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ABSTRACT

Small molecules, ligands, and drugs can exhibit promiscuous binding within an
organism, and this varied selectivity can hinder the efficacies of therapeutics in
diseases. While such variations and lack of predictability can result in a wide range of
side effects in patients, detailed profiling of drug-target interactions and the utilization
of simplified model organisms can highlight the hidden potentials of drugs and ease
side effect management, especially in cancer.

In this study, we employed computational approaches such as molecular docking,
molecular dynamics and expression profiling to identify secondary or non-canonical
targets of cyclin-dependent kinase inhibitor (CDK-1) molecules. We also evaluated the
effects of few CDK-i molecules on MIA PaCa-2 and PANC-1 cells using 2D gel/MS,
and on the model organism Caenorhabditis elegans via physiological assessments.
Our findings indicate that CDK-i molecules may promiscuously interact with other
CDKs and many other potential targets, especially ATP-binding domain containing
proteins, resulting in a few key pathway alterations. Most notably, metabolic and
biosynthesis of cofactors pathways were highlighted in humans, while MAPK, FoxO
pathways, and developmental phenotypes were identified in C. elegans. Upon
evaluating the most potent targets, PRKCA, NOS2, HADHA in humans, and DAF-2
and DAF-4 in C. elegans, were found as targets of cyclin-dependent kinase inhibitors.
Moreover, palbociclib and roscovitine delayed larval development, while abemaciclib
increased lipid content in C. elegans. In MIA PaCa-2 and PANC-1 cells, palbociclib
increased Peroxisome 1 and 6 levels. Additionally, CDK levels are differentially higher
in embryonic stages, and any drug and toxicology studies in C. elegans can benefit
from target profiling in varied larval stages. Lastly, we highlighted a few key effects of
CDK-i drugs in various cancers and as well as in C. elegans, and suggested that
abemaciclib, roscovitine, and ribociclib might have potential effects on other cancers.

Keywords: CDK inhibitor, Receptor Screening, in silico, Molecular Modeling,
Caenorhabditis elegans
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OZET

Kiiciik molekiiller, ligandlar ve ilaglar bir organizma i¢inde segicisiz baglanma
sergileyebilir ve bu degisen segicilik, hastaliklardaki terapilerin etkinligini
engelleyebilir. Bu tiir degiskenlikler ve dngoriilebilirlik eksikligi, hastalarda genis bir
yan etki yelpazesine neden olabilir. Ancak ilag-hedef etkilesimlerinin detayl
profillemesi ve basitlestirilmis model organizmalarin kullanimi, ilaglarin gizli
potansiyellerini ortaya c¢ikarabilir ve Ozellikle kanserde yan etki yoOnetimini
kolaylastirabilir.

Bu ¢alismada, sikline-bagimli kinaz inhibitor (CDK-i) molekiillerinin ikincil veya amag
dis1 hedeflerini belirlemek i¢in molekiiler kenetlenme, molekiiler dinamik
simulasyonlar1 ve ifade profillemesi gibi hesaplamal1 yaklagimlar kullanilmistir. Ayrica,
bu molekiillerden bazilarinin etkileri 2D jel/MS yaklagimi ile MIA PaCa-2 ve PANC-1
hiicrelerinde, fizyolojik degerlendirmeler aracili1 ile de Caenorhabditis elegans model
organizmasinda degerlendirilmistir.

Bulgular, sikline-bagimli kinaz inhibitorlerin diger sikline-bagimli kinazlar1 ve bir¢ok
diger potansiyel hedefle se¢icisiz etkilesimde bulunabilecegini, 6zellikle ATP baglanma
bolgesi iceren diger proteinleri de hedefleyecegini, bu durumun birka¢ 6nemli yolakta
degisikler ile sonuglanabilecegini gostermektedir. Ozellikle, insanlarda metabolik ve
koenzimlerin biosentezi yolaklar1 vurgulanirken, C. elegans’da MAPK, FoxO yolaklari
ve gelisimsel fenotipler 6n plana ¢ikmistir. Potansiyel hedefler degerlendirdikten sonra,
insan i¢cin PRKCA, NOS2, HADHA ve C. elegans’da da DAF-2 ve DAF-4,
sikline-bagimli kinaz inhibitdrlerinin hedefleri olarak belirlenmistir.

Ayrica, palbosiklib ve roskovitin C. elegans’ta larva gelisimini geciktirirken,
abemasiklib lipit miktarin1 arttirmistir.  Palbociclib, MIA PaCa-2 ve PANC-1
hiicrelerinde ise, Peroksizom 1 ve 6 seviyelerini artirmistir. Bunlara ek olarak, CDK
seviyeleri embriyonik agsamalarda daha ytiksektir ve C. elegans’daki herhangi bir ilag
ve toksikoloji calismasi, ¢esitli larva asamalarinda hedef profilinin ¢ikarilmasi ile
zenginlestirilebilir. Son olarak, cesitli kanser tiirlerine ek olarak C. elegans’ta CDK-i
ilaclarinin birka¢ 6nemli etkisi vurgulanmis ve abemasiklib, roskovitin ve ribosiklib’in
diger kanserler {izerinde potansiyel etkileri olabilecegi onerilmistir.

Anahtar Kelimeler: CDK inhibitorii, Reseptor Taramasi, in-siliko, Molekiiler
Modelleme, Caenorhabditis elegans
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1. INTRODUCTION

1.1. Drug Promiscuity on Multiple Targets

Throughout history, humans have sought remedies from various natural sources to
address a spectrum of illnesses, spanning infectious diseases to psychiatric disorders.
There are more than 22,700 known diseases have been documented, including 14,790
rare conditions and 6,404 drug-associated conditions [1]. In the realm of modern
medicine, there are 16,576 recorded drugs available [2]. Therapeutic agents, often
derived from plants, are procured for use either as drugs or to produce bioactive
compounds [3]. In pharmacology, the binding of a drug is a nuanced process that
involves the interaction between the drug molecule and specific proteins within the
body [4]. This interaction is analogous to a molecular handshake, where the drug
recognizes and engages with its target in a highly selective manner. The key to this
interaction lies in the molecular structure of the drug and the complementary features of
the target protein [5].  Generally, it was exemplified like that drugs are
three-dimensional puzzle pieces designed to fit precisely into a corresponding cavity on
the protein surfaces. This interaction is governed by a myriad of forces, including
electrostatic attractions, hydrogen bonding, and hydrophobic interactions [6]. For drugs
targeting receptors, this binding event induces a conformational change in the receptor.
This change, related to flipping a switch, triggers a cascade of cellular events. In the
case of enzymes, the drug may dock onto the enzyme’s active site, disrupting its normal
catalytic function. Addition to receptors and enzymes, drugs may also modulate
signaling pathways by interacting with key components of these pathways, and can
influence the transmission of signals, ultimately regulating cellular responses [7].

When drugs and their interactions with the enzyme or other protein targets are
considered, concepts of affinity and specificity are important in this dance of molecules.
Affinity describes the strength of the interaction, while specificity ensures that the drug
selectively engages with its intended target within a sea of other molecules [8]. In the
intricate relationship between a drug and its target, the process of binding and stability

involves a delicate interaction of molecular forces and dynamic adaptations.When a



drug unexpectedly binds to a non-intended target within the biological system, it can
lead to a cascade of repercussions. These may encompass disruptions in normal cellular
signaling pathways, eliciting unintended physiological responses. The consequences
can extend to adverse reactions, diminishing the drug’s intended efficacy, and even
instigating alterations in pharmacokinetics. Such off-target binding events can also
trigger immunogenic responses, causing an immune reaction against the drug itself or
inducing unwanted immune responses in the body [9]. Additionally, there is the
potential for drug-drug interactions, where the presence of the unintended binding
might interfere with the action of other medications.

Some drugs exhibit efficacies in treating conditions beyond their primary indications.
Small molecules, owing to their inherent characteristics, can display affinity and
activity on multiple targets, a phenomenon known as promiscuity [10]. This property

can prove both beneficial and detrimental [11].

Promiscuous ligand -8'(
85X
NI

Multiple targets @ ' Q

Figure 1.1: Promiscuous drugs can bind multiple target proteins.

The compromised selectivity resulting from non-specific binding may not only affect
the drug’s therapeutic benefits but could also pave the way for unforeseen long-term
consequences. It underscores the importance of rigorous testing and thorough
understanding of a drug’s interactions within the biological environment to mitigate
these risks and enhance the overall safety profile of pharmaceutical interventions.
Numerous drugs demonstrate the ability to act on various targets, encompassing both
canonical and non-canonical (unexpected) interactions [12]. The latter type of
interactions is hypothesized to underlie the occurrence of side effects associated with

therapeutic agents [13]. Managing these side effects becomes a critical consideration in



clinical settings, particularly in the treatment of diseases such as cancer [14].
Understanding the intricate landscape of drug interactions and their potential

consequences is pivotal for effective disease management in the clinical realm.

1.2. Cancers and Chemotherapeutics

Cancer is a wide range of complications of uncontrolled division of cells within the
body and while it is generally associated with tumor progression as well as many other
physiological symptoms; it also consists of many genetic, chemical and external factors
prior to progression and to treatment stages [15]. All cancers share uncontrolled cell
growth with potential to spread, and there are also many differences in the way that
cancer manifests itself in different individuals [16]. Although cancer general
mechanisms are understandable, various cases originating from various organs require
different sets of approaches [17]. Additionally, it is known that each cancer case might
show different expression, interaction, and metabolism profiles [18].

Cancers are typically named based on the tissue or organ of origin, further classified
into subtypes according to the type of cell from which the tumor arises. Common solid
tumor types include carcinomas, sarcomas (such as osteosarcoma, chondrosarcoma,
and leiomyosarcoma), neuroendocrine tumors (including carcinoid tumors, small cell
lung cancer, and pancreatic neuroendocrine tumors), and gastrointestinal stromal
tumors. A comprehensive understanding of many cancer types has been achieved
through extensive research [19]. While variations in different cancers can be easily
understandable, there can also be significant variations in how same cancer type
presents itself in different patients [20]. Two patients with lung cancer may have
different genetic mutations that affect the course of the disease, or they may have been
exposed to different environmental factors that influence the severity of the cancer.
Additionally, patients with the same type of cancer may respond differently to treatment
based on their age, lifestyle factors, and overall health [21]. To better understand these
variations and develop personalized cancer treatments, new techniques for analyzing
individual tumors at the molecular level are concurrently being developed and utilized
[22]. These techniques, such as genomic sequencing and proteomics, can help identify
the specific genetic and protein-level changes that are driving cancer growth in each

patient, and develop targeted therapies that are tailored to their unique needs.



Clinically, main cancer treatment options are radiotherapy to target and destroy
cancerous cells or tumors, immunotherapy to target cancerous cells, tissues, or tumors
via immunological biomolecules, and also surgically removing such formations in the
body. In addition, and maybe as a well-known approach, chemotherapy drugs are
widely used to hinder cell division in a controlled manner or altogether, while utilizing
other approaches and enhancing immunity in aim to overcome cancers [23].

The treatment options for cancer depend on several factors, including the type and stage
of the cancer, the patient’s overall health, and the patient’s preferences [24]. Some of
the most common cancer therapy options include surgery, radiotherapy,
immunotherapy,chemotherapy, and targeted therapy. In surgery, surgical invasive
methods are often used to remove solid tumors, and this is usually the first line of
treatment for early-stage cancers. The goal of surgery is to remove as much of the
cancer as possible while preserving the surrounding healthy tissue. Another known
approach, radiation therapy uses high-energy radiation to kill cancer cells. It can be
used alone or in combination with other treatments, such as surgery and chemotherapy.
Radiation therapy is often used to shrink tumors before surgery or to kill any remaining
cancer cells after surgery [25]. Another emerging option, immunotherapy is based on
the idea of using the body’s own immune system to fight cancer. It works by targeting
and activating the immune cells that can recognize and attack cancer cells.
Immunotherapy has shown promising results in treating several types of cancer,
including melanoma, lung cancer, and bladder cancer [26]. Another option, and maybe
the most notoriously known among the public because of its many side effects [27], the
chemotherapy approach can be simply explained as using drugs to kill cancer cells.
These drugs can be taken orally or given intravenously. Chemotherapy is often used to
treat cancers that have spread to other body parts or shrink tumors before surgery.
Chemotherapy drugs affect cells at specific stages of a cell’s cycle; however they do not
differentiate between cancerous and healthy cells (Figure: 1.2) [28]. Many healthy cells
also have a rapid cell cycle, such as those in the gastrointestinal tract and hair follicles
and thus are more susceptible to the effects of chemotherapy resulting in nausea and
hair loss during treatment [29]. Chemotherapy is a systemic cancer treatment involving
various chemotherapeutic agents, such as antimetabolites, alkylating agents,

anthracyclines, topoisomerase inhibitors, and platinum compounds, that target rapidly



dividing cancer cells. These agents can be used alone or in combination with each other
and with other cancer treatments like surgery, radiation therapy, immunotherapy, and
targeted therapy. There are many different kinds of chemotherapy agents available, and
their combinations are based on factors such as the type and stage of cancer, the

patient’s overall health status, and potential side effects [30].

=== Normal Cells

% of Cells Killed

w— Cancer Cells
-

Dose of Drug

Figure 1.2: Dose response relationship of cell killing by chemotherapeutic drugs on
normal and cancer cells. At high doses the percentage of normal and cancer
cells killed is very similar [28].

In some cases, the drug side effects may be a result of the drug’s interaction with a
specific organ or tissue. Example to this, cisplatin is a chemotherapeutic agent used
to treat a variety of cancers, but it is known to cause nephrotoxicity, or damage to the
kidneys [31] while similarly doxorubicin is known to cause cardiotoxicity [32]. Other
factors that contribute to drug toxicity include the patient’s genetic makeup and lifestyle
factors. Patients with certain genetic variations may metabolize drugs differently, leading
to differences in toxicity and efficacy [33]. Lifestyle factors such as smoking and alcohol
consumption can also affect the metabolism of drugs and increase the risk of toxicity.

To minimize drug toxicity, researchers and clinicians aim to develop drugs that are highly
selective for cancer cells and have minimal impact on healthy cells. This approach,
known as targeted therapy, has led to the development of several successful cancer
drugs, including imatinib (Glivec®) which targets multiple tyrosine kinases such as
CSF1R, ABL, ¢-KIT, FLT3, and PDGFR-f in chronic myelogenous leukemia cells [34],

and trastuzumab (Herceptin), which targets HER2 in breast cancer cells [35].



Lastly, a promising and emerging approach to cancer is using targeted therapy. Targeted
therapy approach uses drugs that target specific molecules or proteins involved in cancer
cell growth and spread. These drugs can be more effective and have fewer side effects
than traditional chemotherapy drugs [36]. Targeted therapy is often used to treat cancers
that have specific genetic mutations, such as breast cancer and lung cancer [37].

Uncontrolled cell growth and many variations in cancers, as well as necessity of efficient
targeting of specific macromolecules and enzymes in cancers highlighted the potential

target properties of cyclin-dependent kinases (CDKs) over the years.

1.3. Cyclin-Dependent Kinases

When cells undergo division, many important enzymes take part in various signaling
cascades. One of the many, but a well-known and essential set of enzymes is Cyclin
Dependent Kinases (CDKs), are protein kinases characterized by needing a separate
subunit - a cyclin - that provides domains essential for enzymatic activity [38]. CDKs
also play important roles in the modulate transcription in response to several extra- and
intracellular cues. While CDK’s are evolutionary conserved in many eukaryotic cell
division and DNA replication machinery [39], the evolutionary expansion of the CDK
family in mammals led to the division of CDKs into three cell-cycle-related subfamilies
(Cdk1, Cdk4 and CdkS5) and five transcriptional subfamilies (Cdk7, Cdk8, Cdk9, Cdk11
and Cdk20). CDKs respond to the extracellular and intracellular signals to regulate cell
division, acting as the catalytic subunits by forming a heterodimer complex with the
cyclins, which function as the regulatory subunits [38].

In human (Homo sapiens) cells, 20 CDKs and 29 cyclins exist [40]. The expression of
CDKs follows a cyclical pattern throughout the cell cycle [41]. CDKs that directly
involved in regulating cell-cycle transitions and division are CDK1, CDK2, CDK3,
CDK4, CDK6, and CDK7, while CDK7-11 mediate gene transcription [42]. These
factors converge on the cell cycle, activating intracellular signaling networks that
impact CDK4 and CDKG®6, propelling cell-cycle progression from GO or G1 phase into
the S phase.

CDK4/6 activity is positively regulated by the association with D-type cyclins (cyclin
D1, cyclin D2, and cyclin D3). Active cyclin D/CDK4/6 complexes initiate the
phosphorylation of the tumor suppressor protein RB (encoded by RB1). RB recruits



co-repressors, repressing the transcription of target genes regulated by E2F
transcription factors (E2Fs), inhibiting G1/S transition. Sequential phosphorylation
inactivates RB, leading to cell-cycle progression from G1 into S phase. Phosphorylated
RB de-represses E2F transcription factors, inducing the transcription of G1/S target
genes like cyclin E (CCNE), CCNA, CCNB, dihydrofolate reductase (DHFR),
ribonucleotide reductase M1 (RRM1), RRM2, polo-like kinase 1 (PLK1), spindle
checkpoint protein MAD2, and BUBI mitotic checkpoint serine/threonine kinase
(BUBI), involved in G1-S entry and cell-cycle progression [42].

During late G1 phase, target genes (cyclins E1 and E2) of E2Fs are activated. The
cyclin E/CDK2 complex, specifically, modulates RB to override the restriction point of
the G1/S phase at the boundary, initiating S phase and forming a positive feedback loop
[43].

The activities of CDK4/6 and CDK2 coordinate cell-cycle progression into S phase,
known as the restriction point” [44]. Towards the end of S phase, cyclin A removes
cyclin E, forming a new complex, cyclin A/CDK2. The cyclin A/CDK2 complex
concludes S phase by phosphorylating CDC6 and E2F1, driving the cell-cycle
transition from S phase to G2 phase. Subsequently, it activates CDK1 through cyclin A,
leading cells into the transition to the M phase [42].

During mitosis, CDKI1 activity is maintained by the cyclin B/CDK1 complex.
Deregulated CDK 1 expression enables chromosome separation and completes mitosis
and cytokinesis. CDK1 is the only CDK essential for cell-cycle progression, initiating
mitosis and ensuring critical events to occur [45]. Additionally, cyclin C/CDK3 initiates
RB phosphorylation, driving cells from GO to S phase. The cell cycle exit, transitioning
into the reversible or permanent GO phase, is also governed by cyclin C/CDK3 [46].
CDKs are relatively small proteins, typically weighing between 34 to 40 kDa, and are
predominantly composed of the kinase domain. When cyclin is absent, CDK displays
minimal kinase activity; only the cyclin-CDK complex serves as an active kinase. This
activity is subject to further regulation through phosphorylation and interactions with
other binding proteins. CDKs phosphorylate serines and threonines, categorizing them
as serine-threonine kinases [38]. Vital roles and functions of kinases in cellular
metabolism have been thoroughly explored and documented in the existing literature.

In normal cells, the activity of CDKs is tightly regulated to ensure that cells divide only



when there are no abnormal conditions within the control checkpoints. However, in
cancer cells, the activity of CDKs is often dysregulated, leading to uncontrolled cell
division and tumor growth [47]. There are several ways in which CDK activity can
become dysregulated in cancer. One commonly observed way CDK activity becomes
dysregulated is through the overexpression of cyclins [48]. Another way that CDK
activity becomes dysregulated in cancer is through mutations or amplifications of CDK
genes. Mutations in the CDK4 gene have been linked to an increased risk of
developing melanoma, while amplification of the CDK6 gene has been found in several
types of cancer [49]. In addition, cancer cells often have an overactive CDK-cyclin
complex, which drives the cells to divide more rapidly than normal cells. This
overactivity can also make cancer cells resistant to chemotherapy and radiation therapy,
as these treatments are designed to target rapidly dividing cells. Because of their crucial
role in cell cycle regulation and their dysregulation in cancer, CDK4/6 have emerged as
promising targets for cancer therapy and drugs that inhibit CDK4/6 activity have shown
remarkable clinical activity in various cancers, particularly hormone receptor-positive

breast cancer, where they have become a standard treatment option [50].

CDK4/6+D CDK-i

Figure 1.3: CDK4/6 is a key regulator of the cell cycle, acting by forming a complex
with cyclin D. This complex can directly phosphorylate retinoblastoma
(RB), then release transcription factor E2F and promote the transcription
of cell cycle-related genes, promoting the cell cycle from the G1 mitosis.
CDK inhibitor molecules can hinder the activity of CDKs (CDK4/6 in this
case) to stop the relevant cascades and stop the cell cycle progression.



CDK4/6 inhibitors, such as palbociclib, ribociclib, and abemaciclib, work by inhibiting
CDK4/6 activity, leading to cell cycle arrest and inhibition of cell proliferation. They
have demonstrated impressive efficacy in preclinical and clinical studies, particularly
in combination with endocrine therapy, and have significantly improved outcomes for
patients with advanced breast cancer [51].

However, complex intracellular interactions of these kinase family proteins and other
kinases and their involvement in multiple pathways highlights the effects of inhibition

of these proteins outside of cancers or any disease condition.

1.4. Cyclin-Dependent Kinase Inhibitors In Cancer

Because of the critical role that CDKSs play in cancer development and progression,
Cyclin-Dependent Kinase inhibitors(CDK-i) have emerged as a potential cancer
therapeutic targets and have shown remarkable clinical activity in various cancers,
particularly hormone receptor-positive breast cancer, where they have become a
standard treatment option [50].

CDK inhibitors target CDKs directly, either by binding to the CDK itself or to the
cyclin that activates it. By inhibiting CDK activity, these drugs can slow or stop the
growth of cancer cells. There are several types of CDK inhibitors, including selective
CDK4/6 inhibitors, pan-CDK inhibitors, and CDK9 inhibitors. Selective CDK4/6
inhibitors target CDK4 and CDK®6, which are involved in the G1 phase of the cell cycle
and inhibiting these CDKs can slow or stop the progression of cancer cells through the
cell cycle, which can slow tumor growth. Selective CDK4/6 inhibitors have been
approved for treating hormone receptor-positive and HER2-negative breast cancer and
are being tested in clinical trials for other types of cancer [52]. Pan-CDK inhibitors
target multiple CDKs, including CDK 1, CDK2, CDK4, CDK6, and CDK9, therefore
these inhibitors have a broader spectrum of activity than selective CDK inhibitors and
may be more effective against cancers that are resistant to selective inhibitors [53].
However, pan-CDK inhibitors may also have more side effects than selective inhibitors.
The majority of CDK inhibitors are designed to target the ATP binding pocket.
However, the highly similar catalytic domain and three-dimensional structure of CDK
kinases pose a challenge in achieving the necessary selectivity [54].

Novel CDK inhibitors have shown promise in preclinical studies and clinical trials, and



several have been approved for the treatment of certain types of cancer. Additionally,
CDK inhibitors may be more effective when used in combination with other cancer
therapies, such as chemotherapy or radiation therapy, and may help to overcome
resistance to treatment and improve outcomes for patients with cancer.

Currently, several CDK inhibitor drugs have been approved for the treatment of certain
types of cancer, and many others are currently being tested in clinical trials [55]. The
development of CDK inhibitor drugs might represent an important advance in cancer
therapy, as these drugs have the potential to offer more targeted and less toxic
treatments than traditional chemotherapy drugs.

The first CDK inhibitor to enter clinical trials was flavopiridol, which was initially
developed as an anti-inflammatory agent but was found to have potent CDK inhibitory
activity. Flavopiridol was tested in clinical trials for the treatment of various types of
cancer, including leukemia, lymphoma, and solid tumors, but it was ultimately found to
have limited efficacy and significant toxicity [56].

More recently, the focus of CDK inhibitor drug development has shifted towards the
development of selective CDK inhibitors that target specific CDKs involved in the
dysregulated cell cycle in cancer cells. The first selective CDK inhibitor to be approved
by the FDA was palbociclib, which targets CDK4 and CDK6 and is approved for the
treatment of hormone receptor-positive, HER2-negative breast cancer. Since the
approval of palbociclib, several other selective CDK inhibitors have been developed
and are in various stages of clinical development. These include abemaciclib, which
also targets CDK4 and CDK6 and is approved for the treatment of hormone
receptor-positive, HER2-negative breast cancer, and ribociclib, which also targets
CDK4 and CDK6 and is approved for the treatment of advanced breast cancer. To date,
the CDK inhibitors (CDK-is), specifically those that block the enzyme activity of
CDK4 and CDK6 (CDK4/6), have been approved by the FDA for treating metastatic
hormone receptor positive breast cancer [55]. Several drugs are in the spotlight that
target the cell cycle and have shown promise in the treatment of cancer.

Among these drugs, Abemaciclib, Palbociclib, Roscovitine, Ribociclib, Trilaciclib,
Lerociclib, Narazaciclib, Atuveciclib and PHA-767491 are currently either approved or
in clinical trials (Table: 2.2).

Abemaciclib (Verzenio®) is a CDK4/6 inhibitor that is approved for the treatment of
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hormone receptor-positive (HR+), HER2-negative advanced breast cancer. It is an
orally administered drug that works by inhibiting the activity of CDK4 and CDK6,
which are key regulators of the cell cycle. Abemaciclib binds to the ATP-binding site of
CDK4 and CDKG®6, preventing their interaction with cyclin D and subsequent
phosphorylation of the Rb protein. This leads to cell cycle arrest and inhibition of cell
proliferation. Abemaciclib is effective as a monotherapy and in combination with other
drugs such as endocrine therapy and chemotherapy [57].

Palbociclib (Ibrance®) is another CDK4/6 inhibitor that is approved for the treatment
of HR+, HER2-negative advanced breast cancer. Like Abemaciclib, it works by
inhibiting the activity of CDK4 and CDKG®6, leading to cell cycle arrest and inhibition of
cell proliferation. Palbociclib is given orally and is often used in combination with
endocrine therapy to improve outcomes for patients with advanced breast cancer [58].
Roscovitine(Seliciclib) is a small molecule inhibitor of CDKs that has been shown to
have broad activity against several CDKs including CDK1, CDK2, CDKS5, and CDK7.
It has been studied in several types of cancer, including melanoma, breast cancer, and
leukemia, with promising results. Given that,it is a first generation CDK inhibitor
which has a broad-range purine inhibitor, which inhibits CDK1, CDK2, CDKS5 and
CDKY7, but is a poor inhibitor for CDK4 and CDK6 [59].

Ribociclib (Kisqali®) is a CDK4/6 inhibitor that is approved for the treatment of HR+,
HER2-negative advanced breast cancer. Like Abemaciclib and Palbociclib, it works by
inhibiting the activity of CDK4 and CDK6, leading to cell cycle arrest and inhibition of
cell proliferation. Ribociclib is given orally and is often used in combination with
endocrine therapy to improve outcomes for patients with advanced breast cancer [60].
Trilaciclib (G1T28), a selective CDK4/6 inhibitor, is approved to reduce
chemotherapy-induced myelosuppression in patients undergoing topotecan-containing
or platinum and etoposide-containing chemotherapy for extensive stage small cell lung
cancer [61]. Lerociclib (G1T38), another selective CDK4/6 inhibitor, is in clinical trials
for treating solid tumors. It hinders CDK4 and CDKG6 activity, resulting in cell cycle
arrest and reduced cell proliferation. Studied in combination with endocrine therapy
and other drugs, lerociclib shows promise in various cancers, including breast and
ovarian cancer [62].

Narazaciclib (ON123300), a multi-kinase inhibitor, targets CDKs, Aurora kinases, and
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PLK1. It induces cell cycle arrest and apoptosis in cancer cells. Under clinical trials,
ON123300 is being evaluated on various cancers [63].

Atuveciclib (BAY-1143572), a selective CDK9 inhibitor, disrupts transcriptional
regulation, leading to cell death in cancer cells. Clinical trials are ongoing, exploring its
efficacy in treating acute myeloid leukemia and other cancers [64].

PHA-767491, a Cdc7/CDK9 inhibitor, suppresses glioblastoma growth and
invasiveness in preclinical trials[65].

As a non-CDK inhibitor, FUDR (5-fluorodeoxyuridine) interferes with DNA synthesis
in cancer cells. Converted to its active form, 5-fluorouracil (5-FU), it inhibits
thymidylate synthase, leading to cell death. FUDR is commonly used in colorectal

cancer treatment and has applications in pancreatic and liver cancer therapy.
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Figure 1.4: Cyclin-dependent kinase inhibitors in this study, and corresponding target
CDKs in mitosis cycle. Cell cycle associated proteins are placed on
the representing ring, CDK7 and CDK9 are transcriptional regulators.
Roscovitine inhibits CDK2, CDK7 and CDK9, while FUdR, the non-
targeted therapy drug, inhibits TYMS. Other inhibitor molecules target
CDK4 and CDKG6.
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1.5. Computational Approaches In Drug Target

Determination

Computer-aided drug discovery/design methods have played a major role in the
development of therapeutically important small molecules for over decades.
Algorithms, softwares, and methodologies are commonly utilized in the study of
protein functions, drug-protein interactions, and the physiological behavior of
biomolecules [66]. This multidisciplinary approach contributes to advancing our
understanding of biochemical systems and facilitates more informed decision-making
in healthcare.

Traditional drug development from scratch to market costs approximately $2.558
billion over 10 to 15 years, and this large investment results in a drug market success
rate of approximately 13% [67]. Rejection of potential drugs, especially during phase 11
and phase III clinical development, 1s associated with unexpected clinical side effects
and cross-reactivity. These unexpected results may include proteins or genes that are
potential candidates for disease, biological signaling pathways, disease-associated
microRNAs, biomarkers, critical junctions in biological networks, or molecular
functions [68]. This may be potentially related to insufficient knowledge about the drug
target, adverse pharmacokinetic manifestations due to interactions with the target, or
off-target side effects. Acknowledging this, there is a compelling need to modulate
drug targets systematically in order to mitigate observed pathologies and achieve the
desired biological responses. This modulation involves elucidating off-targets,
particularly those associated with promiscuous kinase inhibitors, to refine drug
specificity and enhance therapeutic efficacy [69]. In this regard, protein structural
information is essential to study drug and protein interactions in atomic level.
Structural data in biochemistry elucidates the three-dimensional arrangement of
biological molecules, offering crucial insights into their functions and interactions.
Therefore, high quality structural data is important.

AlphaFold, a powerful deep learning system [70], has revolutionized structural biology
by accurately predicting protein structures, advancing the understanding of complex
molecular architectures and accelerating drug discovery efforts, especially when other

sources of structure data is scarce. Structure-based methods are, in principle, require

13



essential target and ligand structure information. These approaches encompass ligand
docking, pharmacophore, and ligand design methods.

Importantly, molecular dynamics simulations (MD), molecular docking simulations,
inverse or drug screening, as well as data or system-oriented bioinformatic

methodologies are potent approaches in drug target identification.

1.5.1. Molecular Dynamics Simulations

Molecular dynamics simulation (MD) computationally mimics biomolecular motions
over time, offering insights into proteins, nucleic acids, and lipids’ behaviors at an
atomic or molecular level [71].

Molecular dynamics simulation (MD) is a computational technique used to simulate the
motions and interactions of biomolecules, such as proteins, nucleic acids, and lipids,
over time. MD simulations are widely used in biochemistry and biophysics research, as
they provide a way to study the behavior of molecules at an atomic or molecular level
that is difficult or impossible to achieve experimentally [72]. The behavior of a molecule
is modeled as a collection of atoms, each of which is assigned a set of properties such
as mass, charge, and position. The behavior of these atoms is then calculated using
classical mechanics, based on the principles of Newtonian physics [73]. The interactions
between atoms are typically modeled using force fields, which describe the potential
energy of the system as a function of the positions of the atoms.

MD simulations can be used to study a wide range of molecular phenomena, including
protein folding, protein-protein and protein-ligand interactions, membrane dynamics,
and DNA replication. By simulating these processes, researchers can gain insights
into the underlying mechanisms and develop new hypotheses about the behavior of
biomolecules. One of the major advantages of MD simulations is their ability to capture
the dynamic behavior of biomolecules. Unlike static experimental techniques such as
X-ray crystallography or NMR spectroscopy, which provide a snapshot of a molecule in
a particular conformation, MD simulations can track the motions of the molecule over
time. This allows researchers to study the effects of thermal fluctuations, conformational
changes, and other dynamic processes that are critical for understanding the behavior
of biomolecules [72]. Another advantage of MD simulations is their ability to provide

detailed structural information about molecular interactions. By tracking the motions of
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atoms in a molecule, MD simulations can reveal the precise geometries of molecular
interactions, such as hydrogen bonds, salt bridges, and hydrophobic interactions. This
information can be used to design new drugs or other therapeutic agents that target
specific molecular interactions with high specificity and efficacy [72]. Also, with the
advancements in the computer science, especially in graphical processing unit (GPU)
technologies, mathematical functions like fourier transforms and integral equations that

drive the MD can be further accelerated [74].

1.5.2. Molecular Docking Simulations

Molecular docking is a computational method crucial in drug design, predicting how
small molecule drugs bind to target proteins or biomolecules. It involves modeling
the 3D structures of the target and the drug candidate, aiming to predict their binding
affinity and mode of interaction based on chemical and physical properties [75]. In
cancer research, molecular docking plays a crucial role in the design and development
of new drugs, as it provides a way to predict the potential effectiveness of a drug before
it is tested in vitro or in vivo. The process of molecular docking involves modeling the
three-dimensional structure of the target protein or biomolecule, as well as the small
molecule drug candidate. The goal is to predict the binding affinity and binding mode of
the drug candidate to the target protein, based on the chemical and physical properties

of both the drug and the protein.

’ CDK-2 (061847) ‘ Abemaciclib Complex

Figure 1.5: Abemaciclib and CDK-2 as an example to molecular docking. Molecular
docking predicts the binding conformation of the ligand in the target protein
and calculates an affinity.
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Molecular docking has several advantages in cancer research. First, it can be used
to identify new drug candidates that have the potential to target specific proteins or
pathways involved in cancer growth and progression. By screening large databases
of small molecule compounds against specific target proteins, researchers can identify

potential drug candidates with high binding affinity and specificity.

1.5.3. Receptor Screening

In receptor screening (target screening), these methods play a crucial role in identifying
and evaluating potential drug targets by analyzing the interactions between receptors

and ligands at the molecular level.
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Figure 1.6: Schematic representation of virtual and receptor screening methodology. In
receptor screening, a large library of proteins is individually screened with
binding (docking) affinities for the drug of interest, and identified target
candidates are further processed.

In cancer drug development, both in vitro and in vivo experiments are essential steps in
evaluating the efficacy and safety of potential drug candidates. While in vitro and in
silico experiments provide valuable insights into the mechanisms of action and toxicity

of potential drug candidates, they cannot fully replicate the complex environment of
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living organisms. Therefore, in vivo experiments are also necessary to evaluate the safety
and efficacy of potential drug candidates. /n vivo experiments are conducted using whole
organisms, such as mice or rats, and allow researchers to study the effects of potential
drug candidates on the entire organism, including interactions with various organs and
tissues. In vivo experiments are often conducted in the later stages of drug development,

after promising candidates have been identified through in vitro experiments.

1.6. Model Organism Caenorhabditis elegans

Model organisms play a pivotal role in advancing our understanding of biological
processes and diseases, serving as invaluable platforms for research. These organisms,
which encompass a diverse range including fruit flies, zebrafish, rats, and mice, have
been extensively studied and established as crucial tools in unraveling the fundamental
mechanisms of various biological conditions, notably cancer [76]. Gregor Mendel’s
groundbreaking studies on peas marked the inception of utilizing model organisms
for biological investigations [77]. The term “model organisms” collectively refers to
these species that offer unique advantages in terms of cost-effectiveness and logistical
simplicity compared to human subjects. Notably, model organisms’ shorter lifespans
and accelerated development cycles enable real-time observation of cancer progression
and responses to therapeutic interventions. Genetic manipulations in these organisms
facilitate the development of specific cancer types or the study of particular cancer-
related genes and pathways [78]. One crucial aspect of employing model organisms in
cancer research is their role in drug screening. This step allows for the assessment of
the efficacy and toxicity of potential cancer drugs before advancing to human clinical
trials. The use of model organisms not only expedites the research process but also
contributes to reducing the need for extensive animal testing and alleviating ethical
concerns associated with human clinical trials [79].

Model organisms refers to species like fruit flies, zebrafish, rats, and mice, which have
become fundamental in understanding various biological processes, particularly those
related to cancer. While findings from model organisms may not always seamlessly
translate to Homo sapiens (human), their integration with other research tools, including
in vitro and in vivo experiments, patient-derived tumor samples, and computational

approaches, ensures the relevance of discoveries to human cancer biology.
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Caenorhabditis elegans, stands out as a significant model organism in biological and
biomedical research. This roundworm species, residing in the soil and subsisting on
bacteria, has proven invaluable for diverse research applications. With a concise lifespan
of 2-3 weeks, C. elegans is ideal for studying aging and lifespan in animals. Its simple
body structure, coupled with a manageable number of cells, makes it an easily tractable

and manipulable model organism [80].
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Figure 1.7: Caenorhabditis elegans life cycle at 20 °C. C. elegans undergoes distinct
larval stages during its development, providing unique opportunities to
study various aspects of biological processes. This feature enhances
our understanding of how treatments may influence not only mature
organisms but also those in earlier developmental phases (original figure
from Bouyanfif et al. (2019) [81]).

One important aspect of C. elegans is that it has a defined number of cells that remains
the same throughout adulthood [82]. This characteristic makes it a powerful model
for studying drug effects and toxicology assessments. C. elegans also was extensively
used to study the molecular mechanisms of cancer such as the Wnt pathway, which is
involved in the regulation of cell proliferation and differentiation [83]. Additionally,
C.elegans is used to identify compounds that enhance the efficacy of chemotherapy
drugs in treating breast cancer, identify genes involved in tumor growth and metastasis
in melanoma study the effects of a specific mutation in the BRCA! gene on breast cancer

development [84].
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1.7. Aim of This Study

In this thesis, it is hypothesized that receptor screening using molecular docking,
molecular dynamics simulations, and systems biology methods can be used to
understand and identify “off” or “secondary” targets of CDK-i drugs in humans and
C.elegans. Utilizing this combined methodology, clear and replicable drug side-effect
prediction approaches can be created, drug-response indicative C.elegans assays and/or
models can be established, and potential outcomes in the integration process of this

model organism in further studies can be highlighted.
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2. MATERIALS AND METHODS

AlphaFold2 Database
4

“Key Pathway Miner — QEI'O'FI le_r_. G--==

Pathway KEGG Enrichment ~ Network &
Enrichment using g:Profiler Hierarchy Analysis

i Receﬁtor Screening &
Structure Preparation Cateset Cleais m T‘-‘
R A
Identified . Selected
Q‘W""‘,ﬂ:ﬁ, \ 4——--- developmental - —argets |
§JcnK.i {”w Y pathways and :
T proteins —— Crystal Redock
Expression
in vivotests with Profiling Binding
C. elegans Poses
3{ o T e
: l ‘QCDKJ i M
= y " e ————
- LA — Molecular Dynamics
B & MM/GBSA
Analysis

Differentially regulated
proteins in human cancer
cell lines

Figure 2.1: Graphical methodology workflow of this study. Human and C. elegans
protein structure data were obtained from AlphaFold and parameterized.
CDK-i drugs and FUDR were downloaded from their respective databases
and parametrized. Subsequently, drug structures were blind-docked to
every protein in both human and C. elegans proteomes, and affinities were
determined sorted, and a cutoff reduction was applied. Following this,
each drug-organism group (10 X 2 = 20 groups) was separately enriched
using g:Profiler. The results from g:Profiler were then employed for further
enrichments, either in cancer conditions (OncoDB data and cell lines) or
in C. elegans stages (Expression Atlas), to evaluate non-canonical targets
and pathways of CDK-i’s. Additionally, C. elegans nematodes were treated
with CDK-i drugs in vivo to highlight potential physiological effects.
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2.1. Computational Methods

2.1.1. Sequence and Structure Similarity Assessments for CDKs

In order to compare and understand the selectivity of CDK inhibitors, human CDKs and
C. elegans CDKs were assessed for similarities by comparing sequential and structural
properties. Firstly, human and C. elegans CDK proteins were identified in the Uniprot
[85] database using their respective identification codes. Human and C. elegans CDKs

obtained from the database using the corresponding identifiers (Table: 2.1).
Table 2.1: Uniprot Identification Codes (ID) for human and C. elegans CDKs.

Human UniprotID C. elegans Uniprot ID
CDK1 P06493 CDK-1 P34556
CDK2 P24941 CDK-2 061847
CDK3 Q00526 CDK-4 QI9XTRI1
CDK4 P11802 CDK-5 G5ECH7

CDK5 Q00535 CDK-7 GSEFVS5
CDK6 Q00534 CDK-8 P90866
CDK7 P50613 CDK-9 Q9TVL3
CDK&8 P49336 CDK-12 P46551
CDK9 P50750

Obtained CDK IDs were used to perform multiple sequence alignment using the Clustal
Omega [86] software version 1.2.4, with no iteration. The obtained alignments were
visualized along with a percentage similarity matrix to uncover homological similarities.
Then, the same CDKs for human and C. elegans were obtained from the Alphafold
database using the corresponding IDs, and then structurally compared via the LovoAlign

[87] tool. Structural similarities were represented with TM score [88].
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2.1.2. Protein and Ligand Structure Preparation

In order to screen proteome-wide proteins to identify targets of cyclin-dependent kinase
inhibitor molecules, protein structure data was prepared.

Firstly, structural data for proteins were downloaded in bulk as ”Model Organism
Proteomes” from the Alphafold Protein Structure Database [89] for both Human and C.
elegans. Alphafold structure database represents structural prediction quality via
pLDDT [70] score, and recommends not to interpret aminoacids with low pLDDT
scores [90]. Therefore, after obtaining human and C. elegans proteomes, each
downloaded protein structure data file was processed by means of text editing to
remove amino acids with pLDDT scores below 50, and correspondingly saved for
using in molecular docking calculations.

In the molecular dynamics phase of identified targets for Human, relevant proteins
were downloaded from the RCSB Database [91] and used after removing unwanted
entries such as water and salt. Missing parts were corrected using the PDBFIXER [92]
tool when necessary.

Structural data for drug molecules of Abemaciclib, Palbociclib, Roscovitine, Ribociclib,
Trilaciclib, Lerociclib, Atuveciclib, Narazaciclib, PHA-767491, and FUDR, were
downloaded from ChEMBL [93], Drugbank [94], or PubChem [95] databases.
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2.1.3. Receptor Screening

Receptor screening or inverse screening methodology were employed in order to identify
high affinity targets of the selected drugs(CDK-is and FUDR) within the human and
C. elegans proteomes. All protein structural data files for Human and C. elegans were
downloaded from the AlphaFold database and were processed to remove low-score
amino acids, as described. After that, all protein structures were further processed using
the OpenBabel [96] program (Linux, version 3.0) to merge nonpolar hydrogens and
calculate partial charges using Kolmann [97] charges. The drug molecules to be used
were also prepared for docking studies using the same approach except gasteiger [98]
charges were applied. Each drug was docked to the protein structures in both the human
and C. elegans proteomes using a blind docking approach [99] via Smina [100] program
(a branch of Autodock VINA, Linux, version 2019) with an exhaustiveness value of
at least 30. Upon screening, binding values of the drugs to all proteins were recorded,
and these values were then ranked to prioritize the best-binding potential targets for
each drug group. Primary targets of each drug were selected as cutoff values, based on
the literature for human proteins. In C. elegans, orthologs or homologs of the human

counterparts were selected as primary(canonical) targets for cutoff application.

Table 2.3: Selected primary targets of drugs for minimum affinity cutoff in human and

C. elegans.
Human C. elegans
Abemaciclib CDK6 CDK-4
Palbociclib CDK®6 CDK-4
Ribociclib CDK6 CDK-4
Trilaciclib CDK6 CDK-4
Lerociclib CDK®6 CDK-4
Roscovitine CDK2/CDK7/CDK9 CDK-2/CDK-7/CDK-9
Narazaciclib CDK4/ARKS5 CDK-4
Atuveciclib CDK9 CDK-9
PHA-767491 Cdc7/CDK9 CDK-9
FUDR TYMS TYMS-1
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Each drug’s primary target’s binding affinities were assigned as the threshold for the
ranked values. Proteins associated with bindings less successful than this threshold
were removed from the list.

Additionally, when drug binding energies for CDKs were represented, obtained binding
energy values were normalized by dividing by the total calculated heavy atoms in the
drugs (Table 2.2, Heavy Atoms) then multiplied by 10 and represented as “efficiency

score” to facilitate a comparability of binding energies among drugs.

2.1.4. Network and Gene Set Enrichment

After obtaining affinity lists of drugs both in human and C. elegans proteome, lists are
called as datasets. Then, each dataset underwent protein-protein interaction enrichment
using the KeyPathwayMiner [101] (KPM) tool to correct for missing or redundant
proteins. Network enrichment methodology is an effective approach for identifying
biological circuits and pathways [102], [103]. BioGrid [ 104] protein-protein interaction
(PPI) data source was used in KPM. While enriching datasets based on their
interactions, each dataset was also turned into a protein-protein interaction network by
KPM. Subsequently, the enriched interaction network datasets were individually
transferred to gProfiler [105] and analyzed by selecting data source as only "KEGG”.
Upon analysis, output was analyzed to illuminate the biological pathways represented
by proteins in these datasets, focusing on KEGG Pathways (Kyoto Encyclopedia of
Genes and Genomes) [106] terms. These findings were then separately integrated to
each dataset’s interaction network using Cytoscape 3.10 [107] (Microsoft Windows™)
and the StringApp [108] plugin for visualizing highlighted pathways and contributing

proteins.

2.1.5. Network Hierarchy Analysis

Highly connected proteins in the cell are the most important for its survival [109].
Therefore, in order to obtain further detail and reduction within the datasets, a
hierarchical priority approach was utilized and the most potent targets were identified
by ordering highly connected potential targets within each dataset.

Protein-protein interactions were obtained and visualized by clustering relevant nodes

25



within the KEGG terms. Clustered nodes are then hierarchically ordered to identify
proteins (nodes) with the highest interactions (degree) within these clusters. After
ordering and clustering all datasets individually, all the graphs were combined in a
single diagram for human and C. elegans seperately. While selecting the most potent
targets after hierarchical clustering, redundancy was avoided and relevance to
corresponding biological enrichment was preferred. Additionally, through the same
plugin, STRINGDB [110] enrichment was performed for C. elegans datasets, obtaining
Worm Phenotype Ontology (WPO) [111] terms and revealing phenotypic significance

indications in these datasets.

2.1.6. Expression Profiling for Human and C. elegans Targets

Gene expression levels of potentially identified targets for human and C. elegans from
previous steps were profiled to understand possible druggable target levels and enrich
the interpretation of corresponding pathways or physiological differences. For human
datasets, original data from the Cancer Cell Line Encyclopedia [112] were downloaded
through the Expression Atlas web server [113] with accession code E-MTAB-2770
[114]. Gene expression levels of identified potential target proteins were extracted from
this data by selecting specific commonly used cell lines. For expression levels of
selected targets in cancer sample sites, OncoDB data were downloaded, curated and
visualized. OncoDB data comprised of original data from The Cancer Genome Atlas
Pan-Cancer Analysis Project (TCGA) [115], and represented as bulk for cancer tumor
samples [116]. For C. elegans, data with the accession E-MTAB-2812 [117] were
downloaded from the Expression Atlas web server, and the gene expression levels of
potentially identified target proteins were visualized throughout all larval stages.

During visualizations, heatmaps were created to highlight the quantities between
conditions by representing gene expression levels of selected targets with the highest
degree as "+ or - fold-change(fc)” compared to the average of all biological states and

scaled during visualization.
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2.1.7. Molecular Dynamics Simulations and Binding Free Energies

Some of the most potently identified targets from the datasets of human and C. elegans
were simulated with their corresponding drug molecules for drug-protein binding
conformations, aminoacid interactions and binding free energy evaluations. Identified
target structures specific to C. elegans were stabilized through preliminary MD
simulations using the structures obtained from the AlphaFold database, with amino
acids unaltered this time. Identified target structures specific to human were
downloaded from the RCSB database [91], fixed for missing residues, cleaned and
stabilized through preliminary MD simulations. Additionally, human CDK6 protein
with abemaciclib complex (PDB: 5L2I) was also included to the analysis workflow for
comparability.

Selected protein names and corresponding PDB codes from human and C. elegans

datasets are listed in Table 2.4.

Table 2.4: Protein structure identifiers for human and C. elegans.

Human PDBID C. elegans Alphafold ID

CDK6  5L2I CDK-4 Q9XTRI

PRKCA  4RA4 LET-756 Q11184
PEX5  2COL PMK-1 Q17446
ADSS2  2V40 MEK-2 Q10664

HADHA 5ZQZ DAF-2 Q968Y9
NOS2  2NSI

GAPDH 1U8F

SHMT2  6M50
EPRSI1 7F99

MAPKI14 1KWP

In molecular dynamics (MD) simulations, open-source GROMACS 2022.4 [118]
software was used. Protein structure files from either Alphafold server or RCSB were
downloaded and prepared by removing the water, ion and any other atoms other than in

the file, as explained. After this step, topologies were created with AMBERO3 force
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field and protein structures were solvated in TIP3P water model while aiming to
achieve 0.15 mM of calcium and sodium ion concentration in the system. After that,
the system was energy minimized via the steepest-descent algorithm to achieve energy
convergence of <1000 kJ mol-1 nm-1. The Energy-minimized system was then
equilibrated in NVT ensemble and NPT ensembles , respectively. After this step,
production MDs were run for varying durations, and simulated with 2 fs time steps.
Neighbor searching was performed every 10 steps and the PME algorithm was used for
electrostatic interactions.A single cut-off of 1 nm was used for Van der Waals
interactions. Temperature coupling was done with the V-rescale algorithm. When
simulating solute proteins or complexes, 310.15 K and 293.15 K thermostat
temperature was set for human and C. elegans, respectively. Pressure coupling was
done with the Parrinello-Rahman algorithm, and graphical processing unit (GPU)
utilization via CUDA Runtime libraries [119] were preferred when possible.
Simulations were run for at least 30 ns in all cases, and stability assessments were done
using root-mean square deviation (RMSD) analysis.

When drug-protein (ligand MD) complexes were simulated for molecular dynamics,
drug molecules were parameterized for the AMBER force field using the ACPYPE
[120] server and then placed into relevant target structures prior to simulation
workflows. At least 3 replicate trajectories for protein-drug complex simulations were
produced from random Maxwell-Boltzmann distribution samples for each binding free
energy calculations.

After producing the drug-protein complex trajectories, binding free energies were
calculated. For this, firstly, each system was fixed for periodic-boundary conditions
and transformed. Then MM/GBSA (molecular mechanics generalized Born surface
area) calculations were accomplished using the gmx MMPBSA tool [121] with GB
(generalized-Born) approach and Generalized Born ESURF were calculated using
LCPO surface areas. After calculating the free energies of binding from the complex
trajectories, the delta was obtained as Complex - Receptor - Ligand , and the average

Delta of frames was represented.

Additionally, after obtaining drug-protein complex trajectories, representative structures
were obtained via gmx cluster tool within the GROMACS suite, and these obtained

clusters were then visualized using MOE 2022 (Chemical Computing Group) for drug
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binding diagrams. For diagram visualizations, complexes with least root-mean square

deviations (RMSD) were selected.

2.2. Mass Spectrometry Analysis of Human Cell Lines

In order to distinguish protein-level differences and regulations resulting from CDK-i
treatments, PANC-1 and MIA PaCa-2 cells were treated with abemaciclib and
palbociclib, 2D gel electrophoresis coupled with MALDI-TOF protein mass
spectrometry and peptide mass fingerprinting (PMF) methodology were utilized
previously.

Simply, PANC-1 (CRL-1469), and MIA PaCa-2 (CRL-1420), cell lines were purchased
from American Type Culture Collection (ATCC, Rockville, MD, USA). The cells were
cultured in Dulbecco’s modified Eagle’s medium (DMEM; GIBCO- Life Technologies,
Carlsbad, CA) supplemented with 10% fetal bovine serum (Pan Biotech GmbH,
Aidenbach, Germany) and 1% penicillin/streptomycin (GIBCO, Invitrogen Co) and
incubated in 37 °C with 5% CO2 (HeraCell 1501 ThermoLab systems, Beverly, MA,
USA). Abemaciclib and palbociclib were dissolved in dimethyl sulfoxide (DMSO) at
an initial stock concentration of 10 mM and stored as aliquots at -20°C.

Cells were seeded at a density of 1x10° cells in 100-mm dishes and treated with a
selected dose of abemaciclib and palbociclib for 24h. Proteins were extracted using
RIPA buffer (Thermo Scientific, USA), and protein concentrations were determined
with a modified Bradford assay (Bio-Rad, USA). Before the first-dimension separation,
protein samples were cleaned up using the ReadyPrep 2D Cleanup Kit (Bio-Rad), to
eliminate any contaminating non-protein agents. The precipitated proteins were
resuspended in 2DE lysis buffer containing 7 M urea, 2 M thiourea, 4% CHAPS,
30 mMTris pH 8.5, and 1x protease inhibitor cocktail. Protein extracts (500 pg each)
were loaded onto 11 cm non-linear pH 3-10 immobilized pH gradient (IPG) strips
(Bio-Rad, USA) by passive rehydration. First dimension separation based on isoelectric
points was performed with a Protean isoelectric focusing cell (Bio-Rad) using the
following conditions: 20 min at 250 V with rapid ramp, 2 h at 4,000 V with slow ramp,
and 8,000 V with rapid ramp until a total of 25,000 V/h was reached, at 20°C.
Following isoelectric focusing, strips were washed with buffer I (6 M Urea, 375 mM

Tris-HCI pH 8.8, 2% SDS, 20% glycerol, 2% w/v DTT) for 30 min and then with buffer
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IT (6 M Urea, 375 mM Tris-HCl pH 8.8, 2% SDS, 20% glycerol, 2.5% w/v
1odoacetamide) for 30 min at room temperature. The second-dimension separation
based on molecular weights was achieved by sodium dodecyl sulfate-polyacrylamide
gel electrophoresis (SDS-PAGE; 12%) using the Criterion Dodeca gel running system
(Bio-Rad, USA). Gels were stained with colloidal Coomassie Blue and visualized by
VersaDoc4000 MP (Bio-Rad) using QuantityOne software (Version 4.6.7, Bio-Rad).
For DIGE experiments, the proteins were resuspended in DIGE buffer containing 7 M
urea, 2 M thiourea, 30 mM Tris, and 4% CHAPS and then labelled with CyDye
minimal dyes using the CyDye™ DIGE Fluor Minimal Labeling Kit (Lumiprobe,
USA); the experiments were carried out in the dark. In brief, 50 pug of protein samples
were used in each experiment. The pH of the protein extracts was adjusted to 8.5, and
then extracts were incubated with the dyes Cy2, Cy3, and Cy5 at 4°C for 30 min.
Labelling reactions were stopped by adding 10 mM lysine. Labeled protein samples
were then combined, and a standard 2-DE experiment was performed.

The Coomassie-stained 2-DE gels were analyzed with PDQuest Advance 2-DE
Analysis Software (Version 8.0.1 build 055, Bio-Rad), which provided the tools for
spot intensity calibration, spot detection, and background subtraction. Stain speckles
were filtered, and the standardized areas of interest from all gels were warped and
matched, and the quantity of each spot was normalized by the total valid spot intensity
using the linear regression model. The statistical significance of image analysis was
determined by the Student’s t-test (statistical level of p<0.05 was considered
significant). Protein spots with differences in expression more than 2-fold were
selected and excised from gels using ExQuest Spot Cutter (Bio-Rad). DIGE gels were
also visualized with VersaDoc MP4000 (Bio-Rad) using three different light sources.
In-gel digestion was performed using an in-gel tryptic digestion kit (Thermo Fisher
Scientific) according to the manufacturer’s instructions. Digested peptides were then
desalted and concentrated with C18 ZipTips (Millipore, Burlington, MA, USA).
Peptides were eluted with a matrix solution containing 50% (v/v) acetonitrile (Sigma
Aldrich, St. Louis, MO, USA) 0.1% (v/v) trifluoroacetic acid (Sigma Aldrich), and 10
mg/ml alpha-cyano-4- hydroxycinnamic acid (a-CHCA) (Sigma Aldrich), and were
spotted onto MALDI target plate. An AB SCIEX TOF/TOF 5800 instrument (AB
Sciex, Framingham, MA, USA) was used to generate peptide mass fingerprints (PMFs)
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for protein identification. PMFs were searched in the MASCOT database (Matrix
Science, Boston, MA, USA) using ProteinPilot software 4.0.8085 revision 148085 (AB
Sciex). Search parameters included were; human as taxonomy, trypsin as the enzyme,
+50 ppm as the precursor tolerance, 0.4 Da as the MS/MS fragment tolerance, and
carbamidomethyl and MetOxidation as the variable modifications. Only hits with

p<0.05 value were accepted for protein identification.

2.3. C. elegans Methods

Y LY
24h - 2l
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Assay —=——pp SwirﬁrhingAssay =P Lipid Accumulation
Assay

Figure 2.2: Graphical abstract for utilized methodology in C. elegans experiments.
Nematodes were treated with drugs and imaged every 24 hours, after
that, swimming assays and lipid accumulation assays were subsequently
conducted.

2.3.1. Culturing

For maintenance and breeding of the C. elegans organisms, E. coli OP50 bacteria were
spread on the Nematode Growth Medium (NGM) and allowed to grow overnight at
37°C to provide nutrition, then nematodes were transferred and grown on NGM and
as previously generalized by Sydney Brenner [122]. Cholesterol was also added to
the NGM in order to trigger the egg hatching and cuticle motility. NGM plates were
prepared in advance on a large scale and stored at +4°C until ready for use. One day
before transferring worms to a new growth environment, E. coli OP50 was added to
NGM plates and incubated at 37°C overnight to allow bacterial growth. The following
day, the worms were transferred to the nutrient medium. Except when treated with
bleach solution, being transferred, or being imaged in assays, all C. elegans individuals

were maintained in an incubator at a constant temperature of 20°C, within a laboratory
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with relatively stable 16-18°C. Within this thesis, all C. elegans based methodologies
were conducted using the N2 Bristol strain of the C. elegans. N2 Bristol strain were
provided by the Caenorhabditis Genetics Center(CGC), which is funded by the NIH
Office of Research Infrastructure Programs (P40 OD010440).

2.3.2. Cryopreservation

C. elegans nematodes were also cryopreserved additionally to continuously bred live
stocks. For cryopreservation, firstly, freshly starved L1-L2 populated C. elegans plates
were washed with the S-buffer and transferred in a sterile test tube. After that, equal
volume of S Buffer + 30% glycerin were add and mixed. Next, animals within this mix
were transferred to cryovials and labeled, and immediately stored in -80°C using Mr.
Frosty cryopack.

When required, cryo-stored nematodes were revived by thawing the vials at room
temperature until all ice had turned to liquid and pouring the contents onto an bacteria

seeded NGM plate.

2.3.3. L1 Larvae Synchronization

When the worms reached the reproductive stage and began laying eggs, they were
collected in a 15 mL centrifuge tube after being washed with dH,0O. To remove bacteria,
a washing step was performed by centrifuging the tube at 1500 g for 2 minutes, discarding
the upper liquid. Approximately 7-8 mL of dH,O was added to the worms, followed by
another centrifugation step. After discarding the upper liquid, 5 mL of the bleaching
solution was added to the worms, and they were continuously vortexed for a maximum
of 6 minutes. During this period, worms were observed under a stereo microscope, and
the process was terminated when they were sufficiently disrupted.

To minimize the effect of the bleaching solution, approximately 7-8 mL of M9 bufter was
quickly added. The tube was then centrifuged at 1500 g for 2 minutes. After discarding
the upper liquid, 7-8 mL of M9 buffer was added, followed by another centrifugation
step. This washing procedure, aimed at removing remnants of the bleaching solution,
was repeated at least 3 to 5 times. Meanwhile, the now-collected worms were disrupted,

and eggs were released into the buffer. To facilitate the emergence of worms from the
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eggs, they were continuously vortexed at 800 RPM overnight at 20°C in an incubator.
The following day, L1 larval stage worms had hatched from the eggs and were ready to

use in the assays.

2.3.4. Dauer Larvae Synchronization

Dauer larvae synchronization method was used to obtain dauer larvae. In order to
observe the effects on worms in the dauer phase, which is known to exhibit significant
differences from their normal metabolic and physiological states [123] individuals of C.
elegans were placed in a nutrient-rich environment 10-15 days prior to the intended use,
following the generalized method by Cassada and Russell [124]. On the day of usage,
worms were collected from this environment and treated with 1% SDS to selectively
obtain Dauer larvae.

Firstly, worms were washed off from the plates, pelleted using a centrifuge, for 2-3
times and resuspended in 1% SDS. After this step, worms were incubated in 1% SDS
for 30 minutes with gentle agitation. After, the remaining worms were washed 1-5 times
with sterile water to remove all SDS in the media.

At this point, the tube contains living dauer larvae and the carcasses of non-dauer larvae.

2.3.5. Development Assays

The drugs abemaciclib, palbociclib, roscovitine, and FUDR were individually tested at
a single dose (1uM in NGM) using the methodology adapted from the Wang and
colleagues [125]. The developmental effects, swimming speed, and lipid accumulations
potentially induced by the drugs were observed. To achieve this, C. elegans larvae were
synchronized and grown until the L1 stage, and then transferred to bacteria seeded
treatment and control plates. Worms were then observed under a dissection microscope
coupled with a camera at 24-hour intervals in the environment containing the respective
drugs. The observations continued either until the nutrient was completely depleted or
until they exhibited egg-laying behavior.

To observe the effect of drugs on the development of larvae in the dauer phase, C.
elegans individuals were placed in a nutrient-rich environment 10-15 days prior and

were collected from this environment and treated with 1 % SDS to obtain only the
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dauer larvae before experiments. Obtained dauers were then transferred to bacteria
seeded control and treatment plates and then observed in the environment containing
the respective drugs at 24-hour intervals until the nutrient was completely depleted or
until they exhibited egg-laying behavior.

Captured images were used to quantify body sizes using ImageJ software [126] (NIH,
USA) and recorded in pixels squared (px?).
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2 2468 185575 494170 457998 181 457998

Figure 2.3: Outlines of the individual C. elegans worms were selected for data
acquisition.

2.3.6. Swimming Assays

After monitoring their growth in developmental assays, nematodes were directly
collected using the M9 buffer. Subsequently, they were transferred onto a microscope
slide and recorded under a dissection microscope equipped with a Swiftcam SC500
camera and the relevant software for 1 minute. Following these recordings, visual
inspection involved counting the periodic waves of the worms’ heads, and the
movement of the body waves per minute was noted. Results were represented in

comparison to control groups.
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2.3.7. Lipid Accumulation Assays

After monitoring the growth and swimming capacities of worms, they were collected,
fixed, and stained with Oil Red O to observe neutral lipid contents.

Firstly, following development and swimming assays, worms were recollected with
1xPBS in a microfuge tube. Centrifuged at 400 g for 2 minutes, the supernatant was
aspirated to cleanse excess bacteria with 1x PBS until it appeared clean. Subsequently,
120 pL of ice-cold methanol was added to the nematodes, and they were incubated on
ice for 2 minutes.

After fixation, the nematodes were centrifuged for 1 minute at 1000 g, and the supernatant
was removed. Following this, 600 puL of 60% isopropanol was added and incubated at
room temperature for 15 minutes, allowing the worms to dehydrate. Next, 500 puL of
Oil Red O working solution was added to the dehydrated worms. The worms in Oil Red
O working solution were incubated overnight at room temperature in an orbital shaker
with mild agitation.

On the next day, 1x PBS with 0.1% Triton-X100 solution was added to fill the microfuge
tubes and allowed to settle for 3-5 minutes. This step was repeated three times to clear
excess stain. Subsequently, stained worms were transferred to clean NGM plates, and
their images were captured using a camera-mounted stereo microscope.

Later, utilizing the ImagelJ program, Integrated Density values were normalized with

the Optical Density (OD) equation and recorded.

Figure 2.4: Image of Oil Red O stained C. elegans worms.
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2.4. Laboratory Materials
2.4.1. Chemicals, Buffers and Solutions

Table 2.5: Chemicals used in this study.

Chemical Provider Cat/Lot
Agar Technical Biolife 52X009
Peptone Biolife 27P039
LB Agar BioShop 0L67747/ LBL406.1
LB Broth BioShop 0K67307/ LBL405.1
CaCl Neofroxx 10035-04-08
MgSO, Merck 1.05886
K,;HPO, TEKKIM TK.930147
KH,PO, TEKKIM TK.200990
Na,HPO, Merck 106586
NaCl Kimyalab V54903.901H
Cholesterol Biobasic CD0122
NaOH Kimyalab V06498.901
Sodium Azide Biobasic DB0613
Glycerol Isolab LR0690709AJW
Oil Red O Isolab 955.D01
SDS AFG Bioscience 368131
Household Bleach Migros -

Table 2.6: Chemicals used in C. elegans developmental assay.

Chemical Provider Cat/Lot

Floxuridine Cayman 14154
Abemaciclib Selleckchem  S5716
Palbociclib  Selleckchem  S1579

Roscovitine Selleckchem  S1153
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2.4.1.1. Nematode Growth Medium

In order to prepare Nematode Growth Medium (NGM), 2.5 g of peptone, 17 g of agar,
3 g of sodium chloride (NaCl) and 1 L of distilled H,O (dH,O) were mixed in a flask
and autoclaved at 121°C for 15 minutes. Subsequently, the mixture’s temperature was
allowed to drop to approximately 65°C with magnetic stirring. After autoclaving, 1 mL
of IM CaCl,, 1 mL of IM MgSQy,, 25 mL of 1M KPO, buffer mixture (pH:6) and 1 mL
of cholesterol (5 mg/mL in ethanol) were added, with approximately 5 minutes between
each addition to prevent crystallization.

To prepare the KPO, buffer mixture, 108.3 g KH,PO, and 35.6 g K,HPO, were mixed
in 1 L of dH,O and autoclaved.

2.4.1.2. M9 Buffer

For M9 buffer preparation, 3 g of KH,PO,, 6 g of Na,HPO,, and 5 g of NaCl were
dissolved in 1 L of H,O and autoclaved for 15 minutes. Then, 1 mL of 1 M MgSO, was
added and prepared M9 Buffer stored in room temperature.

After 2 week, check for visible contamination before use.

2.4.1.3. KPO4 Mix Buffer

IM KPO4 Mix Buffer was prepared by mixing 108.3 g KH,PO,4 and 35.6 g K,HPO,

and completing the mix to the 1 L with dH,0. After that, the buffer was autoclaved.

2.4.1.4. Bleach Solution

10 mL of Bleaching solution can be prepared by adding 2 mL of household bleach, 0.5
mL of 10M NaOH and completing this mix to 10 mL with dH,0 in a vessel.
Bleach solution should be kept away from the sunlight and should be prepared fresh

every time.
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2.4.1.5. Oil Red O Staining Solution

Oil Red O dye was used for staining neutral lipids in the C. elegans. Oil Red O

solutions were prepared in Stock and Working solutions.

Oil Red O Stock Solution

Firstly, 0.5 g ORO powder was dissolved in 100 mL of 2-propanol and incubated at
85°C for 2 hours in a water bath. After incubating, this stock solution were filtrated

using 0.22 pm filter and stored away from direct light.
Oil Red O Working Solution

30 mL of Oil Red O stock solution was diluted by 20 mL of dH,O.

2.4.2. Laboratory Equipment

Various instruments were used for C. elegans based methodologies.

Table 2.7: Instruments used in this study.

Instrument Make Model
Stereo Microscope SOIF SZMA45-T2/L
Digital Microscope Dino-Lite Dino-Lite Plus
Microscope Camera Swiftcam SC500
Cooling Incubator Elektro-Mag M7050R
Biosafety Cabinet Grafen Scientific GMS90

Magnetic Stirrer DLAB MS-H380-Pro
Balance Weightlab Instruments WSA-224
Vortex BIOSAN Bio Vortex V1
Multi Speed Vortex BIOSAN MSV-3500
Water Bath BIOSAN WB-4MS
Incubator Grafen Scientific GS-OVN-120
Centrifuge Niive NF1200R
Autoclave Niive NC-150
Freezing Container Thermo Scientific Mr. Frosty
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2.5. Statistical Analysis, Graphics, and Data Processing

Statistical representation graphs were created with Graphpad Prism 9 with pairwise
comparisons using ANOVA and Tukey with always at least 3 replicates. Data graphics
were created with RStudio 2022.7 (R lang 4.0.3) using “pheatmap”, “dplyr”, “ggplot2”
and “ggridges” packages. Color scheme was obtained from “wesanderson” color
package. Structural images were created using PyMOL Molecular Graphics System

2.1.0 [127]. Infographics were created using BioRender [128] unless stated or cited.

Text-based data processing was done using BASH shell and Microsoft Excel.
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3. RESULTS

In order to understand variation, selectivity, possible other targets, and consequential
side effect and reusability properties of cyclin-dependent kinase inhibitor drugs, CDK
similarity assessments, receptor screening, functional and network enrichments,
molecular dynamics simulations, as well as in vivo C. elegans physiological evaluation

studies were conducted.

3.1. Similarities Between CDKSs in Human and C. elegans

Pharmacological drugs or small molecules, as well as macromolecules can effect
multiple molecular targets, and this promiscuity can be beneficial or detrimental [11].
Firstly, to understand the basis behind selectivity of the CDK inhibitors, human CDKs
and C. elegans CDKs were assessed for similarities. Human and C. elegans CDKs
were aligned, and percentage similarities were obtained.

Multiple sequence alignments revealed that human and C. elegans CDKs have
important sequence differences, and are mainly unaligned on the N and C termini
(Figure: 3.1). In human, highest sequence similarity was between CDK2 and CDK3
(76.4%), and CDK4 and CDK6 (70.3%) (Figure:3.2 -B). In C. elegans, the highest
sequence similarities were between CDK-1 and CDK-5 (47.1%) (Figure:3.2 -C). When
similarities between organisms were considered, the highest similarities were between
human CDKS5 and C. elegans CDK-5 (73.6%), CDK7 and CDK-7 (58.6%), CDK9 and
CDK-9(53.2%)(Figure:3.2 -A).
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Figure 3.1: Multiple sequence alignments of human Cyclin-Dependent Kinases (A) and
C. elegans Cyclin-dependent Kinases (B). Red highlighted white texts show
identical residues, boxed sections indicate conserved regions. Leading and
trailing unaligned sequences were trimmed.
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Figure 3.2: Sequence identity percentage matrix (A) and phylogenetic tree for human
(B) and C. elegans CDKs (C). Protein names in black and red indicate
human and C. elegans CDKs, respectively.A higher percentage (towards
red) indicate a higher identity. A: CDK-5,CDK-1,CDK1, CDK2 and CDK3
shown varied similarities between, while CDK4-CDK6, CDK5-CDK-5
and CDK1-CDK-1 shown relatively higher similarities. B: Phylogenetic
tree of Human CDKs. CDK4 and CDK6, CDK2 and CDK3 are highly
similar. C: Phylogenetic tree of C. elegans CDKs. CDK-1 and CDK-5 are
highly similar.

The structure of proteins is determined by their sequences [129], and similar sequences
will result in similar structures. However, proteins with dissimilar sequences can also
have similar structures [130]. In order to assess the presence of this condition and

highlight the possible drug binding similarities of human and CDKs, CDKs are
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structurally aligned using the LovoAlign tool [87]. In human, CDKs pairs with highest
structurally  similarity was CDKI1-CDK3 (0.94), CDK1-CDK2(0.93),
CDK2-CDK3(0.93) and CDK4-CDK6(0.90). In C. elegans the highest structurally
similar CDK pairs were CDK-7-CDK-1 (0.81), CDK-5-CDK-7(0.80) and
CDK-5-CDK-1 (0.78). When structural similarities of CDKs between organisms were
considered, the highest similarities were between Human CDKS5 and C. elegans CDK-5
again (0.99), CDK2-CDK-5(0.89) and CDK1-CDK-1(0.88) (Figure 3.3).
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Figure 3.3: Combined structural similarity matrix for human and C. elegans CDKs. Red
colored names indicate C. elegans CDK proteins. Human and C. elegans
CDKs show relatively low structural similarities between, except CDKS5
and CDK-5.
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Additionally, when human and C. elegans CDK groups were superimposed, it was
observed that proteins are primarily structurally aligned on conserved kinase domains
(Figure: 3.4). Most structurally similar CDK pairs of human and C. elegans, CDKS5 and
CDK-5(Figure: 3.3) aligned perfectly while showing relatively low sequental similarity
with 73.6% (Figure: 3.5).

Figure 3.4: Superimposition of Human (A) and C. elegans (B) CDKs. Regions in
pink indicate conserved regions in alignment while green regions indicate
identical residues in alignment.

Figure 3.5: Superimposition of Human and C. elegans Cyclin-dependent Kinase 5.
Green colored cartoon representation shows C. elegans CDK-5, while blue
color shows human CDKS5. The structure rotated 90° at the vertical axis in
right-hand side of the figure.
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3.2. Receptor Screening Results

In aim to identify targets of CDK-i drugs in human and C. elegans proteome, receptor
screening (inverse docking) methodology was utilized. Approximately 430,850
individual docking simulations were performed in total. Upon screening, canonical
target affinities were identified for each dataset to determine the cutoffs, utilizing

drug-target pairs as listed below.

Table 3.1: Cutoff values (kcal/mol) for human and C. elegans dataset reductions were
obtained upon receptor screening.

Human C. elegans

Abemaciclib  -9.4 (CDK6) -9.3 (CDK-4)
Palbociclib  -7.5 (CDK6)  -9.3 (CDK-4)
Ribociclib  -7.9 (CDK6) -7.2 (CDK-4)
Trilaciclib ~ -10.3 (CDK6) -10.1 (CDK-4)
Lerociclib -8.7 (CDK6) -8.5 (CDK-4)
Roscovitine  -8.3 (CDK7) -8.4 (CDK-7)
Narazaciclib -8.9 (CDK4) -8.1 (CDK-4)
Atuveciclib  -9.3 (CDK9) -7.6 (CDK-9)
PHA-767491 -7.6 (CDK9) -5.6 (CDK-9)
FUDR -6.5(TYMS) -6.8(TYMS-1)

After obtaining cutoff values, data reduction and cleaning were performed by removing
proteins with less successful bindings than their cutoff values from the datasets.

After reducing the dataset sizes by removing low affinity binder proteins, in human, the
smallest dataset was found as atuveciclib with 404 elements, and the biggest dataset
was found as narazaciclib with 7206 elements. The total number of screened proteins in
human proteome for each drug was 23391.

In C. elegans, the smallest dataset was palbociclib with a number of 399 and the
biggest dataset was PHA-767491 with 12845.A total number of screened proteins in
C. elegans proteome for each drug was 19694 (Figure: 3.6-A).

In order to statistically analyze further, and for also highlight any relevant information,

affinity distribution histograms were plotted for each human and C. elegans datasets.
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Upon analyzing distributions, firstly, it was observed that, in all datasets distributions,
affinities were distributed binominally. Additionally, roscovitine showed more distinct
affinities around -9 kcal/mol in both human and C. elegans datasets. In human datasets,
palbociclib, narazaciclib and lerociclib, in C. elegans datasets PHA-767491, lerociclib

and atuveciclib showed wider range in terms of affinity (Figure:3.6-B and C).
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Figure 3.6: Human and C. elegans dataset sizes and distributions. A: Dataset sizes
after affinity cut-off. Number of elements in each dataset represented
with the value in corresponding cells. White cells represent proteome size
for organisms. In human, smallest dataset was atuveciclib, and biggest
dataset was found as narazaciclib. In C. elegans, smallest dataset was
palbociclib and biggest dataset was PHA-767491. B: Human affinity-
size distribution graph. C: C. elegans affinity-size distribution graph.
Roscovitine docking affinities were around -9 kcal/mol in both human and
C. elegans datasets. Colors indicate number of elements in datasets, peak
height indicates stacking of the same affinities. Coloring towards yellow
indicates higher dataset size. In both distribution graphs, median affinity
was around -9 kcal/mol for all datasets.

In addition to these findings, with the screening of the proteomes, binding affinities of
drugs for the previously noted canonical CDK targets were revealed. Obtained affinity
values were normalized as explained in Section 2.1.3. Both in human and in C. elegans,
PHA-767491, FUDR and Roscovitine had the highest efficiencies for the CDKs while

Lerociclib, ribociclib and palbociclib showed low efficiencies. (Figure: 3.7)
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Figure 3.7: Drug efficiency scores of drugs for Human (A) and C. elegans (B) Cyclin-
dependent Kinases. Similar scores were neighbored, lower values represent
better binding towards the red color. FUDR and PHA-767491 molecules
have shown higher affinities for Cyclin-dependent Kinases in both human
and C. elegans.

3.3. Functional Enrichments and Hierarchy Analysis

In order to determine the most potential targets by their relevant cumulative biological
meaning in each receptor screening, all of the cleaned-up datasets were analyzed one-by-
one via functional enrichment using gProfiler. To perform functional enrichments, firstly
reduced datasets were provided to KPM to create enriched, corrected protein-protein
interaction networks, which convey their relevant biological pathways or conditions.
Upon network enrichment, dataset sizes were drastically reduced further, around 35%
and up to 49% reduction in human datasets and 80 to 91% reductions in C. elegans
datasets were observed. Overall, in terms of size, C. elegans datasets were reduced
much more drastically than human datasets (Figure: 3.8-C).

Consequently, network-enriched and reduced datasets were functionally enriched using
gProfiler. After analysis, top-ranking KEGG terms were highlighted.

In human datasets, for each dataset, "Metabolic Pathways” term was initially identified
as the top-ranking KEGG term. For abemaciclib, ”Fc gamma R-mediated phagocytosis”;
for palbociclib, ’Cofactor Biosynthesis™; for roscovitine, ”Progesterone-mediated oocyte
maturation”; for ribociclib, ”Neurotrophin signaling pathway”’; for FUDR, ”Cofactor

Biosynthesis™; for lerociclib, ”Peroxisome”; for trilaciclib, ”Fatty acid degradation”;
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for narazaciclib, ”Cofactor Biosynthesis”; for atuveciclib, ”Peroxisome”, and as well as
for PHA-767491, ”Cofactor Biosynthesis” terms were highlighted (Figure 3.8 -A).

In C. elegans datasets, the "MAPK Signaling Pathway” was predominantly highlighted
for abemaciclib, palbociclib, FUDR, trilaciclib, and narazaciclib. Meanwhile, the
”FoxO Signaling Pathway” was highlighted for ribociclib, lerociclib, and atuveciclib.
Additionally, the "TGF-beta Signaling Pathway” was identified as a highlighted KEGG
term for roscovitine, and the "Wnt Signaling Pathway” for PHA-767491 upon functional

enrichments (Figure 3.8 -B).
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Figure 3.8: Functional enrichment results of human and C. elegans datasets. A: Human
datasets KEGG terms after Gene set enrichments. B: C. elegans datasets
KEGG terms after Gene set enrichments. C: Reduction rates after KPM
network enrichments.
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Proteins with the highest degree of connectivity in the cell are crucial for its survival
[109]. Therefore, in order to obtain most potent targets, highest connected potential
targets were obtained from each dataset. Upon hierarchically ordering the proteins in
the protein interaction network; biologically relevant highest degree nodes were
selectively identified as most potential targets.

Upon clustering the nodes according to their functional clusters and also hierarchically
ordering the nodes within clusters in terms of interactions, PRKCA in "FC gamma
R-mediated Phagocytosis”, HADHA in “Fatty Acid Metabolism”, PEXS and NOS2 in
”Peroxisome”, GAPDH in ”Carbon Metabolism”, NTRK1 in ”Neurotrophin Signaling
Pathway”, SHMT2 in ”Biosynthesis of Cofactors”,and MAPKI14 within
”Progesteron-mediated Oocyte Maturation” proteins were found as highest degree

nodes in human interactome as seen in Figure 3.9.
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Figure 3.9: Clustered protein interaction network for human datasets through functional
enrichments. Each dataset is indicated by a different color. Within clusters,
proteins with the highest overall interactions in the network are positioned

at the center of the clusters hierarchically.

Continuing with the hierarchical analysis of C. elegans functional interactions, after

clustering the proteins with functional roles in KEGG and phenotypic roles in WPO,

LET-756, LET-60, MPK-1, PMK-1 and SEM-5 in MAPK Signaling pathway, DAF-2

in mTOR and MAPK Signaling Pathways, LET-60 also in FoxO signaling pathway,

and DAF-4 and LIN-35 in TGF-beta signaling pathway were identified as highest

degree nodes. Within these pathways, all pathways were associated with developmental

phenotypes with either ”Developmental Phenotype” or ”Organism Development

Variant”. In MAPK signaling pathway, WPO term ’Fertility Phenotype” was also

discovered (Figure: 3.10).
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Figure 3.10: Functional enrichment-based clustered protein interaction network for
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proteins with the most interactions throughout the network are positioned
hierarchically towards the bottom of the clusters. Triangles (close to the
center) represent clusters corresponding to Worm Phenotype Ontology
(WPO) terms, while circles represent clusters corresponding to KEGG
terms. Parallelograms indicate merged low-degree nodes.

In order to further distinguish drug-specific potential targets, hierarchically ordered
proteins for each drug were listed (Appendix-A). Within this listing, biologically relevant
highest-degree nodes were selectively identified as the most potential targets, and

assigned to drugs for further drug-target evaluations as listed in Table 3.2.
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Table 3.2: Protein names of the identified targets in human and C. elegans for each
dataset.

Human C. elegans
Abemaciclib PRKCA  LET-756
Palbociclib  SHMT2 MEK-2
Roscovitine MAPKI14 DAF-4
Ribociclib NTRK1 DAF-2
Trilaciclib HADHA  PMK-1
Lerociclib NOS2 SOS-1

Narazaciclib GAPDH LIT-1
Atuveciclib PEXS MPK-1
PHA-767491 EPRSI BAR-1
FUDR ADSS2 LET-60

3.4. Expression Profiles of Selected Targets in Human and

C. elegans

It is known that mRNA levels are parallel with protein levels [131], and a high level of
a protein might indicate a higher chance of druggability of that protein. Therefore, in
order to understand the targetability of the potentially identified proteins and potential
co-expressions, mRNA expression levels were profiled for human and C. elegans targets,
in parallel with the relevant biological enrichments. Relevant cumulative data were
obtained from respective databases, and potent targets with the highest degrees for each
drug dataset, and additionally, CDK expression levels were profiled for human cancer
tumor samples, various human cell lines, and C. elegans larval stages.

After expression profiling, in human cancer cell lines, the SHMT2 gene and CDK4
levels are relatively higher in the SK-MM-2 cell line compared to other genes, while the
HADHA gene is lower. Similarly, in the HOS cell line, the NOS2 gene is prominently
elevated. The same can be said for the other identified targets; PRKCA in A498 and A172
cell lines, NTRKI in HMCB, GAPDH and PEX5 in MIA Paca-2, EPRSI in SK-MM-2,
ADSS2 in A172. Additionally, when compared to the average between cell lines, CDK4
and CDKG6 expression levels were observed lowest in MIA Paca-2 (Figure: 3.11-A).
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When primary cancer tumor samples from TCGA were evaluated, selected targets were
expressed relatively higher in bile duct-originated Cholangiocarcinoma (CHOL) than in
other samples. In GBM (glioblastoma) samples, CDK2, CDK4, CDK6, HADHA and
SHMT?2 were relatively overexpressed than the samples average. NTRKI and NOS2 had
higher levels in PCPG (pheochromocytoma and paraganglioma) when compared to the
average of all samples. Additionally, it was observed that, gene expressions between
samples with the same origin were also vary, like in KIRC and KIRP, SHMT2 and

PRKCA expression levels varied between samples (Figure: 3.11-B).
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Figure 3.11: Gene expression profile of identified potential targets in human cancer
cell lines (A, vertical axis) and human primary cancer sites (B, horizontal
axis). A: Data obtained and curated from Human Cancer Cell Line Atlas.
The ACTB gene data was also selected from the original data and added to
the heatmap for visualization and comparability. B: Data obtained from
OncoDB. The topmost colored bar represents the overall set of cancer
samples, while the leftmost colored bar indicates the KEGG terms relevant
to the identified targets. CDKs are grouped and shown under “KEGG
Terms” for simplification. Similar expression levels in the samples are
neighbored. From blue to red color indicates Fc. White cells indicate no
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When the gene expression levels of potential targets for C. elegans were assessed in
larval developmental stages, it was observed that the /et-756 is primarily expressed
highly at the L1 stage, while there is a high expression levels of many genes during
the embryonic stage. Another notable aspect is the expression of the daf-2 gene in the
neurons of the L1 stage. Additionally, the general clustering of the expression levels in
L1 and embryo stages was also evident. Also, all Cyclin-dependent Kinases of interest
in C. elegans were highly upregulated in embryonic stages compared to other larval

stages (Figure: 3.12).
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Figure 3.12: Gene expression heatmap for C. elegans larval developmental stages
(horizontal axis) and identified potential targets (vertical axis). Data
obtained and curated from The Expression Atlas. The topmost colored bar
represents the overall set of larval stages, while the leftmost colored bar
indicates the KEGG terms relevant to the identified targets. From blue to
red color indicates Fc. Fc: Fold-chance

3.5. MD Analysis of Identified Targets

With the network hierarchy analysis and expression profiling, most potently identified
targets were subjected to MD simulations to evaluate drug-target dynamics.
In the initial ligand-free solute (protein in water 0.15 mM salt, protein only) MD

simulations of the selected targets, while MAPK 14 showed deviations at the beginning,
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all human structures reached to stability in RMSD within 30 ns. In C. elegans solute
MD simulations, most structures reached to stability in varying timesteps except DAF-4
and SOS-1 structures (Figure: 3.13-A and B). The abemaciclib molecule, simulated by
binding to the human target PRKCA, exhibited a higher initial deviation compared to
all other protein-ligand complexes The drug molecules in all complexes show stability
across the simulation durations. Palbociclib molecule in C. elegans target PMK-1, did
not show stability in given timeframe, and ribociclib in DAF-2 showed late instabilities

in the MD (Figure: 3.13-B and C).
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Figure 3.13: RMSD graphs of ligand-free, solute MD simulations of the selected
targets and drug molecules in selected potential target protein-ligand
complexes. A: RMSD results for identified human target protein structures.
B: RMSD results for identified C. elegans target protein structures.
Each color in a graph represents different target protein RMSD, while
monikers in brackets in legend also indicates corresponding RSCB PDB
(A) or Alphafold (B) identifier. C: Human protein-ligand complexes.
D: C. elegans protein-ligand structures. Each color represents the
analysis results of a different drug molecule in the respective complexes.

In addition to the MD results, binding free energies of the drugs to their identified
targets were calculated using MM/GBSA method. In MM/GBSA analysis, trilaciclib in

human target HADHA, showed the lowest binding free energy in all complexes
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(4G:-56.710 kcal/mol), even lower than the primary target CDK6 of the trilaciclib
(4G:-52.410 kcal/mol). Abemaciclib in human target PRKCA again showed similar
free energy (4G:-48.113 kcal/mol) when compared to binding to primary target CDK6
(4G:-53.160 kcal/mol) Lerociclib-NOS2 as A4G:-44.673 kcal/mol, ribociclib-NTRK 1 as
AG:-41.717 kcal/mol, atuveciclib-PEXS as 4G:-33.810 kcal/mol, palbociclib-SHMT?2
as 4G:-32.543 kcal/mol and roscovitine:-MAPK14 were calculated as 4G:-22.883
kcal/mol. In C. elegans target-drug complexes, ribociclib-DAF-2 as 4G:-37.260
kcal/mol, palbociclib-MEK-2 as 4G:-34.463 kcal/mol, trilaciclib-PMK-1 4G:-33.043
kcal/mol, abemaciclib-LET-756 as A4G:-20.493 kcal/mol and abemaciclib-CDK-4
binding were calculated as 4G:-17.667 kcal/mol (Figure : 3.14)
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Figure 3.14: Binding free energy results of selected targets of human and C. elegans.
The result obtained by MM/GBSA analysis. Human target-drug binding
energy calculations were places left side while C. elegans target-drug
results right-hand side of the bar graph. HADHA-Trilaciclib showed
higher binding free energy than CDK6-Trilaciclib and Abemaciclib. (Error
Bars: SEM, n > 3)
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Afterwards, each drug-target trajectories were clustered to obtain drug-target residue
interaction conformation diagrams. When residue interaction diagrams were evaluated,
solvent exposure of ligands was observed in all drug-target conformations (Figure: 3.15
and Figure: 3.16). Abemaciclib, in the canonical target CDK6 and in the identified target

PRKCA shown similar arene interactions, and again showed similar solvent exposures

(Figure: 3.15).
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Figure 3.15: Human target-drug interaction diagrams. From top-left to bottom-
right; CDK6-Abemaciclib, PRKCA-Abemaciclib, HADHA-Trilaciclib,
SHMT?2-Palbociclib, MAPK14-roscovitine, PEXS5-Atuveciclib and

complexes, respectively. The legend in the bottom represents the type of
interactions.
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When abemaciclib were inspected for conformation within the possible target C. elegans
CDK-4, it shown misfitting within the binding pocket of the target and was more exposed
to solvent when compared to its canonical binding (CDK6, Figure: 3.15). In addition,
when Abemaciclib is inspected for LET-756 binding, more interacting residues were

observed and buried more within the protein compared to CDK-4 (Figure: 3.16).
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Figure 3.16: C. elegans drug-target interaction diagrams. CDK-4-Abemaciclib,
PMK-1-Trilaciclib, MEK-2-Palbociclib, LET-756-Abemaciclib and DAF-
2-Ribociclib complexes, respectively.
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3.6. Proteomic Effects of Drugs in Human Cell Lines

In order to identify drug induced differentiation in protein levels, 2D gel/Mass
spectrometry analysis methodology was utilized previously, as explained. Upon
evaluating the differential protein levels in PANC-1 and MIA Paca-2 cells using 2D
gel/MS methodology, Gelsolin protein was highly downregulated (16.67-fold) in
PANC-1 cells after abemaciclib treatment. When same cell lines were treated with
palbociclib, Ezrin and Radixin drastically downregulated (100-fold). Continuing with
the MIA Paca-2 cell lines, abemaciclib upregulated Tropomyosin alpha-3 chain (24.34),
while palbociclib-treated cells exhibiting upregulated Peroxiredoxin-6 (7.99) and
Phosphoglycerate mutase 1 (3.33). In MIA Paca-2 cells, abemaciclib and palbociclib
altered the regulation of the tropomyosin alpha-3 chain (Table 3.3 to 3.6).

Table 3.3: List of the differentially regulated proteins identified by 2D gel/ MALDI-TOF
mass spectrometry in PANC-1 cell lines after abemaciclib treatment.

Accession Number Protein Description Protein Score E-value Ratio

P43487 Ran-specific GTPase- 102 1.3E-06 286 |
activating protein

P06396 Gelsolin 60 2E-02  16.67 |

P61978 Heterogeneous nuclear 82 1E-04 2.00 |
ribonucleoprotein K

Q13838 Spliceosome RNA 84 8E-05 222 |
helicase BAT1

000148 ATP-dependent RNA 59 2E-02 222 |
helicase DDX39

P04264 Keratin, type II 94 8.1E-06 2.70 |
cytoskeletal 1

P35908 Keratin, type 11 71 2E-03 333 |
cytoskeletal 2
epidermal

P00568 Adenylate kinase 173 1E-013 181 1

isoenzyme 1
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Table 3.4: List of the differentially regulated proteins identified by 2D gel/ MALDI-TOF
mass spectrometry in PANC-1 cell lines after palbociclib treatment.

Accession Number Protein Description Protein Score E-value  Ratio
P15311 Ezrin 262 1.3E-22  100.00 |
P35241 Radixin 59 2E-02  100.00 |
P13645 Keratin, type I 124 8.1E-09 7.14 |
cytoskeletal 10

P30086 Phosphatidylethanolamine- 73 1E-03 280 1
binding protein 1

Q12931 Heat shock protein 75 372 1E-33 222 |
kDa, mitochondrial

P10768 S-formylglutathione 536 5.1E-50 1.55 7
hydrolase

P04083 Annexin Al 245 6E-21 212 71

000151 PDZ and LIM domain 192 1.3E-15 212 1
protein 1

P37837 Transaldolase 84 7.9E-05 212 1

Q15365 Poly(rC)-binding 144 8.1E-11 215 1
protein 1

P57721 Poly(rC)-binding 68 3E-03 2,15 71
protein 3

Q06830 Peroxiredoxin-1 682 1E-64 253 1

63



Table 3.5: List of the differentially regulated proteins identified by 2D gel/ MALDI-TOF
mass spectrometry in MIA PaCa-2 cell lines after abemaciclib treatment.

Accession Number Protein Description Protein Score E-value Ratio
P06753 Tropomyosin alpha-3 53 1E-01 2434 1
chain
P30101 Protein disulfide 271 2E-23 1.98 1
isomerase A3
P02768 Serum albumin 78 2.9E-04 17.61 1
P07437 Tubulin beta chain 39 3E+00 2.63 1

Table 3.6: List of the differentially regulated proteins identified by 2D gel/MALDI-TOF
mass spectrometry in MIA PaCa-2 cell lines after palbociclib treatment.

Accession Number Protein Description Protein Score E-value Ratio

P06753 Tropomyosin alpha-3 89 2.5E-05 135 |
chain

P15311 Ezrin 289 2.6E-25 245 |

P30041 Peroxiredoxin-6 468 32E-43 799 1

P18669 Phosphoglycerate 212 1.3E-17 333 ¢
mutase |

P06733 Alpha-enolase 530 2E-49 202 1

3.7. Physiological Effects of Drugs on C. elegans

In addition to computational methodologies, abemaciclib, palbociclib, roscovitine and
FUDR drugs were tested on C. elegans to understand and establish the connections to
the possible effects of inhibition of the identified targets.

In developmental assays, worms grown and observed from the L1 stage in a drug-free
environment were significantly larger in body size (1766.73 px?) compared to worms
grown in environments containing palbociclib (1566.45 px?) and roscovitine (1487.56
px?), while no significant difference was observed in body size between worms treated
with abemaciclib (1738.89 px?) and FUDR (1680.81 px?) at the end of the initial 24-

hour treatment. At 48 hours, no significant differences were observed in any of the
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drug-treated groups compared to the control group in worms grown from L1 larvae
(Figure: 3.17-A).

When individuals grown from dauer larvae were considered, no significant differences
were observed at 24™ hour and 48™ hours compared to the control group (Figure: 3.17-
B).

In both L1 and dauer larvae developmental assays, the control group for each day
showed a significant difference compared to the control group of the previous day until
the 48™ hour. L1 worms in control groups started to lose size difference after 76" hour

(Figure: 3.17-A and B).
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Figure 3.17: Average body areas of C. elegans individuals grown in drug-free (M9)
and 1 uM drug-containing environments. Starting from L1 larvae (A) and
from dauer larvae (B) to onwards, at 24-hour intervals. After 24 hours
palbociclib and roscovitine treated nematodes were significantly smaller
compared to control. At the 48" hour, treatments were same with control,
and in the 72" hour, same pattern with the 24h was observed. At the 96"
hour, Roscovitine and FUDR shown differences with the control. In dauer
grown larvae, no significant differences were observed between treatment
and control groups. Each color group represents measurements taken
at 24-hour intervals (ns: P>0.05; *: P<0.05, **: P<0.01, ***: P<0.001,
*dxk: P<0.0001, Error Bars: SEM, n>53).

C. elegans swimming capacity can be representative for overall fitness, muscle health
and energy metabolism [132]. In swimming assays, worms grown on drug-containing
and control NGMs from both L1 and dauer larvae, shown no significant differences

compared to the control worms.
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After development and swimming assays, lipid accumulations were quantified in L1
grown and dauer grown C. elegans by staining neural lipids inside of the worms and
transforming the pixel densities to OD. In nematodes grown from L1, with abemaciclib
treated group exhibited significantly higher lipid accumulation (OD 0.2876) compared
to the control group (OD 0.2450). The other drug groups did not show a significant
difference compared to the control group. In C. elegans grown from dauer, no significant

changes were observed when any drug group was compared to the control group.
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Figure 3.18: A: Swimming worms were observed for 1 minute. In both L1 grown
and dauer grown larvae, no significant differences were observed
between control and treatment groups. (ns:P>0.05,n>16) B: Body lipid
accumulations of C. elegans individuals after growing drug-free and drug-
containing environments were evaluated. In L1 grown larvae, abemaciclib
treated C. elegans shown significantly higher lipid accumulation than
control (****: P<0.0001). In dauer grown larvae, no significance was
observed after treatments (ns: P>0.05, ****: P<0.0001, 28<n<101).

67



4. DISCUSSIONS AND CONCLUSIONS

This study explores potential targets of Cyclin-dependent Kinase inhibitors (CDK-1)
like abemaciclib, palbociclib, and roscovitine beyond their known canonical targets
CDK4/6 and CDK2. Additional CDK-i molecules (ribociclib, trilaciclib, lerociclib,
narazaciclib, atuveciclib, and PHA-767491) and the non-CDK inhibitor FUDR are

included for comprehensive analysis.

4.1. Discussions

4.1.1. Structural Similarity of CDKs and Drug Molecular Weight Might

Indicate Varied Selectivity

Sequence comparisons of CDKs within and between human and C. elegans reveal low
similarity (40.1% and 37.4%) between C. elegans CDK-4 and human CDK4/6,
suggesting evolutionary divergence (Figure 3.2). When structural similarities were
investigated, human CDKS5 and CDK 1 counterparts in C. elegans were highly similar,
suggesting CDK5 and CDKI1 targeting drugs might show similar biochemical
properties in C. elegans. (Figure 3.3, 3.4 and 3.5). Additionally, when human CDKs
and C. elegans CDKs are structurally compared, conserved residues were mostly
aligned within the kinase domain, highlighting the possibility of further potential in
promiscuity of kinase inhibitor drugs (Figure 3.4). Additionally, structural and
functional similarities between C. elegans and human CDK proteins support the
adaptability of drug pharmacokinetics between humans and C. elegans.

Upon receptor screening, most of the affinities in both organism datasets were
exhibiting binominal distribution. While this finding does not inherently indicate any
reliability measurement of the methodology, it represents that after the cutoff
application, there were still variations in the curated datasets (Figure 3.6), and apart
from the applied workflow, other forms of sophisticated curation, reduction and/or
grouping approaches can still be utilized. Additionally, when drug affinities for human

and C. elegans CDKs were normalized, FUDR and PHA-767491 molecules has the
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highest binding efficiencies (Figure 3.7). This might be due to that both molecules
having the smallest molecular weights among the selected drugs (246.19 and 213.24,
respectively, Table 2.2), and possibly being able to fit inside many pockets in protein
structures. Continuing with that, this outcome also clearly correlates for PHA-767491
in C. elegans affinity distribution graph, and trilaciclib in both human and C. elegans
graphs by smaller molecules showing greater variation of affinities in the screened
dataset (Figure 3.6).

Additionally, overall aminoacid composition percentages were obtained from all
datasets. In all datasets, as well as proteome-wide percentages, leucine was the most
occurring amino acid (Appendix-A). Apart from this finding, the same phenomenon
was also seen in Uniprot database statistics [133], and it is possible to say that leucine
1s the most frequent amino acid in the world. This might be related to the importance of
leucine in cell biology and evolutionary conserved functions of leucine, such as but not
limited to mTOR activation [134], protein synthesis and integration to other pathways.
As such, because mTOR and other biological terms like these were also observed in
enrichment phases of the study, there might be a connection between the overall
metabolic facilities of the cell with the frequency, or itself of leucine. Additionally,
upon calculating the varying amino acidic percentages for datasets with this
methodology, it can be speculated that, drug-favored amino acids for each drug or

molecule might be identified. Yet, further evaluations are needed.

4.1.2. CDK-is Can Alter Metabolic Processes

The receptor screening approach gave the potential receptor target proteins for each
drug, each dataset was still quite large, and while each of these proteins can be targets
of interest, further selective reduction and identification were applied by gene
enrichment and hierarchical ordering.

In human datasets, for each dataset, "Metabolic Pathways” term was initially identified
as the top-ranking KEGG term (Figure 3.8-A). This finding, at first, elicited a
rethinking process for the methodology, and might be due to various reasons. Firstly,
while cut-off applied datasets were subjected to network enrichment (Figure: 3.8-C)

(experimental reasoning to correct protein target dataset lists), most of the interacting
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proteins were associated with various enzymatic and intra-cellular processes, therefore
highlighted as metabolic. Secondly, human gene and protein functions are extensively
studied, enriched with knowledge, and supported by high-quality publications (Gene
Ontology statistics [135]: “Number of annotations by evidence”, and UniProt KB
statistics [133]: ”Taxonomic Origin” ). Therefore, each functional enrichment might
have gained priority in the enrichment scoring algorithm and associated with each other
in a deeper level, resulting a consensus KEGG term. This is more likely to be the
reason, since non-network enriched datasets were also highlighted as “Metabolic
Pathways” in the methodology validation steps, and human enrichments scores were
drastically higher (15 to 70 -logioP.qj) than C. elegans enrichments scores (2 to 5
-logoPag;) (Figure: 3.8).

In human functional enrichments, “biosynthesis of cofactors” term was highlighted
repeatedly in datasets. As previously stated, CDK inhibitor molecules primarily target
ATP binding sites, and this property can be a source of promiscuity [54]. Based on this
information, that finding might indicate that varied selectivity of the CDK-i molecules
towards kinase and ATP dependent enzyme families in the relevant cofactor pathways,
and it is reasonable to think that hindrance of such CDKs can alter relevant cellular
functions. Additionally, other terms such as “Fc gamma R-mediated phagocytosis”,
“Peroxisome” can indicate relevant alterations in such pathways.

Supporting this ATP-binding domain occupancy claim, in MS results of abemaciclib
and palbociclib treated MIA PaCa-2 cells and PANC-1 cells exhibited down-regulations
in enzymes with ATP binding domains (Tables 3.3 to 3.6). Addition to this, palbociclib
treated PANC-1 cells had up-regulated Peroxiredoxin-1 protein (Table: 3.4)). This
finding correlates with the findings of Peroxisome” pathways in functional
enrichments (Figure: 3.8-B) to indicate CDK-i molecules can hinder peroxisomal
activities within the cell.

In C. elegans datasets, upon enrichments, “MAPK signaling pathway” was mainly
highlighted in functional enrichment results (Figure: 3.8-B). MAPK signaling in C.
elegans mostly associated with stress response and resistance to environmental cues
[136], [137], [138]. Additionally, when WPO enrichments are investigated, Datasets
with “MAPK signaling pathway” terms are also mainly associated with

“developmental” phenotypes (Figure: 3.16). This can be interpolated as to expect
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developmental variations when nematodes were altered in MAPK signaling pathways.
Again in C. elegans datasets, in roscovitine group, “TGF-beta signaling pathway” was
primarily highlighting the possible relevance between this pathway and identified
potential targets. “TGF-beta signaling pathway” associated with growth and
specialized tissue development previously [139], [140], [141]. Such as the MAPK
pathway, and these findings with relevant literature again indicates possible
phenotypical and physiological outcomes with alteration of these pathways via

inhibiting the identified targets within (Figure 3.9 and 3.10).

4.1.3. Drug Effects Can Variate Between Different Biological

Conditions

It is known that mRNA levels correlate with protein levels, and higher levels of
proteins might indicate a higher chance of interactions by the drugs in the cellular level
[131]. With that in mind, expression levels of identified targets were analyzed for
cancer site samples and cancer cell lines in human, as well as for larval stages in C.
elegans. Between human cancer tumor samples (TCGA-OncoDB) and corresponding
types of cancer cell lines, expression levels of primary targets showed some differences
(up-down regulation) (Figure 3.11). The lack of exact correlation between cell lines and
cancers might be due to individual divergence (differentiation) of the cell lines from the
pooled cancer sample. This can again indicate and remind the variability of the cancers
among the population. When target expressions in cancer samples are inspected, it is
observed and concluded that CDK4/6, canonical target of CDK inhibitors, also varies
highly in different cancer samples. This observation suggests that drug interaction
dynamics between the conditions can also variate.

Potentials of a few CDK-i1 molecules on noncanonical targets and cancer types have
been highlighted previously [142], [143], [144], [145]. Relevantly, potential of
roscovitine on GSK3B using C. elegans Alzheimer’s disease models when combined
with epibrassinolide were also previously evaluated [146]. In addition, in a recent study,
KT-474 (SAR444656), an IRAK4 degrader shown as the first heterobifunctional
degrader to provide initial proof of concept for activity outside of cancer [147].

Additionally, structural evaluations on promiscuity and noncanonical bindings of CDK

71



inhibitors were also discovered in the literature. For example, it was shown that
abemaciclib potentially binds to DYRKI1A and HIP kinase [148], while palbociclib
pharmacological inhibits the PISP4K alpha / beta and disrupts cell energy metabolism
[149]. Also, interactions between PDXK and roscovitine and analogs also discovered
previously [150]. Such findings, and with the results within this study again highlights
the potentials of noncanonical effects of the CDK-i molecules in-and-outside of

cancers.

4.1.4. CDK-is Show Binding to Possible Targets In Molecular Dynamics

Simulations

When identified targets of CDK-is were analyzed via molecular dynamics simulations,
it was observed that human target-drug interaction dynamics were relatively more stable
when compared to the C. elegans protein-drug complexes (Figure: 3.13). This may be
attributed to the origin of the structure data. Human protein structures were obtained
from experimental results while C. elegans structures obtained from Alphafold. While
Alphafold structure prediction methodology is highly reliable, it should be noted that
local energy minimum and aminoacid sidechain placements can be wrong and high-
energetic, resulting in unstable complexes at intra-regions in the overall protein [151]
in silico.

Receptor screening identifies potential targets, and hierarchical interaction analysis
prioritizes highly interacting targets for further investigation (Table Appendix-A.1).
With receptor screening, enrichments, and MD methodologies, PRKCA, HADHA,
PEXS, NOS2 and NTRK1 proteins have identified and computationally evaluated as
highly potential CDK inhibitor targets in human. In C. elegans, primarily via receptor
screening and enrichments, LET-756, DAF-4, DAF-2, PMK-1 and MEK-2 proteins
were identified as possible targets for CDK-i drugs (Figure: 3.14). C. elegans CDK-4,
homolog of CDK4 in human, is also evaluated for inhibition by abemaciclib, and found

unlikely given the high binding free energy.
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4.1.5. Abemaciclib, Palbociclib and Roscovitine Alter MAPK, FoxO

and TGF-Beta Pathways in C. elegans

After computational approaches, it was logical to validate the used methodology in
vivo using C. elegans model organism, as well as bridge the further relevant theoretical
findings with real world observations. Therefore, abemaciclib, palbociclib, roscovitine
and FUDR drugs were applied on C. elegans nematodes during both L1 and dauer
phases at 1 uM concentrations.

Drug testing in C. elegans shows abemaciclib increases fat accumulation (Figure 2.4)
without affecting larval development (Figure 3.17), while palbociclib and roscovitine
delays larval development without impacting fat accumulation when worms develop
throughout L1 to adulthood, and not during dauer to adulthood. This finding supports the
idea that physiological changes, especially retardation of the body growth, is potentially
due to alterations in the MAPK and/or TGF-beta signaling pathways by inhibition or
combined hindrances of MEK-2 and/or DAF-4, by either roscovitine or palbociclib.
DAF-4 is a key element in TGF-beta pathway, and responsible for entry into and exit
from the dauer larval stage, normal adult lifespan and body size determination [152].
Additionally, it was previously stated that, C. elegans worms with defects in TGF-
Beta signaling pathway can display /on (increased length) or sma (small body size)
phenotypes [153], [154]. Therefore, it is likely that roscovitine inhibits DAF-4 at 1 uM
concentration and hinders TGF-beta pathway. In turn, N2 strain C. elegans exhibits
smaller body sizes during larval development compared to untreated worms.

When increased lipid content of abemaciclib treated worms were evaluated, it was
previously discovered and explained that LET-756 mutations on C. elegans results in
slow growth, and transparent looking animals. Additionally, partial loss-of-function of
LET-756 exhibited as slow-growing, partially-fertile and uncoordinated worms [155].
This information contradicts with the findings within this study, and it is possible
that various other reasons might result with increase in lipids rather than treatment
of abemaciclib. However, if the enrichments of abemaciclib in C. elegans are re-
evaluated, it can be seen that abemaciclib dataset also closely enriched for ”FoxO
signaling pathway” (Figure: 3.8 -B). Additionally, when FoxO Signaling Pathway in

network diagram (Figure: 3.10) and abemaciclib potential targets in hierarchy list of
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C. elegans (Table Appendix-A.1) were inspected, DAF-18 and DAF-2 proteins can be
seen as other possible targets of abemaciclib. In parallel to this, it was previously stated
that, DAF-2 and DAF-18 proteins, as well as DAF-16, are important elements aging,
metabolism, longevity and dauer formation [156], and DAF-2 mutants accumulate
lipids prior to dauer formation [157]. In terms of possible effects of CDK-i’s on C.
elegans, inhibition of DAF-2 by abemaciclib can potentially trigger pre-dauer metabolic
remodelling, therefore increase in lipid content while no significant variations in body
size were observed.

Eventually, it is shown and discussed that, MEK-2, DAF-2 and DAF-4 are identified as
possible targets of primarily palbociclib, abemaciclib, and roscovitine, respectively and
as shown and explained, promiscuity of the CDK inhibitors highlight and remind the
varied targets in both human and C. elegans.

Additionally, while drug treated C. elegans larvae shown developmental variations
compared to control groups, additional research can highlight effects of these drugs
on fertility, survival rates and stress resilience. However, such methods might require

further and complicated understanding about bioavailability of such drugs.

4.1.6. C. elegans CDKs Required in Embryonic Stages

Human CDK4/6 homolog in C. elegans is CDKS5 or CDK1 in terms of structural and
sequence similarity. Therefore, in C. elegans drug treatment assays, it was hypothesized
that, CDK-4, CDK-1 or CDK-5 protein inhibition should be considered canonical effect
of the drugs, therefore upon profiling the levels of CDKs in the larval stages, CDK
levels were lower compared to embryonic stages (Figure: 4.1), and treatments of the

nematodes started from either L1 larvae or dauer Larvae.
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Figure 4.1: CDK levels in C. elegans larval stages. CDKs in general, expressed highy
in Embriyonic stages.

Lastly, with the findings from computational approaches and observed physiological
variations in C. elegans, several noteworthy conclusions about CDK-is can be
discussed.

Firstly, C. elegans and human CDKs are evolutionary divergent, but show structural
similarities and can be targeted by human CDK-is. Secondly, in C. elegans,
cyclin-dependent kinases are not predominantly expressed after embryonic
development is completed. CDK-I’s might potentially show higher efficacies by
interacting with noncanonical targets in other cancer or disease conditions than which
their primary efficacies are evaluated. Also, receptor screening methodology, supported
with various computational biology and biochemistry approaches can be used to
highlight the biological interactions, side-effects and repurposing potentials of the CDK
inhibitors and other drugs. Moreover, CDK inhibitors might be exhibiting the effects of
non-canonical or off-target inhibitions when primary targets are either compensated in a
condition that of redundancy; and/or these primary targets are minimally expressed in a
condition that a secondary target is highly expressed.

Additionally, with the cumulated data, it is highlighted that, in order to ease the
complexity in the studies regarding cancer or other diseases, as well as drug toxicology
or drug response studies in C. elegans, evaluations and assays can be planned in a
manner that target macromolecule of a drug should be available in the larval stage, and

target macromolecule or protein should not be compensated upon inhibition. Also,
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possible effects of the drug should be indicated by the C. elegans, or can be evaluated

by molecular approaches.

4.1.7. CDK-is Might Be Repurposed in Other Cancers

Repurposing potential of the drugs on various cancers are also evaluated. In order to
create an arbitrary scoring for potential effect of CDK inhibitors on cancers, simple
calculation steps were accomplished. For this, Z-scores of the expressions of the targets
were obtained and averaged, then ordered. Upon scoring the drugs against TCGA-
OncoDB datasets, it is plausible that abemaciclib, roscovitine and ribociclib, have
potential effects on cholangiocarcinoma (bile duct cancer) (Figure 4.2) and treatments

with this drugs might result positive outcomes.
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Repurposing Potential Of CDK-is on Cancers
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Figure 4.2: Arbitrary effect potential scores of CDK-I drugs against cancers. Potential

targets, and hierarchically ordered other targets within the human datasets
were evaluated using their expression levels in cancer samples and
interpolated for possibility score by sorting best to worst, then discarding
lowest scores. A: Each dot with various color represent cancer types. Higher
score (vertically higher) represents theoretical potential of effect of CDK-I
on the cancer type. B: Raw data of the arbitrary effect potential scores of
CDK-1 drugs against cancers. Lower values (blue) to higher values (red)
indicate power of arbitrary potential of effect.
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Apart from results and methodologies previously discussed, it is important to highlight
that this study were consisted of many computational approaches and steps. While,
computational (dry-lab) methodologies considered much cheaper to conduct in research
compared to laboratory work in general, efficiency and time management is still
paramount, and indicates that possible cost and energy savings still can be achieved.

Within this study roughly 2654.87 kWh electrical energy was consumed for
computation, resulting 1.1 — 1.3 t of Carbon Dioxide (CO,) equivalent (calculated via
epa.com [158]). Knowing that global pharmaceutical industry is 55% more carbon
emission intense than the automotive industry [159], this study can represent the

potential of in silico methods and efficient models in cancer and drug research.
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4.2. Conclusions

In conclusion, our results suggest that inhibitors targeting cyclin-dependent kinases
may engage in diverse interactions not only with other cyclin-dependent kinases but
also with several other potential targets, leading to notable alterations in key pathways.
Specifically, pathways related to ”metabolic” and “biosynthesis of cofactors” were
emphasized in human datasets, while "MAPK?”, "FoxO” pathways, and developmental
phenotypes were observed in C. elegans. Through an assessment of the most potent
targets, we identified PRKCA, NOS2, HADHA in humans, and DAF-2 and DAF-4 in
C. elegans as targets of CDK inhibitors. Upon treating C. elegans with few CDK-is,
it was observed that palbociclib and roscovitine caused a delay in larval development,
whereas abemaciclib led to an increase in lipid content, supporting the computational
findings and indicating that CDK-is in fact can exhibit varied efficacies in other types

of cancers.
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APPENDICES

APPENDIX-A. HIERARCHICAL ORDER OF THE POTENTIAL
TARGETS

Table A.1: Hierarchical order of the potential targets. Higher degree (upper in the
target lists) targets are priority candidates for CDK inhibitors. Dataset H: Human
datasets that correspond to in silico receptor screening. Dataset C: C. elegans datasets.
Degree: Order of hierarchy that corresponds to number of protein interactions.

Datg'sef”| Targets |Degree Dataset® |Target5|Degree Dataset© |Target5|Degree Dataset © |Ta rgets |Degree|
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APPENDIX-B. AMINOACID COMPOSITIONS OF DATASETS
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Figure B.1: Amino acid composition percentages of datasets. A: Human datasets, amino
acid composition percentage heatmap. B: C. elegans datasets, amino acid composition
percentage heatmap. Higher percentages were indicated towards red color. Proteome-
wide amino acid percentages were placed at first columns.
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