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After the first description of Anaplastic Lymphoma Kinase (ALK) in an anaplastic large
cell lymphoma cell line as a nucleophosmin (NPM) fusion partner, ALK and its various
fusion partners have been implicated in numerous cancers such as non-small cell lung
cancer (NSCLC), anaplastic large cell lymphoma (ALCL), neuroblastoma,
rhabdomyosarcoma. In the last decade, several compounds targeting ALK have been
developed and approved by the Food and Drug Administration (FDA). Despite the
advances of generations of ALK inhibitors, a recent study highlighted that around half of
the ALK-positive NSCLC patients will go through disease progression in response to
first-line Alectinib and Lorlatinib, which is a second-generation and third generation ALK
inhibitors, respectively. Given these points, this study focused on two distinct paths to
discover and develop novel compounds that could target tyrosine kinase domain of the
ALK. Firstly, we designed more than 200 a-carboline derivatives and investigated their
binding properties against ALK tyrosine kinase by using in silico protocols consisting of
molecular docking studies, molecular dynamics simulations, and MM/PBSA binding free
energy calculation. As a second approach, we virtually screened a large natural product
database to a novel drug candidate for possibly inhibiting ALK TK and investigated their
binding properties by similar ways utilised in the first approach. Considering the obtained
results, we developed three promising candidates, compounds 208, 209 and
CNP106316.1 with -9.08, -9.80, and -11.6 kcal/mol and binding energies respectively,
which demonstrated improved binding profiles over their respective MD simulations,

300ns for carbolines, 500ns for the NP.

Keywords: Virtual Screening, Molecular Docking, Molecular Dynamics, Drug Discovery,

Drug Design



ALK’NIN TIROZIN KiINAZ BOLGESINI
HEDEFLEYEN YENI ILAC ADAYLARININ KAPSAMLI
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Tez Danmigsmani: Dr. Ogr. Uyesi Ismail AKCOK
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Anaplastik biiylik hiicreli lenfoma hiicre hatlarinda fiizyon protein ortagi olarak kesif
edilen Anaplastik Lenfoma Kinaz’in (ALK), kesifinden bu yana ALK c¢esitli fiizyon
ortaklart ile ¢ok sayida kanserde rol oynadigi ortaya ¢ikmistir. Rol oynadiklar1 kanser su
sekilde siralanabilir: kiigiik hiicreli olmayan akciger kanseri (NSCLC); anaplastik biiyiik
hiicreli lenfoma (ALCL); néroblastom; rabdomiyosarkom; vb. Son yilda, ABD Gida ve
Ilag Dairesi (FDA) ALK’yi hedefleyen birgok bilesik onay almistir. Bu gelismelere
ragmen, yakin zamanda yapilan bir ¢alisma ALK pozitif NSCLC hastalariin yaklasik
yarisinin hastalik ilerlemesi yasanacagini vurgulanmistir, baslangi¢ tedavisi olan
Alectinib, ikinci nesil ALK inhibitorii ve ligiincii nesil ALK inhibitorii Lorlatinib ragmen.
Bu noktalar goze alarak, bu ¢alisma ALK nin tirozin kinaz alanin1 hedefleyebilecek yeni
bilesikler kesfetmek ve gelistirmek igin iki farkli yola odaklanmistir. Ik yaklasim olarak
200’den fazla a-carboline tiirevi tasarladik. Devaminda molekiiler yanastirma (Docking),
molekiiler dinamik (MD) simiilasyonlarini MM/PBSA ile serbest baglanma enerjisi
hesaplamalarindan olusan in silico protokolleri kullanarak tasarimlarimizin hedefimize
kars1 baglanma o6zelliklerini arastirdik. Ikinci yaklasim olarak biiyiik bir dogal {iriin
veritabanini ayni amaca yonelik yeni bir ilag aday1 kesfetme adina sanal olarak taradik.
Devaminda baglanma 6zelliklerini ilk yaklasimda kullanilan yontemlerle inceledik. Elde
edilen biitlin sonuglar1 géz Onilinde bulundurarak, sonuglar takip eden sekilde
ozetlenebilir. U¢ umut verici ilag aday1 aralarindan yiikselmistir test edilen bilesikler
arasinda, bilesik 208, 209 ve CNP0106316.1. Serbest baglanma enerjileri ise sirasiyla -
9.08, -9.80 ve -11.6 kcal/mol olarak bulunmustur. Ek olarak, ismi gegen bilesikler ilgili

MD simiilasyonlarinda stabil baglanma profilleri gdstermislerdir.

Anahtar Kelimeler: Sanal Tarama, Molekiiler Yanastirma, Molekiiler Dinamik

simiilasyonlari, lla¢ Kesfi, Ila¢ Tasarimi
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Chapter 1

Introduction

A drug refers to a product that contains active and/or inactivate molecules, which is
targeted to treat, prevent or alleviate the symptoms of disease [1]. Contextually, ideal drug
should have specific properties to have intended effect without causing unintended
consequences. Some of the crucial properties can be listed as follows: having specific
action while being non-toxic and with little off target effects as possible; being soluble in
water not to face problems of precipitation while in blood flow; also, being soluble in
lipids as well to bypass lipid bilayer membranes [2], [3]. Drugs exert their effect of
treating, preventing and easing the symptoms of disease by interacting specific targets in
an organism, which is human body normally. In order to have these effects on the human
body, society applies the various discovery and development methods on and to find the

possible drug candidates.
1.1 The Drug Discovery and Development

The process drug discovery and development can be divided into two major stages:
discovery and development [4]. Furthermore, drug discovery could also be divided into
three substages as well: target discovery, lead discovery, and lead optimization [4]. Target
selection part refers to, as the name suggest, the selecting target that is associated with the
disease state for to be used in singling out a compound that has potential to be clinically
used [4]. While in lead discovery stage large number of compounds are biologically tested
against the target to eventually identify a structure motif that have intended effect on the
target. Finally in the lead optimization stage, analogues of previously identified motif are
designed and biologically tested against the target to improve the efficiency of the drug,
lessen the off-target effects [4]. Following the lead optimization substage of drug
discovery, the development stage begins with the selection of a candidate compound [4].
In this stage, the compound undergoes pharmacokinetic and pharmacodynamic testing in

animals to demonstrate efficacy and acceptable toxicity levels. If successful, it proceeds



to human pharmacokinetic and pharmacodynamic studies, known as clinical trials, with
the aim of obtaining regulatory approval for market authorization. [4]. Despite appearing
simple and risk-free when summarized, drug discovery and development faces a high
attrition rate, with about 70% of projects being cancelled for a variety of reasons [5]. The
main factor that leads to cancellation is the lack of efficiency against in-market drug for
the targeted disease such as even though animal studies were promisingly effective
comparatively, clinical trials could result in absent or negligible intended effects relative
to in market drug [6]. Historically, pharmacokinetic limitations, including poor
bioavailability, toxic metabolites, and unsuitable half-lives, accounted for up to 39% of
project cancellations. With the advent of advanced ADME studies and in silico prediction
tools, this rate has now declined to about 1% [5], [7]. Other factors could be listed as
animal toxicity, off-target reactions, commercial issues, etc [5].

There are various number of methods that could be applied in each stage of the drug
discovery and development. Hence, the following section focuses on the methods of drug

discovery.

1.1.1 Drug Discovery Methods

Among the many approaches to drug discovery, the earliest was serendipity, where
therapeutic compounds were identified either by chance observations or through
rudimentary trial-and-error strategies. There are many examples of these throughout the
history of pharmacology [8]. In the anticancer drug discovery scene, serendipity and
coincidence have played and still playing huge role in it. A substantial number of widely
used anticancer agents were initially developed for unrelated conditions. For instance,
artemisinin was introduced as an antimalarial, aspirin as an antirheumatic, etoposide as
an emetic, metformin as an antidiabetic, and vinblastine as an antimicrobial. [9].

Another angle that has been used for drug discovery, is the chemically altering the
existing drugs or natural products. For example, aspirin that still being used was
discovered by the chemical modification of a natural product, physotigmine was modified
to improve chemical stability in vivo and as a result modified versions have lower adverse
effects while improving intended effect comparatively [10], [11].

Along the same vein of approaching drug discovery, screening of databases,
containing synthetic or natural products, has been proven effective. Screening seeks to
detect interactions between biological targets and molecules, either synthetic or natural,

through biochemical assays. High-throughput screening (HTS) applies this principle to



very large compound libraries. Initially, HTS tested only a few hundred molecules per
week. Today, it can evaluate more than 100,000 molecules per day [12]. Additionally,
virtual screening has been developed as completing tool to HTS as an in silico HTS and
involves virtually placing (docking) collection of molecules, usually from databases
against biological target followed by assessing the interaction strength [13]. Virtual
Screening significantly reduces the number of compounds that need to be tested for lead
identification, thereby saving time and cost. However, there are still requirements for the
virtual screening, main requirements can be listed as follows: synthetic/natural product
database; structure of target; suitable scoring (docking) scheme [13]. In this case
frequently used databases of small molecules can be listed as follows: Zinc
(https://zinc.docking.org/, accessed on 11.06.2025); ChEMBL
(https://www.ebi.ac.uk/chembl/ accessed on 11.06.2025); PubChem

(https://pubchem.ncbi.nlm.nih.gov/ accessed on 11.06.2025)

The state-of-the-art method for discovery of drugs, is rational drug design that
consists of approaching the discovery with a design and iteratively modifying the
compound to enhance or lower the targeted aspects, such as binding strength towards
target, selectivity, ADME properties, etc. [ 14]. However several prerequisites are required
for this approach: targetable biomolecule should exits with significant ties to target
disease/condition; 3D representation of the target should exists either from
crystallography or AlphaFold system, which should be considered to be used with a grain
of salt; a method to asses virtual interactions between the compound and target structure
must be available [14].

Rational drug design and virtual screening can be included under big umbrella term
of computer-aided drug design, which will be delved into more detail in the following

section.



1.2 Computer-Aided Drug Design Approaches

Thanks to advancements in the computer-aided drug design approaches (CADD)
cost of research and development of a new drug from scratch to market has been reduced
by altering time and money needed for specific stages such as target identification,
validation, lead discovery, lead optimization and pre-clinical test [15]. CADD had this
effect on the drug research and development as a result of the development of variety of
methods. A few examples can be listed as follows: quantum mechanics [16]; molecular
docking [17]; molecular dynamics simulations [18]; homologous modelling [19];
multiple sequence alignment [20]; quantitative structure-activity relationship [21]; and so
on. Computational drug design utilizes two principal strategies. The first, structure-based
drug design, includes virtual HTS and rational design guided by target structures. The
second, ligand-based drug design, focuses on known compounds and applies
pharmacophore modelling combined with QSAR for systematic improvement of drug
candidates [15].

Due to scope of thesis focus on applying the structure-based drug design method
for targeting anaplastic lymphoma kinase’s tyrosine kinase domain, structure-based drug

design and its tools will be explained more in-depth.

1.2.1 Structure-Based Drug Design

As previously explained, in order to apply rationality to drug design, specifically to
utilize the structure-based method, it is crucial that fully comprehend 3D structures of
target molecules, mostly proteins, enzymes, or basically biomolecules. Achieving this
goal can be approached in two ways. The first method uses molecules that have already
been isolated and structurally characterized through experimental techniques. These
molecules are catalogued in databases, most notably the Protein Data Bank (PDB,

https://www.rcsb.org/, accessed at 11.06.2025). As of it now, PDB holds more than 237

thousand experimental PDB structures. Second method is using prediction model of the
target, if no experimentally available structure of desired target exists. Orthodox method
of doing this process was homology modelling using targets sequence [19] and followed
by molecular dynamics simulations [18]. With recent developments in protein structure
predictions by Al there are 999 thousand structure predictions in the AlphaFold, which is
Al based protein prediction tool [22].



Structure-based drug design involves three primary steps. First, ligands are either
designed according to the target’s structure and characteristics or selected from databases;
these may include synthetic molecules, natural-product analogues, or natural products.
Second, molecular simulations, including docking and molecular dynamics, are
performed to evaluate ligand-target interactions and stability. Third, the predicted
interactions are assessed by binding energy calculations, ligand properties, and
subsequent in vitro biological assays to validate the top candidate ligands [15].

To elucidate the importance of molecular docking in both structure-base drug
design and CADD, few examples of research achievements utilizing it with its basic
working principles and names of tools will be given in the following paragraphs.

Molecular docking tools predict the binding pose and energy of small-molecule
ligands at the molecular level. These predictions are performed using specific algorithms
and scoring functions. Each software may employ different algorithms and scoring
functions; for example, AutoDock uses a genetic algorithm and an environmental
matching score, which summarizes the energies of hydrogen bonding, hydrophobic
interactions, steric hindrance, repulsion, electrostatic interactions, and internal ligand
torsional constraints [23]. More examples include: “Dock” with fragment growth
algorithm combined with force field, surface matching and environmental matching
scoring function [24]; “GOLD” with genetic algorithm with empirical scoring function
[25]; “Z-Dock® with geometric matching and molecular dynamics algorithm with
CAPRI+ scoring function [26]; and various other algorithms and scoring functions.

Although molecular docking plays a critical role in CADD, solvent effects are not
considered in the identification of binding poses or in energy calculations. When this
limitation is combined with the significant role of solvent in drug—target interactions,
additional methods are required to evaluate solvent effects on ligand binding. Molecular
dynamics (MD) simulations are commonly applied for this purpose. MD simulation
method utilizes Newton’s laws of motion on systems’ atoms that their parameters are
defined with force-fields, which is mathematical model characterizes the forces between
specific atoms that is verified quantum calculations and experimental data [27], [28]. By
applying Newton’s law of motions over certain time period, behaviour of the ligand-
protein complex, binding poses’ stability in a solvent environment can be assessed [28].
MD simulation usually used in two aspects of molecular dynamics, in pre-stages of
molecular docking to ensure protein stability and binding pose improvement, and in post-

molecular docking to evaluate binding energy calculation across a certain time interval



and stability of the initial binding pose over the same time as well [27]. There is several
software for these purposes such as Amber [29], GROMACS [30], NAMD [31], Charmm
[32], etc. that specialized in the biological and chemical systems while Lammps[33] that
specialized in material and solid-state physical systems.

Structure-based drug design method has been utilized in the development of drugs
for various disease areas. For example, it has been used in developing anti-cancer drugs
[34], in anti-virus [35], anti-bacterial [36], etc. Specifically, in oncology, CADD and
structure-based drug design have been extensively employed, resulting in number of

drugs on the market that target specific kinases. (See Figure 1.1.)
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Figure 1.1 Small molecule kinase inhibitors discovered using CADD [15].

The success of structure-based drug design in small molecule kinase inhibitors

demonstrates the important role of protein kinases as drug targets. Hence, the next section



will delve into the significance of protein kinases in drug discovery, and especially

regarding this thesis’s target anaplastic lymphoma kinase.
1.3 Drug Discovery in Protein Kinases

Protein phosphorylation is one of the most common post-translational
modifications [37]. This phosphorylation controlled by kinases, which adds phosphate
(PO4) to the side chains of various amino acids, and phosphatases which removes the
phosphate, has major role in regulation of cellular processes for example cell
proliferation, subcellular translocation, metabolism, etc. [37], [38]. Since 1980s, protein
kinases have been identified as potential targets for various diseases, and in 1995 Fasudil
has been approved for inhibiting Rho-associated coiled-coil-containing protein kinases 1
and 2 for treatment of cerebral vasospasm [38]. Since its approval number of approved
kinase inhibitors has dramatically increased to 98 and 71 of them are small-molecule
kinase inhibitors (SMKIs)[38](See Figure 1.2.). Additionally, these 71 SMKIs target 21
distinct kinase families belong in five of the eight major protein kinase groups (tyrosine
kinases, tyrosine kinase like, homologues sterile 7, cyclin-dependent kinases, and protein
kinase A,G and C) with 49 of approved drugs target 30 proteins that belong in the tyrosine
kinase family [38], [39], [40]. The 19 of the approved SMKIs have been for non-small-
cell lung cancer (NSCLC) which could be demonstrated meaningful when considered the
fact that lung cancer being front runner in the cancer-related deaths with 80-85% of them

belonging in NSCLC [38], [41], [42].
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Figure 1.2 Timeline of approved kinase inhibitors. Drugs approved for non-oncology
indicated with blue coloured boxes, while nomenclature of kinase inhibitors and
monoclonal antibodies were provided in the legend [38]

Instead of trying to cover each kinase that has been targeted and could have been
targeted, only the main target of the thesis is focused extensively, which the details could

be found the next section.

1.3.1 Anaplastic Lymphoma Kinase (ALK)

Anaplastic lymphoma kinase (ALK) was first described in 1994 in an anaplastic
large cell lymphoma cell line as a nucleophosmin (NPM) fusion partner [43]. Since its
discovery, ALK and its various fusion partners have been implicated in numerous cancers
such as NSCLC, anaplastic large cell lymphoma (ALCL), neuroblastoma,
rhabdomyosarcoma and many more [44], [45], [46]. In addition, physiological ALK is
activated like other receptor tyrosine kinases. ALK activation occurs when the

endogenous ligand of ALK binds the extracellular region of the protein, and thus,



dimerization and autophosphorylation eventually results in the activation of downstream
signalling pathways such as phosphoinositide 3-kinase/Akt (PI3K-AKT), mitogen-
activated protein kinase (MAPK), and Janus kinase/signal transducer and activator of
transcription (JAK-STAT) which all could be defined substantial in cell proliferation,
survival, and differentiation [47], [48].

The physiological ALK is a 220 kDa (with its N-linked glycosylation)
transmembrane protein, which belongs to the insulin receptor protein-tyrosine kinase
superfamily, that has 3 sections: N-terminal extracellular region, which consists of two
MAM segments (meprin, AS protein, and receptor protein tyrosine phosphatase ), one
LDLa segment (low-density lipoprotein class A) and a glycine-rich segment;
juxtamembrane region; an intracellular region that houses a kinase domain, which has
two domains labelled as small amino-terminal lobe and large carboxy-terminal lobe [49].
Those two lobes have additional structures that further facilitate the Adenosine
triphosphate (ATP) binding and one example of this is the hinge region (residues 1197-
1201, numbering according to human physiological ALK), which directs the ATP to the
binding pocket, while other structures effect the kinase’s flexibility as well as overall
structure such as changing the overall conformation between active and inactive forms
[50]. Furthermore, most of the approved kinase inhibitors competitively bind the hinge
region amino acids via mostly hydrogen bonding, hence successfully imitating ATP
binding [51]. In the small amino-terminal lobe, there is a conserved salt bridge between
residues K1150 and E1167 and without this salt bridge, it has been proven that the kinase
is rendered functionally inactive [52]. Roskoski (2013) highlights that on the large
carboxy-terminal lobe, there are conserved amino acid residues that form the catalytic
core of the ALK. One of these regions are catalytic K/D/D (1247-1249) with catalytic
loop lysine (1267). Roskoski (2013) describes another region of the large carboxyterminal
lobe that is crucial for the ALK kinase domain’s activity as the activation segments, which
in a nutshell its function can be summarized as guiding the phosphates of ATP to their

spot for catalytic activity, these residues are activation K/D/D region (1270-1272),



residues that specify the tyrosine phosphorylation sites (1278, 1282, 1283). (See Figure
1.3))
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Figure 1.3 A) Representation of general structure of human physiological ALK receptor
protein-tyrosine kinase, light-blue section represents extracellular segment (residues 19
-- 1038),orange section represents protein-tyrosine kinase domain (residues 1116 —
1392) B)3D structure of ALK kinase domain (PDB ID 8 ARJ) and the amino acids that
are highlighted with different colours signify various regions as follows: red: Glycine-
rich loop’s start, green: aC-glutamate, blue: Hinge residues, yellow: Gatekeeper
Residue, magenta: First Aspartate of K/D/D catalytic signature [49]

Rearrangements that include chromosome 2 that carries the region of the ALK gene
result in ALK’s tyrosine kinase domain expression where normally would not occur with
continuous activation with its efficiency and localization depending on its fusion partner
[48]. Furthermore, its fusion partner leads to ligand-independent activation state of ALK
protein kinase domain, which is the dimerized state [49]. Scheider and colleagues also
remark on the fact that some of the ALK-positive cancers display ALK dependency such
as lung cancer and hence they are vulnerable to ALK inhibitors. It should be also noted
that ALK fusions, in which Echinoderm microtubule-associated protein-like 4 (EML4)-
ALK is the most common fusion in NSCLC, can be reported as being infrequent at best,
with an occurrence rate of around 2-7% of NSCLC. However, for ALCL, around 90% of
pediatric patients and around 50% of adult patients are ALK-positive [53], [54]. More

detail in regarding ALK’s role in various diseases is introduced at following portion.
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1.3.2 ALK in disease

Since its discovery, ALK and its various fusion partners have been implicated in
numerous cancers such as NSCLC, ALCL, neuroblastoma, rhabdomyosarcoma and many
more [44], [45], [46] Two of more common and targeted ALK+ cancers is introduced
below.

Anaplastic Large Cell Lymphoma (ALCLs)

ALCLs are characterized by their proliferation of large lymphoid cells and their
typical invasion into lymph nodes sinuses while also presenting high levels CD30 antigen
[55]. Additionally, ALCL are further categorised into ALK+ and ALK- based on
dependency on ALK activated signaling pathways, which caused by the chromosome 2
abnormality that result in the constantly activating protein kinase domain of the ALK
[49], [55]. It also important to realize that ALK+ was reported to be comprise 75-80% of
all ALCLs cases [56]. Most commonly used method for treatment procedure for
ALK+ALCL is the abbreviated as CHOP, which include cyclophosphamide, doxorubicin,
hydrochloride, vincristine sulphate, and prednisone, with this regimen overall survival
rate after five years was found to be 70% while progression-free survival rate at the same
interval, was found to be 60% [55].

Non-small cell lung cancer (NSCLC)

As stated earlier, lung cancer is the number one cause of cancer-related deaths with
five-year survival rate being less than 20%, while 80-85% of lung cancer cases
categorised under NSCLC [41], [42]. About 5% of NSCLCs contain fusion protein that
results in intracellular region of ALK with fused with EML4. According to 2021 article
fusion products containing various exons of EML4, 16 different variants has been found
in EML4-ALK+ NSLCL [57]. Even though it has been found that there is different fusion
product that contain different fusion partner than the EML4, EML4-ALK comprise 85%
of ALK+NSCLC fusion products [57]. Even with existence of targeted chemotherapy,
such as a regimen that depends on the driver mutation and dependency, with the fact of
five-year survival rate being low as reported, proves the need for developing alternative
therapies that can results better prognosis. With only 5% of the NSCLC shows ALK
dependency while ALCL shows around 75% in mind, one could assume that it is naturally
to focus on the ALCL for targeting the ALK, but due to large numbers of cases of NSCLC
and its mortality rate most of the research and approval for ALK targeted kinase inhibitors

focuses on the NSCLC.
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1.3.3 ALK inhibitors

Thanks to developments on clarifying the importance of ALK in the aforementioned
cancer types, number of generations ALK tyrosine-kinase inhibitors have been developed
for the betterment of mentioned diseases. (See Figure 1.4.) The first inhibitor to be
approved by FDA was Crizotinib, now categorised as first generation ALK tyrosine
kinase inhibitor, that demonstrated landslide superiority over first-line cytotoxic
treatment in clinical trials phase 1,2, and 3[58]. However, Heigener and Reck also
highlighted the fact after Crizotinib treatment that the median of progression free survival
(PFS) was discovered to be around 8-11 months, mostly can be tied to ALK tyrosine
kinase mutations that end up causing resistance.

Consequently, this prompted new generation of drug candidates titled as second
generation, which 3 of them ended up approved by the FDA (Ceritinib, Alectinib,
Brigatinib), and one of them approved by the China (Ensartinib) [48]. The second
generation of ALK tyrosine kinase inhibitors (TKIs) proved to be overcome resistance to
Crizotinib while also presenting better inhibitory effectiveness even in non-resistance
ALK+NSCLC [59]. Within the second generation ALK tyrosine kinase inhibitors,
Alectinib were verified as being significantly better than Crizotinib in phase 3 clinical
trial with its PFS discovered to 34.8 while Crizotinib’s was 10.9 [60] However, unique to
second generation resistance mutations to Alectinib also has been reported [59], [60].

As a direct consequence of resistances, and third generation ALK TKI has been
developed and approved by the FDA, called as Lorlatinib, which could be reported as one
example of macrocyclization by first generation ALK TKI [61]. Followingly, the phase 3
clinical trial comparing Lorlatinib and Crizotinib as first in line treatment for ALK
positive NSCLC featured that Lorlatinib has longer PFS than Crizotinib [62]. In line with
those result, Lorlatinib become first-line treatment for untreated ALK+NSCLC in 2021
[63]. However, Lorlatinib specific mutations to TKI has been recorded, which highlights
the need for discovering and developing new candidates for ALK TKIs [38].
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Figure 1.4 Structures of ALK tyrosine kinase inhibitors approved by the FDA and in
various stages of clinical trial in last 5 years. (A-F: Approved by FDA, G-O: various
stages of clinical trial.) A) Crizotinib, B) Ceritinib, C) Alectinib, D) Brigatinib, E)
Ensartinib, F) Lorlatinib, G) XZP-3621, H) NVL-655, I) WX-0593, J) TGRX-326, K)
Gilteritinib, L) CT-707, M) SGR-1505, N) TPX-0005, O) BMS-986369
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This thesis is not only one that noticed the need to discover and develop drug that
selectively target ALK positive NSCLC. There are more than several drugs that are in
different stages of drug discovery and development for ALK dependent cancer types. This
section will provide examples of drug candidates that selectively target ALK from the
clinical stages of the development to in vitro testing stages of drug discovery in the last 5
years.

There are more than 4 drug candidates that are in the phase 3 of the clinical trials.
(NVL-655, WX-0593, XZP-3621, TGRX-326) As of the time of access (16/06/2025), one
of them titled as NVL-655 was actively recruiting participants [64], while two of them,
WX-0593, TGRX-326, were on-going with 292 and 321 participants already enrolled,
respectively [65], [66]. Lastly, in XZP-3621’s phase 3 trial, was reported as not yet
recruiting with their 238 planned enrolment estimates [67]. (See Figure 1.4. G-J)

At the same time, there are more than 5 drug candidates that were either in phase
I/IT or just phase I clinical trials. Two of them were phase I and II combined, which the
candidates are titled as TPX-005 and BMS-986369 with both were actively recruiting
[68], [69], [70]. Within the rest of the phase I and phase II drug candidates, all were in the
phase I stage, with two of them, Gilteritinib and SGR-1505, were actively recruiting at
time of access [71], [72]. Lastly, CT-707’s phase I trial was last updated in 2017, which
was in recruitment stage as well, but still there is no update on it until now [73], [74].
(See Figure 1.4. K-O)

Seeing that there are number of ongoing clinical trials for ALK signaling dependent
diseases, it is not surprising that there are also studies that are in the earlier stages of drug
discovery and development. Following will provide overview of the ALK targeting
compounds that are validated to inhibit ALK in the last 5 years either in vivo or in vitro.
(See figure 1.5.& Figure 1.6) In the last 5 years, there are number of compounds that have
been discovered and validated to the target ALK in vivo, 10 compounds to be exact that
target solely ALK. (Figure 1.5) Within 10 compounds, 3 of them, labelled in their original
article as 4B, Compound 17, Compound B3, was a proteolysis targeting chimera
(PROTAC) instead traditional inhibitor, which basically instead of inhibiting the ALK,
PROTACSs initiate selective proteolysis of the ALK [75], [76], [77]. Rest of the 7
compounds could be reported as traditional inhibitors, labelled in their original article as
Compound 3b, XMU-MP-5, ZX-29, DA-0157, Ld-10, Compound 9, Compound 10k
[78], [79], [80], [81], [82], [83], [84].
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In the same time interval, there also total of 5 distinct compounds that have been

designed and validated to inhibit solely ALK in vitro test, labelled in their original article
as O-10, H-80, Compound 19, Compound 11k, Compound 149 [85], [86], [87], [88], [89].

(See Figure 1.6)
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Additionally, there also considerable number of drug candidates, that focuses on the
being dual inhibitor that have been validated in the either or both in vivo and in vitro, but
due to dual inhibitors being out of scope of this thesis, not all dual inhibitors were reported
ALK inhibitors. Instead, 1 compound that has been reported, which was labelled as
compound X4 in the original article, and it had been validated inhibit both ROS1 and

ALK both in vitro and in vivo evaluations [90].
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Figure 1.6 Structure of ALK tyrosine kinase inhibitors that has been validated only in
vitro test so far in last 5 years.

1.3.4 Objectives & Scope of the Thesis

Given these developments in the ALK targeting drug candidates, this thesis focused
on two distinct avenues to discover and develop new and novel drug compounds and
motifs that could target tyrosine kinase domain of the ALK. First avenue selected
carboline motif in the Figurel.6.’s structure labelled with E and as compound 149 in the
original article, tried to significantly improve the binding affinity towards to ALK
tyrosine kinase [89]. Carbolines, a carbazole derivative, have gained attraction in the last
two decades in various areas such as anti-tumour, anti-Alzheimer’s disease, and
neuroprotection functions [91]. The various activities against different disorders might be
due to carboline’s structural diversity. They are named by their position of nitrogen atom
relative to indole ring as a-, -, y-, or 0- carbolines. Specifically, a-carboline, which has

the pyridine ring that is fused with an indole ring, attracted relatively more interest in
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recent years due to having varied biological activities such as anti-tumour activity against
leukaemia, colorectal cancer, glioblastoma, anti-neuroinflammatory effect for
neuroprotection [92], [93], [94], [95]. Concurrently, there was relatively recent two
studies focused on the ALK and carbolines, which is published by the same first author,
that proved by in-vitro experiments, specifically by utilizing enzyme-linked
immunosorbent assay based kinase assay, a-carboline derivates has significant potential
to inhibit ALK kinase [89], [96].

As first path, this study focused on rationally designing a novel a-carboline
compound for ALK tyrosine kinase to achieve distinct activity profiles against various
cancer types in which ALK fusion proteins may be involved. In this regard, a series of a-
carboline derivatives is designed and their binding properties against ALK tyrosine kinase
is investigated by using in silico protocols consisting of molecular docking studies, MD
simulations, and molecular mechanics Poisson-Boltzmann surface area (MM/PBSA)
binding free energy calculation. As a second path, this study focused on screening a large
natural product database to find novel drug candidate to inhibit ALK tyrosine kinase

domain.
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Chapter 2

Experimental Procedure

2.1 Design and Evaluation of a-Carboline Derivatives
for ALK Tyrosine Kinase Domain  Using

Comprehensive in Silico Methods

2.1.1 Target Protein and Ligand Preparation

For the target protein, Anaplastic Lymphoma Kinase with a carboline inhibitor with
1.65 angstrom (A) resolution was acquired from the protein databank (PDB ID: 8ARJ)
Inhibitor location was used as reference for coordinates in following docking procedures.
For adding the missing side chains, SwissPDB-Viewer has been utilized, while UCSF
Chimera has been used for deleting heteroatoms [97], [98]. Consequently, missing
hydrogen atoms and charges according to AMBER ff14SB were added by using of UCSF
Chimera’s DockPrep, [99].

For ligand preparation, molecules were drawn using Marvin from ChemAxon,
Marvin 23.04.0, 2023 (http://www.chemaxon.com/), minimized by utilizing MMFF94
force, 3D coordinates generated, and converted to ready-to-dock format by using
OpenBabel [100], [101]. The ligand topology and parameters’ files of designed
compounds for use in the MD simulations were generated using SwissParam web service

[102].

2.1.2 Molecular Docking

Molecular docking was done to evaluate initial binding affinities of the designed
compounds against the target section of the protein and to generate initial coordinates that

will be required in MD simulation by use of AutoDock Vina[103], [104]. The energy
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calculation of receptor-ligand was based on focused docking with coordinates of grid’s
centre XYZ: 33.45, 52.39, 11.72, dimensions XYZ: 24.60, 23.83, 27.80. A maximum of
ten docked conformation and exhaustiveness of 8 with the rest of the parameters as default
from AutoDock Vina per compound were utilized. The scoring function of AutoDock
Vina can be highlighted as a summary of energies of hydrogen bonding, hydrophobic
interactions, steric hindrance, repulsion, electrostatic interactions, and internal ligand
torsional constraints. The docked poses for each compound were selected based on the
binding affinity and from each category of the designed compound. Interactions between
docked ligand and receptor were visualized by BIOVIA, Dassault Systémes, Discovery
Studio Visualizer, v21.1.0.20298, San Diego: Dassault Systémes, 2021 and PyMOL, The
PyMOL Molecular Graphics System, Version 3.0 Schrodinger, LLC. Furthermore, one of
them from each category of designed compound according to their residue interactions

and as well as binding affinity was selected for MD analysis.

2.1.3 MD Simulation

Molecular dynamics simulations were conducted to assess the compounds’ stability
in the active site of the target protein over simulation time using GROMACS version
2023.1 [105], [106]. Additionally, only 8ARJ without any compound with same
parameters as follows also conducted to have valid comparison analysis in later stages.
The topology, which defines the particle types, bond types, and force field parameters,
and the coordinates file, which specifies the 3D positions of all atoms within the system
dimensions, were generated using the CHARMM27 force field embedded in GROMACS.
[106], [107]. The protein-ligand complexes were confined centric manner in a triclinic
simulation box that contains SPCE water model containing around 11000 water
molecules with appropriate NaCl ions at 0.1M to neutralize the system. Consequently, the
box generations were trailed with energy minimization steep adopting steepest descent
minimization with 50000 maximum step number. Afterward, 100ps NVT (fixed number
of particles, volume, and temperature) with a modified Berendsen thermostat, V-rescale,
at 300K ensemble followed [108]. Subsequently to the NVT ensemble, for NPT (fixed
number of particles, pressure, and temperature) Berendsen pressure coupling has been
used [109]. The processed systems were then subjected to a 100 ns production MD
simulation, except for the final compound iteration, for which the simulation was
extended to 300 ns. A time step of 2 fs was used, and energies and coordinates were saved

every 10.0ps in the trajectory. Root Mean Square deviation (RMSD) plots were drawn
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utilizing the MDAnalysis package [110], [111], [112], [113]. Average distance heatmaps
were drawn utilizing Gromacs’ distance function combined with the Python package

seaborn [114], [115].

2.1.4 MM-PBSA Calculations

To clearly assess the binding of the selected compounds with the target section of
the protein, MM-PBSA calculations were done using the g mmpbsa package of
GROMACS [116]. Binding averages of the whole trajectory have been utilized for each
compound at every 1000 ps, resulting in 100 frames in total or 300 frames for the extended

MD simulations.

2.1.5 Comparative Essential Dynamics and Clustering

To further gain inferences about the protein stability and as well as conformational
information in our MD analysis, some of essential dynamics methods were applied to
8 ARJ-compound complexes and as well as only 8ARJ (without a compound). Such as
clustering analysis utilising ward clustering method with kmeans with elbow algorithm
for discovering optimal number of cluster by using TTClust [117]. PCA on binding
pocket, which was selected using previously stated information, using MDAnalysis
package[50,51], and lastly RG-RMSD based free energy landscape analysis (FEL)
inspired from a 2024 study [118].

2.2 In silico Discovery of Novel ALK inhibitors from a

Natural Product Database

2.2.1 Pre-Docking Procedures - Protein Structure Equilibration

To ensure target structure is adequately calibrated for use in the large-scale docking
procedure that was planned for this section, it was decided that more equilibration was
needed. For this purpose, the same ALK tyrosine kinase domain that initial preparation
has been done from the same PDB, 8 ARJ, was subjected to 500ns MD simulation with
the same parameters as reported in 2.1.3. The resulting trajectory were corrected for
periodic boundary conditions and subjected to clustering analysis by utilizing TTClust

python program [117] with “ward” clustering method with kmeans clustering with elbow
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algorithm for discovering optimal number of clusters. After analysing the clusters of
various possible conformations (See Figure 2.1 A-C), two prominent conformations was
seen, cluster 5, and 1. To evaluate conformations structure, PDB that represents each
cluster were selected from trajectory using TTClust. These two conformations were
aligned to original structure of 8ARJ. (See Figure 2.1 D & E)

In the cluster 1’s alignment average RMSD was found to be 1.683A, while cluster
5’s was 2.019A. More importantly, the active site in the conformation of cluster 5 was
found to be sterically hindered. In Figure 2.1B, the orange circle indicates the region
responsible for this steric hindrance of the active site. it. From this, cluster 1’s
representative PDB was chosen to be continued with docking procedure the same
procedure that has been done in the 2.1.1. for target structure preparation has been also

utilized for the cluster 1.

Distribution within clusters

A) s

<)

<1 0.00 133 193 226 237 1.84
2 133 0.00 206 2.04 2.09 1.58
Cc3 193 206 0.00 221 238 183
Cc4 226 2.04 221 0.00 142 141
c5 237 2.09 238 142 0.00 143

Cé 184 158 1.83 141 143  0.00

Figure 2.1 Clustering analysis of 8ARJ equilibrium MD and two prominent clusters’
alignment to 8ARJ. White protein structures represents 8 ARJ while red represents
cluster 1 and magenta represents cluster 5. Orange circle highlights the “closed”
structure of cluster 5 compared to original. A) Histogram plot of number of members
across all clusters. B) A linear projection of clusters across the trajectory. C) Root mean
square deviation (RMSD), (A) matrix between clusters. D) Cluster 1-8ARJ overlap. E)
Cluster 5-8ARIJ overlap.

2.2.2 Ligand Acquisition and Preparation

Ligands were obtained from COlleCtion of Open Natural ProdUcTs (COCONUT)
database version 2 (published in 2024 November) which had more than 695k distinct

molecules [119]. Lipinski’s rule of five has been applied to database to filter-out
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compounds that has less potential to be drug candidate. Lipinski’s rule outlines that most
compounds reaching the market share similar properties. These properties include a
molecular weight of less than 500 Da; a logP, the logarithm of the octanol-water partition
coefficient measuring the drug candidate’s affinity for lipophilic versus aqueous
environments, below 5; fewer than 5 hydrogen bond donors; and fewer than 10 rotatable
bonds [4]. After filtering the COCONUT database, 361732 molecules were shortlisted
based on Lipinski’s rule of five.

The shortlisted molecules were prepared for docking by converting each of the
361,732 natural products into a unique, ready-to-dock format with 3D coordinates
representing the energetically most favorable conformation. This process was performed
using OpenBabel version 3.1.1. [100]. Furthermore, for MD simulation of selected natural
products, required CHARMM force field parameters for each select natural product were
composed using CHARMM General Force Field (CGenFF) tool version 4.6. [120].

As a reference for comparison with natural products, the 3D coordinates of
Lorlatinib, a first-line treatment for ALK-dependent NSCLC, were obtained from
PubChem (CID 71731823). The same preparation steps applied to the COCONUT

molecules were also applied to Lorlatinib.

2.2.3 Molecular Docking

Similar docking procedure was applied to each molecule that has been prepared in
the previous segment to judge their binding affinity towards the tyrosine kinase domain
of the ALK. Similarly, Smina, a fork of AutoDock Vina version 1.1.2, was used. Its default
scoring function, identical to Vina’s, was retained for this study. [103], [121]. As docking
grid box XYZ coordinates of 30.58, 37.38, and 30.03, and sizes 0f 25.08, 22.51, and 30.92
has been used, respectively. Additionally, top 10 binding modes has been saved for each
ligand as output of the docking procedure with minimum energy range set as 4,
exhaustiveness, which determines amount of computational effort that Smina/AutoDock
Vina will focus on each molecules with default of 8, setting higher values produces more
consistent docking, set at 16, and lastly seed set at 44. For Lorlatinib typical settings was
utilisied expect for exhaustiveness, which was increased 32 for most consistent docking
possible for it.

From ten conformation of each molecule, first pose of each molecule was selected
and all COCONUT molecules first poses were ordered from lowest to highest binding

energies. After analysis of the results, top 5 of molecules that has hydrogen bond with
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hinge residues was selected for followings studies. While 3D interaction figures were

rendered using the same as before, 2D figures was rendered utilizing LigPlot+ [122].

2.2.4 MD Simulation

Similar MD procedure to procedure numbered as 2.1.3. was applied, however, some
of parameters were changed. Changed parameters can be described by the following
sentences. Topology and coordinates files were generated using CHARMM236 force
field[123]. TIP3P water model with dodecahedron box was used [124]. While NVT
parameters were left the same as before, but in NPT, C-rescale pressure coupling has been
used instead of Berendsen pressure coupling [125]. Production MD run parameters were
kept same, expect for the length of simulation, which was increased to 500ns. Average

distance heatmaps were drawn same way as previously described.

2.2.5 MM-PBSA Calculations

The same MM-PBSA method from procedure 2.1.4 was applied. Specifically, snapshots
were extracted every 1 ns from the 500 ns trajectory to calculate the average binding

affinity over the entire trajectory.
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Chapter 3

Results & Discussion

3.1 Design and Evaluation of a-Carboline Derivatives
for ALK Tyrosine Kinase Domain  Using

Comprehensive In Silico Methods

To discover applicable lead compound to be continued as a pharmacophore, an
extensive literature review was done. Among those, a-carboline (1-azacarbazole) has
been suspected to hold the most potential to be further developed mainly due to its
potential to have hydrogen binding due to its nitrogen atoms and the fact that it can imitate
the ATP’s adenine ring, which can result in binding in the hinge region of the kinase, also
helped to see it as an attractive candidate [126].

In addition to this, the literature review also turned up evidence of more favourable
modifications. Mologni et al. performed a structure-activity relationship study about ALK
and a-carboline derivatives, and reported low-micromolar range activity due to the
presence of a,p-unsaturated carbonyl substitution [89]. This evidence inspired us to
further design the various possible a,B-unsaturated carbonyl compound substitutions that
were not tested in the related study, such as propenone and chalcone at every possible
substitution point in the a-carboline structure with various halogenations at the opposite
ring of the a,B-unsaturated substitution. Propenone was chosen as relatively small-size
substituent, on the other hand chalcone structure was chosen as relatively large-size

substituent for a,-unsaturated carbonyl moiety.
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3.1.1 Molecular Docking Studies of the Designed Ligands

Molecular docking study of designed ligands was carried out making use of the
AutoDock Vina program to get the lowest energy poses of our ligands at the active site of
the ALK kinase domain. The results were tabulated according to their substation type and
position (Table 3.1 & Appendix (A) Table 1). In this manner, compound 1 is the a-
carboline itself without any modification, while compounds from 2 to 104 are substituted
with propenone and halogenations at various positions in the a-carboline. In line with
propenone substitution, compounds from 105 to 207 are substituted with chalcone and
halogenations at various positions. Essentially, the table follows the pattern of one ring
having either propenone or chalcone modification, while the other ring has either no

modification or F, Cl, Br, or | halogenation at every position of the corresponding ring.

Table 3.1 The list of selected compounds from designed a-Carbolines with binding
affinity towards kinase domain of ALK

Structure & | Binding Structure & S. Number | Binding
C. Number Affinity Affinity
(kcal/mol) (kcal/mol)
8
2
_ -7.74 -10.16
Br 0
5
N N
/ N\ FQ/(N\%
o= -8.21 /%j@ -10.63
(o] o
23 127
830 110.37
154
H i N
" / N\ \<\<Z/:\<\
2= -8.30 j\/ ~ 10.60
o o Y
60 164
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Structure & | Binding Structure & S. Number | Binding
C. Number Affinity Affinity
(kcal/mol) (kcal/mol)
; (s
TN -8.08 D
o = )} -10.13
— Cl
72
0 N
— N
S -7.81 -10.20
81
° \H
N N
- -8.21 -9.70
¢
101

In this vein, some apparent clusters in the table formed, such as compounds 2 to 18
are substituted with propenone at R1 position and have F, Cl, Br, and I halogenations at
R4 to R7 positions. The same cluster pattern is shown throughout the table. For example,
compounds 19 to 35 have propenone at the R2 position with the same halogenations at
R4 to R7 locations. In table 3.2, each cluster’s lowest binding affinity compound’s 2D
and 3D interaction figures to the ALK kinase domain are shown (A-N, 2A-2N sections).
2D and 3D interaction maps show that most of the analysed compounds have hydrogen

bonding with the M 1199 residue or with the rest of the hinge region residues, from 1197

to 1201 [49].
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Table 3.2 2D and 3D interactions docking results of the selected designed

compounds (C.no: A=5,B=23,C=49,D=60,E=72,F=81,G=101, H=110, I
=127,J =154, K=164, L=180, M = 183, N = 196)
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2D Interactions

3D Interactions
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3D Interactions
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Overall chalcone substituted a-carboline ligands have all lower binding energies

than the propenone substituted ones. While in the chalcone substituted ligands, chalcone

with halogen substituted ones mostly have lower energies than only chalcone substituted

ligands. Moreover, the ligand internally labelled as 127, chalcone substituted at the 3’

position with fluorination at the 6’ position has the lowest binding affinity with -10.63

kcal/mol amongst all designed ligands. The 2D interaction of compound 127, illustrated

possible two hydrogen bond with fluorine, Pi-Anion, and various other interactions.

When we investigate the interactions of the lowest affinity compound of each ligand

category, it is clearly seen that all of them make some degree of interaction with the active



site of ALK kinase domain. However, some of them have the potential to be more stable
due to the presence of hydrogen bonds with key residues as it was highlighted in the
introduction, such as M1199, in which most of the approved kinase inhibitors inhibit the
kinase activity by binding this specific residue. These compounds are 5, 23, 49, 60, 72,
81, 101, 127, 154. Consequently, the rest of each cluster’s lowest binding affinity
compounds were selected to further study their potential stability via subjugating them to

all-atom 100 ns MD simulation via GROMACS.

3.1.2 Molecular Dynamics Simulation of Selected Ligands Against
ALK Kinase Domain

To realistically infer the stability of the ligands in their docked location, utilizing
MD simulation is the preferred course of action in literature. Hence, all-atom MD
simulation for selected compounds was executed by using GROMACS. To have an
appropriate understanding of the stability of the protein-ligand complex, a 100 ns all-atom
MD simulation was performed.

The calculated trajectory of the atoms through MD simulation can be further
analysed to produce data about specific aspects of the simulation such as the average
distance between two selected elements, the centre of mass (COM) of ligand and COM
of important residues in the kinase domain, RMSD value, number of hydrogen bonds
between two selected elements, etc. As a result, we first focused on the RMSD values
over simulation time, which all can be located at the Fig 3.1. RMSD values calculate the
distance between two points. In our figures, the green line represents RMSD values of the
specific compound that was tested, between the ligand and protein’s backbone atoms,
while the protein and backbone refer to the distance difference between their initial
position and their current position. Hence, from this information alone one can interpret
the graph as the lesser the extent of fluctuation in the graph means better the stability of
the protein-ligand complex. From the RMSD figures, some compounds’ RMSD values
do fluctuate more than others while also even exceeding the 10 A distance from protein
(Fig 3.1). These observations strongly suggest that compounds that did not fit the
aforementioned criteria are highly likely to be unstable while considering the
environment in the simulation. One of the interesting observations is the fact that most of
the chalcone-substituted compounds, regardless of their substitution position, seemed to

fit our potentially unstable criteria, which was having a constant RMSD value over 10 A.
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Figure 3.1 RMSD plots from their MD simulation. Blue line represents the backbone
atoms’ RMSD, the orange line represents the protein atoms’ RMSD, and the green line
represents the RMSD values between the compound and the backbone atoms.
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The root mean square fluctuation (RMSF) analysis measures the flexibility and
stability of the residues of the protein by calculating the positions of the residues in the
trajectory and comparing them to the initial structure. When the RMSF values of the
tested compounds are evaluated, it could be easily seen that the compounds that had
higher RMSD values had higher number of RMSF value peaks, which we can define as
RMSF values higher than 2 A. Compound 5 has the lowest number of RMFS peaks,
defined as the same as before, indicating that ligand does not significantly affect the
stability/flexibility of the residues and hence, the ALK kinase domain. This observation
of the figure could be interpreted as our protein-ligand complex is showing hints of
stability. RMSF graphs of all the test compounds are given in the Figure 3-2.

The Radius of gyration (Rg) analysis measures the compactness of a protein by
comparing the RMSD values of the residues to the centre of gravity of the protein.
Hitherto, if the ligand binding affects the conformation/structure of the protein, large
differences in Rg should be observed if one presumes that overall structure change results
in the increasing distance from the centre of gravity to the residues. In this manner, the
Rg graph of compound 5 shows no significant differences compared to the initial value.
Moreover, all the test compounds are in the range of 1.95 (nm) to 2.05 (nm) range, hence

all could be reported as relatively stable over the course of the simulations. (Fig. 3.3)
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Figure 3.2 RMSF analysis of the selected compounds against ALK kinase domain.
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Figure 3.3 Rg analysis of the selected compounds against ALK kinase domain.



However, the RMSD value alone does not necessarily prove that compounds are in
fact unstable. To elucidate this fact more clearly, we performed the average distance
between two selections by utilizing the MDAnalysis Python package [110], [111]. In Fig.
3.4, average distance is presented between the COM of the compound that is being tested,
and the COM of selected residues. On the Y-axis, each line represents a residue selected
from the binding site based on literature, while the other selection represents the
compounds of interest. The X-axis represents simulation time in picoseconds. From Fig.
3.4, the proximity of each compound to the specified residues can be interpreted: when a
compound is near a residue, the average distance decreases and the heatmap appears
darker; as the compound moves away, the distance increases and may exceed 10 A, the
ceiling of the heatmap.

As aresult of both RMSD values and heatmaps, we can more strongly interpret the
location and stability of the selected ligands. In our cases, 6 of the compounds seem more
promising for further analysis. These are compounds labelled as 5, 23, 49, 60, 180, and
183. The main reason behind this selection was based on the RMSD values as well as
mostly their suggested location in the active site via analysing the heatmaps, dark
heatmaps signify better average distance over simulations, which greatly suggest the
location and stability of the compound over the course of the simulation, while RMSD

alone cannot achieve this level of specific information.
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Figure 3.4 Average distance (in A) heatmaps of 14 compounds, the lowest binding

energy from each category during 100 ns simulation.
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To further ensure the reproducibility of the 6 short-listed compounds stability, they
were subjected to 2 more replication of MD simulations with same conditions that are
reported in the appropriate method section with different initial seeds. Each run was in
the acceptable range of their initial run, which can be understood from the table 3.3.
Especially from Standard Deviation (SD), coefficient of variation values (CV), max
pairwise difference (Max A). However, one of reruns of MD simulations of compound 49
seemed diverge from their initial run by quite a bit, but their rest of two of runs were
similar to each which could be observed from the figures 3.5, 3.6, and 3.7. Altogether,
this suggest that even though reproducing exact trajectory down to its every atom position
on a system is not possible with our standard methodology, capturing same trend with
different seeds to our simulation which was randomly assigned by the GROMACS was

observed thoroughly in these replicates.

Table 3.3 Reproducibility analysis of 6 short-listed compounds from triplicate MD
simulations.

C.No | Metric | Mean +SD (A) | CV (%) | Max A (&)

RMSD | 1.92+0.13 6.88 0.26

5 |RMSF [0.91+0.02 2.55 0.04
Rg 20.05 £ 0.05 0.23 0.08
RMSD | 1.95+0.10 4.89 0.17

23 |[RMSF |0.94+0.08 8.80 0.15
Rg 20.05+0.17 0.87 0.34
RMSD | 4.53 +4.68 103.42 | 8.24

49 [RMSF [0.97+0.10 9.85 0.18
Rg 20.00 +0.11 0.55 0.22
RMSD | 1.59 +0.14 8.92 0.28

60 |RMSF |1.00+0.04 4.43 0.09
Rg 20.06 +0.17 0.84 0.32
RMSD |[5.36+0.11 2.11 0.21

180 |RMSF | 0.91 +0.04 4.01 0.07
Rg 19.91 + 0.00 0.02 0.01
RMSD | 3.05+0.19 6.13 0.37

183 |RMSF |[0.93+0.10 1048 [0.19
Rg 19.89 + 0.04 0.18 0.07
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Figure 3.5 RMSD analysis of 6 short-listed compounds from triplicate MD simulations.
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Figure 3.6 RMSF analysis of 6 short-listed compounds from triplicate MD simulations.
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Figure 3.7 Rg analysis of 6 short-listed compounds from triplicate MD simulations.

Furthermore, the number of hydrogen bonds over the course of the simulations from

triplicates was analysed and listed in Fig. 5. As suspected from the stability suggestion

via average distance and RMSD analysis, these seven compounds retain their hydrogen

bonding in the specified poses to an extent while also fluctuating in regard to number of

hydrogen bonds, to an extent. Specifically, 5 seems to keep its two original hydrogen

bonds that have been identified in the docking (see table 3.2, Fig. 3.1’A) over the whole

course of the simulations in every replicate, which is an immense indication of stability..
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Figure 3.8 Number of hydrogen bonds between the various ligands and the ALK kinase
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3.1.3 MM/PBSA Average Binding Energy Calculation

Calculation of binding free energies was performed via MM/PBSA analysis by
g mmpbsa package. In Fig 3.9, the binding free energies of six short-listed compounds
have been illustrated in the bar graph. As hypothesized from the hydrogen bond analysis
of compound 5 has shown the lowest binding free energies in our interested bunch with
average almost -18 kcal/mol. This fact combined with the 2D interaction of the compound
5 displaying 2 hydrogen bonds with the fact that it does indeed have had 2 hydrogen
bonds between the compound and protein over the course of the simulation, indicates that
compound 5 can stably keep the original binding mode. Similarly, the graph of compound
23 with -13.8 kcal/mol indicates closest energy values to compound 5 between 6 short-
listed compounds, combined with the fact that in, combined with the fact that in figure
3.8’s B, which signify either 1 or 2 hydrogen bonding over the course of simulation and

two hydrogen bonds in the docking position, respectively, makes the compound 23
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attractive choice as compound 5. Therefore, compounds 5 and 23 hold the most promise
of all the designed ligands, and they are both propenone substituted at either R1 and R2

positions, respectively.
Average Binding Energies over triplicate 100ns MD simulations of various compounds

-17.70 +/- 0.3
-13.81 +/- 0.81

-4.39 +/-1.86 49

N
i K s

-12.58 +/-0.79 60

-11.33 +- 0.71 180

-11.95 +/- 0.98 183

-20.00 -18.00 -16.00 -14.00 -12.00 -10.00 -8.00 -6.00 -4.00 -2.00 0.00
Binding Free Energy (kcal/mol)

Figure 3.9 MM/PBSA average binding free energy graphs of 6 shortlisted compounds
from triplicate 100ns MD simulations.

3.1.4 Towards the Design of More Stable A-Carboline ALK Kinase
Inhibitors

When the molecular docking and MD results were analysed, even though chalcone
substituted a-carboline analogues hold the most potential according to the lowest binding
affinity in the AutoDock Vina, they have been discovered as unstable and resulted in not
being able to hold onto the original docking position in the MD simulations. When the
MD simulation movies of the chalcone substituted compounds are analysed, a reason
behind the observed instability was discovered as the carbon-carbon sigma bond between
the phenyl group (Ring A) of the chalcone and substituted position of the a-carboline (see
the MD movies) due to its ability to rotate freely at the axis, which ultimately results in

not being able to stick to the active site of the ALK’s kinase domain. (Fig 3.10)
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Figure 3.10 Structure of compound 193, as an example of chalcone, substituted
carboline, and the representation of rotation on sigma bond between two phenyl groups.

Hence, from these observations, we concluded that a modification at the carbon-
carbon sigma bond will result in a more stable compound while also saving the Pi
interactions that other phenyl group (Ring B) deals with that significantly contributes to
lower binding affinity. In this manner, we design a new compound that basically lacks the
phenyl group (Ring A) which is directly bonded to the carboline structure. In the new
design, a-carboline directly links with the carbonyl carbon of the cinnamoyl group
(compound 208; Table 3.4). After the evaluation of the molecular docking studies of
compound 208, a restricted analogue of the compound 208 was designed (compound 209;
Table 3.1). The effect of the modification on compound 193 (-9.99kcal/mol binding
affinity) is demonstrated in Table 3.4 that new compounds are relatively close to this value

specifically compound 209 with the -9.80 kcal/mol binding affinity.
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Table 3.4 Molecular Docking Evaluations and 2D interactions of the modified
compounds.

Binding
Compound No. & ) . )
Stfucture Affinity 2D interactions
(kcal/mol)
GLY
208 P 180 £
A:1199
A ﬁgs A:&ELSJG ﬁAs
el LEU
A:}l“éél] o A:1196
9.05 ' £
LYS
A:1150
LEU
A:1122
Aitdo TS
GLU A:1270
A:1132 Interactions
209 —he =
ASP
A:1203
H o (=
N ~ A:IiESS e
! O L ., £ €
A:1130
-9.80 -

In a similar manner to previous modifications, all-atom 300 ns MD simulations with
the same setting as previous, were applied to both compounds that are designed in this
section in a triplicate manner. The same analysis to simulations was also conducted with
additional clustering analysis, PCA to binding region included specifically hinge residues
and FEL analysis from protein atoms’ RMSD and protein Rg was analysed. (Fig 3.11,
3.12 and 3.13-15) When the results of simulations from triplicates were compared to
template compound 183, which is the closest compound that was simulated while having
the chalcone at the same position with R1 fluorination instead of R3 bromination, it could
be easily seen that overall, all of the RMSD values of the compound 208 is significantly
lower than the 183. In fact, it could be reported as not stabilised over the course of the
simulation due to its fluctuation continuing even in the last 10 ns jumping from the 3 A
to 7 A range. Moreover, compound 208 had lower RMSD values than 183 and it is much
more stable than the 183, only fluctuating between 1-3. When average distance heatmaps
of the lowest RMSD average of the course of the simulations of the new compounds

compared to 183, in the 183’s simulation average distance between COM of the 183 and
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key residue 1199 is around 8 A and around 9+ A with the rest of the hinge region residues,
which indicates that it has not able to hold onto target site of the active site while in the
new compounds’ especially compound 208 average distance is being in the 5-6 A between
amino acid 1199 and relatively rest of the close that amino acid over the length of the
simulation. However, the same could not be reported for compound 209, it is in the ~9 A
range in the amino acid 1199, and farther away from the rest of the amino acids.
Interestingly, the same trend of 208 indicating more stableness than 209 was not followed
in the number of hydrogen bonds during the simulation. In this analysis, 209 was observed
to form more hydrogen bonds than 208, which could be interpreted as 209’s conformation
forming more stable complex than the 208’s. Supporting this interpretation, same
stableness was observed in the RMSD graph in run 1 and 3, which did not significantly
fluctuate after 25ns simulation in both runs. Even though run 2 MD simulation of the 209
followed the similar pattern until ~150ns mark, after this time it stabilised in different
region around 20 angstrom. Due to this, run 1 was considered for the following analysis
on the 209 while run 2 was selected for the 208.0n the other hand, this stableness of the
conformation of the 209’s after around 25ns simulation can be construed indicative of as
not as effective binding as the 208, from the observation of the how close to one of the
key residue of ALK kinase’s hinge region 1199, which floated around ~9-10 A. Overall,
this could be depicted as the original 209’s conformation was not preserved and new
conformation and site in the region kinase could be less effective than the 208’s due to
208 being in the binding site location of the kinase domain was thoroughly preserved
which can observed from the average distance between COM of residues and COM of

208 and as well as the MD movies.
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Figure 3.11 MD simulation analysis of compounds 208 and 209. A, B, and C sections
represent the compound 208; D, E, and F sections represent the compound 209. A, D)
RMSD plot of ALK kinase domain with compounds over 300 ns MD simulation. B, E)
Average distance heatmaps. C, F) Number of hydrogen bonds between the ligands and
the protein over the course of the simulation.

To gain deeper insight into binding pocket movements, PCA was done on the
binding pocket of only ALK tyrosine kinase (TK) domain, 208-ALK TK complex’s MD
simulation titled as run 2, 209-ALK TK complex’s MD simulation titled as run 1. Binding
pocket was selected by selecting following residue IDs 1196, 1198, 1199, 1200, 1202,
1203, 1120, 1122, 1123, 1253, 1254, 1256, 1130, 1132, 1269, 1270, 1146, 1148, 1150.
After aligning the trajectory to backbone atoms of the ALK TK, binding pocket was
defined as previously stated, cartesian coordinates of the defined and selected pocket
atoms was extracted. Afterwards, rest of PCA commenced. Via using result of the PCA,
trajectories were projected on the two PCs, which we plotted in 2D representations.

(Figure 3.12)
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A) PCA of ONLY ALK TK complex's binding pocket B) PCA of 208-ALK TK Complex's Binding Pocket C) PCA of 209-ALK TK Complex's Binding Pocket

PCZ (8.77%)
°
PC2 (12.21%)

Figure 3.12 Principal component analysis of the compounds 208 and 209 — ALK TK
complexes, and only ALK TK. Percentages signify how much of variance that PC
account for.

As it is clear in the figure 3.12, only ALK TK binding pocket shows so much more
movement than the rest, which could be reported as expected. Due to the fact there is no
molecule/compound the restrict the movement of the atoms, which ends up binding
pocket atoms freely exploring available space. While 208-ALK TK complex and 209-
ALK TK cases, much more restricted variance is observed, especially in 208. 208-ALK
TK binding pocket seemed to be more restricted than 209 and only ALK TK, due to its
seemingly tighter clustering than both. From this it could be inferred that, less movement
on the binding pocket, could be a result of stable binding of the compounds to the binding
pocket, which one would expect to significantly hinder its ability to freely explore the
available space.

To also methodically study the movements of the backbone atoms of compound-
ALK TK complexes clustering analysis on the backbone atoms to discover prominent
conformations were applied. (Figure 3.13-14) In both cases, 4 prominent clusters were
discovered and both complexes’ cluster’s relative distance each other was similar while
209’s clusters being more closely related than the 208’s. This fact could be inferred from
the dendrogram section of clustering analysis, which shows that in 208’s case there is
almost 60 atomic unit (AU) distance between cluster four and both cluster three and two.
While these clusters distance between them discovered to be around 35 AU. Interestingly
cluster one’s distance to others was more than 80 AU. In slight difference to 208, 209-
ALK TK complex’s clusters showed similar relative differences to 208 with 209’s
clusters’ spread radius being smaller than the 208’s which indicate within clusters there
is less variance to each other than 208. But one examines clustering dendrogram of the
209-ALK TK domain cluster and compared them to 208, stark difference could be

observed. The clusters are more far away from each other than 208, cluster four and three
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have more than 40AU distance between them while clusters two and one, have even more

than that. On top of that, distance between clusters 1-2 and 3-4 are almost 100 AU.
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Figure 3.13 Clustering analysis of 208-ALK tyrosine kinase complex. A) Histogram plot

of number of members across all clusters. B) A linear projection of clusters across the

trajectory C) Distribution of clusters relative each other. D) Clustering dendrogram.
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Figure 3.14 Clustering analysis of 209-ALK tyrosine kinase complex. A) Histogram plot

of number of members across all clusters. B) A linear projection of clusters across the
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Concurrently, to clarify the fact that 208-ALK TK complex’s entire backbone and
its binding pocket seemingly being more stable than the 209-ALK TK complex, Rg-
RMSD (both protein atoms) based FEL analysis was conducted. (Fig 3.15) In figure 3.15
as control only ALK TK domain’s FEL was also constructed, which helped to compare
both compound complexes not to just each other and to also compare to control as well.
To this end, in control two strong basins are observed, while around 20A Rg and RMSD
at 2.75A being more prominent than the other one, around 19.6A and 2.75 A. Between
these two basins, relatively low free energy location around 8kJ/mol area exists, which
means that in order to pass from one basin’s conformation to other one only around
8kJ/mol barriers needs to passed. In this case, we can see that protein atoms explored
large stage of the available space regardless of the changes in the Rg values. One could
label this as protein atoms moving unimpededly, while in both 208 and 209 complexes
with ALK TK, much more restricted movement of the protein atoms are exhibited,
especially in 208’s. In both cases only one energetically prominent basin are discovered,
around 20A Rg and 3A RMSD for 208 and around 20.1A Rg and 3.1 A RMSD. However,
208’s protein atoms, shows slightly more restricted movement compared to 209, which

supports the previous analyses.

2D Free Energy Landscape (Rg vs. RMSD) 2D Free Energy Landscape (Rg vs. RMSD) 2D Free Energy Landscape (Rg vs. RMSD)
< S ———

rgy (kj/mol)

19.8 20, 198 200 198
Radius of gyration (A) Radius of gyration (A) Radius of gyration (A)

A) Only ALK TK DOMAIN B) 208-ALK TK COMPLEX B) 209-ALK TK COMPLEX

Figure 3.15 RMSD-Rg based FEL analysis of only tyrosine kinase domain, 208-ALK
TK complex, and 209-ALK TK complex.

To further analyse the stability and binding affinity of the newly designed
compounds 208 and 209, the same g mmpbsa package was applied to the compounds on
triplicate MD simulations. Compound 208’s average binding energy over triplicate MD
simulations was discovered as being in the similar range to the previously tested batch’s
best compound, ~-14.5kcal/mol, which differs from the compound 209’s results that had

the average binding energy of around -11.9kcal/mol over the course of the
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simulations(Fig 3.16), Therefore, this result indicates similar binding affinity towards to
the ALK kinase domain as previously tested batch’s best candidate, compound 5. When
the MM/PBSA results are combined with RMSD, average distance results, PCA on
binding region, clustering analysis , and Rg-RMSD based FEL analysis, it can be
concluded that compound 208 has the potential to successfully inhibit the ALK kinase
domain, while also compound 209 has almost similar potential, but their average distance
to various key residues could be inferred as the not as effective as others due to interacting
with different residues.

Average Binding Energies over Triplicate 300ns MD Simulations of Modified Compounds

-12.06 +/- 4.65

-14.02 +/- 0.78

-18.00 -16.00 -14.00 -12.00 -10.00 -8.00 -6.00 -4.00 -2.00 0.00
Binding Free Energy (kcal/mol)

Figure 3.16 MM/PBSA average binding free energy graph of modified compounds
from triplicate 300ns MD simulation
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3.2 In silico Discovery of Novel ALK inhibitors from a

Natural Product Database

To ensure properly predict potential ALK inhibitors from a Natural Product (NP)
Database, pre-docking equilibrium and analysis of it was performed. Subsequently after
the selection of proper conformation from equilibrium MD, NPs from COCONUT
database, which had more than 695k distinct NPs and with filtration according Lipinski’s
rule of five that lowered to count to 361732 molecules, were also prepared as reported in

2.2.2. From this preparation Docking studies had been commenced as outlined in 2.2.3.

3.2.1 Molecular Docking of the COCONUT NP Database against ALK
tyrosine kinase domain

All the docking results from Smina, has been tabulated by selecting each molecule’s
their first binding mode, which are ordered by lowest binding affinity to highest in their
allowed 10, and ordered by their lowest binding affinity to highest amongst all NPs.
Lowest top 108 has been reported in the appendix table 2, which overall binding affinity
has been found as lowest as -11.6 to highest -10.8 kcal/mol. The reason behind selecting
top 108 instead of 100, was the fact that -10.8 kcal/mol binding energy starts from 80. NP
with CNP0074120.0 COCONUT ID and ends with 108. NP with CNP0488686.1
COCONUT ID. Hence, one could understand that we wanted to include all of the last
binding energy that is present in the top 100, which resulted in including 8 NP molecules
to top 100.

After identifying the 108 natural products (NPs) with the lowest binding energy
(i.e., highest binding affinity) for the ALK tyrosine kinase domain, subjecting all of them
to further in silico studies, such as MD simulations and binding energy calculations, is
impractical and resource intensive. Therefore, further selection was performed based on
interaction analysis of the docking poses. The top five NPs were chosen if they formed at
least one hydrogen bond with the hinge residues of the ALK tyrosine kinase domain,
corresponding to residues 1197—1201. Details of the active region structure are provided
in Section 1.3.1. Lastly, as reference molecule to compare the result Lorlatinib’s results

were also reported.
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Table 3.5 The top S highest binding affinity of COCONUT NPs that also have at
least one hydrogen bond with hinge residues

COCONUT NP ID Binding Affinity COCONUT NP ID Binding Affinity

& Structure (kcal/mol) & Structure (kcal/mol)

1o R ;
HO” ™" "OH HO” ™
OH OH
CNPO106316.1 CNPO0273044.2
H

O

Crdry

-11.4 -11.4
O}/N\
(0]
CNP0124314.1
-11.4 -8.6
OH Lorlatinib

CNP0273044.1

Top 5 NPslowest binding energy NPs that has at least 1 hydrogen bond with hinge
residues were found as CNP0106316.1, CNP0124314.1, CNP0273044.1,
CNP0273044.2, CNP0501886.1, with -11.6 kcal/mol binding energy for CNP0106316.1
and for the rest -11.4 kcal/mol (See Table 3.5). These NPs can be found in top 10 in the
original tabulation that is reported in the appendix table 2. From structures of these NPs,
one can easily see that they are closely related. In some of them, only difference of that
is observed was the chirality, such as CNP0273044.1 and CNP0273044.2. At the same
time, all five seems to be derivatives of bisindolylmaleimide, however some of the does
not necessarily follow the maleimide structure, such as CNP0124314.1 and CNP510886.1

Additionally, reference molecule’s binding energy was found to be -8.6.Lorlatinib’s

binding energy was found to be higher than what we have found from our docking results
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by using environmental scoring function of the Smina. However, from this alone, one
cannot report all the above compounds as superior inhibitor to Lorlatinib or even as an
ALK inhibitor without further analysis and experiments. Hence, from docking poses
binding interactions to the amino acids has been studied, and 2D and 3D interaction

figures could be found at the following table. (See Table 3.6)

Table 3.6 2D and 3D interactions between top S NPs and ALK tyrosine kinase
domain.
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Footnote: In the 2D figures, dotted lines between residues’ and the ligand’s atoms indicate hydrogen bonds with
respective lengths in angstrom while residues with the vertical red lines indicate the Van Der Waals interactions between
the residue and the ligand. In the 3D figures, all amnio acids that are in 5 angstroms of the centre of mass of each NP
was labelled with their residue number in red.

As a first step, our analysis of binding poses started with the reference molecule,
Lorlatinib. Our analysis predicted that Lorlatinib makes two hydrogen bonds with one of
the activation segment’s amino acids, DFG motif’s aspartic acid numbered 1270, and with
Glycine numbered 1269. However, when the literature was checked both Lorlatinib’s
original discover group’s study with crystallography experiment that co-crystallized
Lorlatinib with ALK tyrosine kinase domain and related study in 2021, Lorlatinib
demonstrated binding poses that had hydrogen bonds with hinge residues, with binding
the tyrosine kinase domain of the ALK while overall conformation of the domain as in
the DFG-in state [127], [128].

This discrepancy could be attributed number of reasons, but we have narrowed it
down to three possibilities: 1) selected post-equilibrium DFG conformation being slightly
different, which in both studies Lorlatinib was discovered to bind DFG in state; 2) bias
due to applying rigid docking; 3) inherent scoring function bias. First possibility can
easily be checked by comparing our conformation DFG distance to hinge residue to the
of known the distance of DFG-in state’s conformation. For this end, 4CLI’s the distance
between phenylalanine’s phenol and hinge residues, 1197, 1198 and 1199, was measured
as 12.3A, 14.6A, and 13.8A, respectively. When these distances compared to our
conformation’s distances, which was measured at 12.9A, 14.8A, and 14.1A, respectively,
one can easily see that they are very close to each other. The observed closeness validates

our chosen conformation, ruling out the factor responsible for the previous discrepancy.
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Second and third possibilities most likely reasons behind the discrepancy, however this
thesis will compare the literature findings as well as our findings to our NP docking results
to eliminate these possible biases in our experimental protocol.

Without delay due to hinge region selection, our top 5 compounds show one
hydrogen bond with hinge residues, especially M1199. In all NPs this bond is detected
however in the CNP0106316.1’s another hydrogen bond with D1203 also present, which
could mean the CNP0106316.1 is more stable than rest in this specific binding pose.
Concurrently, these hydrogen bond with hinge region residues could also confirm our
NPs being inhibitors due to interacting with same type of residues that orthodox tyrosine
kinase inhibitors interact with, such as our literature findings of Lorlatinib, however in
our case it was different and the reason behind is explained in the previous paragraph. In
our pose of Lorlatinib, it shows interactions with activation segment, which is still
indicative of an inhibition on an activity of tyrosine kinase domain, and combined with
the fact that it shows two hydrogen bonding, it could be taken as immense indicative of
stability of our specific binding pose. Regarding the rest of the NPs, similar Van der Waals
interactions can be observed in all the top 5 NPs’ interactions and the 3D figure of the
docking poses at the tyrosine kinase domain of the ALK also supports this. Specifically,
all the maleimide moieties of the top 5 NPs faces the same region of the domain, towards
hinge region of the tyrosine kinase domain. When interpreted all together with the fact
our top 5 compounds showed remarkable similarity to each other, it is not that surprising
that the Van der Waals interactions show similar in all of them.

Ultimately from this analysis, one can say that CNP0106316.1 and Lorlatinib shows
the most promise in all the tested NPs, but without further experiments this cannot be said
confidently. Based on this observation, all of the NPs and as well as Lorlatinib, was

subjected whole atom MD simulation of 500ns.

3.2.2 MD simulation of the selected top S NPs against tyrosine kinase
domain of the ALK

To elucidate the inherent problems of the docking procedure, such as rigid docking,
lack of water and ions atoms that always present at normal conditions of the protein, and
as well as and forces between atoms changing the pose of both protein and the molecule
across a time interval, MD simulation has been utilised. By analysing the calculated
trajectories of the protein-NP complex in specified time interval, 500ns in this case, one

can infer about potential stabilities of all of NPs, which allows for testing our hypotheses
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from docking results, which two compounds, CNP0106316.1 and reference compound
Lorlatinib, seemed more likely to stable than the rest.

Therefore, after the MD simulation, trajectories of each NP, has been corrected for
periodic boundary conditions and first analysis initiated which was calculation of RMSD
values between NP atoms and backbone atoms of protein. This analysis provides basic
information of distances between two selections, in our case NP and backbone atoms, due
to fact RMSD equation that is been utilised in the GROMACS can be summarized in a
nutshell as square root of mean of squared distances between selections. Hence from this
one can deduce that larger distances between atoms higher the RMSD values will be.
Ultimately, one can use this information gather information about stability of the NP in
the trajectory. Such as, if the docked pose of the NP is in fact stable, i.e. energetically
most favourable in the docking box that was provided, NP will not be found more
energetically favourable pose, the distance between atoms will not change across time.
However, due to aforementioned points in the previous paragraph, docking poses is not
always that accurate. For this reason, our analysis is begun with interpreting the RMSD
figure. (Figure 3.17)

From the figure 3.17, one can readily interpret that even though all our NPs share
similarity with each other, their stability at respective docking poses, despite sharing same
relative position at the tyrosine kinase domain, differed significantly from one another.
One of our selected NP, CNP0106316.1, demonstrates higher stability than the rest. This
can be observed from the RMSD values across its 500ns MD simulation mostly not
exceeding 4A with mainly fluctuating between 2-4A, see figure 3.17’s part A. One can
interpret this as CNP0106316.1 did not significantly relocate even with the presence of
water and ion atoms, which strongly indicates stability in its docking position at the
targeted tyrosine kinase. When this observation compared to Lorlatinib’s RMSD plot
from its MD simulation, CNP0106316.1°’s RMSD values seems to be lower than the
Lorlatinib, which seems to fluctuate between 4-6A. Hence, this can be considered as
indicating that the CNP0106316.1’s stability is more than Lorlatinib while on the tyrosine
kinase domain of the ALK.
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Figure 3.17 RMSD values between protein’s backbone and NP atoms across 500ns MD
simulation time for each selected NP

In the meantime, CNP0124314.1 shows quite unstability across whole 500ns MD
simulation fluctuating between 20-70A, starting from first 10ns never reaching
equilibrium at any stage across of the simulation. Additionally, when the size of targeted

active region of the tyrosine kinase considered, distances more than 10A, can be easily
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considered too high be considered “good” binding pose. However, since RMSD is the
square root of average distances between selections, reaching the previous conclusion
from RMSD analysis alone may be insufficient. Therefore, this conclusion requires more
direct evidence based on fewer assumptions. Ultimately, one can achieve this goal by
assessing the individual distances between amino acids, more specifically key ones, and
the NP.

Next two NPs, CNP0273044.1 and CNP0273044.2, shows comparable trend in
their RMSD plots. In the first 15-20% of the simulation time, they show rather low RMSD
values, lower than 10A that we can considered as a cut-off point due to explained reasons.
But after a specific time, around 100ns for CNP0273044.1 and around 75ns for
CNP0273044.2, they start to exhibit alternation in its location, across the ALK tyrosine
kinase (TK) and NP MD simulation, and even with relatively long simulation, they never
reach equilibrium again, which can be observed with continuing fluctuations across the
whole simulation. Lastly, CNP0501886.1, is an interesting case, because for more than
250ns simulation, it illustrates rather promising RMSD values. However, as it can be seen
from Fig. 3.17’s part E, after around 275ns mark, it displays fluctuation, even at 500ns
mark it still did not reach equilibrium again.

Given these points, our predictions of higher stability of CNP0106316.1 from
docking poses, has been supported by the plots of RMSD values between each NP and its
ALK TK’s backbone atoms across the course of the MD simulation. Also, CNP0106316.1
featured lower RMSD values than the Lorlatinib. Before moving the assessing the
specific distances between NP and key amino acids in the ALK TK domain, for each NP-
ALK TK complex’s protein stability and possible conformation change in the protein, can
be analysed. This analysis allows further supporting the stability of the complex.

To this end, RMSF analysis was conducted to backbone atoms of the ALK TK. (see
Figure 3.18)
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Figure 3.18 Backbone atoms’ RMSF analysis of selected top 5 NP-ALK TK complexes

Due to our complex only consisting of TK domain of the ALK, X-axis start from
1100, C-terminal of protein is naturally fluctuating or layman terms moving around more,
due to being at the one end of protein while similar trend observed in the N terminal

residue as well, but with less magnitude of increase. However, an increase compared to
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previous residues to N terminal is observed, hence the expected and observed trend.
Granted to stability inferences from RMSD values, one could hypothesize that reason
behind the unstableness of NPs, that caused alternation from their equilibrium poses could
be emanated from possible conformation change in the ALK TK domain. If this is indeed
the case, large fluctuations should be observed across many of the residues, that
corresponds the changing the conformation of the domain. However, this observation was
not detected in our analysis. There were no significant differences between all the
complexes. Almost all, of the peaks and troughs in the RMSF plots were in the same
residues, and when this observation combined with the fact that even magnitudes of
fluctuations are all within 1-2A each other and mostly less than 1A. On that account, one
cannot confidently report the reason of observed unstableness of the four of the NP was
the conformation change in the ALK TK domain.

To further test the hypothesis from another angle, Rg analysis was conducted to
measure changes in overall, meaning from all axes, compactness of TK domain. (see
Figure 3.19) Hence if there is significant change in the conformation, one would expect

to see change in the Rg value over course of the simulation.
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Figure 3.19 Protein atoms’ Rg analysis of selected top 5 NP-ALK TK complexes.
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All the tested NPs shows comparable Rg values across the course of the simulation.
The values rested changed between 1.95 to 2.05 nm. Only two of NPs, CNP0124314.1
and CNP0501886.1, exceed 1.95-2.05 interval, which in both cases Rg value nears 2. 1nm
at some point of the MD simulation, around 500ns and 400ns marks, respectively. But at
these marks, there is no sudden change in the RMSD value between backbone and NP
atoms, which could be inferred as the similarly as RMSF conclusion. While rest of the
plots all stay within the mentioned the interval, without drastic changes. But as a side
note, CNP0106316.1 illustrating less change the rest of the Rg values of NP and as well
as Lorlatinib. Ultimately, both analyses, RMSF and Rg, did not support the hypothesis of
unstableness of NPs caused by the conformation change in ALK TK domain.

To further highlight the stableness of the CNP0106316.1, distance analysis between
COM of NP and COM of previously selected residues has been done. (See figure 3.20)
This analysis allows the make inferences about specific location of the NP, by comparing
the distance to the key residues in the targeted site. Most compelling factor is that one can
observe changes in the whole course of the simulation, such as if the NP is locating
another site of the ALK TK, distance will change, and in the heatmap will change colour

depending on the distances between key residues’ COM and NPs’ COM.
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Figure 3.20 Average distance heatmaps of selected top 5 NPs.

With data represented at the Figure 3.20 combined with RMSD plots from Figure
3.17, one can infer about the whether the NP is indeed the docked location. The heatmaps
are configured to change colour depending on the distance at the specific time. From the
colour gradient legend, it can be observed that from 10A to OA it will change colour from
gradient of cyan colours to dark purple, and from 10A to 20A to will go to green to yellow

while +20A values will be rendered as yellow. In this case, heatmaps strongly correlate
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the observations from RMSD figure. All the possibly unstable NPs, CNP0124314.1,
CNP0273044.1, CNP0273044.2, and CNP0501886.1, exceeds 20A at the similar time
mark as the RMSD figure, and as it suggested in the discussion of the RMSD values, they
did not reach equilibrium again. This observation is eminent in the heatmaps, which can
observed by the fact that sometimes NPs going closer to key residues and right after going
back to +20A again. However, in the case of CNP0106316.1’s case, observed distances
between COMs of between key residues and NP, supports the stability. The supporting
observations are to hinge residues, CNP0106316.1’s distances do not change drastically
from start to finish. Specifically, stays around 10A at the whole simulation. This
seemingly “high” number can be explained by the fact that we are comparing COM,
centre of mass, between two selections, residues and NP, and due to not comparing
distances between first selection’s closest atom to other selection’s closest atom, instead
we are comparing COM of a molecule to COM of another molecule, which adequately
explains the “high” distance values. To prevent this issue in the analysis, examining the
change in the distances, meaning comparing within itself instead directly analysing
distance value itself, makes the most sense. Lastly, CNP0106316.1’s heatmaps also shows
similarities between Lorlatinib, specifically at the hinge region. Especially after the
around 25ns mark of its MD simulation, which can be considered that it stays the same
to finish of the simulation. This 25ns marks change also observed in the related RMSD
plots as well, by fluctuating the same RMSD interval to end after 25 ns. In short, it could
be reported that Lorlatinib ALK TK complex MD simulation predicts that our reported
binding pose changes into different one, which more closely resembles to literature
reported ones inferred by the fact that is closer to hinge region amino acids than what is
started with it. Altogether, up until now our analysis of MD simulations, strongly suggests
that CNP0106316°’s is the most promising candidate in our selected top 5 NPs.

Another important point the stability of the binding poses is the hydrogen bonding,
as reported in docking poses, all selected NPs have at least 1 hydrogen bond with hinge
region while CNP0106316.1 having two hydrogen bonds even though one of them is not
to hinge region amino acids. By looking at number of hydrogen bonds between ALK TK
and NP, one can farther ascertain whether the NPs were able to keep their hydrogen bonds
in their original pose. (see Figure 3.21) However, by looking at the previous analyses, one
can readily report that almost all of them could not hold on the their hydrogen bonds

which can be inferred from distance between NP and key residues alone.
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Figure 3.21 Number of hydrogen bonds between NPs and ALK TK domain over the

course of the simulation.

As suspected, four of the NPs, all except for CNP0106316, were not able
consistently hold on the hydrogen bonds, which could explain the observed unstableness
of the NPs. In the case CNP0106316.1, in all of its simulation it demonstrates at least one
hydrogen bond while at most of the time its two and with less frequently it jumps to 2-3.
When observation is compared to Lorlatinib’s case, it could explain the observed
differences in the RMSD and very comparable distance heatmap results. Number of

hydrogen bonds between Lorlatinib and ALK TK domain almost stays at least two most

simulation, while less frequently to lowering one or going +2.

Therefore, as suspected from earlier analyses of MD and docking poses,

CNPO0106316.1 is the most promising NP in selected top 5 NPs.
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3.2.3 MM/PBSA Average Binding Energy Calculation Between NPs
and ALK TK over the Course of MD Simulation

In Figure 3.22, the average binding free energies across the whole simulation have

been reported.

Average Binding Energy (kcal/mol) over selected compounds’
500ns MD simulations
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Figure 3.22 MM/PBSA average binding free energies of the selected top 5 compounds
and Lorlatinib.

The average binding energy of CNP0106316.1 and Lorlatinib is very close, -14.30
and -16.65, respectively. Combined with previous analyses, this indicates that
CNP0106316.1 have the most potential to be ALK TK kinase inhibitor, maybe same as
Lorlatinib maybe better potency, but without further experiment, especially in vitro
experiment, such as kinase assays, etc. Reporting a promise is the best one can do. Besides
this observation, in CNP0501886.1°s binding energy is significantly lower than any other
test NP and Lorlatinib with -42.20. But due to its unstableness that has been observed at
the target location, one cannot report CNP0501886.1°s as promising candidate for ALK
inhibition. However, as reported earlier, without in vitro and in vivo validations, all of
this are just predictions or in more harsh terms can almost reported as pure speculations.
But purpose of the in silico methods of drug discovery is reducing cost of time money
that is needed for discovering and developing drugs, and in this case, by applying number

ofin silico methods, filtration according Lipinski’s rule of five, and logic based selections,
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we can strongly recommend one NP that has the most potential to inhibit ALK TK domain

from our COCONUT NP database.
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Chapter 4

Conclusions and Future Prospects

4.1 Conclusions

Cancer is leading cause of death in the 57 countries [129]. Moreover, lung cancer
is the leading cause of cancer related mortality [130]. ALK positive lung cancer takes up
5-7 percent of all lung cancer and there are several ALK dependent cancers alongside
with the lung cancer. To combat this, FDA approved number of drugs for ALK positive
lung cancers. Despite this, a recent study highlighted that around half of the ALK-positive
NSCLC patients is going through disease progression in response to first-line Alectinib,
which is a second-generation ALK inhibitor and containing carbazole structure, as a
predictable result of cancer’s disposition and typical appearance of resistance. Therefore,
this thesis primarily tried two distinct methods to discover and develop new and novel
drug compounds and motifs to target ALK positive cancers.

Firstly, we designed novel a-carboline structures for targeting ALK kinase domain
to be effective for number of ALK positive cancers, and tested these compounds via
utilizing in silico approach, comprising of molecular docking, molecular dynamics
simulations, MM/PBSA binding free energy calculation, and essential dynamics analysis.
As results of the analysis two promising candidate emerged compound 208 and 209, when
all the results were considered holistically from AutoDock Vina’s binding affinities to
MD simulation results. Compound 208 showed the best binding free energy during 300
ns molecular dynamics simulation. Moreover, compound 208 had more stable RMSD
values with 2-3 Angstrom and it had significantly less distance to one of the hinge
residues, M1199, compared to compound 209. Considering the ease of synthesis of the
target compounds, we may conclude that compound 208 could be considered as a
potential ALK inhibitor.

Secondly, we had gathered more than 695k distinct NP from COCONUT NP
database and around 361732 NP have met the Lipinski’s rule of five filtration criteria. By
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utilizing docking via Smina, MD simulation via GROMACS, and MM/PBSA
calculations via g mmpbsa. We have screened filtered NPs against ALK TK domain,
8 ARJ. Among docking results, top 108 were tabulated by ordering their predicted binding
affinity from lowest to highest. From these 108, top five were further selected by carefully
evaluating their interactions in their binding pose the docked location. In effect, selections
encompassed basically selecting NPs that had at least one hydrogen bond with hinge
residues of ALK TK. Furthermore, selected top five’s stability at the docked location,
further evaluated by MD simulation by analysing RMSD, RSMF, Rg, average distances
between NP and key residues and number of hydrogen bonds across the simulation.
Concurrently, each NPs binding free energy towards ALK TK across the simulation had
been calculated by MM/PBSA method. From inferences of those results only one NP from
five candidates, has emerged as strong candidate as ALK TK inhibitor, numbered as

CNP0106316.1.

4.2 Societal Impact and Contribution to Global

Sustainability

The thesis makes use of in silico approaches to identify novel compounds that target
ALK TK domain using in silico approaches. Seeing this, it can be reported that research
output of this study could result in direct societal benefits. It could achieve this by
accelerating time necessary and reducing resource intensity that normally is required for
developing effective cancer therapies with less side effects if possible. In fact, this goal
we are trying to accomplish directly supports Sustainable Development Goals 3 (SDG),
good health and well-being. By accelerating early-stage drug discovery, this research
could improve access to potential therapies in low- and middle-income countries. These
regions often lack the infrastructure for long-term drug development cycles. Therefore, a
computationally guided, lower-cost strategy contributes to reducing health inequities and
expands global access to cancer treatment, which ends up further reinforcing the health
equity aspects of SDG 3. Besides these, our research goal is setup to lower the costs and
time of drug discovery and development, by reducing the need for depending on HTS
both in vitro and in vivo even though it still necessary for validating in silico results,
overall resource needed significantly lower than what one would normally require for

HTS. Furthermore, the computational workflow developed in this thesis is designed to be
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reproducible and transferable, enabling other researchers, including those in resource-
limited academic or clinical settings, to apply these methodologies without extensive
laboratory infrastructure. This promotes wider scientific collaboration, encourages open
research practices, and facilitates global knowledge sharing. In effect, our goal is aligned
with responsible consumption and production goal of SDGs (SDG 12). In addition, by
creating a cost-effective and adaptable pipeline, the research contributes to more equitable
participation in drug discovery, allowing scientists worldwide to engage in early-stage
development of cancer therapies. This can accelerate the translation of computational
discoveries into experimental validation, thereby improving efficiency and inclusivity in

the global scientific community.

4.3 Future Prospects

Ultimately, to fully report the compounds 208, 209, or CNP0106316.1 as potent and
selective ALK TK inhibitor, in vitro and in vivo validations are required. In summary, this
thesis could help to pave the way for discovering or designing and developing new

generation of ALK targeting inhibitors.
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APPENDIX

Appendix Table 1. The list of designed Carbolines with binding affinity towards
kinase domain of ALK

Chemical Abbreviations of the R groups:

o

W
Propenone, PRP:

Chalcone, CLC:

o

0

C. No Ri Rz R3 R4 Rs Re R7 Binding
Affinity
(kcal/mol)
1 -H -H -H -H -H -H -H -7.23
2 -PRP -H -H -H -H -H -H -7.47
3 -PRP -H -H -F -H -H -H -7.55
4 -PRP -H -H -Cl -H -H -H -7.71
5 -PRP -H -H -Br -H -H -H -7.74
6 -PRP -H -H -I -H -H -H -7.64
7 -PRP -H -H -H -F -H -H -7.73
8 -PRP -H -H -H -Cl -H -H -7.62
9 -PRP -H -H -H -Br -H -H -7.41
10 -PRP -H -H -H -I -H -H -7.44
11 -PRP -H -H -H -H -F -H -7.67
12 -PRP -H -H -H -H -Cl -H -7.56
13 -PRP -H -H -H -H -Br -H -7.49
14 -PRP -H -H -H -H -I -H -7.50
15 -PRP -H -H -H -H -H -F -7.64
16 -PRP -H -H -H -H -H -Cl -7.54
17 -PRP -H -H -H -H -H -Br -7.61
18 -PRP -H -H -H -H -H -I -7.69
19 -H -PRP -H -H -H -H -H -7.92
20 -H -PRP -H -F -H -H -H -8.15
21 -H -PRP -H -Cl -H -H -H -8.13
22 -H -PRP -H -Br -H -H -H -8.20
23 -H -PRP -H -I -H -H -H -8.21
24 -H -PRP -H -H -F -H -H -8.11
25 -H -PRP -H -H -Cl -H -H -8.03
26 -H -PRP -H -H -Br -H -H -7.86
27 -H -PRP -H -H -I -H -H -7.55
28 -H -PRP -H -H -H -F -H -8.04
29 -H -PRP -H -H -H -Cl -H -8.08
30 -H -PRP -H -H -H -Br -H -8.17
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Chemical Abbreviations of the R groups:

(0]

W
Propenone, PRP:

Chalcone, CLC:

o

0

C. No Ri Rz R3 R4 Rs Re R7 Binding
Affinity
(kcal/mol)
31 -H -PRP -H -H -H -I -H -8.20
32 -H -PRP -H -H -H -H -F -8.06
33 -H -PRP -H -H -H -H -Cl -8.20
34 -H -PRP -H -H -H -H -Br -8.08
35 -H -PRP -H -H -H -H -I -8.03
36 -H -H -PRP -H -H -H -H -7.51
37 -H -H -PRP -F -H -H -H -7.83
38 -H -H -PRP -Cl -H -H -H -7.72
39 -H -H -PRP -Br -H -H -H -7.51
40 -H -H -PRP -I -H -H -H -7.25
41 -H -H -PRP -H -F -H -H -7.89
42 -H -H -PRP -H -Cl -H -H -7.70
43 -H -H -PRP -H -Br -H -H -7.34
44 -H -H -PRP -H -I -H -H -7.80
45 -H -H -PRP -H -H -F -H -7.95
46 -H -H -PRP -H -H -Cl -H -7.75
47 -H -H -PRP -H -H -Br -H -7.99
48 -H -H -PRP -H -H -I -H -7.67
49 -H -H -PRP -H -H -H -F -8.30
50 -H -H -PRP -H -H -H -Cl -7.50
51 -H -H -PRP -H -H -H -Br -7.62
52 -H -H -PRP -H -H -H -I -8.07
53 -H -H -H -PRP -H -H -H -7.65
54 -F -H -H -PRP -H -H -H -8.29
55 -Cl -H -H -PRP -H -H -H -8.02
56 -Br -H -H -PRP -H -H -H -7.82
57 -I -H -H -PRP -H -H -H -7.63
58 -H -F -H -PRP -H -H -H -7.81
59 -H -Cl -H -PRP -H -H -H -8.06
60 -H -Br -H -PRP -H -H -H -8.30
61 -H -1 -H -PRP -H -H -H -7.86
62 -H -H -F -PRP -H -H -H -8.03
63 -H -H -Cl -PRP -H -H -H -7.97
64 -H -H -Br -PRP -H -H -H -7.68
65 -H -H -1 -PRP -H -H -H -7.31
66 -H -H -H -H -PRP -H -H -7.79
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Chemical Abbreviations of the R groups:

Propenone, PRP:

Chalcone, CLC:

Re

Binding
Affinity

Ry

R2 R3 R4 Rs

Ri

C. No

(kcal/mol)

-8.13
-8.02
-8.04
-8.05
-8.04
-8.08
-8.04
-7.88
-7.88
-7.80
-7.96
-8.04
-7.56
-7.79
-7.81
-7.81
-7.76
-7.62
-7.66
-7.69
-7.65
-7.71
-7.69
-7.67
-7.50
-7.46
-7.82
-7.80
-8.0

-7.84
-8.09
-7.63
-7.53
-7.53
-8.21
-7.70

-H
-H
-H

-H
-H
-H

-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP

67 -F -H -H -H
68
69

70
71

-Cl
-Br

-H

-H

-H

-H

-H

-H

-F

-H

-Cl
-Br

-1

72
73

-H
-H
-H
-H

-H
-H
-H
-H
-H
-H

-H

H
H
-F

-H
-H
-H
-H

74
75

H
H

H
H

-Cl
-Br

-1

76

77
78
79
80
81

-H
-H
-H
-H
-H
-H
-H
-H
-H
-H
-H
-H
-H
-H

-H

-H

-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP

-PRP

H

-H
-H
-H
-H

-H
-H
-H
-H

-H
-H
-H
-H

-H
-H
-H
-H

-F

-Cl
-Br

-I

82
83

84
85

-Cl -H -H -H

-Br

I

-H

86
87

H

H

H

H

88
89
90
91

H
H
H
H

H
H
H
H

-Cl
-Br

-1

H
H
H
H

H
H
H
H

-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP
-PRP

-PRP

H

92

93

-H

-H

-H

-H

-H

-Cl

94
95

-Br

I

-H

H

H

H

H

96

97

-H
-H

-H -Cl -H -H -H
-H -H -H

-H

98

-Br

99

100

101

H

H

H

F

H

H

-Cl

102
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Chemical Abbreviations of the R groups:

(0]

W
Propenone, PRP:

Chalcone, CLC:

o

0

C. No Ri Rz R3 R4 Rs Re R7 Binding
Affinity
(kcal/mol)

103 -H -H -Br -H -H -H -PRP -7.58
104 -H -H -1 -H -H -H -PRP -7.55
105 -CLC -H -H -H -H -H -H -9.73
106 -CLC -H -H -F -H -H -H -9.95
107 -CLC -H -H -Cl -H -H -H -9.99
108 -CLC -H -H -Br -H -H -H -9.94
109 -CLC -H -H -I -H -H -H -10.08
110 -CLC -H -H -H -F -H -H -10.16
111 -CLC -H -H -H -Cl -H -H -10.10
112 -CLC -H -H -H -Br -H -H -9.98
113 -CLC -H -H -H -1 -H -H -9.31
114 -CLC -H -H -H -H -F -H -9.96
115 -CLC -H -H -H -H -Cl -H -9.51
116 -CLC -H -H -H -H -Br -H -8.91
117 -CLC -H -H -H -H -I -H -9.04
118 -CLC -H -H -H -H -H -F -9.95
119 -CLC -H -H -H -H -H -Cl -9.89
120 -CLC -H -H -H -H -H -Br -10.01
121 -CLC -H -H -H -H -H -I -9.90
122 -H -CLC -H -H -H -H -H -9.92
123 -H -CLC -H -F -H -H -H -10.17
124 -H -CLC -H -Cl -H -H -H -10.32
125 -H -CLC -H -Br -H -H -H -10.26
126 -H -CLC -H -1 -H -H -H -10.17
127 -H -CLC -H -H -F -H -H -10.63
128 -H -CLC -H -H -Cl -H -H -10.36
129 -H -CLC -H -H -Br -H -H -9.87
130 -H -CLC -H -H -I -H -H -9.63
131 -H -CLC -H -H -H -F -H -10.00
132 -H -CLC -H -H -H -Cl -H -9.52
133 -H -CLC -H -H -H -Br -H -9.16
134 -H -CLC -H -H -H -I -H -9.32
135 -H -CLC -H -H -H -H -F -9.95
136 -H -CLC -H -H -H -H -Cl -9.96
137 -H -CLC -H -H -H -H -Br -9.63
138 -H -CLC -H -H -H -H -1 -9.40
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Chemical Abbreviations of the R groups:
O

W
Propenone, PRP:

o

0

Chalcone, CLC:

C. No Ri Rz R3 R4 Rs Re R7 Binding
Affinity
(kcal/mol)

139 -H -H -CLC -H -H -H -H -10.25
140 -H -H -CLC -F -H -H -H -10.09
141 -H -H -CLC -Cl -H -H -H -9.48
142 -H -H -CLC -Br -H -H -H -9.30
143 -H -H -CLC -1 -H -H -H -9.28
144 -H -H -CLC -H -F -H -H -10.08
145 -H -H -CLC -H -Cl -H -H -9.80
146 -H -H -CLC -H -Br -H -H -9.52
147 -H -H -CLC -H -I -H -H -9.83
148 -H -H -CLC -H -H -F -H -10.18
149 -H -H -CLC -H -H -Cl -H -10.07
150 -H -H -CLC -H -H -Br -H -9.91
151 -H -H -CLC -H -H -I -H -10.29
152 -H -H -CLC -H -H -H -F -10.10
153 -H -H -CLC -H -H -H -Cl -9.80
154 -H -H -CLC -H -H -H -Br -10.37
155 -H -H -CLC -H -H -H -I -9.32
156 -H -H -H -CLC -H -H -H -9.85
157 -F -H -H -CLC -H -H -H -10.14
158 -Cl -H -H -CLC -H -H -H -10.17
159 -Br -H -H -CLC -H -H -H -10.17
160 -I -H -H -CLC -H -H -H -10.02
161 -H -F -H -CLC -H -H -H -9.97
162 -H -Cl -H -CLC -H -H -H -9.99
163 -H -Br -H -CLC -H -H -H -10.02
164 -H -1 -H -CLC -H -H -H -10.60
165 -H -H -F -CLC -H -H -H -10.19
166 -H -H -Cl -CLC -H -H -H -9.66
167 -H -H -Br -CLC -H -H -H -9.58
168 -H -H -1 -CLC -H -H -H -9.74
169 -H -H -H -H -CLC -H -H -9.69
170 -F -H -H -H -CLC -H -H -9.97
171 -Cl -H -H -H -CLC -H -H -9.50
172 -Br -H -H -H -CLC -H -H -9.23
173 -I -H -H -H -CLC -H -H -9.17
174 -H -F -H -H -CLC -H -H -9.94
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Chemical Abbreviations of the R groups:

(0]

W
Propenone, PRP:

Chalcone, CLC:

o

0

C. No Ri Rz R3 R4 Rs Re R7 Binding
Affinity
(kcal/mol)

175 -H -Cl -H -H -CLC -H -H -9.82
176 -H -Br -H -H -CLC -H -H -9.70
177 -H -1 -H -H -CLC -H -H -9.62
178 -H -H -F -H -CLC -H -H -9.85
179 -H -H -Cl -H -CLC -H -H -9.94
180 -H -H -Br -H -CLC -H -H -10.13
181 -H -H -1 -H -CLC -H -H -9.93
182 -H -H -H -H -H -CLC -H -9.79
183 -F -H -H -H -H -CLC -H -10.20
184 -Cl -H -H -H -H -CLC -H -9.57
185 -Br -H -H -H -H -CLC -H -9.06
186 -I -H -H -H -H -CLC -H -8.95
187 -H -F -H -H -H -CLC -H -10.04
188 -H -Cl -H -H -H -CLC -H -9.81
189 -H -Br -H -H -H -CLC -H -9.20
190 -H -I -H -H -H -CLC -H -9.20
191 -H -H -F -H -H -CLC -H -10.13
192 -H -H -Cl -H -H -CLC -H -10.00
193 -H -H -Br -H -H -CLC -H -9.99
194 -H -H -1 -H -H -CLC -H -9.83
195 -H -H -H -H -H -H -CLC -9.23
196 -F -H -H -H -H -H -CLC -9.70
197 -Cl -H -H -H -H -H -CLC -9.43
198 -Br -H -H -H -H -H -CLC -9.65
199 -I -H -H -H -H -H -CLC -9.33
200 -H -F -H -H -H -H -CLC -9.52
201 -H -Cl -H -H -H -H -CLC -9.51
202 -H -Br -H -H -H -H -CLC -9.26
203 -H -1 -H -H -H -H -CLC -9.36
204 -H -H -F -H -H -H -CLC -9.40
205 -H -H -Cl -H -H -H -CLC -9.55
206 -H -H -Br -H -H -H -CLC -9.50
207 -H -H -1 -H -H -H -CLC -9.53
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Appendix Table 2. The top lowest 109 No | COCONUTID | Binding
of COCONUT docking results against Affinity
ALK tyrosine domain. (kcal/mol)

No | COCONUTID iiflilitliliiltlf 25 | CNP02489902 | -11.2

(kcal/mol) 26 | CNP0254622.1 |-11.2

1 CNPO0106316.1 | -11.6 27 | CNP0264442.2 | -11.2

2 CNP0264000.1 | -11.6 28 | CNP0427126.1 |-11.2

3 CNP0311003.1 | -11.6 29 | CNP0431234.2 |-11.2

4 CNP0289278.1 | -11.5 30 | CNP0463073.1 |-11.2

5 CNPO124314.1 | -11.4 31 CNP0088709.1 | -11.1

6 CNP0169424.1 | -11.4 32 | CNP0132508.0 |-11.1

7 CNP0273044.1 |-11.4 33 | CNP0214469.2 | -11.1

8 CNP0273044.2 | -114 34 | CNP0283500.1 |-11.1

9 CNP0501886.1 | -11.4 35 | CNP0342738.2 |-11.1

10 | CNP0573612.1 |-11.4 36 | CNP0376544.1 |-11.1

11 CNP0073860.1 | -11.3 37 | CNP0393527.1 |-11.1

12 | CNP0O180079.1 |-11.3 38 | CNP0484299.1 |-11.1

13 | CNPO212191.1 |-11.3 39 | CNP0506945.2 | -11.1

14 | CNP0214469.1 |-11.3 40 | CNP0521909.1 |-11.1

15 | CNP0241884.1 |-11.3 41 CNP0523393.0 | -11.1

16 | CNP0254622.2 |-11.3 42 | CNP0541655.3 |-11.1

17 | CNP0290931.0 |-11.3 43 | CNP0572176.0 |-11.1

18 | CNP0431234.1 |-11.3 44 | CNP0072683.1 |-11

19 | CNP0538300.1 |-11.3 45 | CNP0086971.3 |-11

20 | CNP0541655.4 |-11.3 46 | CNP0104925.1 |-11

21 CNP0554764.1 | -11.3 47 | CNPO112873.1 |-11

22 | CNP0582844.1 |-11.3 48 | CNP0138873.0 |-11

23 | CNP0144079.0 |-11.2 49 | CNP0214122.0 |-11

24 | CNP0241884.2 |-11.2 50 | CNP0219868.0 |-11

90



No | COCONUTID | Binding
Affinity
(kcal/mol)

51 | CNP0280499.0 | -11

52 | CNP0303417.1 |-11

53 | CNP0303417.2 | -11

54 | CNP0316072.0 |-11

55 | CNP0342738.1 |-11

56 | CNP0343202.1 |-11

57 | CNP0354949.2 | -11

58 | CNP0363593.0 |-11

59 | CNP0378659.1 |-11

60 | CNP0521909.2 | -11

61 | CNP0586714.2 | -11

62 | CNP0048261.0 |-10.9

63 | CNP0074122.0 |-10.9

64 | CNP0086971.2 |-10.9

65 | CNPO192112.1 |-10.9

66 | CNP0192112.2 |-10.9

67 | CNP0192112.3 |-10.9

68 | CNP01921124 |-10.9

69 | CNP0192112.7 |-10.9

70 | CNP0312998.1 |-10.9

71 | CNP0324958.2 | -10.9

72 | CNP0340497.2 | -10.9

73 | CNP0351785.1 | -10.9

74 | CNP0354566.0 | -10.9

75 | CNP0362893.0 |-10.9

76 | CNP0403407.0 |-10.9

No | COCONUTID | Binding
Affinity
(kcal/mol)
77 | CNP0506945.1 | -10.9
78 | CNP0513178.1 |-10.9
79 | CNP0539369.1 |-10.9
80 | CNP0074120.0 |-10.8
81 | CNP0089194.1 |-10.8
82 | CNP0134183.1 |-10.8
83 | CNP0149599.1 |-10.8
84 | CNP0149599.2 |-10.8
85 | CNP0149599.3 |-10.8
86 | CNP0156931.1 |-10.8
87 | CNP0166805.0 |-10.8
88 | CNP0191856.1 |-10.8
89 | CNP0193779.0 |-10.8
90 | CNP0229913.11 | -10.8
91 | CNP0229913.13 | -10.8
92 | CNP0229913.17 | -10.8
93 | CNP0229913.19 | -10.8
94 | CNP0229913.22 | -10.8
95 | CNP0229913.2 |-10.8
96 | CNP0229913.32 | -10.8
97 | CNP0229913.8 |-10.8
98 | CNP0231286.0 |-10.8
99 | CNP0257215.0 |-10.8
100 | CNP0264788.5 |-10.8
101 | CNP0294386.0 |-10.8
102 | CNP0300369.0 |-10.8
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103 | CNP0306932.3 | -10.8

104 | CNP0318435.1 | -10.8

105 | CNP0324958.1 | -10.8
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106 | CNP0338372.0 |-10.8

107 | CNP0372341.0 |-10.8

108 | CNP0488686.1 | -10.8
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