when it comes to (1) design
analogues being highly similar to the hit compounds but predicted to have higher
potency/selectivity towards the target of interest, and (2) predicting the ADMET (absorption,
distribution, metabolism, excretion, and toxicity of drug molecules) properties of those
compounds in order to “weed-out” compounds with potentially low bioavailability and toxicity®.
A key approach in cheminformatics is molecular docking. When performing a simple

concept search on PubMed (https://www.ncbi.nlm.nih.gov/pubmed/) for molecular docking,

which is the computational binding of ligands to proteins through computer-assisted drug design,
over 34,000 results were returned®. Over half (~20,000) of these papers shown on PubMed were
published in the last five years, with many of the topics centered around inhibition studies.

The primary goal of the research presented herein is to highlight key features of
molecular docking techniques that can lead to the production of hit candidates for combatting

peanut allergies (Chapter 2) and cancers (Chapter 3). The research demonstrated that the


https://www.ncbi.nlm.nih.gov/pubmed/

implementation of modern cheminformatics techniques yields the ability to develop and utilize
chemical libraries for the inhibition of proteins. This thesis will also further discuss

computational or experimental procedures that can be performed to enhance this research

(potential future work).
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CHAPTER 2. THE ANALYSIS OF POLYPHENOLIC COMPOUNDS ON ARA H 2
Chapter 2 Summary

The unique structure of Ara h 2 allows for the activation of immunoglobulin E (IgE)
antibodies on mast cells, resulting in an allergic reaction through the release of histamine and
other inflammatory hormones. Polyphenols have been demonstrated to act as anti-inflammatory
agents; to block the production of these antigens decreasing the effects of peanut allergens.
Herein we analyze the computational modeling of 42 polyphenols, found in blueberries and
cranberries, to the Ara h 2 protein. We utilized molecular docking and molecular dynamic
simulations to determine the likelihood that the polyphenols will non-covalently interact with the
protein, reducing the side effects of peanut allergens. The top five polyphenols were then
recommended for experimental analysis, performed by a collaborator, to verify the

computational results.

Keywords: Molecular Docking, Virtual Screening, Peanut Allergies, Ara h 2



2.1 Introduction

In the United States alone there are over 50 million people that suffer from allergies, with
one of the highest causes being food related allergens. According to the Centers for Disease
Control (CDC), the number of individuals afflicted with food allergies has increased by at least
50 percent in a 10-year time span. In 2010, there were more than 170 different allergenic foods
with the most frequent being milk, eggs, peanut, tree nuts, gluten and seafood®®. Roughly every
hour 20 individuals (200,000 per year) have sought emergency medical care due to the effects of
food allergens, with the highest affliction rate being in children®. Though uncommon, some
allergies can be outgrown; unfortunately, the most severe allergens, peanuts, tree nuts and
seafood are typically lifelong afflictions>’. The symptoms of food allergies vary based on the
severity of the allergy. The most common reaction, anaphylactic shock, is the most serious.
Anaphylactic shock occurs in about 40 percent of the children afflicted with food allergies® .

Currently, there are few ways to treat peanut allergies. In fact, the primary method used
for treatment is avoiding the source altogether>8. Methods of removal of peanut remnants are
even uncertain, the most effective of which involves proper hand washing and the use of
household cleaners to completely remove any peanut dust>®. Recent studies show that advisory
labels stating that products may contain peanuts are optional, and some labeled products have
been found to contain high enough levels to induce allergic reactions®. Behind the scenes of this
huge peanut pandemic are several protein factors, that can activate peanut allergens, but the most
potent allergenic proteins are Ara h 2 and Ara h 6°.

Arah 2 and Ara h 6 are 2S albumin storage proteins that contain eight cysteine residues
that can affect the properties of structures'®?*2. These cysteine residues allow Ara h 2 to be
classified in the prolamin protein superfamily known to contain high amounts of proline and
glutamine®3. 2S albumins are known to be homologous structures, and are one of the major
contributors to any anaphylactic side effects, especially in peanuts®**. When compounds bind
to a 2S albumin storage protein the structural conformation can be altered, resulting in
conformational changes of alpha helices and beta sheets in the bound protein'14® These
different protein conformations peanut allergies have been known to activate immunoglobulin E
(IgE) antibodies at IgE epitopes, located on mast cells (MC). These interactions in turn cause the

allergic reaction with the release of histamine and other inflammatory hormones®.



The use of anti-inflammatory agents has been demonstrated to reduce the side effects of
peanut allergen exposure. Fruits and vegetables are a natural source of anti-inflammatory agents
as they are rich in polyphenols!’. Polyphenols are a class of compounds containing hydroxyl
substituents on aromatic rings and are defined by several subgroups (e.g. phenolic acid,
flavonoids, and stilbenes). Flavonoids are the most commonly consumed type of polyphenol, as
they are abundant in plants and fruits. Polyphenols are classified as anti-inflammatory agents due
to their capacity to reduce allergic reactions by attacking the mast cells, limiting the production
of histamine!®18,

There are two pathways that polyphenols can take to inhibit or alter immune responses.
The first pathway occurs during exposure where polyphenols help to create insoluble structures
that result in hypoallergenic proteins. Another pathway comes from directly effecting the
production of dendritic cells, which are located in soft tissues, such as skin, and can cause the
immune response to allergens. The polyphenols alter the efficiency of antigen production in the
dendritic cells allowing for decreased inflammation?’,

In this study, structure-based-docking was implemented to determine and analyze
possible interactions between the protein, Ara h 2, and polyphenols endogenous to blueberries
and cranberries®>!®, As peanut allergies can develop following ingestion of peanuts or peanut-
containing foods, Ara h 2 and the polyphenols need to be studied at a physiological pH of th
stomach (pH = 3.26) and neutral pH (pH = 7.00). Advanced molecular modeling techniques
were implemented to identify specific target binding sites located on the Ara h 2 protein and
molecular dynamic simulations (MDS) were performed to confirm binding stability between
ligands and protein. Due to unfamiliar characteristics of Ara h 2, a dimer of the protein was
generated and similar molecular docking protocols were implemented to identify increased
protein-ligand interactions. The top five predicted binders and one predicted non-binder were
recommended for experimental testing by collaborators in the Lila group at North Carolina State

University.



2.2 Methods and Materials
2.2.1 Preparation of the Ara h 2 Protein Structure

The X-ray crystal structure of Ara h 2 bound to a Maltose Binding Protein (MBP) was
obtained from the Protein Data Bank (PDB), with a resolution of 2.71 A (PDB: 30B4)*°. The
MBP protein was removed for docking and Ara h 2 was curated using the Schrodinger Suite’s
Protein Preparation Wizard?®2t, All bond orders were assigned, and explicit hydrogens were
added to the original structure. No missing side chains or missing loops were detected by Prime
and all water molecules were removed??24, The EPIK program in the Schrodinger Suite was
used to determine the protonation states of Ara h 2 at both pH 3.26 and 7.00 while a restrained
minimization of the protein was performed with an OPLS3 force field?2>-2,

2.2.2 Binding Sties at Arah 2

There was no apparent binding pocket located on the Ara h 2 protein'®. To identify
potential binding pockets, two different grid generation methods were conducted: SiteMap and
“Blind Docking”?>?"-%, The SiteMap receptor grid was generated with 15 A in the X, Y and Z
directions centered around the Dscore = 0.954 binding pocket. A “Blind Docking” protocol was
then utilized. “Blind Docking” involves generation of a receptor grid without specifying a
binding pocket. The “Blind Docking” receptor grid was formed by 25 A in the X, Y, and Z

directions centered around the entire Ara h 2 protein®,
2.2.3 Preparation of the Screening Library

A chemical library of 42 polyphenols was derived from literature and previous research
from our collaborator; our chemical library is recapitulated in Table 2.11215183435 These
polyphenols were original tested in the form of blueberry and cranberry juice extracts. The
compounds were processed using LigPrep from the Schrodinger Suite with an OPLS3 force
field?1:26:3¢, Tautomeric states of each compound was generated at pH 3.26 and 7.00 using EPIK,

while retaining their specified chiralities?®3"8,



Table 2.1: List of 42 polyphenols considered in this study and their respective properties.

42 polyphenol compounds Molecular Weight (g/mol) | HBA | HBD | AlogP
Cyanidin-3-Galactoside 449.108 11 8 1.11
Cyanidin-3-Glucoside 449.108 11 8 1.11
Cyanidin-3-Arabinoside 454.812 10 7 1.06
Peonidin-3-Galactoside 463.124 11 7 1.33
Peonidin-3-Arabinoside 468.838 10 6 1.09
Malvidin-3-Glucoside 493.135 12 7 1.32
Malvidin-3-Galactoside 493.135 12 7 1.32
Malvidin-3-Arabinoside 498.864 11 6 0.84
Delphinidin-3-Galactoside 465.103 12 9 0.87
Delphinidin-3-Glucoside 493.135 12 7 1.32
Cyanidin 287.056 6 5 3.04
Malvidin 331.082 7 4 3.25
Quercetin 302.043 7 5 1.63
Myicetin 318.038 8 6 1.39
Quercetin-3-Rutinoside (rutin) 610.153 16 10 -1.16
Quercetin-3-Arabinoside (furanoside) | 434.085 11 7 0.21
Quercetin-3-Arabinoside (pyranoside) | 434.085 11 7 0.21
Quercetin-3-Rhamnoside (quercetrin) | 448.101 11 7 0.59
Quercetin-3-Galactoside (hyperoside) | 464.096 12 8 -0.30
Kaempferol 286.048 6 4 1.87
Quercetin-3-Xyloside 434.085 11 7 0.21
Quercetin-3-Glucoside (isoquercetin) | 464.096 12 8 -0.30
Chlorogenic Acid 354.095 9 6 -0.34
Caffeic Acid 180.042 4 3 1.44
P-coumaric Acid 164.047 3 2 1.69
Ferulic Acid 194.058 4 2 1.67
Benzoic Acid 122.037 2 1 1.46
P-hydroxybenzoic Acid 138.032 3 2 1.22
Tannic Acid 1700.173 - - --
Sinapic Acid 224.069 5 2 1.65
Vanillic Acid 168.042 4 2 1.20
Gallic Acid 170.022 5 4 0.73
Resveratrol 228.079 3 3 3.09
Catechin 290.079 6 5 2.02
Epicatechin 290.079 6 5 2.02
Procyanidin B2 578.142 12 10 3.57
Procyanidin B1 578.142 12 10 3.57
Procyanidin A2 576.127 12 9 3.76
Procyanidin C1 866.506 18 15 5.11
Epigallocatechin 306.074 7 6 1.78
Epigallocatechin Gallate 458.085 11 8 3.10
Epicatechin Gallate 442.09 10 7 3.34




2.2.4 Molecular Docking

After protein and ligand curation, the 42 unique compounds were docked using
Schrodinger’s GLIDE software for both standard precision (SP) and extra precision (XP) scoring
functions; while utilizing SiteMap and “Blind Docking” receptor grids®>?’~2°, Overall, this
represents 168 docking calculations. All docking results were analyzed by the docking and
eModel scores associated with each docking pose?>?"-2%31:32 Tg consider the compound “active”
in the binding site, the docking score is required to be less than or equal to -7 kcal/mol and the
eModel score needs to be less than or equal to -50 kcal/mol. The DS and eM thresholds were
previously discovered through virtual screening protocols of micromolar binders. These
thresholds can vary based on the protein and the scoring function and are considered guidelines

for what is predicted to bind3®4!
2.2.5 Molecular Dynamics and Dimers

The stability of the molecular docking poses were analyzed using Desmond to perform
molecular dynamic simulations (MDS). Each MDS model was built using the molecular docked
pose and was explicitly solvated with water molecules to conduct a 50 ns simulation with TIP3P
solvation model, an OPLS3 force field energy minimization, and an Orthorhombic volume. The
calculation interval ran at 1.0 ps with an integration output of 1.0 fs*245,

An Ara h 2 dimer was generated using a protein-protein interaction software,
InterEvDock?®. InterEvDock calculated 150 dimer combinations using three different criteria’s:
SOAP_PP, FRODOCK, and IES. SOAP_PP is determined by the statistical potentials of protein-
protein docking*’. FRODOCK is Fast Rotational Docking and is determined by different
potentials of van der Waals, electrostatics and desolvation, and InterEvScore (IES) is generated

from multiple sequence alignment docking scores*84°,
2.2.6 Experimental

With collaboration from Dr. Plundrich, a former member of the Lila Lab at NCSU, the
in-silico protein-ligand interactions predicted for Ara h 2 and polyphenol complexes were
experimentally analyzed. Dr. Plundrich utilized spectroscopy methods to analyze binding
potential and immunoblotting to test for hypoallergenic properties in the protein-ligand

complexes.
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Circular dichroism (CD) spectroscopy was performed for the experimental analysis of
proteins on instrument Jasco J-815 spectropolarimeter. This approach used a quartz cuvette with
a path length of 1 mm and implemented a buffer exchange into MilliQ water with PD Mini Trap
G-25 columns. All polyphenol stock solutions were prepared in MilliQ water (1.5 mM) and were
titrated onto the protein solutions to obtain various concentration ratios.

Ultraviolet-visible (UV-Vis) spectroscopy was used to evaluate changes in polyphenol
absorption with a Shimadzu UV-2450 spectrometer in a 10 mm reduced volume quartz cuvette.
The spectra were recorded from 900nm - 200nm at room temperature.

Sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) and
immunoblotting was performed to evaluate protein distribution in protein-ligand complexes and
IgE binding capacity®. Each sample was mixed with sample loading buffer containing [3-

mercaptoethanol and immunoblotting was performed in quadruplets.

2.3 Results and Discussion

2.3.1 Computational Analysis

The protein, Ara h 2, is found in peanut allergens and can cause a range of inflammatory
side effects, including anaphylactic shock. Currently, prevention of peanut allergies is the only
method used to avoid an allergic reaction to peanut-containing foods, with no medical treatment
available for this condition. However, anti-inflammatory agents can combat peanut related
symptoms. Natural forms of anti-inflammatory agents are found in plants in the form of
polyphenols. This study computationally examined the protein-ligand interaction of Ara h 2 and
42 naturally occurring polyphenols that are found in blueberries and cranberries.

We began our structure-based-docking analysis with the examination of the Ara h 2
protein. The structure of Ara h 2 located in the Protein Data Bank (PDB) database, PDB ID:
30B4, contains both the Ara h 2 protein and a maltose binding protein (MBP)*°, Figure 2.1.
Between these two structures, there are 26 alpha helices and 21 beta sheets. The Ara h 2 protein
is naturally found in peanuts and was fused to the MBP to help increase crystallization for
experimental studies and stability'®. The MBP has been linked to reducing the ability of antigen
binding, concluding that the MBP might protect some of the IgE receptors in the current
crystallization®1%%, The MBP was removed to test the natural peanut allergen, resulting in a 176
amino acid chain that contains five alpha helices and several protein loops (Figure 2.2). Once
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separated the Ara h 2 protein was fully prepped as stated in the “Methods” section to ensure

proper protonation and accurate chemical structures.

Arah2
Maltose Binding Protein
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Figure 2.1: The protein structure of Ara h 2 bound to the Maltose Binding Protein.
Obtained from the PDB database, PDB ID: 30B4.

Figure 2.2: The refined structure of Ara h 2 after the removal of the Maltose Binding
Protein. The a-helices are labeled in consideration to the published literature®®,
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The chemical library considered for this study included a series of naturally occurring
polyphenols that could potentially bind to Ara h 2 and block one of the IgE receptors to inhibit
allergens. For the computational chemical library curation, we analyzed research previously
performed by our collaborator on different polyphenols contained in blueberries and cranberries.
The polyphenols were originally tested in juices and extracts and showed the potential to reduce
allergic responses. These samples contained a combination of 42 different polyphenols ranging
in molecular weight from 100 g/mol to over 1,500 g/mol, Table 2.1>1618 Each polyphenol was
prepared using Schrodinger’s LigPrep software as stated in the “Methods” section. This process
is used to provide different tautomeric states of inhibitors to demonstrate all potential protein-
ligand interactions.

When obtained the Ara h 2 protein does not noticeably contain a binding pocket (i.e.
there is native ligand with crystal structure PDB ID: 30B4). This observation led to the
implication of two different grid generations. First, we utilized the SiteMap (Figure 2.3)
program which calculates possible binding sites based on several physical characteristics (e.g.,

exposure to solvent, volume, and hydrophobic and hydrophilic spaces)®-32. Using these physical

Figure 2.3: The refined Ara h 2 protein (left) with the predicted binding pocket
determined with the use of SiteMap (right). SiteMap identifies hydrophobic areas (blue),
hydrogen bond donor and acceptor positions (red) and metal site functionalities (yellow)

with the help of density grid (white beads).
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characteristics, a Druggability Score (Dscore) can be calculated. A Dscore greater than 0.83
indicates a ligand is likely to bind in a binding pocket®®3!, By using the default parameters for
SiteMap (5 A buffer region, a minimum of 15 site points, restrictive hydrophobicity, and a fine
grid), several possible binding pockets were discovered for Ara h 22°27-32, The position with the
highest Dscore of 0.954 (volume = 381.5 A%) was used to create the receptor gird for the ligand
docking. The SiteMap for Ara h 2 can be seen in Figure 2.3, which demonstrates the different
reactive sites, displayed as either blue, red, or yellow sections, depending on their physical
characteristics. These colored regions represent the hydrophobic areas, hydrogen bond donor
and acceptor positions and possible metal site functionalities, respectively.

Secondly, we used “Blind Docking” which is where a receptor grid is generated without
specifying a binding pocket. With this type of docking the entire protein is used to calculate the
optimal positioning of the ligand and can only be used on small proteins because the max grid
generated is 40 A in the X, Y and Z directions. The “Blind Docking” receptor grid analyzed the
entire Ara h 2 protein to determine the optimal docking position, Figure 2.4. This receptor grid
allowed any of the polyphenols to be docked on the entire protein. When examining the
positioning of the compounds, it appears that the optimal docking location determined by both
SiteMap and “Blind Docking” was towards the middle of the protein (e.g. between two a-

helices).
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Figure 2.4: “Blind Docking” grid generation utilized as 25 A box in the X, Y, and Z
directions indicated by the purple box, located about Ara h 2 (green).
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All 42 polyphenols were docked at pH 3.26 and 7.00 for both grids generated by SiteMap
and “Blind Docking” with SP and XP scoring functions. “Active” compounds must meet
threshold limits of -7 kcal/mol docking scores and -50 kcal/mol glide eModel scores. The
docking score (DS) is composed of Glide Scores and represents the ligands binding affinity in
the pocket; the eModel score (eM) helps represent the likelihood of the ligand conformation?2"-
293132 \When the results for the Ara h 2 docking were analyzed it was determined that the DS and
eM scores for both grid methods were close to identical. Upon analysis of the polyphenols
docked, at different pH on the same receptor grid, it was determined that pH does not seem to
have a significant impact on the binding affinities, SI Table 2.1, resulting in averaged docking
scores. The significance in docking scores was determined based on a two-tailed T test and failed
to reject the null hypothesis with the mean average of zero. The results of the compounds from
both SiteMap and “Blind Docking” were also averaged due to the same binding site and close
binding mode results for each method, shown in SI Table 2.2.

Docking results for all 42 compounds are given in SI Table 2.3. Out of the 42
compounds, 13 compounds received an average docking score lower than the -7 kcal/mol
threshold. However, only 12 compounds were considered to be likely binders. Tannic acid has an
above threshold eM score (> -50 kcal/mol), disqualifying it from the list of possible compounds.

The most ideal docking was of delphinidin-3-glucoside (Figure 2.5) which received a docking

Figure 2.5: Through the use of SiteMap the most ideal docking score for the polyphenols
was discovered, delphinidin-3-glucoside DS: -8.70 kcal/mol. The ligand is shown to
demonstrate five potential hydrogen bonds with Ara h 2 (right).
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score of -8.70 kcal/mol when docked with SiteMap at a pH of 7.00. In Figure 2.5, the
interactions between the protein (Ara h 2) and the ligand (delphinidin-3-glucoside) are
demonstrated to have non-covalent interactions by showing the functional groups hydrogen
bound to interacting amino acids. The compound that has the lowest DS and eM score overall is
delphinidin-3-glucoside, with an average DS of -8.30 kcal/mol and eM score of -68.90 kcal/mol.
To narrow down the results and determine the top binders, the compounds with the lowest
docking scores were selected to be the top ten compounds for molecular dynamic simulations
(MD), Table 2.2.

Table 2.2: The top 10 compounds that were determined for experimental testing. Four

compounds were selected for further testing based on their availability in blueberries and
cranberries.

The Top 10 Polyphenols for Experimental Testing
Compound Name Docking Score
Delphinidin-3-Glucoside -8.7 kcal/mol
Delphinidin-3-Galactoside -8.0 kcal/mol
Cyanidin -7.8 kcal/mol
Quercetin-3-Rhamnoside -7.7 kcal/mol
Cyanidin-3-Glucoside -7.5 kcal/mol
Procyanidin C1 -7.4 kcal/mol
Quercetin-3-Rutinoside (rutin) -7.4 kcal/mol
Quercetin-3-Arabinoside (pyranoside) -7.3 kcal/mol
Chlorogenic Acid -7.2 kcal/mol
Cyanidin-3-Arabinoside -7.2 kcal/mol

Through the approach of MD simulations protein-ligand interactions can be confirmed
with the addition of solvent to determine any displacement of ligands (Figure 2.6). When the
MD results were analyzed, all of the top ten compounds appeared to remain in the binding
pocket. Further examination was explored with the development of dimer proteins. The structure
of Ara h 2 is relatively small (176 amino acids in length) and structural information is not quite
known so it is undetermined if the Ara h 2 protein will remain a monomer in solution or will it
form dimer complexes through protein-protein interactions. To test this theory Ara h 2 dimers
were generated using a protein-protein interaction software, InterEvDock, which results in a
larger binding pocket that could cause more variability in ligand DS and the potential increase in
docking scores could help identify stronger binders*’ .
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Figure 2.6: The molecular dynamic simulations were performed with the original protein
and ligand docking pose. A solvent grid was added to account for any ligand
displacement, indicated by the purple box and water molecules.

Through the use of InterEvDock software a total of 150 dimers (50 dimers from each
protocol mentioned in the “Methods” section) was generated. Once the dimers were obtained
each of the top ten compounds, listed in Table 2.2, were docked. Ten different dimer positions
were obtained from the 150 dimers calculated. These ten dimers were the likeliest conformations
to form based off of InterEvDock’s scoring system. The top ten compounds from the previous
docking and MD simulations were docked to determine if protein-ligand interactions increased.
Each of the docking scores for the compounds slightly improved when docked in the binding
pocket of the dimer, resulting in no changes in the overall order. A representation of the dimers
is shown in Figure 2.7, with the two Ara h 2 chains colored green and teal and the respective
ligand (PAC C1) colored purple.

The results from the monomer and dimer docking were then analyzed to determine the
top five compounds to be tested. These compounds were selected based off different protein-

ligand interactions and their frequency of occurrence in blueberries and/or cranberries.
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Figure 2.7: InterEvDock software developed dimer representations of Ara h 2 (left), as
green and teal chains, for the docking of polyphenols. When docked procyanidin C1
(purple) was shown to have increase interactions between both Ara h 2 chains. DS = -8.40
kcal/mol at pH 7.00 on dimer FRODOCKS3.

The top five compounds to be tested are delphinidin-3-glucoside, chlorogenic acid,
procyanidin C1, cyanidin-3-glucoside, and quercetin-3-arabinoside. To further check the binding
results, a lower/non-binder was recommended for experimental analysis. This compound was
benzoic acid, which had an average DS of -4.6 kcal/mol and eM score of -20.3 kcal/mol. Benzoic
acid’s DS and eM are well above the “active” thresholds and is expected to be a low or non-

binder.
2.3.2 Experimental Analysis

Five out of the six in-silico compounds were experimentally evaluated at neutral pH (pH
of 7.00). Quercetin-3-arabinoside was not tested. Dr. Plundrich performed all experimental
analysis of the Ara h 2 and polyphenol complexes.

CD spectroscopy was utilized to help identify any influence and interaction of
polyphenols binding to the secondary structure of Ara h 2. The findings (Figure 2.8)
demonstrate potential differences in purified Ara h 2 and polyphenol bound Ara h 2 through the
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analysis of three artifacts, two minimum and one maximum shifts, located at roughly 208nm,
222nm and 190nm respectively. Each of these spectra “peaks” are identified in a-helical
containing proteins, which is confirmed by previous observations®. Through analysis of the CD
spectra it was determined that in the native, un-bound, Ara h 2 protein there is an a-helical
percent of 33 £ 2 %.

Experimental results from titration and CD analysis of the five polyphenol-Ara h 2
complexes provide evidence that procyanidin C1 (PAC C1) and chlorogenic acid produce a
secondary structural change. Results indicate that PAC C1-Ara h 2 lead to in an increase of 6%
in a-helical concentration, whereas chlorogenic acid produced a 3% decrease. An increase in a-
helical content suggests intensified protein skeletons, while decreases in a-helical content
indicate potential skeletal weakening. Though the other three polyphenol-protein complexes did
not show any changes in CD spectra there is no indication that interactions did not occur; rather,
these results simply suggest the interactions are not secondary structural changes. The

spectroscopy data for PAC C1, chlorogenic acid and benzoic acid is shown in Figure 2.8.
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Figure 2.8: (A-C) demonstrate the circular dichroism spectra produced by Ara h 2 and the
polyphenol complexes. (A) Spectra of Ara h 2-procyanidin C1 interactions; (B) Spectra of
Ara h 2-chloro genic acid interactions; (C) spectra of Ara h 2-benzoic acid interactions.
(D-F) show the UV-Vis analysis of the titrated polyphenols. (D) Absorbance of
procyanidin C1 and Ara h 2; (E) absorbance of chlorogenic acid and Ara h 2; (F)
absorbance of benzoic acid and Ara h 2.
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A confirmation of secondary structural chances was conducted through the use of UV-
Vis spectroscopy. The resulting spectra for each polyphenol-protein complex were analyzed for
shifts in the maximum peak (~324nm). Results showed both PAC C1 and chlorogenic acid had
small shifts in wavelengths. PAC C1-Ara h 2 produced a small increase in absorption intensity
where chlorogenic acid-Ara h 2 had a slight decrease in intensity, when compared to the control
Ara h 2 protein. Interestingly, the benzoic acid-Ara h 2 complex produced a maximum shift at
approximately at 227nm indicating possible secondary interactions. UV-Vis spectroscopy data
can be viewed in Figure 2.8.

SDS-PAGE was employed to identify protein interactions and abundance using weight
distributions. This process is performed through the protein movement in the presence of an
electrical field. On the gel electrophoresis for each polyphenol-Ara h 2 complex, a doublet band
was observed at approximately 20 kDa, which is almost identical to the control Ara h 2. This
finding may suggest that none of the proteins form tertiary structures through aggregation
(Figure 2.9). While the findings of this study elucidate whether Ara h 2 reacts as a monomer or a
dimer when binding, they neither confirm nor deny the binding of polyphenols to Arah 2. To
evaluate the binding capacity of each complex, immunoblotting was performed by SDS-PAGE
transferal to a polyvinylidene difluoride (PVVDF) membrane for the testing of IgE binding
epitopes. When compared to the pure Ara h 2 IgE binding, the polyphenol-protein complexes
showed potential reduction in IgE epitope interactions. PAC C1, chlorogenic acid and benzoic
acid resulted in decreased IgE binding showing that even after the application of reducing agents
and heat, through the SDS-PAGE, that protein-ligand interactions are possibly still present.

Figure 2.9: SDS-PAGE analysis of Ara h 2 with titrated amounts of polyphenols.
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A surprising experimental result is the potential binding of benzoic acid to Ara h 2 since
in-silico calculations predicted it as a low or non-binder. Both the UV-Vis analysis and
immunoblotting show some interactions with the titrated benzoic acid sample but the CD spectra
does not indicate any secondary a-helical changes. With this in mind an additional molecular
docking was performed to help understand all interactions, benzoic acid could possibly have with
Ara h 2. Through docking procedure demonstrated that benzoic acid has the capability to bind to
14 different binding sites with various H-bond, Pi-Pi stacking and salt bridge interactions
(Figure 2.10). There is potential for multiple benzoic acids binding to one Ara h 2 protein, which

could explain positive experimental results.

Figure 2.10: Further molecular docking of benzoic acid revealed 14 possible binding
positions on Ara h 2.

2.4 Conclusion

Herein, forty-two naturally occurring polyphenols, found in blueberries and cranberries,
were examined with structure-based molecular docking and were experimentally evaluated to
determine likely protein-ligand interactions to Ara h 2. Computationally, the binding sites of Ara
h 2 were determined with the use of SiteMap and “Blind Docking” protocols. All polyphenols
were docked with Glide’s SP and XP scoring functions to calculate the likelihood of binding.
From this approach, it was determined that both docking grids are comparable and help identify

the appropriate binding pocket. Through the additional use of MD simulations and molecular
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docking of protein dimers; the top ten polyphenols were identified and recommend for further

experimental evaluation.

Collaboration with the Lila group allowed us to experimentally evaluate the interactions

of polyphenol-protein interactions. Four likely binders and one predicted non-binder were tested

with spectroscopy (circular dichroism and UV-Vis) and immunoblotting (SDS-PAGE and
Western blotting) methods to detect Ara h 2 binding potential, induced protein secondary
structural changes, and the capability of IgE epitope inhibition. These experimental procedures
demonstrated that three of the five polyphenols, procyanidin C1, chlorogenic acid, and benzoic
acid have binding potential to Ara h 2 and have the capability of inhibiting peanut allergens

through blocking IgE binding epitopes.
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CHAPTER 3: DESIGNING CDK2 INHIBITORS USING THE NEW MOLECULAR
CHIMERA APPROACH

Chapter 3 Summary

Cyclin dependent kinase (CDK) have been linked to be a main contributor of cancer, due
to their large involvement in the cell cycle. There is a growing compendium of CDK inhibitors
available in the public domain, especially for CDK2. However, more potent and selective CDK2
inhibitors are needed. Herein, we analyzed and modeled a set of >300 CDK2 inhibitors, for
which crystal structures and experimental CDK2 inhibition potency are accessible. We also
utilized the molecular chimera approach to generate new CDK2 inhibitors based on structural
fusion of known potent ones. The most interesting compounds were selected based on their
expected binding affinity predicted using 3D molecular docking and their expected inhibition

potency predicted using QSAR models.

Keywords: Molecular Docking, Virtual Screening, Molecular chimera, CDK2, Cancer, Python
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3.1 Introduction

Worldwide, one of the leading causes of death is cancer; with fatality rates slowly
approaching that of cardiovascular disease®>*2. Cancer is caused by the overproduction of cells
that leads to the development of tumor masses. The dysregulation of cells can lead to devastating
effects on the entire body, as the prolific cancer cells have a decreased rate in normal cell
death®53, In the United States alone, close to two-million new cases of cancer are projected to be
diagnosed in 2018, resulting in over 600,000 deaths by the year’s end®*. A few of the most
common types of cancer are breast, lung, prostate, colon, and skin cancer®>>*. Nearly 40% of the
population is predicted to suffer from some form of cancer in their lifetime, with a majority of
those diagnosed being male®. In 2016, there were an estimated 15.5 million cancer survivors in
the U.S., with a predicted 4.8 million increase in survivors in the next 10 years>.

Over the past 50 years, several forms of cancer treatments have been discovered,
including surgery, chemotherapy and radiation therapy. Advancements have been made in each
of these treatments; however, this has primarily been the result of trial and error. Currently, the
gold standard treatment for cancer is chemotherapy but unfortunately chemotherapy has been
linked to apoptosis of healthy cells in addition to cancerous cell®. Due to negative side effects
targeted inhibition through small molecules was developed®* 22,

A large portion of cell activity is regulated by cyclin dependent kinase (CDK), also
referred to as cell division kinase, whose dysregulation has been implicated in the development
of several different types of cancer®®%%°, CDKs are serine/threonine-based enzymes that are
typically proline directed and are inactive in the monomeric form®-6°, CDKs are dependent on
interaction with cyclin components to become active heterodimeric complexes. Over twenty
CDK complexes have been discovered, however, fewer than ten have been directly linked to cell
cycle involvement®®-%5, CDK/cyclin complexes are responsible for cell growth and division along
with the phosphorylation of DNA and with the regulation of dephosphorylated ATP. One of the
most important groups to become phosphorylated is the retinoblastoma gene (Rb), which is a
tumor suppressor. The Rb protein, when disabled, has been linked to the hyperproliferation of
cancer cells®0-6°,

Previous studies have demonstrated that CDKs and CDK/cyclin complexes play an
important role in the success of cell production throughout the entirety of the cell cycle. CDKs
are divided into two categories: those that are involved in the regulation of the cell cycle (CDK1,
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CDK2, CDK3, CDK4 and CDKG®), and those that are used in transcription®*°"%-"2_In particular,
the deregulation of CDK2 has been linked to very aggressive brain tumors (e.g., glioblastoma),
ovarian cancer, colorectal cancer and skin cancers. CDK2 is directly responsible for regulating
the cell cycle through its activity in the G1-S transition, as well as centrosome duplication and
DNA synthesis®*%, This regulation allows for CDK2 to bind to cyclin E, which facilitates
phosphorylation of retinoblastoma tumor suppressor proteins. Overall, these factors make CDK2
a prime target for cancer therapy®-7073-7,

Small molecule CDK inhibitors (CKIs) have previously been utilized to competitively
inhibit CDK protein phosphorylation. CKls are mainly comprised of purine derivatives,
butyrolactones, flavopiridols, staurosporines, and paullones®3°5636768.71.76-79 ‘Roscovitine
(Figure 3.1), a purine derivative that targets CDK 1, 2, 5, and 7, was utilized in clinical trials for
patients with solid tumors’"8-84 Unfortunately, it showed weak activity, with potency ranging
from 0.16 — 100 uM for the different CDK isozymes. Meanwhile, roscovitine showed promise
regarding the reduction of tumor mass and stabilization of neurodegenerative diseases. This led
to the creation of other purine analogues with different levels of CDK selectivity’” 884 The first
CKI to reach clinical trials was a flavopiridol, named alvocidib, which afforded beneficial results
when used as a single agent or when combined with chemotherapeutic drugs, depending on the
cancer type that was being targeted. Alvocidib (Figure 3.1) has a range 1Cso from 0.04 — 0.4 uM
for CDK1, CDK2, CDK4 and CDK?7, but also exhibits an I1Cso of 8 nM for CDK9. Alvocidib is
currently in phase 2 of clinical trials for the treatment of acute myeloid leukemia®®8.83, Research
showed that alvocidib in combination with venetoclax helped improve patient outcomes®.
Moreover, purvalanol A (Figure 3.1), a very potent inhibitor, has demonstrated to be useful
only for CDK2 (ICso = 4-70 nM) and CDKS5 (ICso = 75 nM)'78L, To date, the most potent CDK2
inhibitor is dinaciclib, with an 1Cso of 1 nM. Dinaciclib (Figure 3.1) is currently going through
clinical trials to determine other potent inhibitions®-2¢87_ |t is clear that these inhibitors have
complex polypharmacology at the cost of mild-to-severe drug-induced side effects®®77:80-83.85-87
Therefore, we are in need of are new small molecule inhibitors with improved potent and

selectivity towards CDK2.
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Figure 3.1: Chemical structures from left to right: Alvocidib, Roscovitine, Purvalanol A
and Dinaciclib.

Previous cheminformatics studies of CDK2 inhibitors include the creation of
pharmacophores and various homology models for structure-based virtual screening®®-°2,
Molecular docking allowed Tripathi et al. to examine the non-covalent interactions of 27 known
inhibitors bound to one CDK2 protein (PDB 1D: 1URW)**3, They concluded that there are
several key sites of interest for the design of CDK?2 inhibitors that includes the hinge region and
polar interaction site®®®3, Canduri et al. have demonstrated through homology studies that the
CDK?2 proteins contain two main lobes, a small lobe used for ATP binding and a large lobe for
peptide binding and catalysis®. A substructure known as the molecular fork has been identified
in the ATP binding lobe and has been linked to providing three potential hydrogen bonds which
are ideal for CKI binding®..

Herein, we developed the concept of molecular chimera to generate new small molecule
candidates as potential CDK2 kinase inhibitors. This novel concept is based on the intimate
fusion of two different molecular objects. In this proof-of-concept study, a workflow was
developed to generate series of molecular chimera compounds by structurally fusing known
CDK2 inhibitors and generating new analogues with increased complexity. Docking of the
newly generated molecular chimera compounds in the CDK2 binding site led to the
identification of a subset of molecules having similar binding modes to known binders but
affording better docking scores. Those potential candidates are prioritized for chemical synthesis
and experimental testing. This study is thus an attempt to develop a new method for generating
and identifying potential CDK2 inhibitors.
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3.2 Materials and Methods

3.2.1 Dataset Compilation and Preparation

The initial dataset of inhibitors was obtained from the Protein Data Bank database (PDB)
and was filtered through an advanced search for two queries 1) structure title containing a kinase
and 2) has ligands. This inquiry of data resulted in 6,486 unique kinase with a total of 3,390
different ligands from 1,256 protein structures®. To compile all known inhibitors of CDK2 the
generic dataset obtained from the PDB was narrowed down to meet the criteria of
macromolecule name 1) cyclin dependent kinase 2, 2) CDK2, or 3) cell division protein kinase 2.
At the time of this study, the Protein Data Bank database contained 355 known CDK2 crystal
structures with 316 unique ligands. To thoroughly investigate the features and similarities of the
CDK?2 inhibitors, the curated dataset of 316 ligands, was clustered using a hierarchical clustering
algorithm constructed of 166 two-dimensional molecular descriptors and computed using the

KNIME workflow software®.
3.2.2 Binding Site

With each inhibitor obtained from different crystal structures there is not one binding
pocket, but instead, a few hundred. To narrow down and compare each of the inhibitors it was
decided that one protein with the smallest resolution, in angstroms (A), would be used to “self”
dock the original ligands. The smallest resolution value is known as a high-resolution structure
with highly ordered atoms, for the case of CDK2 the crystal structure PDB ID: 4EK4 (resolution
=1.26 A) was selected® . Protein 4EK4 was prepped using Schrodinger Suite’s Protein
Preparation Wizard, where missing side chains and loops were generated using PRIME, all
tautomeric states were generated for pH 7.0 + 2.0 with EPIK, and the protein’s overall energy
was minimized with an OPLS3 force field?°-26:373897 The position of the binding pocket for
4EK4 was identified by the original placement of the native ligand, three letter ID: 1CK. To
acquire the appropriate docking position a GLIDE Receptor Grid was developed, centered
around the ligand 1CK, extending 15 A in the X, Y and Z directions?’2%7:%,
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3.2.3 Concept of Molecular Chimera

Molecular chimera was designed based on the structural fusion of two known inhibitors,
A and B, to potentially develop a more potent and more selective inhibitor C, Figure 3.2. This
concept was implemented through a combination of KNIME workflows and Python scripts that
utilized the Pandas package®*°. The KNIME workflow was designed to identify key scaffolds
(e.g. benzene rings) then label and remove each attached R-group. The Python script generates
the new inhibitors from the output of the KNIME workflow. Each R-group from two inhibitors
are simultaneously incorporated into the Simplified Molecular Input Line Entry System
(SMILES) string of the original key scaffold. Due to unpredicted favoritism or priority of the R-
groups the Python script took into consideration substitute groups located in the same R position
of each inhibitor. In other words, this means that the script generates two almost identical
SMILES strings with one substitute group difference among them, the first favoring inhibitor A
and the second favoring inhibitor B. Lastly, due to the potential of offset structural fusion full
rotation of all R-groups were considered and all ortho, meta and para fusion positions were
generated.

Inhibitor A (BLZ) " Inhibitor B (E2V)

\ QU M CLCs
-’ New Inhibitor C =
(Molecular Chimera)

Figure 3.2: Concept of molecular chimera based on the fusion of two known CDK2
inhibitors (A- BLZ plCs0=5.8; B- EZV plCs0=6.0) to generate a new molecule C.
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3.2.4 Preparation of the Screening Library

The chemical library considered for this study was the generated set of chimera C
inhibitors built using the KNIME workflow and Python script described above®®. Due to many
compounds curated for each inhibitor C a python script was developed which resulted in unique
inhibitors. Before preparation of the new compounds, all inhibitors were narrowed down with the
use of Lipinski’s Rule of 5 to help in druglike prediction’®®. Any compounds that failed more
than one of Lipinski’s Rule of 5 were eliminated from further processing. All compounds that
passed with failing one or less of Lipinski’s rules were processed using LigPrep from the
Schradinger Suite with an OPLS3 force field?53%%7, Tautomeric states of each compound were
generated to a biological relevant pH (pH 7.0 + 2.0) using EPIK, while retaining their specified

chiralities?37:3,
3.2.5 Molecular Docking

After protein and ligand curation, the generated inhibitors were docked using
Schréodinger’s GLIDE software with three forms of scoring functions, high throughput virtual
screening (HTVS), standard precision (SP), and extra precision (XP)?"-2°%, The GLIDE software
utilized the 4EK4 receptor grid previously generated, centered about the native 1CK ligand.
Overall this represents 3,542,523 docking calculations. All docking results were analyzed by the
docking and eModel scores associated with each docking pose and scoring function. Compounds
were determined to be “active” if the empirical thresholds were met of Docking Score (DS) < -7
kcal/mol and eModel Score (eM) < -50 kcal/mol. Docking scores are composed of multiple
Glide Scores and represent the binding affinity of each ligand; the eModel scores are predicted
values that represent plausibility of the ligand conformation®®*. The DS and eM thresholds were
determined through previous research of virtual screening protocols and are only used as

guidelines for potential “active” compounds*.
3.2.6 Analysis of Molecular Chimera Inhibitors

All molecular XP docking scores were subjected to appropriate filtration in order to
resemble properties of inhibitors that matched pharmaceutical industry standards of a minimum
oral bioavailability of 20%. The molecular chimera compounds were narrowed down by

Lipinski’s Rules of 5, 10 or fewer non-terminal rotatable bonds, hydrogen bond acceptors and
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donors adding up to 12 or fewer, and lastly topological polar surface areas less than or equal to
140 A3100-104 ‘Increased bioavailability has also been linked to compounds with high saturation
levels and high amounts of stereocenters®. Molecular chimera inhibitors that fit these criteria
were highly considered. Lastly, due to a considerable amount of molecular chimera inhibitors
remaining “active” and > 20% oral bioavailability a machine learning technique was developed

to identify potential inhibition potency (plCso).
3.2.7 Multiple Protein Inhibition Conformation

Overall, the top compounds produced from the molecular chimera approach, underwent
further examination with the docking of compounds to their respective native proteins (e.g.
ligand 1QKX75 native ligands are 1QK and X75) %. The proteins were selected based off the
two native ligands that each molecular compound is comprised of. Each of the crystal structures
were prepared with Schrodinger Suite’s Protein Preparation Wizard, where missing side chains
and loops were generated using PRIME, all tautomeric states were generated for pH 7.0 £ 2.0
with EPIK, and the protein’s overall energy was minimized with an OPLS3 force field?%-
26:37.3897 The binding pocket for each of the proteins were identified by the placement of the
native ligand. A Glide Receptor Gird was generated centered about the native ligand and extend
15 A'in the X, Y, and Z directions?’ 2%,

The top selected molecular chimera compounds underwent LigPrep and EPIK with a
biological pH of 7.0 + 2.0, as before, and were docked with HTVS, SP, and XP scoring

fu ncti0n525,27729,36—38,98

3.3 Results and Discussion
3.3.1 Data Curation

This study was conducted using 316 experimental CDK2 ligands available from the PDB
database®. These compounds were first investigated using a hierarchical clustering algorithm to
develop the circular dendrogram as described above in the “Methods” section. The circular
dendrogram (Figure 3.3) revealed interesting clusters of compounds with three master leaves.
The molecular weights of these molecules range from 46 (formic acid) to 511 ({(2-Bromo-4-
methylphenyl)[6-({4-[(2S)-3-(dimethylamino)-2-hydroxypropoxy]phenyl}amino)-4-
pyrimidinylJamino}acetonitrile) g/mol with 305 of the 316 molecules containing at least one ring

structure®*. One particularly interesting aspect of these inhibitors is the lack of known inhibition
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potencies (either provide by the PDB or available in ChEMBL)®*1%, Only about two-thirds (213

of 316) have reported potencies including many with two or fewer reported experimental ICso

values. Many of the 316 compounds break zero of Lipinski’s Rule of Five however, 16 ligands

do violate a minimum of one rule.

263
[
. X6

? e
‘ °CA-\;\\&}\§
R
=113
o
RYUY,
LIA
35
il
‘ng
FH
v
N
Wl
g
S0

Figure 3.3: Circular dendrogram representing the clustering of all 316 CDK2 binders with
their associated plCso inhibition potency values. Unknown values are given in gray.

Of the 213 native ligands there are 132 compounds with high potencies (pIC50 > 6) and

81 compounds with low potencies (pIC50 < 6). The distribution of the native plCso values,

Figure 3.4, seems to have a large variance. Between the clustering of the ligands and their

respective plICso there is yet to be a determination of what aspect of CDK2 inhibitors contribute

to compound potencies.
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Figure 3.4: The distribution of known pICs values retrieved from ChEMBL and PDB

databases.

In this computational study, docking scores were calculated on one crystal structure PDB
ID: 4EK4, as described above, to determine any similarities between known inhibitors®. The 316

experimental ligands were “self” docked using the HTVS, SP, and XP scoring functions, the XP
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Figure 3.5: “Self” docking results of 316 native CDK2 ligands on protein 4EK4 (left).
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Ligand 1QK, Dinaciclib, is predicted to be the most potent CDK2 inhibitor and received
one of the highest docking scores. (Note: 1QK is not the native ligand of protein 4EK4).




docking results can be seen in Figure 3.527-2°97%8_Ultimately, there is no direct correlation
between inhibition potencies and binding affinities so for proper comparison of inhibitors only
the binding affinities were considered. Of the 316 original CDK2 inhibitors, only 95 compounds
afforded docking scores below -7 kcal/mol and eModel scores below -50 kcal/mol. The potencies
of the “active” compounds included 46 compounds with plCso > 6.031, By analyzing the
binding affinities, those that do obtain a high potency (pICso > 6.0) do have “active” docking
scores. The most potent native ligand, Dinaciclib with a pICsp of 8.70, was calculated to have
close to the lowest docking score, -10.11 kcal/mol (Figure 3.5). As stated there is no direct
correlation between binding affinities and inhibition potencies however, these results do indicate
that the docking protocol is able to separate many of the experimentally-confirmed actives from
inactives.

Through further analysis of the clustered ligands and their respective docking scores,
there are observed potential activity cliffs. Activity cliffs are defined by compounds that have
similar structural properties but have a change in potency®®!%", The actual change in potency
that determines an activity cliff is undecided but is typically considered as a 100-fold difference
in ICso, 1 nM to 100 nM (pICso 9 down to 7).1%197 Many of the native CDK2 inhibitors have a
wide variety of potencies (pICso), figure 3.4. By analyzing structure activity relationship (SAR)
models and the docking scores of the inhibitors there is an observed correlation when
considering the three leaves of the circle dendrogram®1%’, One leaf that was considered
contains ligands 1QK (Dinaciclib), 173, 174 NS9, and PDY, figure 3.6. Each of these ligands are
clustered based on their structural properties with potencies (pICso) of 8.70, N/A, N/A, 8.52 and
4.64 respectively, and docking scores -10.1, -7.9, -8.5, -10.8 and -7.7 kcal/mol respectively. Each
of these structures have a common scaffold of Pyrazolo[1,5-A] pyrimidine and varying size
substituent groups located at the second and fourth positions. When analyzing these five ligands
two have unknown potencies, so a potential activity cliff comparison could be linked to their
docking scores. The difference between ligands 1QK and 173 are minor, however the 2 kcal/mol
difference in docking scores can be contributed to the extra hydrogen bond generated by the
hydroxyl group at the end of an ethane chain instead of directly attached to a ring structure.
Ligands 173 and 174 are almost completely identical except for the R or S stereocenter of one
substituent group. This small change results in the addition of two hydrogen bonds contributing

to almost 0.5 kcal/mol difference. Following traditional activity cliff guidelines and analyzing
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the drop in potency there is more than a 100 fold difference resulting in pICso 8.70 and 4.64 for
ligands 1QK and PDY respectively. By examining the binding modes of these ligands in the
4EK4 binding site there is evidence that the length in substituent groups can result in significant
reduction in potency, producing an additional hydrogen bond and salt bridge interaction for
ligand 1QK. The activity of ligands 1QK and PDY can also be compared with a 2 kcal/mol
difference in docking scores. Based on observations from ligands 1QK and NSO it seems that
substituent groups that contain ring structures are limited in the amount of hydrogens bonds that
can be formed, resulting in a 0.6 kcal/mol docking score variation and the formation of 4
additional hydrogen bonds on ligand NS9. The decrease in potency could be contributed to the
different native proteins. Slight structural variations found in each of these ligands could explain
the significant activity cliffs among the clustered ligands as well as the sections of unknown

potencies.
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Figure 3.6: Demonstrates the binding affinities and potencies for five clustered CDK2
ligands.
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3.3.2 Molecular Chimera

After the initial investigation, the common scaffolds of the 316 ligands were identified

with the KNIME workflow, Figure 3.7%. There are several key elements to the KNIME

workflow, the first is identifying the common key scaffolds. Each of the original ligands were

imported as structure data files (SDF) and fully prepped to ensure that all hydrogens were added,

and all structures had correct bond representation (Figure 3.7, Box 1)!%. The second section,

focuses on separating the key ring scaffolds from surrounding substituent groups (Figure 3.7,

Box 2)1%. To reconstruct the new inhibitors, it is important to know where each original

substituent is positioned to identify which R-groups will compete for binding interactions. To
insure proper alignment each substituent was identified and labeled as [R#*], with each pound

sign (#) varying based on original location. To reinsert the substituent group onto the identified

key ring structure [R#*] needed to be removed from the substituent sequence, this was

performed with cell splitters in the third section of the workflow (Figure 3.7, Box 3).
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Figure 3.7: KNIME workflow for the creation of molecular chimera for CDK2 inhibitors.
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The fourth section of the workflow is the most important step, the merging of compounds
through molecular chimera (Figure 3.7, Box 4). In order to build new inhibitors a python script
was written to take substituent groups from compound A and merge them with substituents from
compound B around the common ring scaffold®®. However, when the compounds merge there is
no certainty to which R substituent group will bind. This means that [R1*] from compound A
can compete against [R1*] from compound B for binding on the ring scaffold. Thus, every
possible combination of R substituent must be accounted for. Since this code is scaffold
dependent a minimum of 162 and a maximum of 508,000 C inhibitors were generated for
scaffolds ranging in size from cyclopropane to naphthalene respectively.

The KNIME workflow resulted in the identification of 63 ring scaffolds that were used to
separate the inhibitors and utilized as a base for the SMILES string in the Python script. Once all
63 scaffolds were processed through the Python script the curated dataset resulted in 4,259,339
new unique inhibitors, a breakdown of the dataset is shown in SI Table 3.1. All scaffolds that
housed only one original inhibitor were processed with all R-groups from the same size scaffold
(e.g. the scaffold clnncnl utilized all five membered rings to develop new compounds) to
generate molecular chimera inhibitors. To identify the components that helped generate the new
inhibitors each compound was given a unique name structure composed of the three letter ID for
inhibitor A, inhibitor B, a number, and lastly the SMILES of the common scaffold (e.g.
MTW1RO0.147clnncnl). Each inhibitor went through the “RDKit add hydrogen node” in the
KNIME workflow for full and proper protonation®. Due to the large amount of ligands and the
potential for thousands to have poor druggability, the molecular chimera inhibitors were
narrowed down based off Lipinski’s rules as stated in the “Methods” section'®, The resulting
dataset contained 1,555,708 compounds before preparation with Schrodinger’s LigPrep and
EPIK software. Proper biologically relevant pH (pH 7.0 £ 2.0) and tautomeric states from
LigPrep and EPIK software delivered 2,782,115 initial poses for molecular docking?®6-3897,
Again, molecular docking was performed on a single protein crystal structure, PDB ID: 4EK4, to
allow for inhibitor comparison between the 316 original inhibitors and the potential molecular
chimera inhibitors®. The 2,782,115 curated ligands that reflect the biologically relevant pH and
tautomeric states were all docked with HTVS scoring function. Any ligands that received an
“active” DS < -7 kcal/mol and eM < -50 kcal/mol further preceded to the next scoring function
(SP and XP respectively)?/-29-39-41.98
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3.3.3 Analysis of “Predicted-to-be-Active” Inhibitors

There are 31,089 potential CDK2 inhibitors developed by the molecular chimera
approach and predicted to be “active” by molecular docking thresholds (DS < -7 kcal/mol and
eM < -50 kcal/mol) for all XP scoring function compounds**!. Due to all tautomeric states of
the molecular chimera compounds being docked there was a potential for duplicated poses, all
duplicates were removed to allow for the highest XP docking score to be represented for each
pose. Out of the newly curated dataset 34 compounds have docking scores ranging -13 to -12
kcal/mol, 95 compounds ranging -12 to -11 kcal/mol, 590 compounds ranging -10 to -11
kcal/mol, 3730 compounds ranging -9 to -10 kcal/mol, 10551 compounds ranging -8 to -9
kcal/mol and 16089 compounds ranging -7 to -8 kcal/mol. A visualization of all docking score

ratios can be seen in Figure 3.8, this figure represents a comparison of XP docking scores for the

316 original inhibitors and the molecular chimera inhibitors.

Docking Score Comparison for Predicted Inhibitors

/ Docking Score Comparison for Known Inhibitors

3000 I

~

Ligands

Frequency
rs

Molecular Chimera

Native

1000

-12
Docking Sco

-10 -8
re (kcal/mol)

7 Docking Score (kcalimol)

Ligands
Native

Figure 3.8: Plot of “active” ligands, based on docking scores, for all inhibitors, Native
(blue) and Molecular Chimera (pink). The threshold for active docking scores is < -7

kcal/mol.
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3.3.4 Bioavailability

An inhibitor being “active” does not confirm druggability. The molecular docking
simulation only calculates how well a compound will bind to the pocket it does not take into
consideration the ligands ability to reach the binding site. One key factor in drug discovery is
high oral bioavailability for therapeutic agents'%%-1%, To narrow down the C inhibitors generated
by the molecular chimera approach previous research was analyzed for key features of
experimental “drug” candidates.

Previous research performed by Nicholas Meanwell focuses on key aspects to improve
compound characteristics and safety through the collection of recent medicinal studies'®®. Lead
optimization has been linked to failing one or fewer of Lipinski’s Rules of 5, having fewer than
13 non-terminal rotatable bonds (NRB), high saturation (sp® hybridization) levels, and
topological polar surface areas (TPSA) < 140 A. Several other characteristics of oral
bioavailability, in compounds, correlates to a decrease of solubility such as, an increase of
aromatic rings, high molecular weights (MW), high H-bond counts (< 12 H-bond acceptors
(HBA) and donors (HBD)), and low amounts of stereocenters. The lipophilicity and oral
absorption of compounds were also compared based off of Caco-2 permeability data and showed
unfavorable results with compounds that contained high TPSA, HBD, HBA, RB and MW,
confirming previous thoughts®?.

When the lipophilicity and oral absorption were considered for the 316 native CDK2
ligands it revealed 260 of the compounds were favorable according to the Caco-2 permeability
data®®?. These results were then compared to the molecular chimera compounds that were
deemed favorable and are shown in SI Figure 3.1.

Other researchers have also come to the same conclusions as Meanwell that though
Lipinski’s rules are a good guideline for druggability most compounds only pass 3 out of 4
criteria so, polar surface area, rotatable bonds, or H-bond donors and acceptors should be
considered for increased oral bioavailability. When directly comparing MW and NRB there
seems to be no set correlation of compounds with MW < 400 and the number of NRB, though it
has been shown that NRB < 10 is favored among all MWs. Though each property is only a
guideline through the analysis of previous drug studies and the oral bioavailability of compounds
on rats, each does follow the pharmaceutical industry standard of a minimum oral bioavailability

Of 20%3,100,102—104
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By following the criteria of meeting 3 of the 4 Lipinski’s rules and having TPSA < 140
A, H-bond count < 12, NRB < 10 the curated dataset was narrowed down from 31,089 potential
CDK?2 inhibitors to 17,512 inhibitors. When high saturation was considered, a cut off threshold
for all compounds of > 0.10 was set, this meant that all compounds had a minimum of 0.10 and a
maximum of 0.25 (based off largest data value) for sp® hybridization. The saturation level of the
compounds had a meaningful impact resulting in a dataset of 3,986 compounds that potentially
have an oral bioavailability of 20% or greater. Docking and eModel scores were not considered
for the analysis of molecular chimera compounds that met the pharmaceutical industry standard

of oral bioavailability.
3.3.5 Molecular chimera Predicted Potency

Though a large portion of molecular chimera compounds were eliminated from further
studies based on “active” docking and eModel scores and oral bioavailability about 4,000
compounds is still a considerable amount to synthesize. Based on this realization a machine
learning technique, Random Forest Regression, was applied to the molecular chimera
compounds to predict their inhibition potency (pICso) as stated in the “Methods” section'®, This
machine learning technique utilized a circular ECFP6 fingerprint and a random forest learner and
predictor. A ten-fold cross-validation and ensemble of 1,000 regression tress was used to

predicted pICso values'®.
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Linear Correlation Between Experimental and Predicted pIC50 For Native Ligands

Experin_ﬁemtal plC50

y =0.7084x + 1.8184
R2=10.9572

6
Prediction pIC50

Figure 3.9: Linear correlation of machine learning predicted pICso values versus the
known experimental values retrieved from ChEMBL and the PDB databases. The linear
equation is y=0.7084x + 1.81184 with and R? = 0.96.

For this technique the 213 compounds with known potencies of the original 316
inhibitors were used as a test set to develop the learned pattern of the dataset for future
predictions. The predicted regression resulted in a 0.98 linear correlation between the pICso and
predicted plCso with an average of plCso £ 0.36 SD, Figure 3.9. With this random forest
machine learning technique there is however a plCsp out-of-bag error of 0.45, most likely an
increased amount due to inhibition of native proteins. As a small confirmation for this approach
the training set was tested on the remaining 103 ligands with unknown potencies, to determine
structural behavior and potency relationship. The compounds were then graphed with the
hierarchical clustering algorithm as mentioned in the “Methods” section with the coloration of
the predicted pICso, seen in Figure 3.10.Comparable scatter plots were graphed to represent the
DS and eM scores for the experimental plCso and the predicted plCso, Figure 3.11. It appears
that most predicted plCso values are concentrated in the moderate to low range (pICso < 6) but
does follow more of a consistency when clustered, compared to the clustering with unknown
potencies (Figure 3.2). A second test set was generated for the molecular chimera compounds.
By taking into consideration the predicted plCso the curated molecular chimera dataset was
narrowed down to 3,522 inhibitors with potencies of pICso 6.0 — 8.0 and 354 inhibitors of plCso
7.0-8.0.
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Figure 3.10: Circular dendrogram of all 316 CDK2 binders with their associated predicted

pICso inhibition potencies.
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3.3.6 Further Self Docking

The top 50 molecular chimera inhibitors were selected based off pICso > 7.0 and were
narrowed downed by compounds with the lowest docking scores. The curated dataset obtained
docking scores of -12 to -9 kcal/mol and were comprised of native ligands 1QK, 0S0, 5SC, NS9,
PDY, X75, SCZ, SCQ, 173, 174, 2SC, RJI, 07Z, LZB, LIA, and SCX. To further examine the
binding potential of the new molecular chimera compounds each were docked on the native

ligand’s protein structure. Each CDK2 crystal structure and respective ligand are represented in

Table 3.1%.

Table 3.1: The Native ligands that were most frequent in the top 50 compounds generated by
molecular chimera and their respective protein PDB IDs.

Native Ligand PDB ID
10K 4KD1, 5L2W
0S0 4EZ3
5SC 2R3Q
NS9 3NS9
PDY 3WBL
X75 3R1Q
SCZ 2R3N
SCQ 2R3K
173 5JQ8
174 5JQ5
2SC 2R30
RJI 5ANK
07Z 3RK5
LZB 2VTR
LIA 2FVD
SCX 2R3M

Before docking all ligands were prepared using LigPrep as stated in the “Methods”
section?>%6-38.97_ The prepped dataset returned 79 compounds for further docking. Each of the
respective crystal structures were prepped and Glide Girds were generated about the native
ligand?™-2%979%_Once docked with HTVS, SP and XP scoring functions, all duplicate poses were
removed revealing 472 out of 850 docked ligand poses achieving docking scores < -7 kcal/mol
and eModel scores < -50 kcal/mol?7-2%3%-4197.98 Each of these protein-ligand interactions

incorporate various amounts of hydrogen bonds but all compounds remain under the limitations
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set by Lipinski’s Rule of 5 and those to meet the minimum oral bioavailability standard (>

20%)3,10&104.
3.3.7 Top Compounds

For the top five inhibitors (Figure 3.12) interestingly the nine-membered indole type ring
structure is favorable. This scaffold seems to play an important role due to resulting in at least
one hydrogen bond between nitrogen and the leucine-83 amino acid of protein 4EK4. Though
when docked these top five compounds did increase from their native ligand docking scores
(native DS: -10.11 to -7.75 kcal/mol, molecular chimera DS: -12.61 to -11.84 kcal/mol). The
binding mode of both chemical libraries (native and molecular chimera) seems to be comparable
due to similar non-covalent interactions in the region of leucine-83. However, when the binding
affinities of these top five inhibitors were analyzed on multiple CDK2 proteins (Table 3.1) it was

discovered each received a DS less than -7 kcal/mol indicating uncertain protein selectivity.
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Figure 3.12: The top five compounds determined by the docking scores on protein 4EK4.

The chemical scaffolds, DS and predicted potencies of the top 50 compounds are

provided in Sl Figure 3.2 and Sl Table 3.2. Through the analysis of these inhibitors it was

45



observed that many “active” and bioavailable molecular chimera compounds favor an indole
type scaffold and CDK2 protein inhibition. Overall, it seems with the ability to structurally fuse
two known inhibitors together there is a potential to obtain inhibitors with higher potency and

undermined selectivity.
3.4 Conclusions

Herein, we developed and applied the molecular chimera approach to automatically
generate novel CDK?2 inhibitors based on previously evaluated inhibitors. From 95 original
“active” inhibitors, our technique generated over 40,000 new compounds. After filtering and
molecular docking based on three scoring functions and 18 different crystal structures, 50 newly
generated molecular chimera compounds were identified as potential CDK2 inhibitors.
Interestingly, several of the molecular chimera inhibitors contain at least one R-group from the
compound with the highest potency for CDKZ2, dinaciclib pICso = 8.7. Using the 50 potentially
active molecular chimera compounds, we plan to collaborate with synthetic chemists for the
development and testing of screening assays for CDK2 inhibition. This experimental analysis
could confirm our model’s predictive capabilities. Once experimental binding results for the
molecular chimera compounds have been analyzed and compared to computational results, our
structural fusion protocol will be improved as needed. These initial findings of molecular
chimera revealed that there are potential benefits to combining two known inhibitors through the
use of scaffold identification and structural fusion. Molecular chimera can provide new insights

and guidance to the develop of future protein inhibitors to advance precision medicine.
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CHAPTER 4: FUTURE DIRECTIONS
4.1 Future Experiments for Arah 2

For peanut allergens the protein, Ara h 2, has been shown to be a main contributor of
severer allergic responses and polyphenols have computationally been shown to form protein-
ligand interaction but still further analysis can be performed. In the previous study performed by
our collaborator, Dr. Lila’s Lab, polyphenols were believed to be the cause behind the reduction
in allergic responses, when extracts from blueberries and cranberries were analyzed, but what if
it was some other chemical reaction entirely? To begin to further understand the reactions taking
place we could analyze all the chemical compounds produced by the blueberry and cranberry
extracts to make sure polyphenols are indeed the contributing factor. In order to determine what
compounds are interacting with Ara h 2 a similar docking protocol, to the one discussed in this
document, would be performed with the compounds found in the extracts. Depending on the
results of this analysis, future computational and experimental procedures can be determined

Though polyphenols have been previously shown to act as natural forms of anti-
inflammatories these inhibitors may not be ideal, which could lead us to further analyze a large
database of known inhibitors. The ZINC library is a collection of commercially available
chemical compounds. By docking a set library of other known anti-inflammations from the
ZINC database we could identify the best target compounds to combat peanut allergens. This
analysis might give us a better understanding of the role polyphenols play in our protein-ligand
interactions or could lead us in an entirely different direction.

With each of the additional computational studies mentioned above there is one
similarity, both examine the interactions of compounds on Ara h 2, but there is an additional
protein of interest concerning peanut allergens, Ara h 6. By performing similar docking studies,
that have been mentioned in this document, on protein Ara h 6 key components of peanut protein
inhibition can be realized. When docked, if the 42 polyphenols have stronger interactions or
large variations in binding modes this could identify a target protein and compounds to reduce
peanut allergens.

Depending on collaboration, further experimental studies can be conducted to determine
if polyphenols are actively inhibiting Ara h 2 IgE epitopes. Since peanuts are a consumable
product the lowest pH of the body (stomach acid pH = 3.26) needs to be taken into consideration
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to ensure once inhibited the protein, Ara h 2, remains inactive. The reactivation of IgE binding
epitopes later in the digestion system can still have repercussions due to contact with soft tissues
such as the intestines.

To provide evidentiary support of protein-ligand interactions, Two-dimensional Gel
Electrophoresis (2-DE) can be implemented. 2-DE is similar to the SDS-PAGE, which was
already performed in this experiment, but allows for the further analysis of proteomes by not
only applying a separation of molecular weight up also different isoelectric points!®. This
technique will highlight protein expression under foreign stimulation resulting in the “plotting”
of protein changes due to chemical, physical or biological conditions. In previous research the
study of proteomes with 2-DE determined antigens that would be ideal for Ara h 2 research!*®1?,

Further analysis can also be conducted on the experimental procedure, SDS-PAGE, that
was already performed. By coupling the protein separation performed by SDS-PAGE with in-gel
digestion (IGD) and lastly analysis by liquid chromatography-tandem mass spectrometry (LC-
MS/MS) the evaluation of each individual protein can be performed*2'3, This process is also
referred to as GeLC-MS/MS and is useful in the discovery of biomarkers, protein expression
profiling, and abundant protein depletion. From the SDS-PAGE each separate band of protein is
removed and analyzed for peptide sequence against a sequence database for total identification
and potential quantification of each sample!>!13,

Lastly, another technique that could be performed is x-ray crystallography. This
technique will allow for a visual conformation if the polyphenols are indeed binding to the Ara h
2 protein. X-ray crystallography utilizes the use of diffraction patterns to determine the
molecular structure of a crystal. From previous research performed by Mueller et al. the Ara h 2
protein is shown to crystalize with the help of a maltose binding protein (MBP)*°. If the MBP
was attached to the potential polyphenol bound Ara h 2 complex a direct analysis of protein-
ligand interactions could be performed. By adding the MBP; however, there could be
competitive binding at some of the IgE epitopes. Any competitive binding could result in a
reduction of polyphenol inhibition but might allow for conformation of interactions at still
available epitopes.

Both computational and experimental techniques could provide interesting results for the
further analysis of polyphenol-Ara h 2/6 complexes. With these techniques we could be one step

closer to the identification of potential inhibitors and a solution to the peanut allergen pandemic.
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4.2 Further Analysis of the CDK Kinase Family

Through the development of the molecular chimera approach we were able to produce
potentially more potent and selective inhibitors through increased binding affinities but we are
still uncertain how many proteins will have interactions with the top selected compounds of
protein 4EK4. This means there is no evidence for molecular chimera compounds to selectively
inhibit a single CDK2 protein let alone target just one CDK kinase family.

Recent research has shown that once CDK2 proteins are inhibited, CDK1 proteins have
the capacity to evolve and replace CDK2 kinase in the cell cycle. This replacement can result in
the restart of cells but also the possible reproduction of cancer!'4!%, This transition has only
been briefly studied but does give rise to the following questions: can one inhibitor be able to
effectively inhibit both CDK1 and CDK2 proteins simultaneously? CDK1 alone? If so, what are
the structural characteristics that enable that selectivity? Overall, the literature is scarce when it
comes to the differential, structure-focused analysis of CDK1 vs CDK?2 interactions formed with
known CDK inhibitors.

We believe that, through the further exploration of the CDK kinase family, we could
identify structure-based characteristics for stronger and selective CDK-inhibitor interactions. By
studying the non-covalent, dynamic CDK1/2-ligand interactions, we will be able to better
understand the key features in driving the binding selectivity towards these kinases. We will
establish a foundation for small molecule compounds that could be resilient to drug resistant
mutations and new approaches to the production of chemical probes (the molecular chimera
approach).

After compiling and curating the entries for both CDK1 and CDK2 proteins, from the
PDB, we will compute and characterize all CDK-inhibitor interactions occurring for each
inhibitor towards both CDK1 and CDK2. This is a unique task that has never been done in the
literature and could thus be very impactful. A special focus will be given for those inhibitors for
which we already have their native binding conformations and their respective PDB crystal
structures. All binding affinities (pKi) and potencies (ICso) will be extracted from ChEMBL so
the relationships between computed docking scores and experimental inhibitor potencies will be
studied. This analysis will highlight subsets of active ligands with various CDK interaction
patterns that are target specific and thus have the potential of being less susceptible to evolved
resistance. Once identified the top-10 compounds will be analyzed with MD simulations (all

49



atoms, 20 ns, 300K, NPT, Desmond) to analyze the dynamic interactions (e.g., frequency of
occurrence of a particular H-bond) at the origin of CDK1 / CDK2 selectivity.

After the full analysis of CDK1 and CDK2 proteins, we will further explore the docking
results of our newly generated molecular chimera compounds on both CDK1 and CDK2
proteins. We plan to generate 1M new compounds using this technique with knowns inhibitor
from CDKZ1 and dock all compounds in the binding sites of CDK1 and CDK?2 proteins with the
best resolutions (lowest A). To compare inhibitors, we will use our quantitative structure activity
relationship (QSAR) models that were built using machine learning through KNIME workflows
to relate binding affinities to known experimental inhibition potencies (ICso). By combining the
binding affinities from docking with the predicted potencies from QSAR, we will be able to
predict experimental outcomes of those new molecular chimera compounds, including both their
potency and selectivity. To confirm any predicted protein-ligand interactions a MD simulation
will be ran to determine if any ligands will move from the binding site due to solvent
involvement and will show any active inhibition. The top hits from the MD simulations will be
recommended for experimental testing.

At the end of our protein analysis we plan to collaborate with an experimental synthetic
chemist for the development of the top 10% of our new molecular chimera compounds, that

effectively inhibit both CDK1 and CDK2 proteins simultaneously.
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CHAPTER 5: CONCLUDING REMARKS

Cheminformatics and molecular modeling methods have developed into essential tools
for the extraction and analysis of chemical information. Through the use of in silico research
bench-top chemistry can become revolutionized with the elimination of unfavorable drug
candidates. We have shown in this study that the use of computational studies, especially
molecular docking, can help to overcome pandemics such as peanut allergens and cancer.

Our research presented in Chapter 2 has started the development for anti-inflammatories
targeting peanut allergens. Computationally and experimentally exploring the relationship
between polyphenols and protein Ara h 2 we have determined that there is a potential to reduce
the anaphylactic reactions to peanuts. This proof-of-concept study demonstrated the molecular
docking of 42 polyphenols resulting in 10 potentially “active” compounds. With the use of
spectroscopy methods two of the four computationally “active” compounds demonstrated
spectral shifts indicating the blocking of IgE epitopes. We further learned, based off the size of
polyphenols there is a possibility for multiple ligands to bind to Ara h 2 increasing the chances of
inhibition of IgE epitopes. Overall, there is a potential for polyphenols found in blueberries and
cranberries to reduce the allergic reactions of peanuts but further evaluation needs to be
performed.

Molecular docking has also led to the curation of the molecular chimera approach
(Chapter 3). Through the exploration of CDK?2 ligands we were able to structurally fuse two
known inhibitors together for the opportunity to develop more potent and selective inhibitors.
Once generated all molecular chimera compounds were docked and we saw an over 10-fold
increase in the number of potential “active” CDK2 inhibitors. However, when the top 50
compounds were docked on multiple CDK2 proteins it was determined that several ligands still
obtain “active” docking scores. In order to determine the selectivity of the new molecular

chimera inhibitors further analysis will be explored.
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S| Table 2.1: Docking scores of pH 3.26 and 7.00 calculated with the SiteMap docking grid.

pH 3.26 Results

pH 7.00 Results

(furanoside)-1

(furanoside)-1

Variant Docking Variant Docking
score score

Benzoic acid-1 -3.971 | Benzoic acid-1 -4.540
Caffeic acid-1 -5.149 | Caffeic acid-1 -5.046
Caffeic acid-2 -6.195 | Caffeic acid-2 -4.136
Catechin - D-1 -5.759 | Catechin - D-1 -5.759
Chlorogenic acid-1 -7.382 | Chlorogenic acid-1 -7.103
Cyanidin-1 -7.819 | Cyanidin-1 -7.791
Cyanidin-3-arabinoside-1 -7.236 | Cyanidin-3-arabinoside-1 -7.207
Cyanidin-3-galactoside-1 -7.081 | Cyanidin-3-galactoside-1 -7.051
Cyanidin-3-glucoside-1 -7.486 | Cyanidin-3-glucoside-1 -7.457
Delphinidin-3- -8.053 | Delphinidin-3- -8.023
galactoside-1 galactoside-1

Delphinidin-3-glucoside-1 -8.706 | Delphinidin-3-glucoside- -8.677

1

Epicatechin gallate-1 -5.917 | Epicatechin gallate-1 -5.890
Epicatechin-1 -5.779 | Epicatechin-1 -5.779
Epigallocatechin gallate-1 -6.295 | Epigallocatechin gallate-1 -6.249
Epigallocatechin-1 -6.566 | Epigallocatechin-1 -6.566
Ferulic-1 -4.600 | Ferulic-1 -5.336
Ferulic-2 -4.860 | Ferulic-2 -5.098
Gallic-1 -5.915 | Gallic-1 -5.547
Kaempferol-1 -5.742 | Kaempferol-1 -5.742
Malvidin-1 -5.474 | Malvidin-1 -5.446
Malvidin-3-arabinoside-1 -6.164 | Malvidin-3-arabinoside-1 -6.134
Myricetin-1 -7.131 | Myricetin-1 -7.131
p-coumaric acid-1 -4.173 | p-coumaric acid-1 -4.542
Peonidin-3-arabinoside-1 -5.186 | Peonidin-3-arabinoside-1 -5.156
Peonidin-3-galactoside-1 -6.362 | Peonidin-3-galactoside-1 -6.333
p-hydroxybenzoic acid-1 -4.031 | p-hydroxybenzoic acid-1 -4.718
Procyanidin A2-1 -5.876 | Procyanidin A2-1 -5.876
Procyanidin B1-1 -6.104 | Procyanidin B1-1 -5.657
Procyanidin B2-1 -6.933 | Procyanidin B2-1 -6.136
Procyanidin C1-1 -7.563 | Procyanidin C1-1 -7.218
Quercetin-1 -7.023 | Quercetin-1 -7.023
Quercetin-3-arabinoside -7.216 | Quercetin-3-arabinoside -7.216
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S| Table 2.1 (continued).

Quercetin-3-arabinoside -7.278 | Quercetin-3-arabinoside -7.278
(pyranoside)-1 (pyranoside)-1
Quercetin-3-galactoside -7.248 | Quercetin-3-galactoside -7.248
(hyperoside)-1 (hyperoside)-1
Quercetin-3-glucoside -6.237 | Quercetin-3-glucoside -6.237
(isoquercetin)-1 (isoquercetin)-1
Quercetin-3-rhamnoside -7.658 | Quercetin-3-rhamnoside -7.658
(quercetrin)-1 (quercetrin)-1
Quercetin-3-rutinoside -7.425 | Quercetin-3-rutinoside -7.425
(rutin)-1 (rutin)-1
Quercetin-3-xyloside-1 -6.336 | Quercetin-3-xyloside-1 -6.336
Resveratrol - trans-1 -4.354 | Resveratrol - trans-1 -4.354
Sinapinic acid-1 -4.946 | Sinapinic acid-1 -7.607
Vanillic-1 -4.058 | Vanillic-1 -4.995
S| Table 2.2. XP Docking and eModel scores for top 10 results at pH 7.00.
Top 10 SiteMap SiteMap “Blind “Blind Absolute
Polyphenols Docking eModel Docking” Docking” Difference
Score Score Docking eModel
Score Score
Delphinidin-3- -8.677 -71.314 -7.842 -66.502 0.835
Glucoside
Delphinidin-3- -8.023 -67.300 -7.977 -66.671 0.046
Galactoside
Cyanidin -7.791 -59.763 -8.101 -54.732 0.310
Quercetin-3- -7.658 -56.817 -6.108 -59.834 1.550
Rhamnoside
Chlorogenic Acid | -7.103 -57.828 -8.164 -56.176 1.061
Procyanidin C1 -7.218 -89.078 -6.545 -86.484 0.673
Cyanidin -7.457 -66.466 -8.538 -66.849 1.081
Glucoside
Quercetin-3- -7.425 -84.813 -8.766 -91.763 1.341
Rutinoside
Quercetin-3- -7.278 -55.639 -7.551 -58.218 0.273
Arabinoside
(pyranoside)
Cyanidin-3- -7.207 -63.371 -7.700 -63.058 0.493
Arabinoside

65



Sl Table 2.3. Average of docking and eModel scores for SiteMap and “Blind docking” at pH 3.26

and 7.00
Compound Docking Score eModel Score
Tannic acid B -9.237 3229.436
Delphinidin-3-glucoside -8.274 -68.908
Quercetin-3-rutinoside (rutin) | -8.096 -88.288
Delphinidin-3-galactoside -8.015 -66.986
Cyanidin-3-glucoside -8.012 -66.658
Cyanidin -7.960 -57.248
Chlorogenic acid -7.561 -61.352
Procyanidin C1 -7.487 -90.985
Cyanidin-3-galactoside -1.472 -65.826
Cyanidin-3-arabinoside -7.468 -63.215
Quercetin-3-arabinoside
(pyranoside) -7.415 -56.929
Myricetin -7.151 -59.326
Quercetin-3-arabinoside
(furanoside) -7.050 -66.510
Quercetin-3-galactoside
(hyperoside) -6.917 -57.817
Quercetin-3-rhamnoside
(quercetrin) -6.883 -58.326
Quercetin -6.840 -58.629
Epigallocatechin gallate -6.701 -68.313
Epigallocatechin -6.538 -48.619
Quercetin-3-glucoside
(isoquercetin) -6.297 -61.148
Peonidin-3-galactoside -6.213 -59.501
Malvidin-3-arabinoside -6.046 -66.937
Epicatechin gallate -5.967 -68.792
Procyanidin B2 -5.902 -54.751
Gallic -5.832 -36.780
Epicatechin -5.817 -52.728
Quercetin-3-xyloside -5.743 -51.493
Kaempferol -5.736 -53.390
Procyanidin B1 -5.662 -55.435
Sinapic acid -5.598 -35.805
Catechin - D -5.560 -48.134
Malvidin-3-Glucoside -5.514 -65.594
Procyanidin A2 -5.379 -62.730
Peonidin-3-arabinoside -5.333 -57.237
Malvidin-3-Galactoside -5.253 -62.282
Malvidin -5.234 -60.263
Caffeic acid -5.173 -36.803
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S| Table 2.3 (continued).

Ferulic -5.084 -33.875
Vanillic -4.885 -29.084
p-hydroxybenzoic acid -4.750 -30.105
Resveratrol - trans -4.516 -42.862
p-coumaric acid -4.405 -30.252
Benzoic acid -4.290 -25.216
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Sl Figure: 3.1: (A-E) These five graphs show the comparable results for native and
molecular chimera inhibitors according to lipophilicity, oral absorption and Caco-2
permeability. (A) Hydrogen Bond Donors acceptable < 5; (B) Hydrogen Bond
Acceptors acceptable < 10; (C)Molecular Weight acceptable lower MW are
preferred; (D) Rotatable Bonds acceptable < 13; (F) Topological Polar Surface Area
acceptable < 140 A.
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SI Figure 3.2: Structures of the top 50 active molecular chimera inhibitors.
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Key Scaffolds Num- | Number of | Range | Number | Unique number of
ber of | occurrences | of of ligands | compounds
heavy | in the 316 | experi- | with generated
atoms | compounds | mental | unknown

pICso ICs0

CiccC1 3 14 6.5-8.7|2 589

CiCcCC1 4 2 71-74 10 95

C1=CN=NC1 5 2 59-8.7]0 43

clncccl 5 3 39-85|0 704

C1CSCN1 5 7 43-75]1 1,849

C1=CSCN1 5 4 7.0 3 1,572

clnncnl 5 1 6.6 0 732

clncscl 5 62 40-8.2 |16 18,794

clnnccl 5 30 40-85|6 15,605

clscccl 5 6 48-85|2 573

CI1CCNC1 5 7 45-871|0 1,808

C1=NCCSs1 5 3 NA 3 256

clocecnl 5 3 72-81|0 65

CICNSC1 5 2 71-75]0 147

ClCccc1 5 2 70-73]0 31

CICNCN1 5 1 8.7 0 13,805

clncencl 6 4 3.5-53|2 318

C1=NCN=CC1 6 2 6.1-66|0 90

N1CCOCC1 6 7 6.1-6.3|5 477

CICNCNC1 6 1 NA 1 103,842

C1CCOCcC1 6 2 8.3 1 13,392

Cl=CcCcCcC=C1 6 2 NA 2 241

clccececl 6 226 3.9-8.7 |69 3,575,180

clnccecl 6 107 4.3-8.7]20 25,736

clnccenl 6 70 44-8.7 |31 82,395

C1=CCNC=C1 6 2 4.3 1 727

Clccccel 6 30 40-8.0 |1 15,494

CINCCNC1 6 8 50-79]2 2,826

clncnenl 6 7 5.2 6 258

N1CCCCC1 6 16 46-871|5 10,561

N1CCNCCC1 7 2 5.9 1 43,218

clnnc2c1CNC2 8 1 8.1 0 230

C1=[NH+]CC2=C1 |8 1 5.9 0 128

CN=N2

clcnn2nccc2cl 9 2 6.3-6.9 |0 143

clcce2nenc2cl 9 7 42-73|2 3,339

clcen2cenc2cl 9 6 55-8.7|0 2,960

S| Table 3.1. List of frequent scaffolds found in the 316 CDK2 ligands and the number of new
molecular chimera created based on them.
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S| Table 3.1 (continued).

clcece2nnec2cl 9 9 55-84|2 14,816
clenc2ceN[n+]2cl | 9 1 NA 1 16,876
clene2neN[n+]2cl | 9 1 NA 1 26,506
clcnc2necnn2cl 9 5 50-66]|1 344
clccec2scnc2cl 9 1 NA 1 9,727
clenc2neec2cl 9 2 8.0-85|0 171
clncn2ncce2nl 9 1 7.4 0 8,263
clcn2cenc2enl 9 2 47-6.11|0 128
clcen2neec2cl 9 1 7.0 0 28,714
clncc2cnen2nl 9 1 6.6 0 8,511
clcce2nnnc2cl 9 2 48-8.01|0 194
clnnc2c1CCCC2 9 5 NA 5 887
Cl=c2ccccc2=NC1 |9 1 7.2 0 28,854
clcc2nenc2nel 9 1 7.2 0 16,437
clcn2ncec2nel 9 21 46-8.7|5 18,276
clcc2nenc2enl 9 1 49 0 9,829
clncc2nenc2nl 9 29 40-8.1 |7 23,152
clcc2encec2nl 9 1 7.0 0 17,755
clncc2nnece2nl 9 1 7.4 0 8,530
clcc2CSCc2ccl 9 2 79-811|0 300
clcc2NCCc2ccl 9 15 3.9-85 |4 29,856
clcc2ncec2ecl 9 1 NA 1 41,839
clcc2nencc2cecl 10 2 6.0-6.2 |0 498
clcc2ceenc2ecl 10 3 5.0 2 852
clcc2ceccc2cecl 10 8 3.8-791|0 7,720
c1Cc2ccccc20cl 10 2 7.1 1 2,081
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S| Table 3.2. The top 50 molecular chimera inhibitors with respective docking and eModel

scores as well as predicted pICsp.

Inhibitor Name DO eModel Score FigElEe
Score pl1Cso
0S01QK.17364clncccl -12.614 -61.272 7.08
1QK5SC.19729c1ncccl -12.614 -61.272 7.08
SCQNS9.05747clcen2ncec2cl partl listl | -12.575 -86.572 7.00
1QK5SC.19734c1ncccl -12.562 -61.291 7.08
NS9PDY.17781clcn2nccc2ncl -11.844 -88.795 7.30
1QKNS9.13799c1cn2ncec2ncl -11.348 -78.107 7.45
NS9SCX.17938clcn2nccc2ncl -11.298 -75.801 7.09
1QK5SC.19710c1ncccl -11.193 -60.807 7.32
1QKX75.06592c1ncccl -11.147 -63.558 7.03
NS9SCZ.12661clcn2nccec2ncl -10.746 -83.246 7.31
NNNN41.03876c1ncn2ncec2nl partl listl | -10.647 -63.813 7.00
RJISCZ.078832C1CNCNC1 -10.516 -82.447 7.06
173174.09595N1CCCCC1 -10.378 -62.492 7.02
0S01QK.17383clncccl -10.352 -66.129 7.21
1QK5SC.19747clncccl -10.352 -66.129 7.21
NS9PDY.17783clcn2nccc2ncl -10.307 -72.852 7.02
RJI1QK.009354C1CNCNC1 -10.221 -83.788 7.05
RJI5SC.021317C1CNCNC1 -10.184 -90.294 7.04
NNNCK?9.03691clncn2nccc2nl partl listl | -10.183 -64.589 7.08
1QKX75.06617clncccl -10.046 -67.887 7.20
RJI1QK.009606C1CNCNC1 -10.037 -67.857 7.14
2SCNS9.03912c1cn2nccc2ncl -10.030 -76.426 7.02
RJI1QK.009491C1CNCNC1 -10.020 -75.271 7.02
1QKX75.06606c1ncccl -10.018 -71.513 7.15
RJI173.053870C1CNCNC1 -10.004 -70.348 7.18
RJI173.053732C1CNCNC1 -9.988 -65.349 7.20
RJI5SC.021273C1CNCNC1 -9.964 -83.086 7.18
07Z1QK.00196¢c1ncccl -9.957 -66.381 7.28
07Z1QK.00203c1ncccl -9.954 -67.930 7.20
SCXX84.360737clcccecl 4 of 4 -9.938 -99.741 7.05
RJI5SC.021919C1CNCNC1 -9.921 -73.098 7.01
0S01QK.17369clncccl -9.910 -72.645 7.11
1QK5SC.19723c1ncccl -9.910 -72.645 7.11
RJISCZ.078817C1CNCNC1 -9.893 -73.442 7.05
RJI1QK.009285C1CNCNC1 -9.876 -70.181 7.16
1QK2SC.00006clcn2nccec2nel -9.840 -65.497 7.28
SCXX84.360659clcceecl 4 of 4 -9.839 -99.752 7.05
2SCNS9.03888clcn2ncce2ncl -9.829 -70.393 7.80
0S01QK.17366¢clncccl -9.828 -75.350 7.13
0S01QK.17344clncccl -9.824 -77.017 7.09
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S| Table 3.2 (continued).

RJISCZ.078837C1CNCNC1 -9.813 -73.663 7.05
1QKX75.06573c1ncccl -9.804 -72.077 7.11
1QKX75.06583c1ncccl -9.804 -65.888 7.14
1QK5SC.19711clncccl -9.769 -73.907 7.21
404PVB.04256c1ncc2nncc2nl partl listl | -9.755 -65.144 7.02
RJI5SC.021977C1CNCNC1 -9.712 -83.429 7.02
RJI1QK.009753C1CNCNC1 -9.712 -66.523 7.04
NNNI73.01652cincn2nccc2nl partl listl | -9.673 -56.630 7.05
RJI5SC.021942C1CNCNC1 -9.665 -89.364 7.03
RJI5SC.022139C1CNCNC1 -9.661 -77.909 7.14
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