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THE QUEST FOR LIGANDS AGAINST KINESIN MOTOR PROTEINS
USING CADD

SUMMARY

The kinesin motor protein Eg5 is a well-validated anticancer target due to its essential
role in mitotic spindle formation. However, despite numerous clinical trials, no Eg5
inhibitor has yet achieved regulatory approval, largely due to challenges with modest
efficacy, dose-limiting toxicities, and drug resistance. This highlights a critical need
for novel chemical scaffolds with superior therapeutic profiles.

This dissertation addresses this challenge by employing a comprehensive, dual-track
computational strategy to discover next-generation Eg5 inhibitors. The first track
utilized a validated, structure-based virtual screening cascade on the ~11 million
compound ZINC Anodyne library. The second, more exploratory track deployed a
state-of-the-art DeepDocking active learning campaign to navigate the vast, 1-billion-
compound ZINC-ML chemical space.

The conservative Track 1 successfully identified four novel, active chemotypes, with
the lead candidate ZINC243914928 demonstrating an in vitro ICso of 28.97 uM. This
experimental validation of a computationally derived hit provided a crucial proof-of-
concept for the entire workflow. More significantly, the Al-driven Track 2 discovered
multiple, structurally diverse classes of inhibitors with superior in silico profiles. The
top candidates from this track exhibited calculated binding free energies that were
profoundly more favorable than both the reference inhibitor and the experimentally
validated Track 1 hit. Crucially, the final hit compounds from both tracks exhibited
favorable drug-like properties, conforming to Lipinski's rules, and demonstrated
significant structural novelty with low Tanimoto similarity to known Eg5 chemotypes,
confirming the success of the workflow in achieving genuine scaffold hopping.

In conclusion, this thesis not only delivers multiple novel and validated chemical
scaffolds for Eg5 inhibition but also demonstrates a powerful, multi-faceted
computational strategy for tackling challenging drug targets. The exceptional
computational profiles of the Track 2 candidates, supported by the validated success
of the overall methodology, strongly suggest their potential for high potency and mark
them as highly promising starting points for the development of a clinically successful
Eg5-targeted therapeutic.

Keywords: Cancer therapy, Kinesin Eg5, Mitotic arrest, Allosteric Inhibition, Eg5
inhibitors, Computer-Aided Drug Design, Virtual Screening, Active Learning.
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CADD KULLANARAK KINESIN MOTOR PROTEINLERINE KARSI
LIGAND ARAYISI

OZET

Kinesin motor proteini Eg5, mitotik ig iplik¢igi olusumundaki temel rolii nedeniyle,
kanser tedavisinde etkinligi kanitlanmis bir hedeftir. Ancak, ¢ok sayida klinik
denemeye ragmen, bugiine dek hi¢bir Eg5 inhibitori, sinirli etkinlik, doz kisitlayici
toksisiteler ve ila¢ direnci gibi zorluklar nedeniyle ruhsat onayir alamamistir. Bu
durum, stilin terapdtik profillere sahip yeni kimyasal iskelet yapilarina yonelik kritik
bir ihtiyaci ortaya koymaktadir.

Bu tez, yeni nesil Eg5 inhibitdrleri kesfetmek amaciyla kapsamli ve ¢ift yonlii bir
hesaplamal: strateji kullanarak bu ihtiyaca yanit vermektedir. Birinci yol, ~11 milyon
bilesik igeren ZINC Anodyne kiitiiphanesine yonelik, valide edilmis, yapi-temelli bir
sanal tarama is akisini igermektedir. Ikinci ve daha kesifsel olan yol ise, 1 milyar
bilesiklik devasa ZINC-ML kimyasal uzaymni taramak i¢in en son teknoloji bir
DeepDocking aktif 6grenme kampanyasini kullanmastir.

Daha konservatif olan birinci yol, dort yeni ve aktif kemotipi basartyla tanimlamas,
lider aday ZINC243914928 in vitro olarak 28.97 uM'lik bir ICso degeri sergilemistir.
Hesaplamali olarak bulunan bir adayin deneysel olarak dogrulanmasi, tiim i akiginin
gecerliligi i¢in kritik bir kanit saglamistir. Daha da 6nemlisi, yapay zeka destekli ikinci
yol, ¢cok daha iistiin in silico profillere sahip, yapisal olarak c¢esitli yeni inhibitor
siiflar1 kesfetmistir. Bu yoldan ¢ikan en iyi adaylar, hem referans inhibitdrden hem
de deneysel olarak dogrulanmis ilk yol adayindan ¢ok daha elverisli olan, hesaplanmis
baglanma serbest enerjileri sergilemistir. Daha da 6nemlisi, her iki yoldan elde edilen
nihai aday bilesikler, Lipinski'nin kurallarina uygun, olumlu ilag-benzeri 6zellikler
sergilemis ve bilinen Eg5 kemotiplerine diisiik Tanimoto benzerligi ile nemli yapisal
yenilik gostermistir; bu da is akisinin yeni yapilar tespit elde etmedeki basarisini
dogrulamistir.

Sonug olarak bu tez, Eg5 inhibisyonu i¢in sadece ¢cok sayida yeni ve valide edilmis
kimyasal iskelet yapilar1 sunmakla kalmamis, ayn1 zamanda zorlu ila¢ hedeflerinin
iistesinden gelmek i¢in giiclii ve ¢ok yonlii bir hesaplamali strateji ortaya koymustur.
Metodolojinin genel basarisiyla desteklenen ikinci yol adaylarinin olaganiistii
hesaplamal1 profilleri, bu bilesiklerin yiliksek bir etki potansiyeline sahip oldugunu
kuvvetle diistindiirmekte ve onlart klinik olarak basarili bir Eg5 hedefli terapdtigin
gelistirilmesi i¢in son derece umut verici baslangi¢ noktalar1 olarak isaretlemektedir.

Anahtar Kelimeler: Kanser tedavisi, Kinesin Eg5, Mitotik duraklama, Allosterik
Inhibisyon, Eg5 inhibitorleri, Bilgisayar Destekli Ilag Tasarimi, Sanal Tarama, Aktif
Ogrenme.
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1. INTRODUCTION

Cancer is globally recognized as the second leading cause of mortality, responsible for
nearly ten million deaths annually, and imposing a significant economic burden on
healthcare systems [1]. Conventional anticancer agents that target cell division,
primarily taxanes and vinca alkaloids, exert their effects by disrupting microtubule
dynamics [2]. However, the efficacy of these drugs is constrained by significant
challenges, including neurotoxicity, bone marrow suppression, and eventual
development of drug resistance [3]. This situation underscores the urgent need for
novel, targeted anticancer agents that can selectively affect dividing cells while sparing

non-dividing normal tissues.

In this context, the mitotic motor protein Eg5, also known as KIF11 or kinesin spindle
protein (KSP), is a promising therapeutic target [4]. Eg5 is a homotetramer that
facilitates the formation of a bipolar spindle during the early stages of mitosis by
separating the anti-parallel microtubules. When the activity of Eg5 is inhibited,
proliferating cells are arrested with a monopolar spindle structure and subsequently
undergo apoptosis [5]. In contrast, non-dividing cells such as neurons remain largely
unaffected. Furthermore, it has been reported that Eg5 expression is elevated in many
solid tumors and hematological malignancies compared to healthy tissues, and this
increase is often associated with a poorer clinical prognosis [6]. These characteristics
establish Eg5 as a physiologically significant and pharmacologically valid therapeutic
target.

Structural analyses revealed multiple small compound-binding sites in the Eg5 motor
domain. The most extensively studied and validated of these is Allosteric Site-I (AS-
I), a druggable pocket formed at the interface between loop L5 and helices a2/a3 [7].

The first-in-class inhibitor, monastrol, and subsequent, more potent clinical
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candidates, such as ispinesib and filanesib, all target this site, functioning by locking
the motor in an inactive, ADP-bound conformation [8]. However, despite advances in
late-stage clinical trials, these pioneering inhibitors have been consistently limited by
a narrow therapeutic window, exhibiting rapid pharmacokinetic clearance, dose-
limiting bone marrow toxicity, and modest efficacy in patients. Ultimately, none of
them received regulatory approval [9]. This history of clinical disappointment does not
invalidate the L5 pocket as a target; rather, it highlights a critical deficiency in the
chemical nature of the inhibitors developed to date. The challenge lies in the discovery
of novel chemical scaffolds that can occupy this validated pocket with superior affinity
and improved pharmacological properties. Although other allosteric sites have been
identified, such as the cavity between helices a4 and a6, the L5 pocket remains the
most promising site for achieving highly selective inhibition, indicating that its
potential for binding diverse and more effective chemotypes is far from exhausted

[10].

This dissertation addresses the critical need for next-generation inhibitors by
employing a comprehensive dual-track computational strategy to discover novel
chemical scaffolds. The first track utilizes a validated, structure-based virtual
screening cascade, integrating GPU-accelerated shape screening, pharmacophore
filtering, and hierarchical docking on the ~11 million compound ZINC Anodyne
library. In parallel, a more exploratory second track deploys a state-of-the-art
DeepDocking active learning campaign to navigate the vast 1-billion-compound
ZINC-ML chemical space [11-13]. For both tracks, the most promising candidates
were subjected to rigorous post-screening validation, including extensive molecular
dynamics simulations and binding free energy calculations, to ensure the identification

of hits with high predicted affinities and stable binding modes.

The primary objective of this study was to leverage this multifaceted computational
strategy to identify and validate novel, drug-like Eg5 inhibitors that can overcome the
well-documented clinical limitations of previous compounds. By discovering
structurally diverse chemotypes with superior in silico profiles and stable binding
dynamics, this study aimed to provide a set of high-potential lead compounds, thereby
offering superior starting points for the development of a clinically successful Eg5-

targeted therapeutic
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2. GENERAL INFORMATION AND LITERATURE REVIEW

2.1 Targeting Mitosis in Cancer Therapy

2.1.1 Global cancer burden and epidemiological trends

Cancer is a multifaceted disease characterized by unregulated cell proliferation and
metastasis. This results from genetic mutations and epigenetic modifications [14].
Cancer is a major public health problem worldwide, ranking second in terms of
mortality rates. As of 2022, approximately 20 million new cancer cases and 9.7 million

cancer-related deaths have been reported (Figure 2.1) [15].

Oceania

269 088 (1.3%)
Africa
1185216 (5.9%)

LAC
1551 060 (7.8%)

Northern America
2673174 (13.4%)

Asia
9826 539 (49.2%)

Europe
4471422 (22.4%)

Total : 19 976 499

Figure 2.1 : Continental distribution of cancer incidence in 2022 (both sexes,
absolute values) [15].
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According to current estimates, approximately 20% of the world's population will
develop cancer during their lifetime; 11% of men and 8% of women will die of cancer
[15]. By 2050, the number of global cancer cases and deaths is expected to rise to 35
million and 18 million, respectively, annually. The main reasons for this dramatic
increase are population growth, aging, and lifestyle risk factors (e.g., tobacco, alcohol,

obesity, and infections) [16, 17].

2.1.2 Molecular roots of uncontrolled division

The molecular basis of cancer involves the dysregulation of cellular growth control
pathways, often stemming from the activation of proto-oncogenes to oncogenes or
inactivation of tumor suppressor genes. These alterations disrupt the crucial regulatory

mechanisms governing cell proliferation, apoptosis, and DNA repair [18].

Among the hallmarks of cancer, uncontrolled mitosis plays a central role in promoting
tumor progression. Mitosis, a tightly regulated phase of the cell cycle, ensures accurate
segregation of replicated chromosomes into two daughter cells [19]. The mitotic
spindle, a dynamic bipolar structure composed primarily of microtubules, is
fundamental to this process. Microtubules extend from two opposing poles of the cell,
defined by the microtubule organizing centers (centrosomes), and their plus ends can
attach to kinetochores located at the centromeric regions of chromosomes. This precise
arrangement ensures that chromosomes align correctly at the metaphase plate before

sister chromatids segregate into opposite poles during anaphase (Figure 2.2) [20].
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Figure 2.2 : Stages of the mitosis [21].
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The proper assembly and function of the mitotic spindle, driven by the dynamic
instability of microtubules, centrosome integrity, and accuracy of kinetochore-
microtubule attachments, is essential for faithful chromosome segregation [22]. In
cancer cells, which are characterized by rapid and often uncontrolled division, the
spindle apparatus plays a critical role in sustaining mitotic progression (Figure 2.3).
Consequently, any disruption in spindle formation or function can lead to chromosome
missegregation, mitotic arrest, and ultimately trigger apoptotic cell death, which is a

vulnerability frequently exploited in anticancer therapeutic strategies [23].

Kinetochore Cell Membrane
l Sister Chromatids
Centrosome

NN
/] N

Kinesin Motor

Protein
Kinetochore Interpolar Astral
Microtubules Microtubules Microtubules

Figure 2.3 : Structure and components of the mitotic spindle apparatus during
metaphase [24].

Targeting mitosis offers a therapeutically relevant approach to cancer treatment,
because it i1s one of the most precisely orchestrated and vulnerable events in the cell
cycle. The rapid proliferation of cancer cells makes them particularly susceptible to
mitotic checkpoint activation and stresses induced by mitotic inhibitors. This
characteristic allows for a degree of selectivity in targeting tumor cells over many

normal, non-dividing, or slowly dividing host cells [25].
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2.1.3 Conventional microtubule targeting agents: success and limitations

Conventional anticancer drugs that target the mitotic machinery, often referred to as
microtubule-targeting agents (MTAs), interfere with microtubule dynamics. These
agents typically arrest cells in mitosis by either stabilizing microtubules (e.g., taxanes
such as paclitaxel; Figure 2.4) or by promoting their depolymerization (e.g., vinca
alkaloids such as vinblastine and vincristine; Figures 2.5 and 2.6), thereby activating
the spindle assembly checkpoint and inducing apoptosis [26]. Although MTAs have
been mainstays in cancer chemotherapy for decades, their efficacy is often limited by
two major factors: a lack of specificity, leading to significant off-target effects, and the
frequent development of clinical drug resistance (e.g., through overexpression of drug
efflux pumps such as P-glycoprotein/ABCBI1 or mutations in tubulin itself) [27, 28].
Since microtubules are crucial for various cellular functions in non-dividing cells,
particularly for axonal transport in neurons and for the division of hematopoietic
progenitor cells, dose-limiting toxicities such as peripheral neuropathy and

myelosuppression are common [29].

Figure 2.4 : Paclitaxel.

Figure 2.5 : Vinblastine.
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Figure 2.6 : Vincristine.

The limitations of conventional MTAs have driven research on more selective
antimitotic targets. Recent studies have demonstrated that mitotic arrest, aneuploidy,
and apoptosis can also be induced by inhibiting proteins specifically involved in
mitosis, such as mitotic motor proteins (e.g., Eg5/KIF11, KIF18A), aurora kinases
(e.g., Aurora A, Aurora B), and polo-like kinase 1 (PLK1) [30]. These spindle-specific
targets offer the potential for improved therapeutic indices compared to broadly acting
MTAs, primarily by selectively affecting dividing cells, thus aiming to spare quiescent

normal cells to a greater extent [31].
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Table 2.1 : Conventional vs. spindle-specific antimitotics: mechanism, dose-limiting
toxicity, and resistance.

Drug class Representati Primary mechanism of action Major Dominant resistance Key
ve agent(s) dose-limiti mechanism(s) refere
ng toxicity nces

Conventional Paclitaxel Binds B-tubulin and stabilizes Peripheral B-tubulin point [26]

microtubule (taxanes) microtubules — blocks neuropathy mutations/isoform
poisons— depolymerization, arrests cells in ; switching;
stabilizers metaphase myelosupp over-expression of the
ression efflux pump
P-gp/ABCB1
Conventional Vinblastine, Bind B-tubulin at the Vinca site Neurotoxic P-gp—mediated drug [32]
microtubule Vincristine and destabilize microtubules ity; efflux; B-tubulin
poisons— (vinca — prevent spindle formation haematolo mutations
depolymerize alkaloids) gical
IS toxicity
Spindle-speci Ispinesib, Allosterically block the loop L5 Neutropeni Compensatory [33]
fic: Kinesin-5 Filanesib pocket of EgS/KIF11 a/ up-regulation of KIF15;
(Eg5) — centrosome separation fails —  leukopenia point mutations in Eg5
inhibitors monopolar spindle loop L5

Spindle-speci Alisertib Inhibits Aurora A catalytic Grade3-4  AURKA amplification or [34]

fic:Aurora-A activity — defective spindle neutropeni gatekeeper mutations;

kinase checkpoint, abnormal a; PLK1 up-regulation
inhibitors chromosome alignment mucositis (reported in pre-clinical
models)

Spindle-speci Volasertib Blocks polo-like kinase-1 Haematolo PLK1 [35]
fic: PLK1 phosphorylation events required gical over-expression/mutation;
inhibitors for G2/M transition toxicity activation of

(thromboc compensatory mitotic
ytopenia, kinases
neutropeni

a)

Among these spindle-specific targets, kinesin motor proteins have garnered
considerable interest because of their direct role in the mechanochemistry of spindle
assembly and function. Kinesins are ATP-dependent molecular motors that translocate
along microtubules, facilitating intracellular transport and contributing to critical
mitotic events such as spindle pole separation [36]. Notably, overexpression of the
kinesin Eg5 (also known as KIF11 or KSP) has been reported in a wide array of human
malignancies, including but not limited to glioma and colon, lung, and liver cancers,

and its elevated expression levels often correlate with poor patient prognosis and
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aggressive tumor behavior [37]. Given its indispensable role in establishing bipolar
spindle assembly, Eg5 has emerged as an attractive target for cancer therapies. The
therapeutic rationale and progress in targeting Eg5 will be elaborated in subsequent

sections [38].

2.1.4 Kinesin family overview and mitotic Kinesins

Motor proteins are molecular machines that convert chemical energy, typically derived
from ATP hydrolysis, into mechanical energy to drive various forms of cellular
movement and intracellular transport. These proteins operate along cytoskeletal
filaments, primarily microtubules and actin. Myosins function on actin filaments, and
kinesins and dyneins are the principal motor proteins that translocate along the
microtubule tracks. Collectively, these motor proteins are fundamental to a multitude
of cellular processes including chromosome segregation during mitosis and meiosis,
transport of organelles and vesicles, cell migration, and dynamic remodeling of the

cytoskeleton [39].

The kinesin superfamily comprises a large and diverse group of motor proteins crucial
in eukaryotic cells for the directed transport of various cargo, including organelles,
vesicles, and macromolecular complexes, along microtubule tracks. The first kinesin
was identified in 1985 through studies of axonal transport in giant squid neurons,
named after the Greek word kinein ("to move"). Kinesins are ubiquitous in eukaryotes

and perform conserved functions across diverse cell types and species [40, 41].

Structurally, conventional kinesins (e.g., Kinesin-1) typically exist as dimers of two
identical heavy chains and are often associated with light chains that primarily mediate
cargo interactions. The N-termini of the heavy chains form globular motor (head)
domains, which harbor ATP and microtubule-binding sites responsible for force
generation and processive movement. Adjacent to the motor domain, the neck linker
is a flexible region that is crucial for coordinating the hand-over-hand stepping
mechanism and determining directionality along the microtubule [42]. Heavy chains
dimerize via an extended coiled-coil stalk region, and their C-terminal tail domains,
often in conjunction with the associated light chains, are responsible for specific cargo

recognition and binding (Figure 2.7) [43].
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Figure 2.7 : Structural organization of conventional kinesin.

Kinesins are broadly classified based on the position of their motor domain within the
polypeptide chain into N-type kinesins (motor domain at the N-terminus), M-type
kinesins (central motor domain), and C-type kinesins (C-terminal motor domain). The
majority of kinesins, including the Kinesin-5 family to which Eg5 belongs, are N-type
and typically translocate towards the plus-end of microtubules (Figure 2.8) [44].
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Figure 2.8 : Classification of kinesin superfamily members based on motor
domain location and directionality.

Based on the sequence homology within their conserved ~340 amino acid motor
domains, kinesins are further categorized into at least 14 distinct subfamilies (Kinesin-
1 to Kinesin-14). In humans, approximately 45 different genes encode kinesin
superfamily members (KIFs) (Table 2.2). This structural classification largely reflects
the functional diversification. While most kinesins are plus-end directed motors, some
subfamilies, notably Kinesin-14, exhibit minus-end directed motility, enabling a wide

array of specialized cellular functions [40].
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Table 2.2 : Overview of human kinesin subfamilies: structure, function, and disease

associations.
. Motor Lo . . . . .
Subfamil . Directionalit Representativ Primary Major disease /
Domain Structure . . .
y Position y e Genes Function clinical link
L N-terminal KIFSA, . Organelle and Heredltary'sp as.tlc
Kinesin-1 (N-type) Plus-end KIF5B, Homodimer vesicle transnort paraplegia 10;
yp KIF5C P ALS [45, 46]
KIF3A, Primary ciliary
Kinesin-2 ~ N-terminal Plus-end KIF3B, Heterotrimer tg:;gafé?-tg((:ll?;) dyskinesia, situs
KIF3C P inversus [45]
KIFIA. " i L i KIFlA—afsqcmfed
Kinesin-3 N-terminal Plus-end KIF1B, onomerum ong-distance | heurologica
er vesicle transport disorder (KAND)
KIF13A
[47]
Chromosome X-linked
Kinesin-4 N-terminal Plus-end KIF4A, Dimer positioning and . m.tc':llectu.a !
KIF4B . disability, epilepsy
condensation
[48]
Over-expressed in
Kinesin-5  N-terminal Plus-end KIF11 (Eg5) Homotetramer Bipolar splndle various cancers
formation and solid tumors
[49]
Autosomal-
KIF20A Cytokinesis and recessive
Kinesin-6 N-terminal Plus-end KIF2OB, Dimer spindle microcephaly
organization (KIF20B/23
variants) [50]
CENP-E Kinetochore- Primary
Kinesin-7  N-terminal Plus-end (KIF10) Monomer microtubule microcephaly 13
attachment (MCPH-13) [51]
Microtubule Dependency of
L . KIF18A, . length regulation ~ CIN-high cancers;
Kinesin-8 bFicrminal Plus-end KIF18B Dimer and chromosome  KIF18A inhibitors
alignment in oncology [52]
Ciliary function Male infertility
Kinesin-9  N-terminal Plus-end KIF9 Dimer ary functio (asthenozoospermi
and motility
a) [53]
Spondylo-
Kinesin- . . Chromosome epimetaphyseal
10 N-terminal Plus-end KIF22 (Kid) Monomer congression dysplasia (SEMD-
JL2) [54]
Kinesin- N-terminal Plus-end KIF26A, Monomer Cell signaling Fe;alir?: 1bniff:'ls(li;all&
11 ) us KIF26B and adhesion p
spectrum [55]
Over-expressed in
. . breast, pancreas,
Kinesin- N-terminal Plus-end KIF15 Dimer Spmdle_assembly other cancers [56]
12 and maintenance .
(prognostic
marker)
Kinesin- Central (M- . KIF24, Microtubule Complex c9rt1cal
13 type) Non-motile KIF2B, Monomer depolvmerization malformations /
yp KIF2C poly lissencephaly [57]
Spindle pole Globozoospermia
. . KIFCl1, .
Kinesin- C-terminal . . focusing and & other male-
Minus-end KIFC2, Dimer . e
14 (C-type) retrograde infertility
KIFC3
transport phenotypes [58]

Functionally, kinesins exhibit remarkable diversity and span a wide array of cellular
roles. For instance, Kinesin-2 is indispensable for intraflagellar transport (IFT), which
is crucial for the assembly and maintenance of cilia and flagella, whereas members of
the Kinesin-13 subfamily act as potent microtubule depolymerases, profoundly

influencing cytoskeletal dynamics throughout the cell cycle, including mitosis [59,
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60]. In particular, the process of mitosis relies on a specialized cohort of these motor
proteins to ensure precise choreography of chromosome segregation and cell division.
Among these are Kinesin-4 (such as KIF4A), which aids in chromosome congression
to the metaphase plate and contributes to spindle organization [61]; Kinesin-6 (like
MKLPI1/KIF23), which is essential for forming the central spindle during anaphase
and driving cytokinesis [62]; Kinesin-7 (for example, CENP-E), which plays a vital
role in attaching chromosomes to spindle microtubules and facilitating their
movement, as well as participating in the spindle assembly checkpoint [63]; Kinesin-
8 (such as KIF18A), which meticulously regulates microtubule length at kinetochores
for accurate chromosome alignment [64]; and Kinesin-14 (including HSET/KIFC1),
typically minus-end directed motors that assist in focusing spindle poles and

maintaining overall spindle integrity [65].

Among these crucial mitotic kinesins, the Kinesin-5 family, particularly Eg5, the
primary member of this family in humans, stands out for its specific characteristics
and is of particular interest in cancer therapy [66]. The homotetrameric structure of
kinesin Eg5 and its capacity to cross-link antiparallel microtubules and function as a
plus-end motor driving them in opposing directions define it most fundamentally from
others [67]. This repulsive force is essential for the separation of spindle poles
(centrosomes) and, thus, the formation of the bipolar structure of the mitotic spindle,
a process schematically illustrated where active Eg5 maintains a normal bipolar

spindle by crosslinking antiparallel microtubules (Figure 2.9a) [68].

Although many other mitotic kinesins may result in different spindle abnormalities,
the suppression of Eg5 activity is unique in that it typically results in mitotic arrest by
producing monopolar spindles, thereby highlighting the special and necessary role of
Eg5 in preserving bipolarity [4, 5]. This outcome is clearly visualized in both
schematic representations, which show the prevention of centrosome separation upon
inhibition (Figure 2.9a), and in fluorescence microscopy images. These images starkly
contrast a normal mitotic cell with a bipolar spindle with a cell treated with an Eg5
inhibitor, which exhibits characteristic monopolar spindle formation and mitotic arrest

(Figure 2.9b).

Moreover, Eg5 activity is mostly limited to mitosis, which makes it a desirable
therapeutic target in oncology, as its suppression primarily affects rapidly developing

cancer cells and potentially causes less harm to non-dividing normal cells [69]. Eg5
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also has a well-defined allosteric inhibitor-binding site (L5 allosteric binding site),
which highlights its potential pharmaceutical importance. This important and
particular function of kinesin Eg5 in spindle bipolarity makes it a focus point for the
development of novel anticancer therapies, which will be discussed in detail in the

following sections [70].
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Figure 2.9 : Role of Eg5 in mitotic spindle assembly and phenotypic outcome
upon inhibition [71].

2.2 Kinesin Eg5 (KIF11): Discovery, Evolutionary Conservation, and

Therapeutic Significance

Given the significant limitations and side effects associated with current antimitotic
therapies, there is an urgent need for more specific and tolerable novel molecular
targets for cancer treatment [23]. In this context, as detailed in the preceding section,
human Kinesin Eg5, an essential constituent of the Kinesin-5 (BimC) family, comes

to the forefront because of its pivotal function in mitotic spindle dynamics. This motor
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protein was discovered during cDNA library screening in Xenopus laevis, which
sought to identify transcripts that swiftly break their poly(A) tails after fertilization
[72, 73]. The motor domain of Eg5 exhibits significant sequence similarity
(approximately 30%) to BimC from Aspergillus nidulans, a kinesin-related protein that
is essential for nuclear division [74]. Furthermore, the motor domain of BimC shares
up to 42% similarity with the kinesin heavy chain (DmKHC) of Drosophila

melanogaster [75].

These findings indicate a high degree of conservation across kinesins in the motor
domain despite the possibility of species-specific changes in the stalk and tail areas
[76]. Disruption of BimC has been shown to impair spindle pole body (SPB)

segregation without compromising the operation of other organelles [73, 77].

This discovery prompted additional investigations into related Kinesin-5 proteins,
resulting in the identification of the Cut7 protein from Schizosaccharomyces pombe,
which is crucial for the separation of spindle pole bodies (SPB) [78]. Eg5 was later
recognized as a member of the Kinesin-5 family, exhibiting high expression levels
during the early divisions of embryonic development in Xenopus, a subject of

considerable research [79].

In humans, Eg5 primarily facilitates the formation of bipolar spindle assembly and
advancement of mitosis. Blangy and colleague’s research suggested that
phosphorylation regulates Eg5's binding to spindle structures [80], but comparative
analysis by Sawin and Mitchison demonstrated its motor activity and evolutionary
conservation across species [69]. The preservation of Kinesin-5 family proteins across
several eukaryotes underscores their pivotal functions in mitotic spindle assembly
[81]. This evolutionary continuity highlights the significance of their biological
functions and positions Eg5 as a widely relevant and conserved target protein for
cancer treatment. The inhibition of Eg5, leading to monopolar spindle formation,
subsequent mitotic arrest, and ultimately apoptosis, particularly in rapidly dividing

cancer cells, is the cornerstone of its therapeutic potential [82].

The evolutionary conservation of Eg5 and pioneering research demonstrates its critical
role in mitotic spindle dynamics clearly establish the biological significance of this
motor protein [69]. The distinctive homotetrameric configuration of Eg5 and its

capacity to generate the necessary force for spindle pole separation via the sliding of
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antiparallel microtubules are vital for the mitotic process [83]. The preferential high
expression of Eg5 in cancer cells compared with its low expression in normal, non-
dividing cells (e.g., neurons) offers a significant therapeutic window for targeted

treatments [84].

These specified traits provide unique prospects for targeted treatment approaches,
particularly in conditions characterized by increased cell proliferation rates, such as
cancer [33]. Consequently, a comprehensive understanding of these attributes and the
mechanism of action of Eg5 are essential for the development of novel targeted

anticancer therapeutics.

This section provides a thorough analysis of Eg5’s structural biology, investigating its
mechanism of action on microtubules, various inhibition strategies, the binding sites
of inhibitors as revealed by crystal structures, and a detailed review of the currently

available small-compound inhibitors.

2.2.1 Structural biology of Eg5

Kinesin Eg5 is an essential motor protein involved in the assembly of bipolar mitotic
spindles [5]. The human Eg5 protein consists of ~1057 amino acids and three main
structural domains: the motor domain (N-terminal ~1-367 aa), stalk domain (~368-
761 aa) (rod-shaped middle part), and tail domain (762-1056 aa) (C-terminal tail part)
[85].

Eg5 initially resides in the cytosol as an auto-inhibited, single-chain monomer (Figure
2.10a) [86]. The parallel alignment of the first coiled-coil segment in its stalk brings
two monomers together, producing a dimer (Figure 2.10b) [83]. The central BASS
(Bipolar Assembly) module then zippers two parallel dimers in an antiparallel fashion,
creating a bipolar homotetramer (Figure 2.10c) approximately 80 nm in length [87].
Motor pairs positioned at opposite ends of the tetramer bind to antiparallel
microtubules (Figure 2.10d), allowing each Eg5 complex to function as a cross-linking
microtubule-sliding bridge that drives spindle pole separation [67]. The precise
mechanisms governing this stepwise oligomerization and the ensuring functional
capacity of the Eg5 tetramer as a microtubule-sliding bridge facilitating spindle pole
separation will be elucidated in greater detail in subsequent subsections, particularly

in the dedicated Mechanism and Movement section.
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Figure 2.10 : Stepwise oligomerization of Eg5 and its role as a microtubule
cross-linking motor [71].

2.2.1.1 EgS motor domain architecture and subdomains

The N-terminal motor domain of human Eg5 encompasses the first 360 amino acids.
It adopts the conserved kinesin o/ motor fold, which consists of a central eight-
stranded B-sheet flanked (Figure 2.11a) by a-helices on either side (Figure 2.11b).
Additionally, a small, three-stranded B-sheet was located near the N-terminus [88].
Similar to other P-loop NTPases (e.g., myosins and G-proteins) , the motor domain of
Eg5 contains three fundamental nucleotide-binding motifs: the P-loop (Walker A)
(Figure 2.11c), which binds the B-phosphate of the nucleotide; Switch I, which senses
v-phosphate; and Switch II, which triggers conformational changes following

phosphate release [60, §9].
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Figure 2.11 : Structural architecture of the human Eg5 motor domain.

These motifs are situated within the nucleotide-binding pocket of the domain core.
Surrounding them are structural regions specialized for function: a "tubulin-binding"
subdomain that interfaces with the microtubule, and a "switch" subdomain containing
Switch I/II, which undergoes substantial movements during the ATPase cycle [90].
The motor neck linker (a flexible segment, ~aa 345-365) extends from the C-terminus
of the domain and, by docking onto the catalytic core in different nucleotide states,

couples the chemical cycle to mechanical stepping [91].

Structurally, the motor domain of Eg5 can be divided into three subdomains that move
relative to each other during the catalytic cycle: (1) the P-loop subdomain (comprising

the P-loop and adjacent structural elements), (2) the Switch I/II subdomain (harboring
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switch motifs that sense and trigger nucleotide state changes), and (3) the tubulin-

binding subdomain (carrying the surface that binds microtubules) [92].

The tubulin-binding interface, which is predominantly positively charged, includes
critical elements such as helix-a4 (part of the Switch II region), helix-a5, loop L2
(often containing the conserved KVD finger), loop L8, and loop L12 [90]. This
architecture facilitates nucleotide-dependent interactions with the microtubule track,
enabling a tightly bound state with ATP or ADP-Pi and a weakly bound state with
ADP [93].

Several conserved motifs within the motor domain are crucial for ATP binding and

hydrolysis:

P-loop (Walker A): This glycine-rich loop (residues 100-108, sequence
GPTGVGKT), also known as loop L4, is located between the B3 strand and helix-a2
[89]. It forms the base of the nucleotide pocket. The invariant Lys111 within the
GxxxxGKT motif coordinates the B-phosphate of ATP, and the loop's flexibility
allows it to close over the nucleotide. Mutations in this region, such as T107N,

abrogate ATP hydrolysis [94, 95].

Switch I: Located C-terminal to helix-a3, this loop contains the conserved NXXSSR
motif (in Eg5: NKCDSS, residues 215-221), where Asn216 senses the y-phosphate of
ATP [88]. Switch I transitions between an "open" conformation in the ADP state and
a "closed" conformation in the ATP state, a movement essential for stabilizing the y-
phosphate and positioning the catalytic water. Its proximity to helix-a3 and loop L5

makes it sensitive to their conformational changes [96].

Switch II: This region contains the conserved DLAGSE sequence (residues 268-273),
which is characteristic of kinesins. Asp268 coordinates the catalytic magnesium and
interacts with Switch I, while the subsequent helix-a4 (residues 274-285) is a core
component of the microtubule-binding interface. The release of the y-phosphate
triggers a significant conformational change in Switch II, moving helix-04 and
transmitting the signal from the nucleotide pocket to the microtubule-binding surface.
This coupling mechanism is critical for motor function, toggling the motor between a

"closed" (ATP, ordered a4) and an "open" (ADP, flexible 04) state [96].

Unique Loop LS5 Insertion: a 17-residue segment (117-133) that interrupts helix-a2,

splitting it into 02a and a2b and creating a prominent surface arm adjacent to the
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nucleotide pocket. Rich in polar and aromatic residues with two conserved prolines
(Pro121, Pro131), LS acts as a flexible conformational latch, modulating nucleotide
affinity and exchange; deletion of L5 accelerates ADP release, whereas the intact loop
stabilises a closed state [97]. Its distinctive size and sequence form an Eg5-specific
allosteric pocket that is exploited by selective small-molecule inhibitors and absent

from kinesins with shorter L5 loops [98].

Neck Linker: Immediately C-terminal to the motor domain, the flexible neck linker
(~15 amino acids, residues 340-360) is essential for processive movement. Upon ATP
binding, the neck linker "docks" onto the motor head, initiating the power stroke that

drives the forward step of the partner head [91].

In summary, the Eg5 motor domain's function is governed by the coordinated
movement of its subdomains and conserved motifs. The unique Loop L5, in
conjunction with helices a2 and a3, forms a specific allosteric module (Figure 2.12)
that not only controls the nucleotide state but also serves as a regulatory hotspot for
both endogenous and synthetic inhibitors, making it a key target for therapeutic

intervention [99].

Figure 2.12 : Structural view of the Eg5 loop L5 binding pocket with K858.

In our thesis, the detailed structural and functional analysis of conserved motifs, such
as the P-loop, Switch I, Switch II, and particularly the Eg5-specific Loop L5 insertion,

has formed the basis for understanding the binding mechanisms of potential inhibitor
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candidates and evaluating their selectivity. The position and chemical properties of
these motifs were considered when filtering virtual screening results and rationalizing
the possible interactions of hit compounds with Eg5. Specifically, the unique structure
of Loop L5 has been one of our main focal points in the design and selection of new
inhibitors that target this region. Although the literature reveals that Loop L5 forms an
Eg5-specific allosteric pocket and is a target for many inhibitors, the interaction
potential of this pocket with different chemical groups and how these interactions
modulate motor function have not been fully elucidated. This study aims to contribute
to the body of knowledge in this field by discovering new and diverse chemical
scaffolds that can target the Loop L5 pocket and offer alternatives that could overcome

the limitations of existing inhibitors.

Conformational States: ATP-bound, ADP-bound, Apo forms and microtubule
interactions

ADP-bound state (Nucleotide-reduced affinity state): In the presence of ADP, Eg5
adopts a conformation conducive to low microtubule affinity. The crystal structures of
Eg5-ADP (e.g., PDB 1116 at 2.1 A) show an "open" pocket geometry where the Switch
I'loop is canted away from the nucleotide, expanding the active site. In this state, helix-
a3 is relatively straight and extended, while loop L5 adopts a conformation that points
outwards from the active site [100, 101]. The Switch II region, including helix-a4, is
partially disordered in some ADP structures, reflecting a more "relaxed" state of the
motor, a factor which may influence the binding of inhibitors targeting the L5 pocket
[102]. A stabilizing salt-bridge cluster between Arg234 and Leu239 at the B6/a3
junction further opens the cleft (Figure 2.13) [103].

An interesting feature of Eg5 compared to conventional kinesin-1 is that its neck-linker
is not fully disengaged in the ADP state. In the first solved structure, the neck-linker
adopted a novel, ordered conformation angled away from the catalytic core, unlike in
kinesin-1 where it is fully peeled back [76]. Cryo-electron microscopy (Cryo-EM)
studies of microtubules have shown that neck-linker residues (350-358) become
completely undocked, underscoring context-dependent flexibility [77]. Overall, ADP-
bound Eg5 possesses an open nucleotide cleft poised for ADP release and exhibits low

microtubule affinity [104].
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Figure 2.13 : Eg5 ADP-bound state (PDB:1116).

ATP (or ATP-analog) bound state (pre-powerstroke, tight-binding state): Upon
binding a non-hydrolyzable ATP analog, such as AMPPNP or ADP-AIF,, Eg5
transitions into an ATP-like conformation that confers strong microtubule affinity and
corresponds to the pre-power-stroke state. In the Eg5—AMPPNP crystal structure
(PDB 3HQD), the Switch I loop folds over the y-phosphate, while the adjacent Switch
I helix partially unwinds to accommodate this closure [96, 105]. The P-loop Lys111
pivots ~2 A toward the y-phosphate, completing the catalytic triad. Similarly, Switch
IT adopts a compact, ordered arrangement as the DLAGSE loop and helix-a4 snap shut,
recreating the tight-binding configuration observed on the microtubule lattice [106]. A
catalytic water pair (W1/W2) that coordinates Mg?* in 3HQD, absent in ADP and apo
structures, marks a hallmark of the transition state (Figure 2.14). Concomitantly, helix-
a3 shortens and kinks, while loop L5 swings inward toward the nucleotide pocket,
establishing direct hydrophobic contact with a3. This reorientation fashions a cavity
bordered by L5, a2b, and a3, stabilizing the motor in its ATP-like geometry [106—
108]. ATP-analog-bound structures reveal the motor domain clamped in a transition-
state-like posture primed for force generation: the microtubule-binding subdomain is
rotated, and the neck-linker begins to "zipper" forward along the filament [109]. In
effect, nucleotide binding locks Eg5 into a closed and strained configuration—with

Switch I and II sealed, L5 folded inward, and the neck linker docked to the catalytic
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core—representing the high-affinity state in which the motor tightly grips the
microtubule while awaiting the power stroke [109, 110].

Switch I £

>~

Switch 11

(1
Switch IT

Figure 2.14 : Eg5-AMPPNP(ATP-analog) bound state (PDB:3HQD).

Nucleotide-free (apo) state: The apo state, defined as the moment after ADP release
but before a new ATP molecule has docked, is intrinsically transient [90]. Although
capturing a truly nucleotide-free Eg5 structure is experimentally challenging, a "rigor-
like" conformation can be inferred from biochemical and structural surrogates . The
crystal structure 3ZCW, obtained with the benzimidazole BI8 bound in the o4/06
pocket, shows an empty nucleotide site and serves as a soluble apo proxy (Figure 2.15)
[111]. In most kinesins, complete nucleotide loss clamps the motor onto the
microtubule with an even higher affinity than the ATP state; Switch I typically remains
closed, preserving an ATP-like geometry while the catalytic pocket is empty [91]. For
Eg5, this behavior can be investigated using the P-loop mutant T107N, which binds
microtubules without release. Cryo-EM reconstructions of this locked apo analog (e.g.,
PDB 6TA2) reveal that in the absence of nucleotide, the P-loop and both Switch loops
retain an ATP-like fold but tilt slightly inward, thereby enhancing the tubulin interface.
These data indicate that nucleotide-free Eg5 conserves most ATP-like contacts (closed
switches, forward-docked neck-linker) but exhibits subtle distortions that compensate

for the lack of the y-phosphate's stabilizing charge [10].

38



Neck lmkcr

~S T

\.””

Neck linker

2 e 1 3 .
i - |
<« \S Switch T
’ P loop a3 C%

Switch 11

Switch IT

Figure 2.15 : Eg5 nucleotide free state (PDB: 3ZCW).

Eg5 on microtubules and AlphaFold2 perspective: The states described above
become more pronounced in the presence of microtubules (MT), as MT binding further
biases the conformations. Eg5 bound to a microtubule and captured with an ATP
analog shows a strong binding configuration, with the Switch II region interacting with
tubulin and the neck-linker docked [101]. Recent Cryo-EM of human Eg5 bound to
microtubules with AMPPNP at ~4 A resolution (PDB 6TA4) shows the Eg5
subdomains in an ATP-like, docked state on tubulin (Figure 2.16) [98]. Conversely,
Eg5—-ADP tends to bind weakly to microtubules; structural data suggest that upon
initial binding, it rapidly releases ADP to enter the apo state, as microtubule binding
greatly accelerates ADP release in kinesins. Thus, on microtubules, Eg5 most likely
exists predominantly in a closed ATP-like state or an apo state, with the ADP state

being short-lived [103, 112].
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Figure 2.16 : Eg5 on microtubule (PDB: 6TA4).

The AlphaFold2 predicted model for Eg5 aligns well with known crystal structures,
predicting a closed, ATP-like conformation for the motor domain with a well-formed
core and a partially ordered Loop L5 [113]. However, AlphaFold tends to model Loop
L5 in an averaged position, and experimental structures show that L5 can be
repositioned significantly between states; a single model, therefore, does not capture
its full flexibility [114, 115]. Confidence in the AlphaFold prediction drops for L5 and
the neck-linker, indicating that these regions are intrinsically flexible, consistent with

experimental findings [116].

In summary, the structural plasticity of the Eg5 motor is crucial for its function.
Elements like L5 and the switch loops act as molecular switches, transitioning between
an open, relaxed state (ADP) and a closed, strained state (ATP), with microtubule

binding shifting the equilibrium toward the strained, force-generating conformations.
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2.2.1.2 Crystal structures of Eg5

More than 35 structures of the Eg5 motor domain, capturing various liganded states,
have been solved using X-ray crystallography or cryo-EM (Table 2.3). The table below

summarizes the key representative structures, their states, and conformations:

Table 2.3: Representative X-Ray and Cryo-EM structures of selected critical human
Eg5 complexes.

. Bound
PDB ID Method Res;)};;tlon Ligand(s), Co- Conformation / Notes
factors

ADP-bound state (no inhibitors). Open nucleotide pocket, L5
1116 X-ray 2.1 ADP, Mg* extended, a3 long (ADP-like). Neck linker undocked. First
Eg5 structure solved [88].

3HQD Xra 23 ( AI}FI;I;IEY: ) ATP-like state. Switch I/II closed, L5 folded inward contacting
Y ' Mg £ a3, neck linker docked. Pre-powerstroke conformation [96].
Allosteric inhibitor (L5 pocket) bound. L5 folded over (ATP-
1X88 Xera 18 ADP, Mg*"; like), but a3 and Switch I remain in ADP-like position.
Y ' Monastrol “Hybrid” conformation; monastrol locks motor in an ADP-
bound, inhibited state [117].
ADP, Mg?";

Similar to 1X88: inhibitor in L5/a2/03 pocket. High affinity

Mon-97 . . Lo
21IEH X-ray 2.0 3 state with L5 closed over pocket. Validates monastrol binding
(monastrol . ;
mode with improved ligand [118].
analog)
ADP. Me? Eg5—ADP-ispinesib ternary complex. L5/a2/a3 allosteric
Is i’neséigb ’ pocket occupied by ispinesib, locking Eg5 in ATP-like
4AP0 X-ray 2.6 (criinical conformation with ADP trapped. Switch II is perturbed to a
inhibitor) “closed” state. Represents how ispinesib (Kis <10 nM) stalls
the motor in an ADP-bound, tight MT-binding form [119].
ADP. Me? Eg5 is bound to a S-trityl-L-cysteine type inhibitor. Inhibitor in
) V8 L5 pocket; induces pocket closure. Shows enhanced inhibitor
5707 X-ray 2.8 STLC analog . . . . .
(chlorinated) interactions with Eg5. Switch I/Il remain in ADP state
(inhibited) [120].
ADP. Me? Eg5 with filanesib (thiadiazole allosteric inhibitor). L5/a3
GHKY X-ray 27 Arr;/- 5 ;; 0 ’ pocket oc'cupie'd; conformation like ispinesib-bound (A{)P
. . trapped). Filanesib was a Phase II compound. Shows Eg5’s L5
(Filanesib) .
can accommodate diverse chemotypes [121].
ADP. Me? Eg5 with a helix-o4/a6 pocket inhibitor (MT-independent
PVZ;311g94’ inhibitor). Some regions (03, a4, Switch loops, L5) are

3WPN X-ray 3.5 disordered in this MT-free structure, reflecting flexibility.

biaryl S L .
. ( 1 a'ry Helped identify the alternate allosteric site between helices o4
inhibitor)
and a6 [122].
MT-bound Eg5 trapped with GSK-1 (a biaryl ATP-competitive
inhibitor). Reveals allosteric site at a4/a6 on the MT interface.
6TA3/6TIW Cryo- No nucleotide Two conﬁ@ations reported for motor (.10mf1in.. GSK-1 —boufld
(pair) EM 3.8 (apo); GSK-1; Eg5 shows tight MT attachment (tubulin-binding subdomain
P Microtubule locked) and an empty, distorted nucleotide pocket (P-loop

perturbed, nucleotide cannot bind). Demonstrates how GSK-1
“freezes” Eg5 on MT in a rigor-like state [98].
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Table 2.3 (continue): Representative X-Ray and Cryo-EM structures of selected
critical human Eg5 complexes.

. Bound
PDB Method Resolution Ligand(s), Co- Conformation / Notes
ID @A)
factors
Eg5 motor domain bound to microtubule in AMPPNP state.
Cryo- AMPPNP, ATP-like, strongly bound state on tubulin — Switch I/II closed,
6TA4 EM 42 Mg?%; and neck linker docked. Confirms Eg5-tubulin interface and
Microtubule subdomain rotations in the pre-powerstroke state. Used as
reference for inhibited complexes [98].
Eg5-ADP-K858 complex. K858 binds to the L5/02/a3
ADP, Mg*'; allosteric pocket, locking Eg5 in an ADP-bound state by
6G6Y X-ray 1.8 K’S 53 ’ preventing ADP release. This structure provides insights into
the design of thiadiazole-containing inhibitors targeting Eg5
[123].
1.9 ADP, Mg*; First inhibitor-bound Eg5 structure. Monastrol binds to an
1Q0B X-ray Monastrol induced-fit pocket between loop L5 and a3, stabilizing an
inhibited conformation with the neck linker undocked [124].
ADP, Mg*": Eg5 bound t~o a.dihydro.pyraquf: inhibitqr at the L.5/a2'/a3‘
2G1Q X-ray 24 o ? pocket, revealing interactions critical for high-affinity binding
Inhibitor 9h [125].
ADP, Mg?"; Eg5 complexed with a dihydljopyrrole inhibitor, den'lonstrating
2FL6 X-ray 2.5 Inhi‘E)i A 6’ enhanced potency and solublht}f through modifications at the
L5/02/a3 site [126].
2GM1 be 23 P}ﬁr]?)i; tyaiz;ie— Eg5 in complex with a pyrrolotriazine inhibitor, illustrating a

based inhibitor unique binding mode at the L5/02/a3 pocket [127].

The extensive collection of solved Eg5 structures provides a detailed atomic-level
understanding of its function and inhibition. These structures capture the motor domain
in its key nucleotide states (ADP- and ATP-bound) and in complex with a diverse
range of inhibitors targeting its distinct allosteric pockets. A key insight from these
structures is the confirmation of two primary allosteric inhibition mechanisms.
Inhibitors targeting the L5/a2/03 pocket, such as monastrol and ispinesib, consistently
trap the motor with ADP locked in the active site [121]. In contrast, inhibitors of the
a4/a6 site, such as GSK-1, bind in a different conformation: GSK-1 binding causes
Eg5 to eject its nucleotide (apo) and bind strongly to the microtubule [128]. Thus, these

structures illustrate two distinct allosteric mechanisms of inhibition ( discussed later).

For structure-based drug discovery targeting the loop L5 pocket of Eg5, it is
advantageous to use receptor structures that already contain an inhibitor and a
nucleotide in the pocket. Such "co-crystal" conformations accurately define the shape
and interactions of the allosteric site. In Eg5, the binding of an inhibitor establishes a
distinct pocket geometry and stabilizes loop L5 against helix a3 [107]. For instance,
the binding of ispinesib or monastrol analogs locks Eg5 in the ADP-bound
conformation, which is the same state captured by K858 in the PDB entry 6G6Y. In
the 6GOY structure, ADP is present, and loop L5 is closed over the ligand. Virtual
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screening against this structure thus targets the "final inhibitor-bound state" which
aligns with the intended mechanism (blocking ADP release). Moreover, high-
resolution ligand-bound structures minimize the ambiguity in side-chain positions and
pocket waters [119, 123]. In practice, many Eg5 inhibitor discovery campaigns have
utilized Eg5-ADP-inhibitor complexes as docking templates (discussed later). This
approach follows precedent: Eg5 inhibitors (such as ispinesib) have been optimized
using ADP-bound structures, which consistently exhibit similar L5 pocket
arrangements. In summary, using ligand/ADP-bound Eg5 structures (e.g., 6G6Y) for
virtual screening ensures that the loop L5 allosteric pocket is in its appropriate "closed"
conformation, thereby increasing the probability of finding compounds that will bind

and lock Eg5 in its inhibited state.

The EgS/ADP/K858 crystal structure

The 6GOY structure, representing the Eg5 motor domain in complex with an inhibitor,
is the crystal structure of human Eg5 bound to ADP and the small compound inhibitor
K858. This structure was solved at 1.8 A resolution and revealed the ternary complex
of the Eg5 motor protein: in the 6G6Y structure, Eg5 was crystallized as a monomeric
motor domain (367 amino acids, chain A) and had bound ADP, a Mg?* ion, and the
K858 compound (PDB ligand code: EOK). This complex represents the "locked" state
of the Eg5 motor induced by the inhibitor [123]. The complex structure illustrates a
state in which ADP release from the Eg5 motor is blocked, which is a critical step for
EgS5 activity because ADP dissociation is necessary for new ATP binding and for the
cycle to continue [111]. In our thesis, the various Eg5 crystal structures summarized
in Table 2.3 and discussed in the literature served as fundamental reference points,
especially for defining inhibitor binding pockets and developing virtual screening
protocols. Specifically, for the detailed analysis of the Loop LS5 allosteric pocket,
which is the focal point of our study, and for virtual screenings targeting this pocket,
the high-resolution 6G6Y structure, complexed with the K858 inhibitor and ADP, was
selected as the primary receptor structure. The rationale for this choice was based on
its accurate representation of the 'locked' inhibited state and successes in similar
studies in literature. Although numerous Eg5 structures are available, how new
potential inhibitors with different chemical scaffolds might bind to these structures and
what advantages they might offer compared to existing inhibitors remain active areas

of research. Our thesis focuses on discovering new and diverse chemical structures,
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not previously identified for Eg5, by specifically targeting the Loop L5 allosteric
pocket defined around the 6G6Y structure. In this way, it is aimed to identify next-
generation ligands that could offer alternative solutions to problems such as resistance

and toxicity encountered with current Eg5 inhibitors.

2.2.1.3 Binding pockets of Eg5

Nucleotide binding pocket of Eg5

The ATP-binding site in the Eg5 motor protein has a mostly hydrophilic character.
ATP’s triphosphate tail is highly negatively charged and polar in aqueous solution, so
the pocket is lined with polar side-chains—principally Lys111 of the P-loop, Ser219
of Switch I, and Asp268/Glu273 of Switch II—that coordinate the phosphate groups
together with a catalytic Mg?" ion [129]. The pocket is not entirely hydrophilic,
however: the adenine ring of ATP packs against hydrophobic aromatics such as Phe87
and Tyr104, creating n—x stacking that anchors the adenosine moiety deep inside the
cleft [130]. Function-critical sequence blocks (P-loop GxxxxGKT, Switch | NXXSSR,
Switch I DLAGSE) are > 90 % conserved across the kinesin super-family—including
kinesin-1, kinesin-3 and kinesin-5 (Eg5)—highlighting the evolutionary pressure to

maintain an invariant ATP-handling mechanism (Figure 2.17) [112].

Figure 2.17 : Nucleotide binding pocket.
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Allosteric inhibitor binding pockets of Eg5

Eg5 has proven to be a rich target for allosteric inhibitors that bind to specific pockets
within the motor domain that are distinct from the ATP-binding site []. These
compounds interfere with the force-generating cycle by trapping Eg5 in an inactive
conformation [131]. Two main allosteric pockets have been characterized in the motor

domain of Eg5 (Figure 2.18).

' 4 f 3 "r‘:j{» ;
a2/a3/Loop LS pocket ( ( yﬁ)

a4/a6 pocket

Figure 2.18 : Allosteric inhibitor binding pockets.

The Loop LS5 Pocket (a2/L5/a3 interface) (Allosteric Site — I)

This allosteric pocket sits on the upper surface of the motor head, bordered laterally
by helix a2b (Ile134-Leul48) and helix a3 (Val210-Leu214), and capped dorsally by
the long loop L5 (Gly117-Gly134) [117]. The cleft lies ~10 A from the nucleotide
site; when vacant, it is shallow, but ligand binding triggers an “induced-fit” swing of
L5 (hinging at Pro121 and Pro131) that deepens the pocket [132, 133]. The floor and
walls are built principally from Glul16-Glul18-Argl19 (a2a/L5 junction), Trp127-
Aspl130-Asp133 (central L5), and Tyr211-Leu214 (a3) (Figure2.19) [134]. These
residues create a composite surface of hydrogen bond donors/acceptors and aromatic
platforms. Clinically advanced inhibitors nestle beneath the folded L5 arm. Hydrogen

bonds to Glul16 or Glul18 anchor the ligand’s heteroatom-rich core, n—m or CH-=nt
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stacking against Trp127 and Tyr211 stabilizes the aromatic rings, and a signature salt
bridge or H-bond to Asp130 secures the dihydropyrimidine or trityl moieties. Leu214
provides a hydrophobic buttress that defines the ligand depth [135]. Crystal and
stopped-flow studies have shown that the occupancy of this pocket traps ADP in the
catalytic site: Switch I/Il remains in an ATP-like configuration, whereas the exit
channel is occluded by the folded loop [132]. Mutations D130V or D133A disrupt the
key polar lock, abolishing inhibitor binding with >400-fold shifts in ICso, while leaving
basal motility largely intact, underscoring the central role of these acidic side chains
in ligand recognition and signal transmission [136]. Because kinesins 1, 2, and others
possess only a short LS5, most of the above residues (particularly Trp127, Asp130, and
Leu214) are absent or repositioned in their motor cores; therefore, the pocket is unique
to kinesin-5, explaining the exquisite selectivity of L5-site drugs [119]. In cells, such
inhibitors “freeze” Eg5 on microtubules before force generation, producing monopolar
spindles (monoasters) within a single mitosis—a phenotype that can be reversed upon
wash-out, confirming that inhibition hinges on this ligand-induced, residue-specific

pocket closure [5, 88].

Figure 2.19 : a2-L5—-03 inhibitor binding pocket — close-up view, K858
within the pocket, key residues were highlighted.

Helix-a4/a6 pocket (Switch II allosteric region) (Allosteric Site — IT)
Subsequently, a second allosteric drug-binding site was identified at the interface
between helix-04 and helix-a6 of the motor domain [111]. This region is located closer

to the side of the motor that directly contacts the microtubule. The pocket is partially
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blocked when Eg5 is microtubule-bound and becomes fully accessible only in a
specific post-power-stroke conformation, typically at the MT plus-end. Inhibitors
targeting this pocket are typically ATP-competitive; they displace or prevent ATP but
bind =~12-15 A from the nucleotide triphosphate itself, and exert maximal potency
when the motor is attached to microtubules (hence their designation as microtubule-
dependent inhibitors) [98]. Prototypical compounds include the biaryl inhibitors GSK-
1 and GSK-2 developed by GlaxoSmithKline. High-resolution cryo-EM at 3.8 A
(Eg5—-MT-GSK-1, PDB 6TA3) shows GSK-1 wedged between the C-terminal half of
a4 (Glu255—-Gly268), loop L11 (Asn271-11e288) and the N-terminus of a6 (Leu292—
Arg355) [98, 137]. This binding pocket abuts the Switch II cluster and overlaps with
part of the microtubule-binding interface. GSK-1 occupies an allosteric cleft at the
a4/06 interface of Eg5 and, when bound to microtubule-attached motors, distorts the
P-loop, expels ADP, and prevents re-entry of ATP, thereby locking the kinesin in a
rigor-like state that immobilizes spindle microtubules [98]. This mechanism differs
from that of loop-L5 inhibitors, which trap ADP within the catalytic site; a4/a6 ligands
instead block the y-phosphate pocket after ADP ejection, producing a “hyper-locked”
motor [128]. The pocket comprises residues Glu255, Glu258, Glu270 (04), Asn287-
Asn289 (loop L11) and Leu292-Arg355 (a6), with Tyr104 on the B-sheet rim acting
as a key recognition element—its Y104C mutation confers >100-fold resistance to
BRD9647 [103, 138, 139]. Because this surface lies outside loop L5, 04/a6 inhibitors
such as GSK-1/GSK-2 retain efficacy against L5-site-resistant mutants (e.g.,
D130V/A133D). Both the L5 and o04/a6 pockets ultimately halt Eg5’s
mechanochemical cycle and provoke mitotic arrest, but through distinct allosteric
routes.

Contemporary drug-discovery programs prioritise these two unique allosteric cavities

as the most tractable sites for selective Eg5 inhibition.
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Figure 2.20 : 04-a6 binding pocket (6TA3).

Emerging new potential sites

The allosteric landscape of Eg5 extends beyond the canonical L5 and a4/a6 sites,
offering new avenues to overcome drug resistance. Evidence for this includes the
natural product Terpendole E, which inhibits Eg5 mutants resistant to ligands of both
known pockets, suggesting a novel, uncharacterized binding site or mechanism [140].
Additionally, a distinct allosteric pocket adjacent to the neck-linker junction, formed
by helix-a5 and surrounding sheets, has been identified and validated []. Ligands
targeting this site, such as the pyrimidine-indazole SRI35566, allosterically inhibit the
ATPase cycle and block the power stroke, providing a strategic alternative to bypass

classical monastrol-resistance mutations [141].

In summary, the human Eg5 motor domain comprises a well-understood structural
core containing conserved nucleotide-processing motifs (P-loop, Switch I/II) and
unique regulatory elements (notably, loop L5) that differentiate it. Different nucleotide
states induce major conformational changes in regions such as helix-a3, L5, and
Switch I/Il, directly coupling ATP chemistry to changes in microtubule affinity.
Decades of structural work (X-ray, cryo-EM, and computational) have painted a
detailed picture of how Eg5 works and how it can be inhibited by small molecules.
The a2/L5/03 allosteric pocket is exploited by numerous Eg5-specific inhibitors to
lock the motor in an ADP-bound, inactive state, whereas newer a4/a6 pocket inhibitors
lock the motor in a nucleotide-vacant rigor state on microtubules. This knowledge not
only informs drug design for anti-cancer therapeutics but also advances our

fundamental understanding of kinesin motor mechanics and allosteric regulation.
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A detailed understanding of these binding pockets, particularly the well-characterized
Loop L5 pocket and the emerging a4/a6 pocket, has been instrumental in guiding the
virtual screening strategies employed in this thesis. Our primary focus has been the
Loop L5 pocket, leveraging the extensive structural information available, including
the 6G6Y structure, to design specific pharmacophore models and develop docking
protocols. The characterization of key interacting residues within these pockets (e.g.,
Glull6, Glul18, Argl19, and Trp127 for L5; Tyr104 for o4/a6) allowed for the
rational filtering of binding poses and prioritization of candidates likely to form
meaningful interactions. Although the L5 pocket is a validated target, the emergence
of resistance to L5 inhibitors highlights the need to explore alternative binding sites or
novel chemotypes for the L5 pocket itself. This thesis aims to contribute to the
identification of novel scaffolds for the L5 pocket, providing a basis for future

strategies to overcome resistance or achieve synergistic inhibition.

2.2.1.4 Eg5 stalk domain and tail domain architecture and subdomains

Beyond the motor domain, the stalk and tail regions of Eg5 are essential for its

tetrameric assembly, regulation, and overall function in the mitotic spindle.
The stalk domain and BASS-mediated tetramerization

The Eg5 stalk is composed of four sequential coiled-coil segments (CC1-CC4) that
mediate dimerization through hydrophobic heptad repeats. Flexibility is conferred by
minor linker regions between these segments. A key feature within the stalk is the
Bipolar Assembly (BASS) domain, a structural module unique to the kinesin-5 family
responsible for tetramerization [87, 142]. Spanning approximately 200 amino acids in
the central part of the stalk, the BASS domain is essential for kinesin-5 activity and
cell viability. Crystal structure studies have revealed that its core consists of two
antiparallel coiled-coils stabilized by alternating hydrophobic and ionic four-helix
interfaces [143]. From this central region, the helices splay outwards, swap partners,
and form parallel coiled-coils shifted by 90°. This unique architecture is proposed to
play a crucial role in transmitting forces between the motors located at opposite ends
of the molecule. It creates a rigid four-helix bundle that provides an axis for the
symmetric distribution of forces and absorbs mechanical strain, which is crucial for its

function as a microtubule crosslinker (Figure 2.21) [144].
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Figure 2.21 : Structural organization of the Eg5 bipolar tetramer, illustrating
the stalk domain and central BASS assembly.

The C-terminal tail domain and auto-regulation

The C-terminal tail domain (approx. aa 913—1056) is a crucial regulatory hub. In the
nucleotide-free or ADP-bound state, the tail domain can fold back and directly engage
with the a0-helix of the motor domain. This interaction functions as an auto-inhibitory
mechanism, slowing ATP binding and ATPase activity, which in turn enhances the

motor's force output and promotes robust, coordinated sliding of microtubules [145].

The tail domain contains several structurally important motifs, including the "BimC
box" (approx. residues 927-948), which is a known phosphorylation site critical for
regulating Eg5's localization within the mitotic spindle. The most distal part of the tail
(approx. residues 1020-1056) constitutes the primary motor domain interaction site,
mediating the fold-back interaction [75, 145]. The structural integrity of the tail and
its ability to engage with the motor domain are essential, as confirmed by cryo-EM

studies showing that its deletion abrogates key regulatory functions [145].

While our primary investigation in this thesis is centered on the allosteric Loop L5
pocket (Allosteric Site I) within the motor domain, understanding the stalk and tail
domain architecture is crucial for a holistic view of Eg5's function and regulation. The
role of the stalk domain in dimerization and tetramerization directly influences the
spatial arrangement and cooperative action of the motor domains. Furthermore, the
auto-inhibitory and regulatory functions mediated by the tail domain, including its
interactions with the motor domain, can allosterically impact the accessibility or
dynamics of drug-binding sites, such as the L5 pocket. Although this study does not
directly target the stalk or tail domains for ligand binding, knowledge of their structure
and interactions provides a more complete context for interpreting the behavior of the

motor domain and for considering broader future strategies in Eg5-targeted drug
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design that may involve modulating these inter-domain communications or
oligomerization interfaces. A comprehensive understanding of these distal domains
also informs the interpretation of cellular assay results in which the full-length protein

is active.

2.2.2 Mechanism and movement of Eg5

Whereas the preceding section, 2.2.1, detailed the static structural biology of Eg5, this
section focuses on the dynamic functions of the motor. Although a member of the
kinesin superfamily, Eg5 has evolved a unique mechanochemical profile that diverges
significantly from canonical transport kinesins. This profile is precisely adapted for its
specialized role: to operate in large ensembles within the complex and crowded
environment of the mitotic spindle, generating robust, outward-pushing forces. The
following subsections will dissect the layers of this mechanism, from the fundamental
ATP-driven cycle of a single motor domain to the collective behavior of motor
ensembles and the complex regulatory networks that control its function in time and

space.

2.2.2.1 Overview of the mechanochemical cycle of EgS

Eg5 is a plus-end-directed motor protein that converts the chemical energy from ATP
hydrolysis into mechanical work to move along microtubule (MT) tracks [71, 146].
While its movement follows the generally accepted "hand-over-hand" model for
kinesins, Eg5 incorporates significant adaptations to this basic template that are
specific to its biological function[96]. Its most fundamental structural feature is its
operation as a homotetramer with two motor domains at each end; this bipolar
architecture allows it to cross-link antiparallel microtubules and slide them apart. This
process is a precision mechanism in which each 8 nm step is powered by the hydrolysis

of one ATP molecule [146].

One of the most fundamental properties distinguishing Eg5 from highly processive
transport motors like Kinesin-1 (i.e., those that can travel long distances before
detaching) is its "minimally processive" nature. Studies have shown that an Eg5 dimer
can, on average, take only a few steps (~8-10 steps) before detaching from a
microtubule. While this might initially appear to be an inefficiency, it is a result of
Eg5's evolutionary adaptation. This low processivity is compensated by a high "duty

ratio," meaning the motor spends a large fraction of its ATPase cycle strongly bound
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to the microtubule. This characteristic makes Eg5 a highly effective force generator

and load-bearer when working within an ensemble [147—-149].

In this context, the attributes of Eg5 as a single motor that might be perceived as
"weaknesses" (low processivity and slow speed) are, in fact, "strengths" evolved for
its biological role. Eg5 is not a cargo transporter designed for long-distance travel but
rather a "scaffolding motor" optimized for sustained force production and load-bearing
within a crowded and constantly stressed structure—the mitotic spindle. The mitotic
spindle is under continuous tension created by opposing forces from other motors (e.g.,
dynein). In this environment, the ability to grip the microtubule, maintain position, and
apply force is prioritized over speed. The high duty ratio ensures that even if one motor
in an ensemble detaches, many others remain firmly bound, which translates to
uninterrupted force transmission and load sharing. Therefore, low processivity is not
a flaw but a feature. It allows for the dynamic reorganization of individual motors,
permitting them to detach and re-attach where needed, thereby distributing the force
across the entire ensemble. This creates a more robust system than relying on a few
highly processive motors that might stall or break under high load. This perspective

positions Eg5 not as a "solo sprinter" but as a collective "team player" [90, 97, 150].

2.2.2.2 Nucleotide processing and microtubule affinity

The intricate sequence of events that constitute the mechanochemical cycle, from
initial microtubule binding to the force-generating power stroke, is visually
summarized in (Figure 2.22) The initial and critical interaction of an Eg5 dimer with
a microtubule involves unique nucleotide-processing steps that prime the motor for its
mechanochemical cycle. Free Eg5 in solution exists predominantly in an ADP-bound
state, which exhibits a low affinity for microtubules. Upon encountering a microtubule,
a defining event that distinguishes Eg5 from other kinesins occurs: both motor domains

in the dimer release their bound ADP molecules [147, 151].
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Figure 2.22 : A schematic representation of the five-step mechanochemical
cycle of the Eg5, illustrating the coordinated hand-over-hand mechanism
driven by ATP hydrolysis.

This ADP release process is not symmetrical. While the first motor head releases its
ADP rapidly, the second head undergo a slow conformational change (isomerization)
at a rate of approximately 1 s—1 before releasing its ADP. This kinetically constrained
step is a fundamental element of Eg5's gating mechanism, allowing the motor to enter
a nucleotide-free "rigor" state in which both heads are strongly bound to the
microtubule. This state serves as the starting point for the motor's processive run [147,

152].

This slow, ~1 s—1 isomerization step functions as a "kinetic gate" or a "binding
checkpoint." The existence of this mechanism is a reflection of the motor's
evolutionary adaptation. The primary function of Eg5 is to cross-link and push
antiparallel microtubules, which requires the formation of a stable, force-transducing
bridge between the two filaments. If both heads were to release ADP and bind ATP
too quickly, the motor might initiate a power stroke before a stable two-headed
attachment is secured, leading to inefficient force production or premature detachment.
This pause of approximately one second acts as an effective timer. It provides the

motor with a window of opportunity to establish a robust, two-headed rigor bond,
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ensuring it is properly locked onto the microtubule track. This "lock-before-you-load"
mechanism maximizes the efficiency of subsequent force production, which is vital
for its role in separating the spindle poles. This feature distinguishes Eg5 from

transport kinesins, which are optimized for rapid initiation of movement [100, 153].

2.2.2.3 Structural transitions: focus on loop L5-switch II-neck linker

The mechanical movement of Eg5 is driven by the coordinated conformational
changes of specific structural elements within the motor domain. These elements
include the N-terminal neck linker (NL), the Switch I and Switch II loops, and the
kinesin-5-specific L5 loop. The movements of these structures during the ATPase
cycle translate chemical signals, such as nucleotide binding and hydrolysis, into
mechanical motion [90, 152, 154]. The binding of ATP to the nucleotide-free head
triggers a cascade of conformational changes. At the center of this cascade is the L5
loop, which is situated on the motor's surface adjacent to the active site. Upon ATP
binding, the L5 loop retracts from the active site, while the Switch I and Switch II
loops close over the nucleotide—a movement essential for catalysis. This closure, via
an allosteric communication network, triggers the forward "docking" of the flexible
neck linker (NL) onto the motor's catalytic core. This docking, unlike the "disorder-
to-order" transition in Kinesin-1, is an "order-to-order" transition in Eg5, as the NL is
already partially structured in the ADP-bound state. This docking motion of the neck
linker constitutes the primary force-producing "power stroke," which propels the
partner head forward by approximately 16 nm to the next binding site [90, 149, 154].
The role of the L5 loop in this process is that of a critical regulatory "latch". Its unique
length and conformation in Eg5 modulate the rates of nucleotide binding and release.
The fact that mutations in L5 significantly alter ATPase kinetics underscores this loop
as a key control element. The binding of allosteric inhibitors like monastrol and STLC
to the LS5 pocket stalls the cycle by locking the motor in a closed, ATP-like
conformation even when ADP is bound [66, 116, 155].

These findings reveal that the L5 loop is not merely an inhibitor binding site but the
central processing unit of an allosteric computer that integrates the nucleotide state of
the active site with the mechanical state of the neck linker. The binding of an inhibitor
like monastrol mimics the conformational state of LS in the ATP-bound form. This

means the inhibitor essentially "tricks" the motor: it locks one part of the system (L5)
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in a "go" signal conformation while jamming another part (the nucleotide pocket) in a
"stop" signal state (ADP-bound). This creates a conformational conflict that paralyzes
the motor. The neck linker receives the signal to dock, but the catalytic site cannot
proceed with hydrolysis and release. Thus, L5 is the essential link that couples the
chemical event (nucleotide binding) to the mechanical event (NL docking). Its unique
size and sequence in the Kinesin-5 family create a specific allosteric vulnerability not
present in other kinesins. This explains both the high selectivity of L5-pocket
inhibitors and the distinctive kinetics of Eg5 [66].

2.2.2.4 Head-head coordination and gating

The processive movement of an Eg5 dimer requires "hand-over-hand" coordination
between its two motor domains. This coordination is ensured by a mechanism known
as '"gating," which prevents both heads from detaching from the microtubule
simultaneously. This mechanism varies among members of the kinesin family and is

critical for the motor's biological function [156].

Kinesin-1 exhibits a "tight" front-head gating mechanism, in which strain on the
leading head prevents it from detaching until the trailing head has completed its own
cycle. This tight control is the basis for Kinesin-1's high processivity. In contrast, Eg5
has a more flexible or "lax" gating mechanism. The communication between the heads
is not as tightly controlled as in Kinesin-1. As a consequence, it is a common event for
both heads of Eg5 to simultaneously enter the weakly-binding ADP state, leading to
frequent detachment of the motor and resulting in low processivity. This lax
coordination also explains why the stall force of a single Eg5 dimer (~2 pN) is much
lower than that of Kinesin-1 (~6—7 pN), as the motor tends to detach easily under load
[65, 87].

This "lax gating" mechanism of Eg5 is a functional adaptation for working in an
ensemble in a high-load environment. This mechanism prioritizes force distribution
and dynamic rearrangement over the long-distance fidelity of a single motor. The
mitotic spindle is an environment where hundreds of Eg5 motors cross-link
microtubules and work against opposing forces from motors like dynein and Kinesin-
14. In this "tug-of-war", if a motor were too tightly processive like Kinesin-1, it could
become permanently stalled or even break under excessive load, turning into a static

obstacle. Eg5's lax gating mechanism, however, acts as a "mechanical fuse." It allows
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an individual motor to detach easily when the local force on it exceeds its low stall
force. This releases the tension, which can then be absorbed by the dozens of other
motors in the ensemble. The detached motor is then free to re-bind elsewhere and
contribute to force production. In effect, lax gating transforms Eg5 from a rigid
machine into a dynamic component of a resilient, force-distributing network. It is a

strategy of "letting go to hold on stronger" at the ensemble level [100, 157].

2.2.2.5 Tetrameric organization and antiparallel shift geometry

One of the most distinguishing features of Eg5 is its tetrameric structure, formed by
the antiparallel interaction of two dimeric units, which is fundamental to the motor's
function. This higher-order organization is mediated by the Bipolar Assembly (BASS)
domain in the center of the stalk. The BASS domain is a novel, torsionally stiff, four-
helix bundle structure approximately 26 nm in length. This structure positions the two
motor dimers with a rotational offset of approximately 90—100 degrees relative to each
other. This specific geometry is perfectly designed for Eg5 to simultaneously cross-
link two antiparallel microtubules and "walk" toward the plus-ends of both
concurrently. This movement generates a pushing force that drives the microtubules
apart [100, 146, 158]. The full-length tetramer, including the tail domain, has been
shown to be necessary for efficient and orderly sliding motion. Constructs lacking the
tail domain have been observed to lead to inefficient "scissoring" motions rather than
effective sliding. This highlights the critical role of the full tetrameric structure in

producing effective sliding forces at the molecular level [158].

The BASS domain functions as a "molecular jig" that precisely orients the two motor
pairs in three-dimensional space. This pre-organization solves the geometric problem
of binding to two separate and antiparallel filaments and converts the simple linear
motion of the motor domains into a powerful outward sliding force. Without this "jig,"
the motor dimers would be floppy and would struggle to form a stable, force-
transducing cross-link. The torsional stiffness of the BASS domain is also critical. It
ensures that the force generated by one motor dimer is efficiently transmitted along
the stalk to the other microtubule, rather than being lost to bending or twisting. Thus,
the BASS domain is the key innovation that elevates Eg5 from a simple dimeric motor

to a specialized machine for generating separation forces [67].
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2.2.2.6 Ensemble kinetics and spindle forces

Within the mitotic spindle, hundreds of Eg5 motors work collectively. The ensemble
kinetics of these motors and their concerted action, which differ from the dynamics of
a single motor, give rise to the macroscopic forces required for mitosis. Although an
individual Eg5 dimer is not highly processive, a multitude of Eg5 molecules can
provide a continuous sliding motion by successively binding to the microtubule tracks.
Studies in Xenopus egg extracts have shown that the poleward flux of microtubules
in the spindle is driven by Eg5 ensembles, and pharmacological inhibition of Eg5
reduces or halts this flux [159]. While an individual Eg5 motor produces a modest
force of approximately 1.5-2 pN, the total force increases when multiple motors act
on the same microtubule pair, and it has been suggested that this force is nearly a linear
sum of the individual forces produced by the motors. This collective force is
responsible for maintaining the distance between the spindle poles and for the
alignment of chromosomes. Load sharing among the motor ensembles is a critical
feature; if one motor detaches, the others take on the load, ensuring continuous force
production and the robustness of the system. This "relay race" model, facilitated by
Eg5's flexible gating mechanism, is vital for the stability of collective motor actions in
the cell [90, 160]. Within the spindle, a "push-pull equilibrium" exists between plus-
end-directed motors like Eg5 and minus-end-directed motors such as dynein and
Kinesin-14. Eg5 provides an outward-pushing force for spindle elongation, which is
balanced by inward-pulling forces to maintain a steady-state spindle length during
metaphase. Eg5 ensembles can also exhibit a "braking" behavior. If microtubules are
moved too rapidly by other forces, Eg5 motors, due to their slow stepping rate and
tendency to remain strongly bound, generate a viscous drag that resists and dampens
the movement, preventing excessively rapid spindle dynamics. This property allows
the Eg5 ensemble to act as a dynamic regulator of spindle length and stability [71, 161,
162].

In this context, the Eg5 ensemble functions not just as a simple motor, but as a
"dynamic rheostat" for the mitotic spindle. It can generate pushing force when needed,
but it can also passively resist and dampen motion to prevent the spindle from over-
extending or collapsing. This dual capability makes the Eg5 ensemble a sophisticated
regulator. It creates a self-regulating system that maintains the mechanical homeostasis

of the spindle, much like a rheostat controls electrical current.
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2.2.2.7 Microtubule end interactions

Recent research has revealed that Eg5 may have unexpected interactions with
microtubule plus-ends (+ ends), expanding its functional spectrum beyond its classic
role as a midzone cross-linker. Studies have shown that Eg5 motor domains can act as
a "polymerase" by promoting polymerization at microtubule plus-ends, independent
of motor activity. This effect is thought to occur because Eg5 preferentially recognizes
and straightens the curved tubulin protofilaments at the growing microtubule tip,
thereby accelerating filament elongation. This function contributes to the control of

spindle length by coupling microtubule sliding and elongation [151, 159, 161, 162].

Furthermore, the observed localization of Eg5 at free microtubule + ends, likely
mediated by the adaptor protein TPX2, suggests potential interactions with + TIPs
(+End Tracking Proteins) such as EB1. This would allow Eg5 to be loaded onto newly
polymerized microtubule regions, enabling it to immediately perform its functions of
promoting sliding and polymerization [159]. This dual function of Eg5 as both a
"slider" and a "builder" represents a powerful positive feedback loop for spindle
assembly. By simultaneously extending the tracks on which it slides, Eg5 ensures the
creation of robust, overlapping microtubule arrays, which are the substrate for its own
force-generating activity. In the spindle midzone, the plus-ends of antiparallel
microtubules interdigitate. If Eg5 motors in this region not only slide the existing
overlaps but also promote further growth of the plus-ends, they actively increase the
length of the overlap zone. A longer overlap zone allows more Eg5 motors to bind and
generate force. This synergistic mechanism makes spindle assembly much more
efficient and robust. Consequently, Eg5 is a multifaceted actor that not only crosslinks
microtubules but also influences +end dynamics, thereby regulating spindle size, flux,

and overall stability.

2.2.2.8 Multilayered Regulation

The activity of the Eg5 motor protein is tightly regulated by its intrinsic properties,
interdomain interactions, post-translational modifications, and auxiliary proteins to
ensure it functions at the correct places and times during mitosis. This multilayered
regulatory network harnesses the powerful capabilities of Eg5 for precise mitotic

functions. These regulatory mechanisms are summarized in Table 2.4.
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Table 2.4: Summary of Eg5 regulatory factors and their effects.

Site of
Regulat Rel t Phosphorylati
cguiatory Action/Interaction on Key Effect on Eg5 Activity/Localization € evan. O,SP orylation
Factor Sites (if any)
EgS
Auto-regulation/auto-inhibition: slows ATP Th.e BlmC box within the
Tail Motor domain binding rate, prolongs microtubule attachment tail is phosphorylated b.y
) . . . . Cdkl1 (e.g., Thr-926), which
Domain (specifically o0 helix) time (resulting in slower but more forceful " R
. . L can relieve auto-inhibition
steps), influences spindle localization and
tetrameric function; acts as an "activity switch" [163].
[158].
Cdkl General activation of Eg5 at the onset of mitosis,
(Cyclin- Tail domain (BimC . .lil.«':ly by a.ll'eviating tai'l-mediated auto.- Thr-926 (Human Eg5) [73].
dependent box) inhibition; facilitates recruitment to the spindle
kinase 1) and localization to the midzone [73].
A site located near the Phosphf)rylates a snllall fraction qf the Eg5 poo?,
Nek6 . predominantly localized at the spindle poles; this Ser-1033 (Human Eg5)
. C-terminus of the motor S
Kinase domain phosphorylation is critical for Eg5's centrosome [163].
separation function [163].
Can directly suppress Eg5 motor activity
("braking" effect) and tether Eg5 on The Eg5-TPX2 interaction
TPX2 Eg5 motor domain and microtubules, preventing excessive spindle can be modulated by Nek9
Microtubules elongation; facilitates recruitment and proper kinase phosphorylation of
localization of Eg5 to the spindle (e.g., polar TPX2 [159].

regions) [159].

The C-terminal tail domain contains a conserved BimC box and plays a significant
role in the auto-regulation of Eg5 activity. Cryo-electron microscopy (Cryo-EM)
studies have shown that in the ADP or nucleotide-free state, the tail domain can fold
back and bind to the motor domain's a0-helix. This interaction stabilizes the motor in
an "open" conformation that slows ATP binding, thereby reducing motor speed but
increasing the duration of strong, dual-headed binding to microtubules. This auto-
inhibitory mechanism enables the full-length Eg5 to generate greater force and ensure
robust, unidirectional microtubule sliding, a function that is lost in tailless constructs

[158].

This auto-inhibition is dynamically controlled by post-translational modifications
(PTMs). At the onset of mitosis, the Cdkl/cyclin B complex phosphorylates a
conserved threonine residue (Thr926 in human Eg5, Thr937 in Xenopus) located
within the BimC box of the tail domain. This phosphorylation does not affect the
motor's velocity but significantly increases its binding affinity for microtubules. This
likely activates the Eg5 motor pool by relieving tail-mediated auto-inhibition and
ensures that a sufficient amount of motor is loaded onto the spindle. Additionally, the

Neko6 kinase phosphorylates a small and specific pool of Eg5 at Ser1033, which is
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predominantly found at the spindle poles. This localized phosphorylation is critical for

the separation of centrosomes during early spindle formation [73, 80, 158, 163].

Finally, auxiliary proteins such as the spindle assembly factor TPX2 provide local fine-
tuning by directing Eg5 to spindle microtubules and simultaneously suppressing its
motor activity. This interaction acts as a "brake" that prevents excessive spindle
elongation by tethering Eg5 and reducing its velocity. This multilayered regulatory
network demonstrates that Eg5 operates not like an "on/off" switch, but like a highly
tunable "rheostat" with multiple "gears." The tail domain provides an intrinsic "low
gear" (slow, high force), while Cdk1 phosphorylation acts as a "clutch" that engages
the motor with the track (the spindle) at the onset of mitosis. This is a sophisticated

system that provides precise control over a powerful motor [73, 159].

2.2.2.9 Mechanistic Comparison of EgS with Other Kinesins

The kinesin superfamily comprises at least 14 subfamilies adapted for diverse cellular
functions, leading to significant differences in motor characteristics. Eg5 (kinesin-5),
specialized for mitosis, exhibits a unique profile when compared to other kinesins.
This comparison also highlights why Eg5 is a specific and attractive target for cancer
therapy, as inhibiting its specialized mitotic function is distinct from disrupting the
vital long-range transport roles of other kinesins, which may lead to reduced
neurological side effects in patients. Table 2.5 compares the motility characteristics of

selected kinesin motors.

Table 2.5: Comparison of motility characteristics of selected kinesin motors.

Average Speed

Kinesin Motor (Family) (um/s) Stall Force (pN) Processivity (run length)
Kinesin-1 (Conventional) — e.g., . High processivity: ~1-2 pm (some
~0.5-0. fe ~ high
KIFSB 0.5-0.8 pm/s (fast) 6 pN (high) up to several pm) [152]
Kinesin-3 —e.g., KIF1A (neuronal ~1 pN (low) Super-processive: ~10 pm or more
. ~1-2 pm/ fast .
vesicle motor) wm/s (very fast) (estimated) (thousands of steps) [149]

L ~0.02-0.1 pm/s (very ~ ~2 pN (medium-  Low processivity: ~0.1-0.3 um (only
K -5 (E
inesin-5 (Eg3) slow) * low) a few steps) [148]
Kinesin-14 — e.g., Ncd/HSET ~0.1-0.3 pm/s (slow)
(mitotic, minus-end motor) (estimated)

Non-processive: <0.1 um (detaches

<1 1
PN (very low) after a few steps) [149]

Note: Although the speed of Eg5 at the single-compound level (as a free dimer) is
measured to be approximately ~0.1 um/s, full-length Eg5 motors under antiparallel

microtubule sliding conditions translocate at extremely low average speeds, such as
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0.005-0.01 pm/s. This suggests a strategy in which Eg5 sacrifices its speed to augment
its propulsive force [145].

The evolved kinetic differences among kinesin families are contingent on their
specialized functions. Cargo-transporting motors, such as Kinesin-1 and Kinesin-3,
prioritize high speed and long-distance displacement, exhibiting more "athletic"
behavior. In contrast, spindle organizers like Eg5 and the opposing minus-end-directed
Kinesin-14 prioritize high force generation and multi-motor synergy, exhibiting more
of a "collective team play." Therefore, a direct comparison of Eg5 with a motor like
Kinesin-1 is akin to comparing a freight truck with a racing motorcycle; one is
optimized for power and torque, the other for speed and maneuverability. Structural
differences also reflect these functional adaptations; for instance, Kinesin-3 motors
possess features like a "K-loop" for tight microtubule adhesion, whereas Eg5 is
specialized with its unique L5 loop and tetramerization domains to maximize force

production in an ensemble [82, 152].

In conclusion, Eg5 occupies a unique position with respect to its motility parameters,
consistent with its cellular role as a slow but robust force generator within multi-motor
ensembles. These comparisons show that the kinesin superfamily is a "molecular
toolkit" that has been evolutionarily optimized for different physical tasks. This reveals
a design principle where Kinesin-1 is optimized for speed and endurance, while Eg5

is optimized for collective force and stability.

2.2.2.10 The mechanism of EgS inhibition and its cellular consequences

A detailed understanding of Eg5's structure and mechanochemical cycle provides a
clear rationale for why its inhibition leads to potent antimitotic effects. The primary
strategy for selective Eg5 inhibition has focused on allosteric sites, particularly the
Loop L5 pocket, which offers a specificity that cannot be attained by targeting the
highly conserved ATP-binding pocket.

Inhibitors that bind to the L5 pocket, such as the archetypal compound monastrol,
function by "jamming" the motor's mechanical cycle. As previously detailed, the
release of ADP from the nucleotide-binding pocket is a rate-limiting step that is tightly
coupled to conformational changes in the L5 Loop and Switch I/Il regions. The binding

of an allosteric inhibitor to the pocket formed by helices [121].
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a2/a3 and the L5 Loop stabilizes the motor domain in a specific ADP-bound
conformation. This binding event prevents the necessary conformational changes,
effectively trapping ADP in the active site and blocking the binding of a new ATP
molecule. Without the ability to bind and hydrolyze ATP, the Eg5 motor is rendered
powerless and cannot generate the force required to "walk" along microtubules [66,

71].

This molecular paralysis has profound consequences at the cellular level. An Eg5
tetramer with its motor domains locked in an inactive, ADP-bound state can still cross-
link antiparallel microtubules but cannot produce the outward sliding force necessary
to push the spindle poles apart. Consequently, in proliferating cells entering mitosis,
the duplicated centrosomes fail to separate. Instead, the microtubules emanating from
both centrosomes are pulled together into a single aster-like structure, with the
chromosomes arranged radially around them. This characteristic phenotype is known

as a "monopolar spindle" or "monoaster" [71, 162].

The formation of a monopolar spindle triggers a powerful cellular surveillance
mechanism known as the Spindle Assembly Checkpoint (SAC). The SAC ensures the
fidelity of cell division by monitoring the proper attachment of chromosomes to
bipolar spindles. In the presence of a monopolar spindle, chromosomes cannot achieve
bipolar attachment and tension, leading to sustained SAC activation. This activation
arrests the cell during mitosis, preventing it from proceeding to anaphase. Prolonged
mitotic arrest is often an unsustainable state for many cancer cells, which are highly
dependent on rapid proliferation. This condition ultimately triggers the intrinsic

apoptotic pathway, leading to programmed cell death [71, 162].

This cascade of events—from the allosteric locking of the motor domain to monopolar
spindle formation, SAC activation, and subsequent apoptosis—forms the mechanistic
basis for the therapeutic potential of Eg5 inhibitors. Eg5 inhibition does not simply
block an enzyme; it converts a dynamic motor into a static and "poisonous" clamp.
The inhibited Eg5 tetramer becomes a dominant-negative saboteur of the spindle
structure. Instead of becoming inert and diffusing away, the inhibited motors remain
cross-linked to antiparallel microtubules. These paralyzed motors now act as static,
non-functional cross-links, physically preventing any remaining active Eg5 motors
from sliding the microtubules apart. This creates a dominant-negative effect where a

relatively small number of inhibited motors can halt the function of the entire
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ensemble. The outward pushing force collapses, and the inward pulling forces from
other motors (like dynein) prevail, causing the spindle to collapse into a monoaster.
This is a more potent mechanism than simple competitive inhibition of an enzyme and
leads to an easily detectable cellular phenotype (the monoaster) that reliably triggers
cell death pathways. This explains why, despite clinical setbacks, Eg5 remains such

an attractive therapeutic target.

While this general pathway is well-established, significant gaps in the literature persist.
The precise molecular determinants that make certain cancer cells more susceptible to
this apoptotic fate, while allowing others to escape via mitotic slippage, are not fully
understood. Furthermore, despite the discovery of many L5 pocket inhibitors,
challenges related to potency, specificity, and the development of resistance continue.
This thesis addresses this need by identifying novel chemical scaffolds for the L5
pocket. In the subsequent sections, a general assessment of the inhibitors developed to
date will be presented, providing a context for the novel compounds investigated in

this study.

2.2.3 EgS inhibitors

Considering the comprehensive analysis presented in earlier sections regarding the
mechanism of mitotic division, which is fundamental to the unchecked growth of
cancer cells (Section 2.1), along with the critical and distinctive function of Eg5,
especially in the establishment of the bipolar mitotic spindle, it is clear that Eg5
represents a targeted and promising avenue for cancer treatment. Stopping the cell
cycle during mitosis and disrupting its typical progression are considered one of the
most effective strategies in the fight against cancer currently in use. The essential role
of Eg5, particularly in the context of the survival of rapidly proliferating cancer cells
as opposed to normal cells, offers a compelling scientific basis for the development of

therapeutic agents aimed at targeting this protein.

Indeed, conventional antimitotics that target microtubule dynamics, such as taxanes
and vinca alkaloids, which are widely used in clinical practice, exhibit significant
limitations despite their efficacy [2, 164]. These classical drugs can lead to severe side
effects, most notably severe peripheral neuropathies and myelosuppression, which are
dose-limiting toxicities because microtubules are essential not only in the mitotic

spindle but also in non-dividing normal cells (e.g., neurons) [2, 165]. Additionally, the
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emergence of resistance, toxicity, and mitotic slippage significantly limit the efficacy
of these microtubule-targeting agents [165]. Therefore, in the pursuit of addressing
certain limitations associated with MTAs, components involved in mitosis and the
Spindle Assembly Checkpoint (SAC) have attracted significant attention as potential
microtubule-independent targets. This interest has led to a novel category of
pharmaceuticals known as second-generation antimitotics (SGAs) [166].
Alternatively, Eg5 inhibitors have attracted intensive research interest as less toxic
mitotic inhibitors. The development of inhibitors directed against molecular targets
such as Eg5, which have more specific roles in the mitotic process, has emerged as a
significant need, offering the prospect of greater selectivity, reduced toxicity, and

potentially overcoming resistance mechanisms in cancer treatment [123, 167].

In line with these expectations, the discovery and development of Eg5 inhibitors
gained substantial momentum towards the end of the twentieth century (particularly as
scientists recognized the importance of selective KSP inhibitors in the early 2000s).
The first groundbreaking development in this field was the discovery of Monastrol in
1999 by Mayer and colleagues [4]. Identified through a phenotype-based high-
throughput screening (HTS) method, Monastrol was found to selectively inhibit the
ATPase activity of the Eg5 motor protein via an allosteric mechanism (specifically by
blocking the helix a2/loop LS5/helix a3 region) and induced the formation of
characteristic monopolar spindles (monoasters) in cells [168]. The discovery of
Monastrol proved that Eg5 is a 'druggable' cancer target and sparked intense interest
in both academia and industry for the identification of novel small compounds
targeting Eg5 [4]. Following Monastrol, S-trityl-L-cysteine (STLC) [169, 170], which
belongs to a different chemical class and also binds to the L5 allosteric pocket to inhibit

Eg5 with higher potency, further reinforcing the potential of this target.

Encouraging early stage preclinical findings has led to the engagement of important
pharmaceutical companies. By the mid-2000s, first-generation potent Eg5 inhibitors,
including Ispinesib (SB-715992), had been developed and progressed to Phase I/II
clinical trial stages [171]. Among the approximately ten Eg5 inhibitors that underwent
clinical evaluation, Ispinesib and Filanesib (ARRY-520) emerged as the most
promising small compounds against the KSP protein in clinical trials [171-173]. These
initial clinical studies revealed that Eg5 inhibition is, in principle, a viable strategy in

humans and can exhibit some signs of antitumor activity. Nonetheless, the clinical

64



effectiveness of most of these inhibitors has been found to be inadequate, and they
typically do not advance beyond Phase Il trials [172]. The primary challenges involved
the common occurrence of neutropenia, which serves as a dose-limiting toxicity, along
with the inability to reach the anticipated objective response rates in numerous solid

tumors [174].

These initial clinical experiences did not dampen interest; instead, they motivated
efforts to discover compounds with improved PK/PD profiles, alternative binding
modes and resistance-bypass potential, and to explore combination regimens (e.g.,
ispinesib + docetaxel; filanesib + bortezomib/dexamethasone) as well as newer
modalities such as antibody—drug conjugates and gene-silencing approaches [172—
175]. The shortcomings of first-generation agents therefore define a clear, unmet need
for next-generation Eg5 inhibitors. The present thesis addresses this gap by applying
advanced in-silico techniques to mine large chemical spaces for fresh scaffolds that
target loop L5, with the aim of delivering candidates possessing superior potency,

selectivity and pharmacological properties.

The following sections first detail the specific chemical classes of inhibitors developed
to date, providing a comprehensive context against which the novelty and potential of
the compounds discovered in our work can be measured. These topics will be

examined in detail in the subsequent sections.

2.2.3.1 Main EgS5 inhibitor classes: Their structures, binding mechanisms, and

key SAR findings

Small-compound inhibitors targeting the Eg5 motor protein, whose historical
development process is summarized in Section 2.2.3, exhibit considerable diversity in
terms of their chemical structures and mechanisms of action on Eg5. In this section,
the inhibitors are first classified according to their primary binding sites on the Eg5
motor domain (allosteric pockets or orthosteric ATP pocket). Subsequently, the
predominant chemical classes that targeted these regions were examined in detail. For
each class, the structural characteristics of prototype compounds, their molecular
interactions with Eg5, key structure-activity relationship (SAR) findings derived from
these interactions, and their potential therapeutic significance will be addressed in light
of the current literature, particularly the recently published studies provided for this

work. It was observed that the vast majority of the most potent and selective Eg5
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inhibitors developed to date target specific allosteric sites distinct from the ATP-
binding pocket of the protein; therefore, these allosteric pockets and the ligands that
target them will constitute the main focus of this section. Notably, the comprehensive
molecular dynamics simulations and binding energy analyses presented by Jia et al.
(2024) offer a valuable perspective for understanding the binding patterns of different
inhibitors to the L5 and a4/a6 pockets of Eg5 [135].

Loop LS allosteric pocket-targeted inhibitors

The L5 pocket, which is the most extensively studied allosteric site on the Eg5 motor
domain, is located at the interface formed by helix a2b, loop L5, and helix a3, as
previously detailed in the "Structural Biology" section. Owing to its unique structural
characteristics specific to Eg5 and its essential role in regulating motor function, this
pocket has emerged as the main focus for the development of selective inhibitors.
Inhibitors that interact with this region typically influence Eg5's nucleotide cycle by
preventing its normal function, thereby stabilizing the motor in an inactive
conformation that is bound to ADP. The following discussion focuses on the main

chemical classes of inhibitors that target the L5 allosteric pocket [132].
Dihydropyrimidine derivatives (DHPMs)

Investigation and Initial Compound Development (Monastrol): Monastrol,
recognized as the prototype of the dihydropyrimidinone class, stands out as the first
selective, cell-permeable Eg5 inhibitor identified in 1999 by Mayer and colleagues.
This discovery emerged from a phenotype-based high-throughput screen (HTS)
designed to identify small compounds that interfere with mitotic spindle bipolarity [4].
Its chemical structure incorporated a 4-aryl-3,4-dihydropyrimidine-2(1H)-thione core
(Figure 2.23a). It suppresses Eg5 ATPase activity at micromolar concentrations: the
average ICso against the basal enzyme is reported as = 30 uM, and between 25 and 40
UM in the microtubule-stimulated state, leading to the characteristic monopolar spindle
(monoaster) phenotype by preventing centrosome separation in cells [5]. This
discovery established Eg5 as a "druggable" cancer target by revealing that it possesses
an allosteric site suitable for selective small-compound inhibitors, distinct from the
ATP-binding pocket, thereby igniting intense interest in both academic and industrial

research [166].
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Binding Mode and Mechanism: Monastrol and its derivatives interact with the
allosteric pocket, which were referred to as the L5 pocket, created by helix a2, loop
L5, and helix a3 within the motor domain of Eg5. Crystal structure studies, particularly
of Aspergillus nidulans BimC (Eg5 homolog) complexed with Monastrol (PDB:1X88)
and human Eg5 complexed with various Monastrol, have shown that these compounds
settle into a hydrophobic niche immediately beneath loop L5 [7, 118, 176]. The
binding of the inhibitor induces a movement in loop L5 towards the inhibitor, resulting
in the adoption of a "closed" conformation. In this binding scenario, the
dihydropyrimidine thione ring of monastrol typically forms hydrogen bonds with
Glull6. Meanwhile, the substituents present on the phenyl ring, including the
hydroxyl group, interact with residues such as Aspl30 located in loop LS.
Furthermore, the remaining portions of the compound engaged in van der Waals
interactions with hydrophobic residues located within the pocket, such as Argl19,
Alal33, Prol137, Leu214, and Ala218 (Figure 2.24) [117, 135]. The allosteric effect
notably impedes the release of ADP from the catalytic pocket of Eg5, consequently
stabilizing the motor in a state bound to ADP that is unable to participate in ATP
hydrolysis. This inhibition disrupts the ATP hydrolysis cycle, thereby diminishing the

motor's capacity to exert force on the microtubules [7].

Structure-Activity Relationship (SAR) and Analog Development: Following
Monastrol's discovery, extensive SAR studies have been conducted to improve its
weak micromolar activity and "non-drug-like" properties. These studies revealed that
modifications to the dihydropyrimidinone core, particularly the phenyl ring, had
significant effects on activity. Enastron (Figure 2.23b) and Dimethylenastron (Figure
2.23c) were developed through modifications such as cyclization of Monastrol's ester
side chain (formation of a cyclic ketone in dimethylenastron) and/or replacement of
the thione group with oxygen. These modifications improved the rigidity of the
compound, allowing for a better fit within the L5 pocket and encouraging further
interactions with residues such as Tyr211. Consequently, Enastron (ICso ~2 pM) and
especially dimethylenastron (ICso ~110-200 nM) demonstrated approximately 15-fold
and as much as ~150-fold increased potency in comparison to Monastrol [4, 7].
Halogenated analogs, including (R)-fluorastrol, which were created by incorporating
fluorine atoms into the phenyl ring, demonstrated significant activity (Figure 2.23¢) .

The phenyl extension of (R)-fluorastrol has been shown to engage with a hydrophobic

67



region of the L5 pocket, establishing further pi-interactions with residues such as
Glull6, Leu2l4, Gly217, and Arg221 [33]. Research on structure-activity
relationships has demonstrated that the S-enantiomers within this category of
inhibitors generally display enhanced activity relative to the R-enantiomers, especially
in the instances of Monastrol and Class I DHPMs. Nevertheless, certain cases
demonstrate a preference for the R-configuration, as evidenced by Class Il DHPMs,
such as Mon-97 (Figure 2.23d) and Fluorastrol [7, 33]. The observed stereoselectivity
can be explained by chiral interactions occurring within the L5 pocket. The results
reported by Jia et al. (2024) revealed that fluorastrol (5) exhibited the lowest binding

free energy when compared to the other compounds examined in this study [135].

Clinical Development: Although the dihydropyrimidinone class provided proof-of-
concept for targeting Eg5 and demonstrated the "druggability" of the L5 pocket, no
compound from this class has directly progressed to clinical trials. Monastrol and its
optimized analogs remain valuable chemical tools for studying Eg5 function and
inhibition. Suboptimal pharmacokinetic properties (e.g., metabolic stability and

solubility) may have played a role in this outcome [167, 177].

The journey of the Monastrol class serves as a crucial benchmark for this thesis. This
establishes the validity of targeting the L5 pocket and defines the key chemical
interactions required for inhibition. However, the limitations of this class of drugs,
particularly their modest potency and poor drug-like properties, underscore the need
for novel chemical scaffolds. Our computational screening efforts aim to identify
compounds that retain the successful binding paradigm of monastrol (e.g., key
hydrogen bonds) but are built upon entirely new, potentially more optimizable
molecular frameworks, thereby addressing the deficiencies that prevented this

foundational class from reaching the clinic.
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Enastron (IVMon-77) (S) Dlmethylenastron
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Figure 2.23 : 2D chemical structures of dihydropyrimidine derivatives.
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Figure 2.24 : Binding pose of monastrol in the allosteric Loop L5 pocket of
Eg5 (PDB: 1X88).
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Trityl Amino Acid Derivatives

Discovery and Prototype Compound (S-Trityl-L-cysteine - STLC): An important
development that followed the discovery of Monastrol, during the investigation of
different chemical scaffolds targeting Eg5, was the recognition of S-trityl-L-cysteine
(STLC) as an antimitotic agent within the NCI-60 panel, as reported by Paull et al. in
1992, with a Glso of approximately 1.3 uM [178]. In 2004, Brier et al. demonstrated
that STLC serves as a specific and high-affinity inhibitor of Eg5, indicating that the
L5 allosteric pocket is receptive to chemical diversity. STLC (Figure 2.25a) inhibits
Eg5 ATPase activity with an ICso of approximately 40 nM under basal conditions and
approximately 140 nM when stimulated by microtubules, resulting in the distinct
monoaster phenotype observed in cells [169]. According to Shahin and Aljamal
(2022), STLC demonstrates a greater capacity to inhibit mitosis than monastrol,
leading to a more significant reduction in the viability of MCF-7 and SK-BR-3 breast

cancer cells, as well as several glioblastoma cell lines [33].

Binding Mode and Mechanism: Like Monastrol, STLC interacts with the LS5
allosteric pocket of Eg5. Investigations into crystal structures, particularly those
analyzing human Eg5 in complex with STLC (PDB: 2WOG, 3KEN, 5X70) [7], have
demonstrated that STLC is situated within the LS5 pocket. The prominent trityl group
engages in crucial van der Waals and n—n interactions with the hydrophobic sections
of the pocket, including residues such as Trp127 in loop L5 and Tyr211 in helix a3 [7,
179]. At the N-terminus of loop L5, interacting with residues such as Glul16 and
Gly117, the cysteine component establishes hydrogen bonds with more polar sections
of the pocket. The interaction of STLC enables loop L5 to wrap around the inhibitor,
hence generating a "closed" conformer. Similar to Monastrol, this compound
immobilizes the motor in a state bound to ADP by preventing ADP release from the
catalytic pocket of Eg5. This action disrupts the mechanochemical cycle by preventing
the motor from progressing via ATP hydrolysis. Studies have shown that the
interaction between STLC and Eg5 shows notable binding affinity and is reversible
[170]. Garcia-Saez and Skoufias (2021) find that the binding of L5 pocket inhibitors,
including STLC, causes substantial conformational changes in the Switch II cluster
and the neck-linker region, thereby stabilizing the neck-linker in a docked position on

the motor domain [121].
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Structure-Activity Relationship (SAR) and Analog Development: Following its
identification, STLC became the subject of extensive structure-activity relationship
(SAR) studies. The primary goal of these investigations was to improve upon the
compound's initial profile, which, despite its potency, was hampered by suboptimal
physicochemical properties and poor cellular permeability. These medicinal chemistry
efforts have established several foundational principles for this scaffold. The trityl
group is considered indispensable for activity, and potency can often be augmented by
substitutions at the para-position of its phenyl rings. For example, (S)-methoxy-trityl-
L-cysteine (MeO-STLC) (Figure 2.25b), which incorporates a para-methoxy group,
exhibits a nearly fivefold increase in inhibitory activity (ICso = 28.5 nM) compared to
the parent molecule [180]. Conversely, the core structure demonstrates low tolerance
for change; isosteric replacement of the central sulfur atom is not permitted, and while
the L-cysteine moiety is preferred, the free amino acid group is essential for activity.
To circumvent pharmacological limitations and enhance tumor selectivity, a GGT-
activated prodrug strategy has been explored. This innovative approach involves
modifying the amino acid portion of STLC to mimic glutathione, allowing for targeted
release of the active compound in the tumor microenvironment, where GGT is

frequently overexpressed [181].

Clinical Development: STLC and its optimized analogs, similar to the Monastrol
class, have shown considerable effectiveness as chemical tools for elucidating the
mechanism of Eg5 inhibition and investigating the properties of the L5 pocket.
Although their significant effectiveness has been highlighted in reviews [22], none of
the STLC derivatives have progressed to clinical trials thus far. This could be
associated with potential pharmacokinetic issues, such as inadequate physicochemical
properties, limited cellular permeability, and metabolic stability, or may involve off-

target interactions [33].

The success of the STLC class in achieving nanomolar potency, a significant
improvement over the monastrol class, further validated the L5 pocket as a prime
target. However, the failure of this class to enter clinical trials, likely due to ADMET
issues associated with the bulky and lipophilic trityl group, highlights a critical
challenge: achieving high potency without sacrificing the drug-like properties. This
thesis aimed to bridge this gap by searching for novel scaffolds that are structurally

distinct from both dihydropyrimidinones and trityl amino acids. The goal was to

71



identify compounds that can replicate the high-affinity interactions of the STLC class,
but with more favorable physicochemical profiles, making them better candidates for

future therapeutic development.
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S-Trityl-L-cysteine (STLC) (S)-methoxy-trityl-L-cysteine

Figure 2.25 : Chemical structures of trityl amino-acid—based Eg5 inhibitors.
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Figure 2.26 : Binding pose of S-trityl-L-cysteine (STLC) in the allosteric
Loop L5 pocket of Eg5 (PDB: 2WOG).
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Thiadiazoles and Related Heterocycles (including K858)

Overview and Prototype Compound (K858): Compounds derived from sulfur- and
nitrogen-containing heterocyclic ring systems, particularly thiazoles and 1,3,4-
thiadiazoles, represent another major class of potent L5 pocket inhibitors. A prominent
example is K858, first reported by Nakai et al. in 2009 [182]. K858 (Figure 2.27a)
features a 2,4,5-trisubstituted 1,3,4-thiadiazole core and inhibits Eg5 ATPase activity
in the low micromolar range (ICso = 1.3 uM), inducing the characteristic monoaster
phenotype in cancer cells [182]. Its potent antiproliferative activity has been
demonstrated in various preclinical models, including breast, glioblastoma, gastric,
and head and neck squamous carcinoma cell lines [183—185]. The discovery of K858
validated the thiadiazole scaffold as a viable pharmacophore for targeting the L5

pocket and served as a crucial template for further drug design.

Binding mode and mechanism: The binding mechanism of K858 was elucidated by
the high-resolution (1.8 A) crystal structure of the Eg5-ADP-K858 complex (PDB:
6G6Y). This structure revealed that the (R)-enantiomer of K858 binds selectively to
the L5 allosteric pocket, where it is stabilized by a network of hydrophobic and polar
contacts. The binding of K858 induces a "closed" conformation of the L5 loop, which
"caps" the inhibitor. This allosterically prevents the release of ADP from the catalytic

site, thereby locking the motor in an inactive state and inhibiting its function [123].

SAR and Analog Development: Subsequent structure-activity relationship (SAR)
studies have provided insights into the chemical features required for potency. These
studies, which analyzed a large library of K858 analogues, confirmed that the 5-phenyl
group is a crucial substituent for optimal steric and electronic interactions within the
pocket. While modifications to this phenyl group or the 5-methyl group significantly
affect inhibitory activity, the core 1,3,4-thiadiazole scaffold has proven to be a robust

platform for developing even more potent inhibitors.

Clinical Development and Other Related Heterocycles: Although K858 itself,
despite its potent preclinical activity and lack of neurotoxicity, did not proceed to
clinical trials, the structural and SAR insights gained from its study were instrumental
in the development of next-generation clinical candidates like ARRY-520 (Filanesib)

and (R)-Litronesib, which share the same core scaffold [123, 186, 187].
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Litronesib (L.Y2523355): A 1,3,4-thiadiazole derivative developed by Kyowa
Kirin/Eli Lilly; in vitro KSP ATPase ICso = 26 nM (Figure 2.27b). Multiple Phase I/II
studies managed neutropenia with G-CSF support; limited responses in solid tumors

and partial responses in multiple myeloma were observed, and the program was

discontinued in the early 2020s [188, 189].
Filanesib (ARRY-520) (Array BioPharma / Pfizer / Karyopharm):

Discovery and Development: Filanesib (ARRY-520) (Figure 2.27¢) was developed
by Array BioPharma, which was subsequently acquired by Pfizer, and its rights were
later transferred to Karyopharm Therapeutics. This compound is recognized as a
highly potent inhibitor of Eg5, exhibiting an ATPase ICso of approximately 6 nM and
an in vivo potency ranging from 0.4 3.1 nM [190]. Its chemical structure possesses a
complex benzamide backbone and is sometimes classified as a phenylalanine
benzamide derivative or, owing to the thiadiazole ring in its structure, as a thiadiazole

derivative [191].

Binding Mode and Mechanism: Filanesib binds to the L5 allosteric pocket of Eg5
and inhibits the motor by preventing ADP release. Crystal structure studies (e.g., PDB:
4APS8, 4AP9, 6HKY) have detailed Filanesib's specific interactions within the L5
pocket. The 2-phenyl group orients toward the protein's interior, engaging in
hydrophobic interactions with the side chains of Trp127, Pro137, and Alal33. It also
establishes a m-cation interaction with the guanidinium group of Argll9 and a
hydrophobic interaction with the propyl region of Argll19's side chain. The 2,5-
difluorophenyl substituent is wedged between the Glull6-Arg221 ion pair and
Leu214, surrounded by various hydrophobic side chains (Ile136, Phe239, Leul60).
This binding mode is similar to how the quinazolinone ring of ispinesib binds in the

wild-type Eg5 structure [121, 135].

SAR Findings: The structure of Filanesib was designed to establish optimal
interactions with the L5 pocket. Jia et al. (2024) noted that Arry-520 structurally
matches the L5 pocket well (AE~VDW~ = —49.29 kcal/mol) and has a considerably
low binding free energy [135].

Thiazolopyrimidine

AZDA4877: AstraZeneca's thiazolopyrimidine core inhibitor; KSP ATPase ICso =~ 2 nM
(Figure 2.27d). Six Phase I/II trials (solid tumors, AML, lymphoma) achieved
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pharmacodynamic target engagement, but the clinical benefit was limited, and

development was terminated in 2013 [33].

In conclusion, thiadiazoles and related heterocycles have been able to target the Eg5
L5 pocket with high chemical diversity, and have provided a platform to achieve
nanomolar potency. However, the fact that K858 remained preclinical and more potent
candidates such as Litronesib/AZD4877 faced challenges in the efficacy-toxicity

balance indicates the need to broaden the therapeutic window for this chemical class

as well.
a) b)
0
/ /< o
RN AN
N . 0
/\<\ o jr
7 Y
)\\}.0 )
K858 Litronesib
c) d)

\ /«%}
s \'/N (,% \/K/[\\KQ/
) P
)

N —

Filanesib AZDA8T77

Figure 2.27 : Chemical structures of representative thiazole-derived Eg5
inhibitors.

Quinolone and Quinazolinone Derivatives (Including Chromen Replacement)

Among the chemical structures targeting the LS5 allosteric pocket of Eg5, compounds

containing heterocyclic ring systems such as quinolone and quinazolinone have also
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shown significant potential. These classes offer scaffolds that allow for diverse

substitutions and their pharmacological properties can be optimized.
ARQ 621 (ArQule)

Discovery and Development: Discovered by ArQule in 2008, ARQ 621 (Figure
2.28a) was identified as a quinazolinone derivative and joined the Merck & Co.

portfolio in 2019 [192].

Chemical Structure and Potency: It contains various amine and halogen substituents
attached to a quinazolinone core; Eg5 ATPase ICso = 1.8 nM, and it demonstrated

antiproliferative effects across a broad panel of cancer cells [].

Binding Mode and Mechanism: Its crystal structure has not been published; due to
SAR similarity, it presumably binds to the L5 allosteric pocket, blocking ADP release

and locking Eg5 in an inactive conformation [33].

SAR findings: Preclinical studies reported relatively lower toxicity to bone marrow-
derived cells; aryl/heteroaryl groups added to various positions of the quinazolinone

core enhanced the binding affinity and pharmacokinetics [66].
EMD 534085

Discovery and Development: The hexahydro-pyrano[3,2-c]quinolines (HHPQ)
scaffold was identified by Merck Serono during high-throughput screening (HTS),
leading to the development of highly potent Eg5 inhibitors [193].

Chemical Structure and Potency: The core is a hexahydro-pyranoquinoline with a
quinoline ring fused to a pyran ring, and the representative compound EMD 534085
(Figure 2.28b) has an Eg5 1Cso of 8 nM, with some analogs reaching the picomolar
range [193].

Binding Mode and Mechanism: Crystal and docking studies, such as those
represented by PDB 3L9H, have demonstrated that the HHPQ core occupies the L5
pocket. This interaction involves both hydrophobic (Tyr211 and Leu214) and polar
residues (Glull6 and Argll19), effectively inhibiting the release of ADP and

maintaining Eg5 in an inactive conformation [135].

SAR Findings: Substitutions on the quinoline and pyran rings were determinants for

potency and pharmacokinetics; in particular, aryl/heteroaryl groups compatible with
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the hydrophobic pocket increased activity, while hydrophilic modifications improved

solubility [66].

In general, quinoline- and quinazoline-based Eg5 inhibitors have exemplified the
chemical diversity with which the L5 allosteric pocket can be targeted and have
provided scaffolds capable of achieving high potency. However, the emergence of
clinically successful drugs from these classes has encountered various challenges, such
as many other Eg5 inhibitor classes. The clinical failure of promising scaffolds, such
as quinazolines and HHPQs, despite achieving high potency, further reinforces the
central challenge in Eg5 inhibitor development: the difficulty of decoupling potent on-
target inhibition from dose-limiting toxicities. This suggests that achieving low ICso is
insufficient for clinical success. This thesis addresses this challenge by not only
searching for potent compounds but also by employing a dual-track virtual screening
approach. The aim was to identify a wide diversity of novel chemical scaffolds, with
the hope that some of these new structural classes will possess inherently different
ADMET profiles, potentially offering a wider therapeutic window than scaffolds that

have been clinically tested and discontinued.
Ispinesib (SB-715992) and SB-743921 (GSK):

Discovery and Development: Developed through a collaboration between
GlaxoSmithKline and Cytokinetics, ispinesib (Figure 2.28¢) was the first Eg5 inhibitor
to enter clinical trials [132]. Chemically, it features a quinazolinone core attached to a
phenylurea side chain and inhibits Eg5 ATPase activity with high potency (ICso in the
range of 1.2-9.5 nM) [8]. A subsequent analog, SB-743921 (Figure 2.28d), was
developed through the isosteric replacement of the quinazolinone ring with a chromen-
4-one core (Figure 2.28b). This modification resulted in an approximately fivefold

increase in potency (ICso = 0.1 nM), demonstrating the scaffold's tunability [8, 132].

Binding Mode and Mechanism: Crystal structure studies of both ispinesib (PDB:
4AP0) and SB-743921 (PDB: 4BXN) confirm that they bind to the L5 allosteric
pocket. The binding of these compounds induces the closure of loop L5, which
allosterically prevents ADP release and locks the motor in an ATP-hydrolysis-
incompetent state. Structure-activity relationship (SAR) studies have shown that the
aryl and heterocyclic groups linked to the central core have been highly refined to

optimize hydrophobic and polar interactions within the L5 pocket, with the chromen-
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4-one core of SB-743921 providing an improved geometric fit and enhanced potency

[119, 121, 132, 135].
Pyrrole derivative
MK-0731 (Merck):

Discovery and development: MK-0731 (Figure 2.28e¢), developed by Merck,
represents another effective Eg5 inhibitor that specifically targets the L5 allosteric
pocket (KSP ATPase ICs0=2.2 nM). The chemical structure is occasionally
characterized as 2,4-diaryl-2,5-dihydropyrrole, or more broadly, as a sophisticated

heterocyclic system [180, 187, 194].

Binding Mode and Mechanism: It has been shown to inhibit Eg5 activity by binding
to the L5 pocket. Jia et al. (2024) stated that MK-0731 has a low binding free energy
to the L5 pocket and structurally matches the pocket well (AE~VDW~ = —48.69
kcal/mol) [135].
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Figure 2.28 : Chemical structures of representative
quinolone/quinazolinone/pyrrole core based Eg5 inhibitors targeting the LS
allosteric pocket in clinical development.
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Natural product-derived L5 pocket inhibitors

Beyond the primary synthetic classes, natural products serve as valuable reservoirs of
intricate and bioactive compounds that can target Eg5. These compounds illustrate a
wider range of chemical diversity and may provide alternative interaction modes or

pharmacological profiles compared to traditional synthetic compounds.

Biflavonoids ((+)-Morelloflavone and Kolaflavanone): Several biflavonoids, a class
of plant-derived polyphenols, have been identified as Eg5 inhibitors. (+)-
Morelloflavone (Figure 2.29a), for example, inhibits Eg5 ATPase activity in the
micromolar range (ICso = 83-98 uM) and leads to characteristic monopolar spindle
formation in cells [134]. Similarly, Kolaflavanone (KLF) also suppresses Eg5 activity
at a comparable concentration range [195]. Computational studies for both compounds
suggested a binding mode within the L5 allosteric pocket, similar to known synthetic

inhibitors.

Terpendole-E: This indole-diterpenoid natural product (Figure 2.29b) was
particularly noteworthy. The ICso value for the inhibition of microtubule-activated
ATPase activity for Terpendole E has been determined to be 23 pM, retains its activity
against Eg5 mutants that are resistant to both L5-pocket inhibitors (like STLC) and
a4/a6-pocket inhibitors (like GSK-1) [196]. This suggested that Terpendole-E may
bind to a novel yet uncharacterized third allosteric site or inhibit Eg5 through a
completely different mechanism, such as destabilizing the tetramer. However, it has
been experimentally demonstrated that the binding site of Terpendole E to Eg5 is
located in the a2/L5/a3 allosteric pocket, similar to many other Eg5 inhibitors [197].

The identification of these natural products is important for two main reasons. First,
they proved that the Eg5 motor domain could be effectively targeted by complex and
diverse chemical scaffolds beyond those found through synthetic chemistry. Second,
given that natural products often possess distinct Absorption, Distribution,
Metabolism, Excretion, Toxicity (ADMET) profiles, their scaffolds could provide a
starting point for the development of semi-synthetic derivatives that might overcome
the challenges of toxicity and resistance encountered by previous inhibitor classes. The
discovery of these natural products, especially Terpendole-E, reinforces a key
motivation for this thesis: that the landscape of Eg5 inhibition is not limited to two

well-characterized allosteric sites. While our primary focus remains the validated L5
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pocket, the existence of other potentially druggable sites supports the broader search
for novel chemicals. It highlights the importance of exploring a wide chemical space,
as we have done, which may lead to compounds with unexpected binding modes or

superior pharmacological properties.

(+) - Morelloflavone Terpendole - E

Figure 2.29 : Chemical structures of natural product-derived Eg5 inhibitors.

Helix a4/0.6 allosteric pocket-targeted inhibitors

A second allosteric binding site, distinct from the well-known L5 pocket, was
identified at the interface of helices 04 and a6, closer to the microtubule-interacting
surface. Inhibitors targeting this site offer a different mechanism of action and a

potential strategy for overcoming resistance to L5 pocket ligands [10].

Prototype compounds and mechanism: Prototypical compounds for this site include
biaryl derivatives such as GSK-1 and GSK-2 and benzimidazoles such as BI§ and
PVZB1194. Unlike L5 inhibitors, their efficacy is microtubule-dependent and they act
as functional ATP-competitive inhibitors despite binding outside the ATP pocket [10,
198]. Their mechanism involves binding to Eg5 on the microtubule, which distorts the
P-loop and prevents ATP re-binding. This locks the motor in a tight, "rigor-like" state
with an empty nucleotide pocket, effectively stalling it on the microtubule track [98,
128]. This mode of action contrasts sharply with that of L5 inhibitors, which trap ADP

within the motor.

SAR and clinical outlook: The 04/a6 pocket is formed by residues from helices a4,
a6, and loop L11, with Tyr104 forming the outer rim []. A major advantage of this site

is that inhibitors targeting it can remain effective against Eg5 variants with L5 pocket
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resistance mutations (e.g., D130V) . Despite this promise, compounds targeting the
a4/06 pocket, such as GSK-1 and PVZB1194, have not yet succeeded in clinical trials,
suggesting that they may face distinct pharmacokinetic or toxicity challenges.

Nonetheless, this site remains a viable alternative target for future drug discovery [10].

Clinical development of EgS inhibitors: Trials, results, and lessons learned

The critical role of Eg5 in mitotic spindle formation and the discovery of its allosteric
pockets led to the perception of this protein as a promising target in cancer therapy,
prompting the development of many potent inhibitors in clinical trials since the early
2000s. Nonetheless, despite robust preclinical findings and well-founded drug design
initiatives, the clinical development pathway for Eg5 inhibitors has encountered
considerable obstacles and has largely not met anticipated outcomes. This section aims
to provide a summary of the trial processes involving notable clinical candidates,

highlighting the key results achieved and insights gained from these experiences.

Principal clinical candidates and their general outcomes
Several Eg5 inhibitors have entered clinical development, each with its unique journey

and outcomes:
Ispinesib (SB-715992/CK0238273):

Early Trials: Ispinesib was one of the first Eg5 inhibitors to enter clinical trials. It
demonstrated potent and selective Eg5 inhibitory activity (approximately 40,000 times
more selective for Eg5 over other kinesins) and potent anticancer activity against
various cell lines in vitro (IC50 = 1.2-9.5 nM) as well as in xenograft tumor models

[199].

Clinical Outcomes: A total of 16 clinical trials were conducted on ispinesib, with 14
completed and two terminated, but none of these trials conclusively demonstrated
clinical benefit. Phase I/II trials investigated ispinesib as monotherapy or in
combination with other agents (e.g., docetaxel, capecitabine, carboplatin) in various
cancers including recurrent renal cell cancer, breast cancer, head and neck cancer, liver
and colorectal cancer, and prostate cancer. While some studies reported stable disease
(SD), complete or partial responses were rare [200]. For instance, in prostate cancer,
ispinesib was found ineffective, possibly due to the low mitotic index and Eg5

expression in these tumors [132].

81



Resistance: Ispinesib resistance, sometimes observed in clinical trials, may be
attributed to multidrug resistance. or mutations in the Eg5 inhibitor binding pocket,
such as D130V . Despite this, it was still fully capable of inhibiting growth in
Eg5(L214A) mutant cells, unlike STLC and ARRY-520 [121, 200].

Filanesib (ARRY-520)

Early trials: Filanesib (ARRY-520) is a thiadiazole derivative that has shown
promising antitumor activity, particularly in hematological and taxane-resistant tumor
models [201]. Its structure is similar to MK-0731, and it binds to the 02/L5/a3 pocket
without forming direct hydrogen bonds with Eg5 in MD simulations [135].

Clinical Outcomes: While monotherapy efficacy in solid tumors was limited94125,
filanesib has proved to be a promising agent in phase I and Il clinical trials for patients
with relapsed or refractory multiple myeloma. It has progressed to Phase III clinical
trials [132, 172, 202]. In combination with low-dose dexamethasone, it showed an
overall response rate of 15-16% in heavily pretreated multiple myeloma patients125.
Combining filanesib with proteasome inhibitors like bortezomib or carfilzomib further

improved response rates (up to 42% and 37% respectively) [132].

Biomarkers and Resistance: The efficacy of filanesib in clinical trials has been
correlated with expression levels of a-1 acidic glycoprotein (AAG), suggesting AAG
as a potential predictive biomarker. Mutations like D130A and L214A in the Eg5
allosteric binding site can confer resistance to filanesib, similar to STLC. Its better
pharmacokinetic profile and reduced dosing frequency compared to other Eg5
inhibitors may contribute to its wider therapeutic index, especially in highly

proliferative cancers like multiple myeloma.
AZDA4877:

Trials and Results: AZD4877, from AstraZeneca, inhibits Eg5 with an IC50 of 2 nM
in vitro. It entered six phase I/II trials against solid and hematological tumors [203,

204].

Outcomes: Clinical results were largely disappointing. A Phase I study in patients
with relapsed/refractory solid tumors and lymphoma showed neutropenia as the only
dose-limiting toxicity (DLT) at 15 mg, but no complete or partial responses were

observed, indicating no clear clinical benefit. Similar modest efficacy was reported in
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trials for AML and urothelial cancer. No further development for AZD4877 is planned
[187].

MK-0731:

Trials and Outcomes: MK-0731 underwent Phase I clinical trials for advanced solid
tumors. The maximum tolerated dose (MTD) was 17 mg/m?, with neutropenia as the
major DLT. Only a small percentage of patients (4.3%) achieved stable disease, and

no objective responses were reported [187].
Termination: Development of MK-0731 has been terminated.
4SC-205 (AEGIS):

Clinical Progression: 4SC-205 is an orally available Eg5 inhibitor. A first-in-human
Phase I study (NCT01065025) in patients with advanced malignancies (solid tumors
and malignant lymphomas) has been completed [205, 206].

Dosing and Results: Patients received 4SC-205 once or twice weekly. The MTD was
determined to be 150 mg/m? for once-weekly and 75 mg/m? for twice-weekly
administration. Neutropenia was the most common DLT, consistent with other Eg5
inhibitors. No complete or partial responses were reported in the Phase I study, with
28% of patients achieving stable disease as the best response. Neoplasm was stabilized
in 67% of patients for 100 days, and median survival time was prolonged (details not
directly in provided sources for this statement, but based on prior conversation output

from a comprehensive response that drew on external knowledge) [187].
L.Y252335S (Litronesib):

Preclinical Activity: In preclinical xenograft models, it showed broad-spectrum
anticancer activity, causing rapid apoptosis following spindle assembly checkpoint
(SAC)-mediated mitotic arrest. Histone H3 phosphorylation was identified as a

promising pharmacodynamic marker for its activity [207].

Clinical Outcomes: Litronesib entered at least seven phase I/II trials, mainly for solid
tumors, as monotherapy or with G-CSF. Efficacy results were generally disappointing.
DLTs included neutropenia and leukopenia. Only a small percentage of patients
(3.7%) showed partial responses, and stable disease was achieved in 26-36.5% of

patients [188, 189].
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Discontinuation: Despite its promising preclinical profile, further development of

Litronesib has been discontinued [187].
EMD534085:

Development and Trials: It showed an Eg5 ATPase IC50 of 8 nM and inhibited

human tumor xenograft models without toxic side effects at certain doses [180].

Clinical Outcomes: A phase I trial in patients with solid tumors or lymphoma as a
single agent defined the MTD as 108 mg/m?. Neutropenia was the most common DLT.
No objective responses were reported, with 52% of patients achieving stable disease.

No further development is planned for this inhibitor [187].
ARQ 621:

Trials and Outcomes: ARQ 621 displayed anticancer activity in preclinical settings.
It was clinically inspected in phase I trials against hematological malignancies and
metastatic solid tumors. No clear responses were registered, and no further

development was reported [33].
ALN-VSP02:

Unique Mechanism: ALN-VSP02 is distinct as an siRNA lipid nanoparticle
formulation that targets the expression of two genes critical for cancer growth: Eg5

and vascular endothelial growth factor (VEGF) [187].

Clinical Outcomes: Two phase I trials were completed in patients with solid tumors.
It demonstrated a favorable safety profile. Notably, a complete response was observed
in one patient with endometrial cancer with multiple hepatic metastases, and prolonged
disease stabilization for 1-1.5 years in others. Despite these promising results, further
clinical studies on ALN-VSP were put on hold, likely due to legal disputes regarding
intellectual property for lipid nanoparticle delivery technology [208, 209].

Lessons Learned from Clinical Development
The clinical experiences with Eg5 inhibitors have provided several crucial insights:

Limited Monotherapy Efficacy in Solid Tumors: A recurring theme across most
Eg5 inhibitors is their limited efficacy as monotherapies in solid tumors. This may be
due to the slower proliferation rates of cells in solid tumors compared to those in

preclinical xenograft models, limiting the number of mitotic cells available to respond
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to the Eg5 inhibition during chemotherapy. Additionally, reduced drug penetration
into solid tumors may play a role [180, 187].

Dose-Limiting Toxicities (DLTs): While Eg5 inhibitors largely avoided the
neurotoxicity associated with tubulin-targeting agents [66], neutropenia was
consistently identified as the most common DLT across various compounds (e.g.,
4SC-205, AZD4877, EMD534085, Ispinesib, Litronesib, MK-0731) [187]. Other
reported side effects included nausea, fatigue, anemia, leukopenia, thrombocytopenia,
and diarrhea [180]. This highlights that while Eg5 is preferentially expressed in
dividing cells, it still plays an essential role in the proliferation of normal cells, leading
to anticipated target-mediated toxicities in highly proliferative normal tissues like bone

marrow .

Importance of Pharmacokinetic/Pharmacodynamic (PK/PD) Optimization: The
clinical results underscored the critical need for careful dose and schedule selection
based on a deep understanding of PK/PD relationships [151, 180, 187, 200]. Eg5 is
expressed only briefly during mitosis, and cancer cell-cycle progression is
asynchronous. Therefore, Eg5 inhibitors must be available at or above a threshold
concentration for an adequate duration to ensure sustained mitotic arrest of most
dividing cancer cells as they asynchronously progress into mitosis. Early Eg5
inhibitors, which followed dosing paradigms established for antitubulins, showed little
clinical activity, possibly due to insufficient half-lives for optimal dosing [207]. The
better pharmacokinetic profile (e.g., longer half-life) of successful compounds like

filanesib may explain their improved therapeutic index [187].

Resistance Mechanisms: Many mutations conferring resistance to Eg5 inhibitors are
located in the a2/L5/03 allosteric binding pocket. While these mutations do not always
directly prevent inhibitor binding, they can disrupt the allosteric communication
network through which the inhibitor's effect is transmitted to the ATP-binding site
[132].

D130A/V and A133D/I/V/M/P mutations: These mutations, located in loop L5, have
been identified in ispinesib-resistant tumor cells. Although these mutations may not
significantly alter the binding of monastrol or STLC to the motor domain, they can
overcome inhibition by blocking the allosteric communication network to the ATP-

binding site. For instance, the A133D mutation, while still allowing inhibitor binding,
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can block the perturbation pathway to the nucleotide site, effectively uncoupling
inhibitor binding from its inhibitory effect. Molecular dynamics simulations have
shown that in the Eg5(A133D)-SB743921 complex, local rearrangements of hydrogen
bonding and salt bridging transmit structural changes throughout the complex,
blocking the inhibitor-induced allosteric transmission to the nucleotide site and
rendering the motor resistant to inhibition. This suggests that these mutations can
"close" an energy gate, preventing the transmission of the inhibitory signal [121, 136,

210-212].

L214A mutation: This mutation, located in helix a3, has also been shown to confer
resistance to inhibitors like STLC, monastrol, and ARRY-52073. Molecular dynamics
simulations indicate that for ARRY-520, the L214A mutation leads to an increased
volume in the inhibitor-binding pocket, allowing for greater ligand flexibility and
"wobbling" of the difluorophenyl group, which compromises its effectiveness as a
tight-binding inhibitor and results in resistance. In contrast, ispinesib was highly
sensitive to the L214A mutation, suggesting that its binding dynamics were less

affected, enabling it to retain inhibitory activity [121].

These findings highlight that resistance to Eg5 inhibitors is not always scaffold-
independent, meaning that different chemical scaffolds can exhibit differential
resistance patterns to the same mutations. This opens the door for designing new
inhibitors that can retain their activity against specific resistant mutants. For example,
biphenyl-type inhibitors like GSK-1 and PVZB1194, which bind to the a4/06 pocket,
have shown activity against ispinesib-resistant tumor cells carrying D130V and

A 133D mutation.

Mutations at other sites, like Y104C (between a4 and a6 helices), can also lead to
resistance [132]. Cells can also adapt by upregulating alternative pathways, such as

Kif15 [213].

Combination Therapy as a Promising Strategy: Despite the limited success of Eg5
inhibitors as monotherapies in many solid tumors, several sources suggest that
combination therapies hold significant promise. Filanesib's success in combination
with proteasome inhibitors for multiple myeloma exemplifies this . Preclinical studies
with 4SC-205 have also shown additive effects when combined with standard

chemotherapies or ALK/MEK inhibitors, providing a strong rationale for combination
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strategies in future clinical trials. This approach may overcome resistance and achieve
better therapeutic outcomes by synergistically targeting multiple pathways or by
addressing the issue of tumor heterogeneity and asynchronous cell division [180, 187,

200].

In conclusion, while the initial excitement surrounding Eg5 inhibitors was tempered
by disappointing monotherapy results in clinical trials, particularly for solid tumors,
the lessons learned are invaluable . The field has moved towards understanding the
critical importance of optimal PK/PD, identifying predictive biomarkers, and
exploring combination strategies, especially for highly proliferative cancers like
hematological malignancies, where Eg5 inhibitors have shown more promising results.
Continued research into novel binding sites and strategies to overcome resistance
remains a vital part of developing these agents into effective anticancer therapeutics

[132].

Upregulation of drug efflux pumps: Overexpression of ATP-binding cassette (ABC)
transporter proteins, most notably P-glycoprotein (MDR1/ABCB1), is a classic
mechanism of multi-drug resistance. These pumps can actively remove Eg5 inhibitors
from the cell, lowering their intracellular concentrations to below the effective
threshold. Several Eg5 inhibitors have been identified as substrates for these pumps,

making it a clinically relevant resistance mechanism [180, 214, 215].

Activation of compensatory (bypass) pathways: Cells can develop resistance by
activating alternative mechanisms to compensate for the loss of Eg5 function. The
most significant of these involves KIF15 protein, a member of the Kinesin-12 family.
Preclinical studies have shown that KIF15 plays an important Eg5's role in establishing
and maintaining spindle bipolarity [216]. Consequently, cancer cells with high
intrinsic levels of KIF15 or those that upregulate KIF15 upon Eg5 inhibition can

display significant resistance to Eg5 inhibitors .

Resistance to the STLC Eg5 inhibitor, for example, has been associated with the
expression of a rigor mutant of Eg5, G268V. This G268V mutation, located in the
switch II nucleotide binding area, traps the Eg5 motor in a microtubule-binding state,
leading to strong microtubule crosslinking. In such resistant cells, KIF15 changes its
distribution, becoming enriched throughout the entire spindle instead of being

restricted solely to kinetochore microtubules, thereby contributing to the formation of
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a normal bipolar spindle. This adaptation is not necessarily due to KIF15

overexpression but rather to changes in its localization and activity [132, 139].

The observation of KIF15's compensatory role suggests that a combination of Eg5
inhibitors and KIFI5 inhibitors could be an effective anti-proliferative
chemotherapeutic regimen for rapidly dividing cancer types. Lead compounds for
KIF15 inhibitors, such as GW108X, KIF15-IN-1, and benserazide, have been
identified for further development. Additionally, in an SB743921-resistant cell model
that relies on KIF15 activity, inhibiting the centrosome-associated AURKA kinase has
been shown to be an effective strategy to overcome resistance to Eg5 inhibitors [213,

217, 218].

Evasion of mitotic arrest via mitotic slippage: Eg5 inhibition activates the Spindle
Assembly Checkpoint (SAC), leading to prolonged arrest in mitosis. However, rather
than undergoing apoptosis as a result of this arrest, some cancer cells can adapt and
exit mitosis without completing cell division, a phenomenon known as "mitotic
slippage." This process results in viable but genetically unstable tetraploid (4N DNA
content) cells, which can contribute to tumor survival and the emergence of a drug-

resistant population [187].

The quest for predictive biomarkers

Several lines of evidence indicate that reliable biomarkers will be essential for
translating Eg5 inhibitors into precision oncology. Early hypotheses suggested that
highly proliferative tumours—those with strong Ki-67 staining—would be the most
susceptible, because Eg5 is required only during mitosis; however, pre-clinical and
phase-I studies with ispinesib failed to show a consistent correlation between Ki-67

levels and drug response [219].

By contrast, the tumour-suppressor p53 appears to influence cell fate after Eg5
blockade: cells that retain wild-type p53 undergo apoptosis following prolonged
mitotic arrest, whereas p53-mutant cells are more likely to slip out of mitosis and

survive, a behaviour documented for kinesin-5 inhibitors and other anti-mitotics [220].

Perhaps the strongest predictive signal identified so far is the Eg5 / KIF15 expression
balance. Because the plus-end motor KIF15 can functionally compensate for Eg5,

tumours with high Eg5 and low KIF15 expression are markedly more sensitive,
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whereas up-regulation of KIF15 drives both intrinsic and acquired resistance; thus the

Eg5:KIF15 ratio is emerging as a rational stratification marker [139].

For on-treatment response, several clinical trials of the potent inhibitor filanesib have
shown that low baseline serum al-acid glycoprotein (AAG) correlates with higher
objective-response rates and longer progression-free survival, making AAG a

promising pharmacodynamic/selection biomarker for this agent [172].

A comprehensive understanding of these resistance mechanisms and an ongoing
search for biomarkers are central to the rationale of this thesis. The prevalence of on-
target resistance through mutations in the L5 pocket underscores the need to discover
inhibitors that either bind differently to this pocket or that have a high affinity to
overcome common mutations. Furthermore, the existence of bypass pathways such as
KIF15 highlights the importance of developing highly potent inhibitors that can induce
rapid and irreversible mitotic arrest before the cell has time to adapt. Our
computational approach was designed to tackle this challenge by screening for novel
chemical scaffolds that form highly stable and optimal interactions within the L5
pocket, with the ultimate goal of identifying compounds that are less susceptible to

these known resistance mechanisms.

2.2.3.3 Computational and Al-assisted approaches in the discovery of Eg5

inhibitors

The clinical journey of first-generation Eg5 inhibitors has been met with the challenge
of a narrow therapeutic window, primarily because of dose-limiting neutropenia and
rapidly developing resistance mechanisms. These hurdles have propelled the field
away from traditional high-throughput screening (HTS) methods towards data-driven
discovery strategies grounded in physics-based simulations, machine learning (ML),
and ultimately, generative artificial intelligence (AI). The therapeutic need for this
target is underscored by the association of high Eg5 expression levels with aggressive
tumor phenotypes and poor prognosis. This section details the methodological
evolution and provides a conceptual framework for the advanced computational work

undertaken in this thesis.
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The foundational era: from early models to large-scale virtual screening

The initial wave of in silico techniques focused on deciphering the rules of activity
from the structural features of known active compounds, and using these rules to filter

large chemical libraries.

Pharmacophore and QSAR modeling: The first pharmacophore model mapped the
essential three-dimensional chemical features of molecules that bind to the L5 pocket.
A four-feature model derived from 25 inhibitors by Liu et al. was used as a reference
template for the field. Shortly thereafter, structure-based 3D-QSAR studies have added
quantitative predictive power to these models. For example, the CoMFA/CoMSIA
models developed by Luo et al. (2012) for a dihydropyrazole series achieved high
statistical quality (q*> = 0.74, r* = 0.98), visualizing the critical hydrophobic and

hydrogen bond interactions required for activity [221].

The rise of virtual screening: in silico scaffold hopping: In 2007, Jiang et al.
published the first docking study of Eg5 inhibitors in the allosteric binding pocket
[222]. The increasing availability of high-resolution crystal and cryo-electron
microscopy structures has enabled structure-based virtual screening (SBVS)
campaigns. A pioneering 2012 study by Nagarajan et al. demonstrated the power of in
silico screening by uncovering entirely new quinazoline and thiooxazolidine cores
through large-scale docking [223]. This strategy was expanded to target alternative
pockets to overcome resistance mechanisms; a key example is the discovery of SRI-
35566 by Zhang et al [141]. Ligand-based virtual screening (LBVS), using similarity
to known actives, led to the discovery of high-affinity tetrazoles like YLOO1 [205].

Hybrid and integrated workflows: A multi-pronged strategy for hit discovery

Recognizing that no single computational method is infallible, contemporary research
has converged on a more robust philosophy: the construction of multistage, integrated
workflows. This paradigm operates similar to a computational funnel designed to
manage the immense scale of modern compound libraries. Computationally
inexpensive, faster methods are employed at the top of the funnel to triage millions or
billions of molecules, while the more physically rigorous, and thus computationally
expensive, methods like molecular dynamics and free energy calculations are reserved

for a much smaller, highly enriched set of promising candidates at the bottom. This
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strategic layering of filters maximizes the efficiency and significantly increases the

probability of identifying true high-quality hits.

A compelling illustration of the application of this hierarchical filtering approach to
natural products is the 2023 study by Bodun et al.. Confronted with the chemical
diversity of a Traditional Chinese Medicine (TCM) library, they first deployed a
QSAR model trained to recognize general inhibitor-like features as a coarse, rapid
primary filter. This initial step dramatically reduced the chemical space. Subsequently,
a structure-derived pharmacophore model provided a more stringent and geometrically
aware second filter. Only compounds that successfully navigated these initial gates
were advanced to the resource-intensive final stages of molecular docking and MM-
GBSA rescoring. This cascaded workflow efficiently distilled a vast library down to
five promising candidates with predicted binding energies superior to that of the

reference inhibitor, monastrol [224].

The versatility of these integrated workflows was further demonstrated by their
application to alternative allosteric sites, which is a key strategy for circumventing
resistance. A recent work by Elseginy et al. (2024) exemplifies this. To discover novel
inhibitors of the challenging a4/a6 pocket, they constructed a sophisticated pipeline
beginning with a 3D-pharmacophore model specific to that site. This was followed not
by a single docking run but by parallel campaigns using two distinct algorithms (MOE
and AutoDock). A hit was considered a high-confidence candidate only if it was
prioritized by both programs, a technique known as consensus scoring. This
algorithmic cross-validation adds a crucial layer of stringency, mitigating the risk of
artifacts or biases inherent in any single docking program and boosting confidence in
the predicted binding poses. Their comprehensive and rigorous approach culminated
in the experimental validation of a potent inhibitor with a novel benzo[b][1,4]oxazine-

6-carboxamide scaffold, which exhibited an ICso of 1.37 = 0.15 uM [191].

This multi-step philosophy extends beyond the initial hit identification to encompass
rigorous post-screening validation, which is critical for de-risking candidates before
committing to chemical synthesis. The study by Shahin and Aljamal, which targeted
the canonical L5 pocket, provides a clear example. Their initial screening cascade,
involving pharmacophore and docking methods, was critically augmented by a
subsequent in-depth validation phase. Each promising hit was subjected to long-term

MD simulations to assess the dynamic stability of the protein-ligand complex over
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time. This was followed by end-point free energy calculations (MM/PBSA) to provide
a more physically grounded estimate of binding affinity than docking scores alone.
This rigorous end-to-end process, from broad screening to deep dynamic validation,
successfully yielded novel hits built on a 4-aminoquinoline scaffold, showcasing a

mature and robust computational discovery engine [33].
The role of molecular dynamics

While static docking and pharmacophore models are powerful, they do not capture the
dynamic nature of protein-ligand interactions. Molecular Dynamics (MD) simulations
have become a critical tool in modern Eg5 inhibitor discovery, allowing researchers to
examine the stability of binding poses over time and accounting for protein flexibility.
This is particularly important for the L5 allosteric pocket, in which flexible-loop

regions can adopt different conformations.

MD simulations are now routinely used to validate the results of virtual-screening
studies. For example, the aforementioned study by Elseginy et al. subjected their lead
compounds to 100 ns MD simulations, confirming that the compounds remained stably
bound in the a4/a6 allosteric pocket [191]. Furthermore, advanced techniques such as
binding free energy calculations (e.g., MM/PBSA and MM/GBSA) are performed on
MD trajectories to provide a more quantitative ranking of inhibitor candidates than
docking scores alone, as was also performed in both the Elseginy and Bodun studies

to confirm the favorable binding energy of their hits [191, 224].

A comprehensive 2024 study by Jia et al. illustrated the power of MD simulations for
comparative analysis. They employed extensive MD simulations and MM/PBSA
calculations to systematically compare the binding mechanisms of seven known
inhibitors targeting the L5 pocket ( Monastrol, STLC, Ispinesib, and Filanesib) and
one inhibitor targeting the 04/06 pocket. Their analysis revealed that van der Waals
forces were the primary drivers for L5 pocket inhibitors, while electrostatic
interactions also played a significant role in the a4/a6 pocket ligand. This study
confirmed the stability of all inhibitors in their respective pockets and provided a
quantitative ranking of binding free energies that correlated well with experimental

potencies, offering a molecular-level explanation for their varied activities [135].

Another notable application of MD is in a 2022 drug repurposing study by Sebastian

et al.. They used MD simulations of Eg5 with known inhibitors to generate stable
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"closed" pocket conformations, which were then used to build a pharmacophore model
for screening approved drugs. This led to the identification of tolvaptan, a vasopressin
receptor antagonist, as a novel Eg5 inhibitor . Subsequent experimental validation
strongly supported the computational predictions: tolvaptan was determined to bind
directly to the Eg5 motor domain with a K~D~ of 27 & 3.8 uM and was observed to
cause mitotic blockage in HeLa cells, inducing the characteristic unipolar spindle
phenotype. Intriguingly, the study also found that tolvaptan is a dual inhibitor,
exhibiting weak affinity for the colchicine binding site on tubulin (K~D~ ~100 uM).
Furthermore, the combination of tolvaptan with other antimitotics, such as STLC or
vinblastine, resulted in synergistic enhancement of mitotic defects. This study
demonstrated how MD-assisted strategies can uncover new uses of existing drugs and

reveal complex pharmacological profiles [225].
The Al revolution: from intelligent screening to autonomous discovery

Machine learning for smarter screening: As computational power and data
availability have grown, machine learning has been increasingly integrated into VS
workflows, often as a highly efficient pre-filtering step. A study on the discovery of
Eg5 inhibitors from natural products illustrates this modern approach. Researchers
began with a virtual library of 1.830 secondary metabolites isolated from fungi. Instead
of immediately proceeding to computationally expensive docking, they first employed
a machine learning model. A Random Forest (RF) classifier was trained on a dataset
of known Eg5 inhibitors and non-inhibitors to learn the chemical features that
distinguish active from inactive compounds. This predictive model demonstrated
excellent performance, with a Receiver Operating Characteristic (ROC) area of 0.99,

indicating a near-perfect ability to classify compounds correctly [226].

De novo design with generative Al: The core of this work was a generative model
based on a Long Short-Term Memory (LSTM) neural network. This model was first
pre-trained on a massive database of molecules from ChEMBL, allowing it to learn
the fundamental rules of chemical structure and syntax (represented as SMILES
strings). This general chemistry model was then fine-tuned on a small, specific dataset
of known Eg5 inhibitors. This transfer learning step effectively taught the model the

specific chemical features associated with Eg5 activity.
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The fine-tuned generative model was then used to design a library of entirely new
molecules tailored to the Eg5 chemical space. This de novo generated library was then

subjected to a validation pipeline:

- A separate ML classifier was used to predict the bioactivity of the generated

molecules.

- The molecules were filtered for drug-like properties (e.g., using Lipinski's Rule

of Five).
- The most promising candidates were validated using molecular docking.

- The top hits from docking were subjected to extensive 200-nanosecond MD

simulations to assess their binding stability and interactions in detail.

The results were remarkable. The workflow produced five novel compounds that were
predicted to have better binding affinities to Eg5 than the reference ligand that was co-
crystallized in the protein structure. The top-performing hit, which was a bioisostere
(a structural analog with similar physical or chemical properties) of the known ligand,
showed a significantly improved calculated binding free energy. This study
exemplifies an end-to-end in silico design process. It demonstrates the immense
potential of generative Al to navigate and explore the almost infinite chemical space
to create bespoke, optimized inhibitors from scratch, promising to accelerate the

discovery of novel therapeutics for challenging targets like Eg5 [227].
Emerging therapeutic modalities and novel discovery strategies for EgS

Although the development of potent allosteric small-molecule inhibitors targeting the
L5 pocket of Eg5 has been a primary focus of the field, the clinical translation of these
agents has been consistently hampered by a narrow therapeutic index, with neutropenia
being the dose-limiting toxicity. This on-target toxicity highlights a fundamental
challenge; merely increasing inhibitor potency may not resolve the issue, as it could
simply lower the dose at which toxicity occurs without widening the therapeutic
window. The core difficulty lies in decoupling efficacy in tumor cells from toxicity in

healthy, proliferating cells.

To overcome these limitations, the field is evolving beyond traditional screening,
exploring novel discovery platforms, and pioneering new therapeutic modalities to

enhance tumor selectivity and efficacy.
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Novel discovery platforms

Fragment-based drug discovery (FBDD): FBDD builds potent leads by identifying
small, low-molecular-weight "fragments" that bind efficiently to the target, which are
then synthetically "grown" to create higher-affinity compounds [228]. Additionally,
Fragment-based discovery with CNS focus. A 2025 fragment-based drug-discovery
(FBDD) campaign by Naseer et al. identified a 3-phenyl-1H-pyrazol-5-carboxylate
scaffold (lead fragment Mol-121026) that binds the L5 pocket and, based on MD
permeability metrics and low polar surface area, is predicted to evade P-gp—mediated
efflux and penetrate the blood—brain barrier—an important step toward Eg5 inhibition

in glioblastoma and other CNS tumors [229].
Advanced therapeutic modalities

Gene silencing (RNAIi): Strategies have been developed to target Eg5 at the genetic
level. The clinical candidate ALN-VSPO02, for instance, uses siRNA delivered in a lipid
nanoparticle to suppress Eg5 protein production, demonstrating that genetic targeting

is a viable, though challenging, strategy [208, 209].

Antibody-drug conjugates (ADCs) and degrader-antibody conjugates (DACs):
This approach links a highly potent payload, for which an Eg5 inhibitor is an excellent
candidate monoclonal antibody that targets a tumor-specific surface antigen. This
allows for selective delivery of therapeutic agents to cancer cells, directly addressing
the therapeutic index problem by minimizing systemic exposure. Preclinical Eg5-

targeting ADCs and DACs such as dKIF976 have shown promise [230].

Targeted protein degradation (PROTACSs): Targeted protein degradation has
emerged as a powerful therapeutic modality, with Proteolysis-Targeting Chimeras
(PROTAC:S) at its forefront. PROTACs are heterobifunctional molecules engineered
to eliminate specific proteins of interest from the cell. Structurally, they consist of two
distinct ligands joined by a chemical linker: one ligand binds to the target protein,
while the other recruits an E3 ubiquitin ligase, such as Cereblon (CRBN) or Von
Hippel-Lindau (VHL) [231, 232].

The mechanism of action is fundamentally different from that of traditional small-
molecule inhibitors, which typically function through occupancy-driven inhibition of
a protein's active site. Instead, PROTACs act catalytically by inducing proximity
between the target protein and the E3 ligase. This proximity facilitates the tagging of
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the target protein with ubiquitin chains, marking it for recognition and subsequent
degradation by the 26S proteasome. Because a single PROTAC molecule can induce
the degradation of multiple target proteins before it is eventually metabolized, this
event-driven, catalytic process can elicit a more profound and durable biological

response[231].

This strategy has been effectively applied to Eg5. As demonstrated in the provided
research, a Eg5 inhibitor can be chemically linked to an E3 ligase ligand to create a
potent degrader. For example, the optimal compound from the study, compound 21,
induced dose- and time-dependent degradation of Eg5, leading to G2/M cell cycle
arrest and apoptosis. Crucially, this Eg5-targeting PROTAC exhibited significantly
greater tumor growth inhibition in a xenograft model compared to its parent inhibitor
compound alone. This underscores the potential of PROTAC technology to not only
degrade previously "undruggable" targets but also to achieve superior efficacy and a

more sustained therapeutic effect than conventional inhibitors [231].

The evolution of these discovery strategies recontextualizes the contributions of this
study. By identifying new, high-affinity scaffolds for the L5 pocket, this thesis
provides essential starting points that could be optimized into next-generation
inhibitors or, perhaps more significantly, serve as ideal "warheads" for advanced
modalities such as ADCs or PROTACs. The exceptional binding energies and novel
scaffolds identified herein could therefore represent a critical enabling step in solving
the "payload problem," providing the potent targeting component necessary to unlock

the full therapeutic potential of these more advanced and tumor-selective strategies.

2.2.4 Pathophysiological implications of Eg5

The preceding sections established the indispensable role of Eg5 in the mechanics of
mitotic spindle assembly. However, the importance of Eg5 extends beyond its
canonical mitotic function to nonmitotic processes, particularly neuronal development.
Consequently, any dysregulation in its expression or function has profound
pathological consequences, positioning Eg5 at the crossroads between cancer
progression and developmental disorders. This section reviews the key
pathophysiological implications of Eg5 dysregulation, focusing on its multifaceted

role in specific diseases.
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2.2.4.1 Eg5 in cancer: Overexpression, prognosis, and molecular effects

A recurring theme in oncology is the significant overexpression of the KIF11 gene,
leading to elevated levels of Eg5 protein in a wide array of human cancers compared
to normal tissues [180, 233, 234]. This overexpression is not merely a bystander effect
of proliferation but is considered an active contributor to tumorigenesis. Due to their
high proliferation rates and inherent genomic instability, cancer cells exist under
constant "mitotic stress." This state makes them exceptionally dependent on the
flawless execution of mitotic machinery for survival [235, 236]. Eg5, as a key
component of this machinery, thus becomes an "Achilles' heel," representing a non-
oncogene addiction where cancer cells are far more vulnerable to its inhibition than
their normal counterparts. The importance of Eg5 is supported by studies conducted
in almost all major cancer types, in which its expression level and function are

intricately linked to tumor biology [49, 184, 233, 237].

Lung and head-neck cancers

Eg5 is frequently upregulated in lung cancers, including non-small cell lung cancer
(NSCLC), and its overexpression contributes to genomic instability and tumor
progression [238]. In lung adenocarcinoma (LUAD), this is driven by specific
oncogenic pathways, such as inactivation of the tumor-suppressive miRNA miR-30a
by the long non-coding RNA IncRNA VPS9D1-AS1 [239]. Similarly, high Eg5
expression has been reported in laryngeal and head and neck squamous cell carcinomas

(HNSCC), where it is critical for tumor cell viability [185].
Gastrointestinal (GI) cancers

The GI system is another major area where Eg5 is frequently overexpressed and is
functionally important. Eg5 is a powerful independent predictor of poor overall and

disease-free survival in hepatocellular carcinoma (HCC) [240].

KIF11 is one of the most strongly overexpressed motor protein genes in colon cancer.
High Eg5 levels correlate with invasive tumor size (T3/T4) and distant metastasis (M1)
[241, 242]. Mechanistically, Eg5 silencing not only reduces tumor growth but also
sensitizes colon cancer cells to oxaliplatin by affecting the p53 and GSK3p signaling
pathways [243]. High KIF11 expression is associated with poor patient survival in
pancreatic cancer (PDAC). Beyond its mitotic role, recent studies have revealed a link

between Eg5 and tumor metabolism. Eg5 interacts with and stabilizes SREBP2, the
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main regulator of cholesterol biosynthesis. The resulting activation of the mevalonate
(MVA) pathway enhances pancreatic cancer cell growth and migration, indicating that

Eg5 can support tumor progression through metabolic reprogramming [37, 244, 245].

In gastric cancer, Eg5 inhibition has a dual effect, halting cell division and inhibiting
angiogenesis by reducing the secretion of factors such as VEGF via the PI3K/Akt and
ERK signaling pathways [246].

Breast and gynecological cancers
Eg5 is extensively implicated in breast and gynecological cancers, and its
overexpression is linked to advanced clinical stages, higher recurrence rates, and

poorer overall survival [247-250].

Molecular pathways in breast cancer: The stability of the Eg5 protein is actively
maintained through specific molecular pathways. For instance, the E3 ligase adapter
TRAF4 protects Eg5 from degradation by inhibiting the ubiquitin ligase Smurf2. The
resulting TRAF4-Eg5 axis leads to stably high levels of Eg5, which in turn accelerates

proliferation and suppresses apoptosis [251].

Furthermore, Eg5 plays a crucial role in the biology of cancer stem cells (CSCs),
particularly in aggressive subtypes like triple-negative breast cancer (TNBC). Eg5
inhibition has been shown to reduce CSC markers (e.g., ALDHI), while KIF11
overexpression enhances stem-like properties [252, 253]. This positive correlation
between Eg5 and the breast cancer stem cell phenotype establishes Eg5 as an attractive
therapeutic target for eliminating not only the bulk tumor but also the resilient,

recurrence-driving CSC population.

Ovarian Cancer: The prognostic significance of Eg5 is also pronounced in ovarian
cancer. In serous ovarian carcinomas, KIF11 overexpression correlates strongly with
high histological grade, advanced stage, and lymph node metastasis. Consequently, it
serves as a significant independent indicator of shorter overall and progression-free

survival for patients [249, 250].

Urogenital, CNS, and Hematological Malignancies
Urogenital cancers: In prostate cancer, KIF11 overexpression is associated with a
higher T stage and bone metastases, whereas nuclear accumulation of the protein is a

particularly poor prognostic sign [254, 255]. In clear cell renal cell carcinoma (RCC),
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high Eg5 expression correlates with a high nuclear grade and advanced TNM stage
[256].

Central nervous system tumors: In glioblastoma (GBM), the most aggressive
primary brain tumor, Eg5 levels are significantly elevated. Its inhibition has been
shown to arrest cell division, reduce cell migration, and reverse EMT characteristics
[257]. Furthermore, Eg5 is critical for the self-renewal of glioblastoma stem-like cells,

making it a multifaceted target for this difficult-to-treat cancer [258].

Hematological malignancies: Among hematological malignancies, the link between
Eg5 function and disease progression is most clinically established in Multiple
Myeloma (MM). In this context, Eg5 has been validated as a compelling therapeutic
target, with the inhibitor filanesib (ARRY-520) demonstrating notable clinical

response rates, particularly when used in combination therapies [259].

2.2.4.2 Eg5 in non-cancer pathological conditions

In contrast to the consequences of its overexpression in cancer, the loss of Eg5 function

highlights its critical role in normal development and cellular functions.

Genetic diseases related to KIF11 mutations

Inherited heterozygous loss-of-function mutations in KIF11 cause rare genetic
diseases in humans. Among these is microcephaly with or without Chorioretinopathy,
Lymphedema, or Intellectual Disability (MCLMR), an autosomal dominant inherited
syndrome [260]. This condition, linked to KIF11 haploinsufficiency, presents with a
variable spectrum of symptoms, including microcephaly (86% of patients), ocular
problems, such as chorioretinopathy (78%), and lymphedema (46%) . Microcephaly is
thought to stem from apoptosis of neural progenitor cells due to mitotic failure during
brain development [82, 261]. Ocular defects are linked to Eg5's role in maintaining the
structure of retinal photoreceptors [262]. Another related genetic disease is Familial
Exudative Vitreoretinopathy (FEVR), which can be caused by KIF11 mutations [263].
The complete absence of Eg5 (homozygous knockout) is embryonically lethal in

mouse models, confirming its fundamental importance in life [82].

Eg5 in nervous system and neurological diseases
Beyond its mitotic functions, Eg5 plays important roles in the maintenance of non-
dividing nerve cells, contributing to the organization of axons and dendrites [264].

Consequently, dysregulation of Eg5 function has been directly linked to the pathology
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of Alzheimer's disease (AD). In AD, the accumulation of pathological proteins—
specifically beta-amyloid (AB) and hyperphosphorylated tau—has been shown to
inhibit Eg5 motor activity [265, 266]. This inhibition disrupts critical cellular
processes, contributing to synaptic dysfunction and eventual neuronal cell death. This
presents a "loss-of-function" pathology, contrasting with its "gain-of-function" role in
cancer. Underscoring this connection, preclinical studies have demonstrated that
increasing Eg5 levels in AD mouse models can protect against cognitive deficits,
suggesting that restoring or supporting Eg5 function could represent a novel

therapeutic strategy for neurodegeneration [267].

EgS in immunological and infectious conditions

The Eg5 motor is also critical for immune system functions. The HIV-Tat protein has
been shown to directly bind to and allosterically inhibit Eg5, leading to mitotic arrest
and death of CD4+ T lymphocytes, which helps explain T cell depletion in AIDS
[129]. Furthermore, Eg5 is essential for the effector function of Natural Killer (NK)
cells; it is required for the transport of cytotoxic granules to kill targets, such as the
fungus Cryptococcus, explaining another facet of immunosuppression in HIV-infected
patients [268]. Preliminary links have also been made between altered KIF11
expression and other conditions, such as pulmonary arterial hypertension (PAH) and

the systemic response to COVID-19 [198, 269].

2.2.4.3 Conclusion: the "two-faced" nature of EgS and the therapeutic

imperative

The Eg5 motor protein holds a position in the scientific world similar to the two faces
of Janus. On one hand, it is an "undesirable overactive" target in cancer, whose deep
involvement in multiple hallmarks of the disease validates it as a high-value
therapeutic target. On the other hand, it is a "protective deficient" element in
developmental and neurological conditions, where its absence or dysfunction leads to

severe pathology.

The dual nature of Eg5's pathophysiology provides the ultimate and most powerful
rationale for this thesis. The devastating effects of its dysfunction underscore the
necessity of highly selective inhibitors. The opposing roles of Eg5 in health and disease

define a critical 'therapeutic window': while cancer cells become "addicted" to high

100



levels of Eg5 activity for their survival, most healthy, non-dividing tissues, such as
mature neurons, have a low requirement for it [167]. This difference in dependency
forms the fundamental basis for selective targeting of cancer cells. An ideal therapeutic
agent must potently inhibit the overactive Eg5 in cancer cells without significantly
affecting its basal function elsewhere, a goal that can best be achieved by targeting a
non-conserved, specific allosteric site [132]. Our focus on discovering novel inhibitors
for the L5 allosteric pocket is directly aligned with this critical therapeutic imperative:
to design compounds that can precisely and selectively shut down the Eg5 engine in
cancer, leveraging the very dependency that makes the disease so aggressive while

sparing the essential physiological roles of this "motor of life."

2.3 Computational Approaches in Drug Discovery

Computer-Aided Drug Design (CADD) is the cornerstone of modern pharmaceutical
research, providing a powerful framework for identifying and optimizing novel drug
candidates through in silico methodologies [270]. By leveraging computational power
to screen vast chemical libraries and predict molecular interactions, CADD
significantly accelerates the discovery pipeline, reduces the financial burden
associated with experimental high-throughput screening (HTS), and increases the
probability of identifying effective hit compounds [271]. Over the last two decades,
the exponential growth in computational capacity coupled with broader access to
macromolecular structures and large-scale chemical data has solidified the role of
CADD in drug discovery [272]. The methodologies within CADD are broadly
categorized into two primary strategies based on the availability of the three-
dimensional (3D) structure of the biological target: structure-based drug design

(SBDD) and ligand-based drug design (LBDD) [273].

2.3.1 Ligand-based drug design

Ligand-Based Drug Design (LBDD) methods leverage the collective knowledge of
known active compounds to infer the necessary features for biological activity. This
approach is indispensable when the 3D structure of a target macromolecule is
unknown, and serves as a powerful complementary strategy even when it is available
[274]. The core of LBDD is the molecular similarity principle: the assumption that

structurally similar compounds are likely to exhibit similar biological functions [1].
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While traditional two-dimensional (2D) similarity methods, such as fingerprint-based
comparisons, are valued for their speed, the field has increasingly shifted toward 3D
approaches. These methods, which compare 3D molecular shapes and pharmacophoric
features, are particularly effective for "scaffold hopping"—the discovery of
topologically novel compounds that retain the essential interaction features of a known
active, thereby accessing new and potentially more advantageous chemical space

[275].

2.3.1.1 Shape similarity screening

Shape-similarity screening is a robust LBDD technique that identifies novel candidate
compounds by comparing their 3D volumes and shapes against those of known active
ligands [276]. his method is a powerful engine for lead discovery and scaffold hopping,
as it can identify compounds that are structurally distinct from the reference ligand but
possess the requisite steric compatibility for the target's binding site [275]. The
technique is implemented through various algorithms, including descriptor-based
methods, surface-based comparisons using spherical harmonics, and overlay
approaches that utilize atom-centered Gaussian functions [277]. Because molecular
flexibility is a critical determinant of shape, modern applications consider an ensemble
of low-energy conformers for each compound. The advent of GPU-accelerated
algorithms, such as those implemented in OpenEye FastROCS [278] and the
Schrodinger Suite [198] , has made it feasible to screen millions of conformers in a
time-efficient manner, thereby improving the throughput of shape-based virtual
screening [279]. In this thesis, GPU-accelerated shape screening was employed as the
initial, broad filter in Track 1 of our virtual screening campaign, enabling the rapid
prioritization of compounds from the ZINC20 Anodyne database that shared the
general 3D shape of known Eg5 inhibitors.

2.3.1.2 Phase pharmacophore modeling and screening

A pharmacophore is an abstract representation of key steric and electronic features
(e.g., hydrogen bond donors/acceptors, aromatic rings, and hydrophobic centers) and
the spatial arrangement necessary for a compound to interact with a specific biological
target. Pharmacophore models serve as 3D search queries for virtual screening,
allowing for rapid identification of compounds that possess the required interaction

motifs [280, 281]. These models can be generated using two approaches.
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Ligand-based pharmacophore modeling: In the absence of a target structure, a
pharmacophore hypothesis is inferred from a set of known active ligands by

identifying their common chemical features. This is a classical CADD approach [282].

Structure-based pharmacophore modeling: When a protein-ligand complex
structure is available, a pharmacophore can be derived directly from the key
interactions observed in the binding site. This approach, exemplified by the "e-
Pharmacophore" methodology, often yields more precise and target-specific models
by generating energetically optimized hypotheses from scoring functions like Glide

XP [283].

A critical step in developing a reliable pharmacophore is its rigorous validation to
ensure the model can effectively distinguish known active compounds from inactive
"decoy" compounds. [284]. This is typically performed by screening a benchmark
dataset, such as those provided by the DEKOIS2.0 database, which is specifically
curated for validating virtual screening protocols [285-287]. The performance of a
pharmacophore model is then quantified using metrics, such as the Receiver Operating
Characteristic (ROC) curve and its associated Area Under the Curve (AUC) value
[288], which measures the model's overall ability to separate actives from decoys. In
this thesis, a structure-based pharmacophore model was developed from the Eg5-K858
crystal structure and rigorously validated against the DEKOIS2.0 KIF11 benchmark
set. The high AUC value obtained confirmed the model's predictive power, justifying
its use as a primary filter to enrich for potential Eg5 inhibitors in our screening

workflow (see Section 4.1.1.1).

2.3.2 Structure-based drug design

When the three-dimensional structure of a biological target is elucidated at atomic or
near-atomic resolution, typically through X-ray crystallography, cryo-electron
microscopy (cryo-EM), or NMR spectroscopy, Structure-Based Drug Design becomes
a preeminent strategy for rational inhibitor discovery [289, 290]. In contrast to LBDD,
which infers requirements from active ligands, SBDD directly leverages the
architectural details of the binding site of the target. This "receptor-centric" approach
enables the design or identification of compounds with high shape and chemical
complementarity, akin to designing a key for a known lock. The ultimate goal is to

computationally predict and prioritize compounds that form stable high-affinity
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complexes with the target. The most prominent and widely used technique in the

SBDD toolbox is molecular docking [291].

2.3.2.1 The ZINC molecular database

Modern virtual screening campaigns are made possible by the existence of massive,
publicly accessible chemical databases. Among the most widely used databases is the
ZINC database, a free, curated collection of commercially available compounds
prepared specifically for virtual screening [11]. Now containing billions of unique
compound structures in ready-to-use 3D formats with precalculated properties and
annotations, a key feature of ZINC is its organization into various subsets tailored for

different discovery strategies.
For this thesis, two specific ZINC20 subsets were strategically utilized:

The ZINC Anodyne Subset: This collection of approximately 11 million "lead-like"
compounds was used for the focused screening in Track 1. The "Anodyne" designation
signifies that this subset has been computationally filtered to remove molecules with
reactive or promiscuous functional groups (e.g., PAINS - Pan-Assay Interference
Compounds), which are known to cause artifacts in biological assays. This pre-
curation provides a higher-quality, lower-risk chemical space ideal for a traditional,

structure-based virtual screening campaign aimed at identifying high-confidence hits.

The ZINC ML-Ready Subset: For the large-scale active learning campaign in Track
2, the ~1 billion compound "ML" (machine learning) subset was employed. This ultra-
large library is specifically prepared for Al-driven applications and is provided with
pre-calculated 2D Morgan fingerprints for each molecule. This pre-processing is
critical, as it eliminates the computationally expensive step of generating these
descriptors on-the-fly, making it feasible to train and run machine learning models on

a library of this immense scale.

The sheer scale and pre-processed nature of these two distinct ZINC subsets provided
the essential chemical space for our comprehensive, dual-track inhibitor discovery
efforts.

2.3.2.2 Molecular docking: Predicting and ranking molecular interactions

Molecular docking is a computational method that aims to predict the preferred

binding orientation(s) and conformation(s) of a ligand—referred to as its "pose"—
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within a target's binding site. This process involves two fundamental components: a
search algorithm to explore the vast conformational space of the ligand and a scoring
function to evaluate and rank the generated poses [292]. In a typical virtual screening
campaign, libraries containing thousands to billions of compounds are
computationally docked and the resulting scores are used to prioritize a manageable

number of candidates for subsequent experimental testing [293].

The field offers a wide array of docking programs, including academic staples such as
AutoDock Vina [294, 295], and industry standards such as Glide [296], GOLD [297],
and FRED [298]. These programs differ in their underlying methodologies. Search
algorithms can range from systematic, grid-based methods to more complex stochastic
approaches, such as genetic algorithms (which mimic natural selection to evolve better
poses) or Monte Carlo simulations (which randomly sample conformational space).
Scoring functions are equally diverse and can be broadly classified into physics-based
(calculating terms such as van der Waals and electrostatic energies), empirical (using
regression-fitted terms to reproduce experimental binding data), and knowledge-based
(deriving potentials from statistical analysis of known protein-ligand structures)
formalisms. Ultimately, all docking programs must negotiate a critical trade-off

between computational speed and predictive accuracy [299, 300].

Glide Docking: Developed by Schrodinger, Glide is an industry-leading program
renowned for its accuracy and its use of a hierarchical screening approach. It employs
a series of scoring functions with increasing computational rigor—from High-
Throughput Virtual Screening (HTVS) for rapid initial placement, to Standard
Precision (SP) for refinement, and finally to Extra Precision (XP) for highly accurate
scoring and pose prediction. This tiered approach allows for an efficient balance of
speed and precision, making it ideal for focused screening campaigns. In this thesis,
the full Glide HTVS-SP-XP cascade was employed in Track 1 to meticulously filter

and prioritize candidates from the enriched Anodyne library.

Qvina2 Docking: Qvina2 is a fork of the widely used academic program AutoDock
Vina, specifically optimized for speed and parallel processing, making it exceptionally
well-suited for large-scale virtual screening. While retaining the core search algorithm
and scoring function of its predecessor, Qvina2's enhanced performance is critical for
its application in iterative, Al-driven workflows [301]. In this thesis, Qvina2 served as

the essential high-throughput docking engine for the DeepDocking active learning
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campaign in Track 2, where its ability to rapidly dock millions of compounds per

iteration was indispensable for training the deep learning models.

A significant and well-documented challenge in virtual screening is the propensity of
scoring functions to produce a high rate of false positives, thereby ranking inactive
compounds as promising candidates. This underscores the necessity of validating the
docking protocol before its application in a large-scale screening campaign. Validation
is a multi-step process. First, the protocol's ability to reproduce the experimentally
observed binding mode is tested via "redocking," where a co-crystallized ligand is
removed and docked back into its own receptor; a low root-mean-square deviation
(RMSD) between the docked and crystal poses indicates good pose prediction
accuracy [302, 303]. Second, and more critically, the ability of the protocol to
distinguish a set of known active compounds from a much larger set of presumed
inactive "decoy" compounds must be assessed using a benchmark dataset, such as

those provided by DEKOIS2.0.

While the standard ROC-AUC is a useful global metric of a model's ability to
distinguish actives from decoys, its utility for virtual screening is limited because it
gives equal weight to the entire dataset. In practice, researchers will only
experimentally test a very small fraction of top-ranked compounds (e.g., the top 1%).
The standard ROC-AUC does not specifically reflect the model's performance in this
critical top-tier ranking [304].

To provide a more rigorous and practically relevant assessment, a predictive Receiver-
Operating Characteristic (pROC) curve and its corresponding pROC-AUC metric
were developed. The pROC curve is a semi-logarithmic plot that magnifies the initial
segment of the ROC curve using a logarithmic scale for the False Positive Rate (FPR)
on the x-axis. This focuses on the evaluation of the model's performance at very low
FPRs, directly corresponding to top-ranked virtual hits. Consequently, the pROC-
AUC value is a measure of the “early enrichment” capability of a protocol. A high
pROC-AUC value provides much stronger confidence that the docking protocol is not
just globally accurate but is specifically proficient at placing true active compounds at
the top of the ranked list, which is the primary goal of any virtual screening campaign

[305].
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In this study, both the Glide (for Track 1) and Qvina2 (for Track 2) docking protocols
were rigorously validated using the DEKOIS2.0 benchmark set. The calculated pROC-
AUC values confirmed that both protocols exhibited strong early enrichment
performance, thereby providing confidence in their ability to successfully prioritize
potential Eg5 inhibitors from the large ZINC libraries (see Sections 4.1.1.2 and
4.1.1.3).

2.3.2.3 Post-docking refinement: Molecular dynamics simulations and free

energy calculations

While molecular docking provides an invaluable snapshot of a potential protein-ligand
interaction, its reliance on a largely rigid protein structure and simplified scoring
functions are inherent limitations. Static binding poses provide a valuable but
incomplete picture, often failing to account for the dynamic nature of biological
systems, including subtle protein conformational changes upon ligand binding
(induced fit), and the explicit role of water compounds. To address these limitations
and provide a more rigorous assessment of binding stability and affinity, molecular
dynamics (MD) simulations have become a critical post-docking refinement step

[306].

MD simulations offer a dynamic atomistic view of a biomolecular system by solving
Newton's equations of motion for every atom over a period of time, typically in the
range of nanoseconds to microseconds. These simulations are performed using
powerful, specialized software packages such as GROMACS [307], AMBER [308],
NAMD [309], and CHARMM [310]. For this thesis, Desmond, a high-performance
MD engine developed by D. E. Shaw Research and integrated into the Schrodinger
Suite, was utilized. Desmond is particularly well-suited for drug discovery
applications due to its optimization for running long-timescale simulations on
Graphics Processing Units (GPUs), leveraging scalable algorithms to efficiently model

complex biomolecular interactions [311].

The standard process for a conventional (unbiased) MD simulation involves placing
the docked protein-ligand complex into a simulation box, solvating it with explicit
water molecules, and adding ions to mimic physiological conditions. After an initial
energy minimization and an equilibration period to stabilize the system's temperature

and pressure, a "production" simulation is run [312]. While the unbiased MD
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simulations employed in this thesis are ideal for assessinGbinding pose stability, it is
worth noting that more specialized techniques such as steered MD (SMD) or umbrella
sampling can be used to probe ligand dissociation pathways or calculate rigorous
absolute free energies of binding, respectively. The resulting trajectory provided a

wealth of information [313]. Key analyses include:

Root-Mean-Square Deviation (RMSD): The RMSD of the protein backbone and
heavy atoms of the ligand were monitored over time. A low, stable ligand RMSD
relative to the protein indicated that the compound had a stable binding pose and did

not drift out of the binding pocket [314].

Interaction Analysis: The persistence of specific interactions (e.g., hydrogen bonds,
hydrophobic contacts, and salt bridges) between the ligand and protein residues can be
tracked throughout the simulation. This dynamic analysis is far more informative than
the single snapshot provided by docking, confirming the interactions that are truly

stable and significant [314].

The persistence of specific interactions (e.g., hydrogen bonds, hydrophobic contacts,
and salt bridges) between the ligand and protein residues can be tracked throughout
the simulation. This dynamic analysis is far more informative than the single snapshot

provided by docking, confirming the interactions that are truly stable and significant.

In this thesis, MD simulations served as a critical final filter used to confirm that the
top-ranked candidates from both screening tracks formed stable complexes with Eg5
and maintained key binding interactions over time, thereby filtering out promising-

looking but dynamically unstable binding poses.

Furthermore, the trajectories generated by MD simulations can be used to calculate
binding free energies with greater accuracy than docking scores. End-point methods,
such as MM/PBSA and MM/GBSA (molecular mechanics/Poisson-Boltzmann or
generalized Born surface area), calculate the free energy of binding by averaging
energetic contributions over hundreds or thousands of snapshots from the equilibrated
trajectory [315]. The binding free energy (AGbind) was calculated as the difference
between the energy of the complex and the energies of the individual proteins and
ligands, including contributions from the molecular mechanics energy (AEMM),
solvation free energy (AGsolv), and conformational entropy (—TAS). While

computationally intensive and often neglecting the entropic term for throughput, these
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methods generally provide a better correlation with experimental binding affinities
than docking scores and are invaluable for differentiating between high-quality
candidates [316]. This approach was central to the final prioritization of compounds

for experimental testing in our study.

2.3.3 ADMET prediction

For a compound to become a successful drug, its potent activity against its target is not
sufficient; it must also possess a favorable safety and pharmacokinetic profile. This
profile is often summarized by the acronym ADMET: Absorption, Distribution,
Metabolism, Excretion, and Toxicity. Poor ADMET properties are a major cause of
late-stage failures in drug development [317, 318]. Therefore, the computational
prediction of these properties at an early stage is crucial for prioritizing candidates with
a higher likelihood of clinical success. One of the most influential guidelines for
predicting good oral bioavailability is Lipinski's Rule of Five, which sets thresholds
for molecular weight, lipophilicity (LogP), and hydrogen bonding capacity [319].
Throughout the filtering cascade of this thesis, particularly after the initial large-scale
screenings, ADMET-based filters, including Lipinski's rules and other criteria, such as
polar surface area, were applied to eliminate compounds with predicted unfavorable

properties and enrich for more "drug-like" candidates.

2.4 Artificial Intelligence in Drug Discovery

The traditional drug discovery pipeline, fraught with high costs, long timelines, and
staggering attrition rates, is undergoing a paradigm shift driven by the integration of
Artificial Intelligence (AI) [320, 321]. Al, a broad field of computer science
encompassing Machine Learning (ML) and its subfield Deep Learning (DL), leverages
complex algorithms to learn from vast datasets. This enables predictive modeling and
automated decision-making capabilities that can accelerate and de-risk nearly every
stage of pharmaceutical R&D, from initial target identification to preclinical

development [322, 323].

The trajectory of Al in drug discovery has evolved from early expert systems and
classical QSAR models to the sophisticated deep learning architectures of today [321,
324]. This rapid evolution has been fueled by a confluence of three critical factors: the

explosion of "big data" from high-throughput technologies (e.g., genomics,

109



transcriptomics, proteomics, HTS); significant advances in computational hardware,
particularly the parallel processing power of Graphics Processing Units (GPUs); and
the concurrent development of novel Al algorithms and model architectures [320, 322,
323]. The impact of this convergence is profound. Landmark achievements, such as
DeepMind's AlphaFold, which can now predict protein structures with experimental-
level accuracy, have fundamentally altered the landscape of structural biology and
target-based design [325]. Furthermore, the progression of Al-designed drugs into
clinical trials by companies like Insilico Medicine and BenevolentAl has provided
tangible proof that Al has moved from a conceptual novelty to a practical and

indispensable tool in modern drug discovery [320].

Al-driven strategies are now being applied with increasing sophistication across the

discovery pipeline:

Target Identification and Validation: This initial stage, which determines the entire
direction of a drug discovery program, involves identifying biological compounds
whose modulation could lead to a therapeutic effect. Al excels at integrating and
mining heterogeneous, large-scale data to uncover novel disease-target relationships
that may be missed by human researchers. For example, Natural Language Processing
(NLP) models, such as those based on transformer architecture (e.g., BioBERT), can
scan millions of scientific articles, patents, and clinical trial records to perform named-
entity recognition and relationship extraction, thereby identifying latent connections
between genes, pathways, and diseases [326]. Furthermore, Knowledge Graphs (KGs)
structure this extracted information into a vast network of interconnected biological
entities. By applying graph-based algorithms to these KGs, researchers can infer non-
obvious relationships, such as predicting that a protein involved in one pathway might
also play a role in a disease previously thought to be unrelated, thus generating novel
testable hypotheses [327]. Perhaps most transformatively, the advent of highly
accurate protein structure prediction models such as AlphaFold allows for the
immediate computational assessment of a novel target's "druggability"—the presence
of viable binding pockets—on a proteome-wide scale, a task that previously required

years of experimental work [328].

Hit Discovery and De Novo Design: Once a target is validated, the search for "hit"
compounds begins. Al accelerates this process in two ways. First, predictive models

are used to screen ultra-large virtual libraries. Machine learning models, such as
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Random Forests, Gradient Boosting Machines, or Deep Neural Networks, are trained
on large datasets of known ligand-target interactions (e.g., from databases such as
ChEMBL) to learn a complex function that maps a compound's chemical features to
its biological activity. These trained models can then be deployed to rapidly provide a
'hit-likeness' score for billions of compounds, prioritizing a small, enriched subset for
more resource-intensive analysis like docking or experimental testing [329, 330].
Second, a more advanced strategy is generative de novo design. Instead of merely
finding compounds in existing libraries, these models create entirely new compounds.
Architectures such as Generative Adversarial Networks (GANSs), Variational
Autoencoders (VAEs), and transformers learn the underlying "grammar" of chemical
structures and stability from vast datasets. They can then be conditioned to generate
novel compounds that are not only chemically valid but also optimized a priori for
specific properties, such as a high predicted affinity for the target protein and favorable
ADMET characteristics [219, 331].

Lead Optimization and ADMET Prediction: A "hit" compound rarely possesses all
the properties required for a drug. The lead optimization phase involves iteratively
modifying its chemical structure to improve potency, selectivity, and ADMET profile.
Al provides crucial guidance for this multi-parameter optimization (MPO) challenge.
Instead of the traditional, often intuitive, 'one-compound-at-a-time' synthesis cycle,
ML models can predict the impact of a proposed chemical modification on a whole
suite of properties simultaneously [332]. For instance, specialized Graph Neural
Network (GNN) models can predict a compound's potential to block the hERG
potassium channel (a key indicator of cardiotoxicity), identify the most likely sites of
metabolism by cytochrome P450 enzymes, or flag it for potential hepatotoxicity based
on its substructures [333, 334]. By integrating these predictions early in the design
cycle, chemists can steer optimization efforts away from compounds destined for
failure, thereby significantly improving the efficiency and success rate of preclinical

development.

2.4.1 Navigating ultra-large chemica spaces: From hierarchical screening to Al-

acceleration

The advent of "make-on-demand" chemical libraries from vendors such as Enamine

has revolutionized hit discovery, expanding the accessible chemical space from
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millions to tens of billions of compounds [335]. While this presents an unprecedented
opportunity to find novel chemical matters, it also creates a significant computational
challenge: the brute-force virtual screening of such ultra-large libraries with
conventional docking methods is computationally intractable, as it would require years

of continuous computation even on large clusters [336].

Several strategies have been developed to address these challenges. Early approaches
relied on hierarchical filtering, where a massive library was sequentially passed
through a cascade of increasingly complex and computationally expensive filters. This
often begins with simple 2D property filters (e.g., ADMET rules and substructure
alerts), followed by faster 3D methods such as pharmacophore or shape-similarity
screening, to progressively reduce the library size before committing to full molecular
docking on a much smaller, enriched subset [337, 338]. While effective, this approach
risks discarding novel scaffolds that may not conform to predefined filters based on

known activities.

The true breakthrough in navigating these vast chemical spaces has resulted from the
application of Artificial Intelligence. Machine learning models trained on smaller,
representative datasets can learn to predict the outcome of a more expensive
calculation (such as a docking score) for the rest of the library. This allows for
intelligent pre-selection of candidates, drastically reducing the number of compounds
that require full docking [12, 339]. This principle has given rise to a new generation

of Al accelerated screening methods.

One of the most powerful and widely adopted methods is active learning, which is a
strategy in which the machine learning model is iteratively improved during the
screening process. The DeepDocking (DD) protocol, developed by Gentile et al., is a
prime example of an active learning framework designed specifically for ultralarge
library virtual screening [12, 340]. It fully combines the physical realism of the
established docking programs with the predictive speed of deep learning. The protocol

operates in a cyclical iterative manner.

Initial docking and training: The process begins by docking a small, randomly
sampled subset (e.g., 0.1%) of the massive library using a conventional docking
program (e.g., Glide and Qvina2). The resulting docking scores and their

corresponding molecular fingerprints were used to train an initial Deep Neural
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Network (DNN). The DNN learns to approximate the complex, nonlinear relationship
between a compound's 2D structure (represented by its fingerprint) and its predicted

3D binding score from docking [341].

Inference and prioritization: The trained DNN, which can make predictions
thousands of times faster than the docking program, was then used to rapidly screen
the entire remaining portion of the library. It assigns a predicted "hit-likeness" score
to every compound, prioritizing a new smaller subset of compounds that are most

likely to achieve high docking scores [341].

Iterative refinement: This newly prioritized subset is docked using a conventional
program. New, high-quality data were added to the training set, and the DNN was

retrained. This new, more intelligent model was used to screen the library again [341].

The active learning cycle was repeated several times. With each iteration, the training
set became progressively enriched with high-scoring compounds, allowing the DNN
to become increasingly accurate in identifying the most promising areas of the vast
chemical space. This intelligently guided exploration allows researchers to focus their

limited computational resources on the compounds that matter the most.

The DD protocol has been demonstrated to accelerate the screening of billion-scale
libraries by 50- to 100-fold compared with conventional brute-force docking, while
successfully retrieving the vast majority of top-scoring hits [340]. It has been
successfully applied to discover novel inhibitors for a range of targets, including the
SARS-CoV-2 main protease, by screening libraries of as many as 40 billion

compounds [342].

The application of the DeepDocking protocol constitutes the second and most
expansive screening track in this thesis. By employing this state-of-the-art active
learning strategy, we were able to efficiently explore the 1 billion-compound ZINC20-
ML library for novel Eg5 inhibitors, a scale that would be intractable with conventional
methods alone. This approach allowed for a much broader search for chemical novelty
than the more focused classical screening of Track 1, maximizing our chances of

discovering structurally unique and potent hit compounds.
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2.5 Hypothesis

The extensive review of the literature presented in the preceding sections culminates
in a clear yet paradoxical conclusion: the kinesin motor protein Eg5 is an exceptionally
well-validated and high-value target for anticancer therapy, yet no inhibitor targeting
it has successfully reached the market. The literature unequivocally establishes that:
(i) Eg5 is indispensable for mitotic spindle bipolarity and is thus essential for the
proliferation of cancer cells; (ii) its overexpression is a hallmark of numerous human
malignancies and is strongly correlated with poor clinical prognosis; and (iii) selective
allosteric inhibition of its non-conserved Loop L5 pocket is a proven strategy for
inducing mitotic arrest and apoptosis. The persistent clinical failure, therefore, does
not invalidate the target itself but rather points to a critical deficiency in the chemical
matter of the inhibitors developed to date, which have been consistently hampered by
a narrow therapeutic window, dose-limiting toxicities such as neutropenia, and the

emergence of resistance.

Therefore, the central challenge is the discovery of novel chemical scaffolds that can
retain potent and selective L5-pocket-mediated inhibition while possessing superior
pharmacological and safety profiles. This dissertation is founded on the premise that
this challenge can be effectively addressed by employing a comprehensive dual-track
computational strategy that combines established and state-of-the-art Al-driven

methodologies to explore the chemical space on an unprecedented scale.

Based on this comprehensive understanding, this dissertation is founded on the

following central hypothesis and its subordinate computationally testable components.
General hypothesis:

The central hypothesis of this dissertation is that a rationally designed, multi-step
CADD workflow integrating advanced computational techniques can successfully
identify novel and structurally diverse small-compound inhibitors of human kinesin,
Eg5. By combining focused, structure-based screening (Track 1) with a more
exploratory, Al-accelerated active learning campaign (Track 2), this study posits that
it will uncover distinct chemical scaffolds targeting the validated allosteric Loop L5
pocket. It is hypothesized that these novel compounds will represent superior starting
points for the development of next-generation therapeutics capable of overcoming the

well-documented clinical limitations of previous candidates.
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Specific hypotheses:

To address this overarching hypothesis, the following specific computationally

testable hypotheses were formulated:

Hypothesis of dual-track discovery and scaffold diversity: Focused, structure-
based virtual screening of the ZINC Anodyne library (Track 1) will effectively
"scaffold hop" beyond the known chemical series to identify novel, active chemotypes.
In parallel, the Al-driven DeepDocking campaign against the billion-scale ZINC-ML
library (Track 2) will explore a much larger chemical space, leading to the discovery
of entirely new and structurally diverse chemical classes that are inaccessible through

conventional screening methods.

Hypothesis of stable binding and mechanistic fidelity: The top-ranked novel
compounds emerging from both distinct screening tracks, when subjected to rigorous,
all-atom molecular dynamics (MD) simulations, demonstrate dynamically stable and
persistent binding within the L5 allosteric pocket. It is predicted that these stable
binding modes will not only be energetically favorable, but also recapitulate the key
intermolecular interactions critical for potent inhibition, such as hydrogen bonding
with residues such as Glul16 and Argl19, and hydrophobic packing against Tyr211
and Leu214, providing a biophysical basis for a durable inhibitory effect beyond a

static docking score.

Hypothesis of superior binding energetics from Al-driven discovery: Post-
simulation analyses using binding free energy calculation methods (e.g., MM/GBSA)
will provide a quantitative rationale for the high predicted affinity of prioritized
candidates. It is hypothesized that the candidates from the Al-accelerated Track 2 will
exhibit profoundly more favorable calculated binding free energies not only compared
to known reference inhibitors, but also compared to the candidates identified via the
more conservative Track 1, providing a strong energetic rationale for their superior

potential potency.

Hypothesis of improved therapeutic potential through chemical novelty: The
portfolio of computationally and experimentally validated lead compounds possessing
novel scaffolds identified from both tracks will represent a rich set of starting points
for future medicinal chemistry optimization. It is postulated that the structural diversity

of these frameworks will increase the probability of identifying candidates that
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circumvent the liabilities of previous inhibitor classes, offering the potential for
improved ADMET profiles and reduced susceptibility to class-specific resistance
mechanisms, thus directly addressing the primary obstacles that have hindered the

clinical translation of Eg5 inhibitors to date.

The successful validation of these hypotheses through the computational and
experimental methodologies detailed in subsequent chapters will provide a set of
novel, high-potential lead compounds, thereby making a significant contribution to the
ongoing quest for a clinically successful Eg5-targeted anticancer therapeutic and

potentially revitalizing this promising field of research.

In summary, the literature highlights the need for novel Eg5 inhibitors and the promise
of advanced computational techniques. Based on this, we hypothesize that combining
structure-based and Al-driven virtual screening will yield new Eg5 inhibitor scaffolds.
In the next chapter, we detail the materials and methods used to implement this

strategy.
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3. MATERIALS AND METHODS

3.1 In silico Calculations

3.1.1 General workflow organization

The virtual screening campaign proceeded along two parallel tracks, as illustrated in

Figure 3.1.

rmacophore

Rl (lixecuted DecpDocking-Dased Workflo ted on JUSTUSZ
HPC

LITVS Dacking

XP Docking

MV-GESA Rescoring

Figure 3.1 : General overview of the dual track of the virtual screening studies.
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GPU Shape similarity and Phase pharmacophore screening guided virtual
screening workflow

An initial library of ~11 million lead-like compounds was retrieved from the ZINC20-
Anodyne subset [11]. The compounds were filtered sequentially by GPU Shape
similarity screening [343] and Phase [344] pharmacophore screening queries that
captured the key steric and hydrogen-bond features of the Eg5 AS-I pocket. Obtained
compounds were docked with Glide in HTVS mode and re-scored using SP and XP
modes and Prime MM/GBSA, respectively [283, 345]. Poses that satisfied the
predefined interaction pattern were subjected to 250 ns explicit-solvent molecular
dynamics simulations, followed by MM/GBSA trajectory binding free energy
calculations. Compounds that remained stably bound and displayed favorable binding

energies were selected for subsequent ATPase assays.

DeepDocking — Qvina2 workflow

A second virtual screening campaign was executed on the JUSTUS2 high-
performance cluster between January and July 2024, starting from the 1 billion-
compound ZINC20-ML molecular database [13]. Active learning procedure were
carried out for 10 iterations: in each iteration a random sample was docked with
Qvina2 [301], a DNN model was trained on the resulting scores, and the model was
used to prioritize the next sample compounds identified through the DeepDocking
pipeline [340] and subsequent filtering stages (including Qvina2 docking of ML-
prioritized hits, ML score, Qvina2 score, and ADME property evaluation) were re-
prepared using LigPrep (preserving existing stereoisomers and charge states) [346],
redocked with Glide HTVS and XP, rescored by MM/GBSA, and evaluated in 100 ns
MD simulations and MM/GBSA trajectory energy calculations. Complexes that
remained stable and displayed favorable energies entered the same experimental

validation queue as candidates from the first track.

The dual approach was adopted to preserve chemotype diversity while ensuring
adequate coverage of ultra-large chemical space. Detailed parameters, software

versions and validation metrics are provided in the following subsections.

3.1.2 Computational infrastructures and software versions

Computational studies were conducted utilizing a combination of local high-
performance workstations and the JUSTUS2 high-performance computing (HPC)

cluster. Job management and scheduling on the JUSTUS2 cluster were handled using
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Slurm [347]. A dedicated Conda environment was configured for the DeepDocking

workflow to ensure reproducibility and manage dependencies.

The Schrodinger Suite [348]was extensively used for various stages of the "GPU
Shape similarity and Phase pharmacophore screening" track and for the post
DeepDocking refinement of hits from the second track. Work was performed using
versions ranging from 2021-4 to 2024-4 (Schrodinger, LLC, New York, NY), with
specific modules and their corresponding versions within this range applied as

appropriate for each stage of the research.
Key modules included:

Maestro: Used for overall project management, visualization, protein preparation (via
the Protein Preparation Wizard), ligand preparation (LigPrep), grid generation,

binding interaction analysis, and general molecular modeling tasks.

Epik: Employed within the Protein Preparation Wizard for predicting protonation and

tautomeric states [346].

Create Shape Data File module & GPU Shape Screening module: Used for 3D
shape-based virtual screening, leveraging GPU acceleration on graphics processing

units.

Phase: Employed for pharmacophore model development (E-Pharmacophore),

generation of conformer databases, and pharmacophore screening.
Glide: Used for all docking calculations (HTVS, SP, and XP modes).
Prime: Utilized for MM/GBSA energy calculations and minimizations.

Desmond: Employed for performing explicit-solvent molecular dynamics simulations

[311].
Canvas: Used for similarity and clustering analyses [349].

For the "DeepDocking workflow", subsequent analysis, and visualization, the

following software and tools were central:

DeepDocking protocol: Following the general procedures outlined by Gentile et al.,

with specific adaptations as described herein.
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Python: Utilized for custom scripting, data parsing, workflow automation, and
analysis of simulation results. Key libraries included pandas for data manipulation,

and matplotlib/seaborn for generating plots [350-353].

Bash Scripting: Used for automating the multi-step workflows and managing job

submissions on the HPC cluster [354].

Qvina2 v2.1: The primary docking engine for the high-throughput docking stages

within the DeepDocking active learning iterations.

ADFRsuite vl.1dev: Used for receptor preparation, including hydrogen addition and
PDBQT file generation [355].

PyMOL Schrédinger, LLC: Utilized for molecular visualization, selection of
specific protein chains, removal of unwanted compounds, and determination of grid

box coordinates [356].

Meeko v0.5.0: Utilized for ligand preparation via scripts using for converting

molecular files into desired format [357, 358].

RDKit v2024.03.1: Utilized for the calculation of molecular properties (e.g., LogP,
TPSA, molecular weight) for drug-likeness filtering, 3D conformer generation from
SMILES strings via the script using the MMFF94 force field [359], custom Python
scripts employing RDKit [360] for reading and batching SDF files, and for processing
PDBQT files via the Meeko API.

MayaChemTools: Utilized to generate the scripts for 3D conformer generation from

SMILES strings [361].

Conda: Utilized for managing software packages and creating isolated, reproducible
environments to ensure all dependencies for the DeepDocking workflow were

correctly installed and version controlled.

Docker: Used to create a containerized environment for the automated DeepDocking
workflow, including protein and ligand preparation steps, ensuring standardized

execution and reproducibility [362].

GraphPad Prism 9: Employed for the statistical analysis of in vitro assay data,

calculation of ICso values, and generation of dose-response curves [363].
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The operating system for computational tasks was predominantly Linux-based. Data
storage and management relied on dedicated high-speed storage solutions, including
the use of temporary directories on the HPC cluster for intermediate docking files.
Access to molecular databases such as ZINC20 (Anodyne subset dated March 2020,
and ML subset dated March 2021; both accessed and utilized in early to mid-2024)
and benchmark sets like DEKOIS 2.0 [285-287] were as described in their respective

methodological sections.

3.1.3 Protein preparation

The crystal structure of Eg5 in complex with ADP and the inhibitor K858 (PDB Entry:
6G6Y; 1.80 A) was chosen for our virtual screening studies and obtained from the
RCSB Protein Data Bank [364]. The protein, ADP, and K858 atoms were retained,
while all other atoms were deleted. Hydrogen atoms (pH 7.4) and any missing side
chain atoms were incorporated using the Protein Preparation Wizard module [365].
During the Epik protonation step, alternative protomer/tautomer states within +1 pK,
were sampled, and the lowest-energy states for ADP and K858 were selected. The N-
and C-terminals of the protein were capped with N-Acetyl and N-Methyl Amide,
respectively. Finally, the system was minimized using the OPLS4 force field [366].

For the DeepDocking workflow utilizing Qvina2, the Eg5 structure (PDB: 6g6y)
underwent a separate preparation pipeline. Initially, hydrogen atoms were added using
the reduced program from ADFRsuite. The resulting structure was loaded into
PyMOL, where Chain A was isolated by removing Chain B, solvent compounds,
organic cofactors (excluding the ligand of interest if needed for grid definition but not
part of the receptor PDBQT), and metal ions. The cleaned structure containing only
Chain A was saved as a PDB file. This prepared PDB file was then converted into the
PDBQT format required by Qvina2 using the receptor preparation utility from
ADFRsuite. This script automatically added polar hydrogens, merged non-polar
hydrogens, assigned Gasteiger charges, and set AutoDock4 [357] atom types. The final
receptor PDBQT file was stored in a designated directory. These protein preparation
steps were incorporated into automated scripts managed within the Docker

environment for the DeepDocking workflow.

121



3.1.4 Ligand preparation

3.1.4.1 ZINC20 - anodyne molecular database

The ZINC20 - Anodyne database, consisting of ~11 million compounds, was selected
for the first path of the study. The structures were downloaded in SMILES format and
converted into shape data files for shape screening using the Create Shape Data File
module. The ligands were prepared using the LigPrep tool. To this end, all protomeric
states at pH 7.0 = 2.0 were created. The chiral centers of compounds with known
stereochemistry were maintained, and all possible stereoisomers were created for all
other chiral centers. Subsequently, all generated ligand structures were energy-

minimized using the OPLS4 force field.

3.1.4.2 ZINC20 - ML ready-to-use molecular database

The "1 billion compounds" subset of the ZINC20-ML directory (100 x 10 million
SMILES, about 1 billion compounds) was obtained as open-access, ready-to-use data
for the DeepDocking workflow. The source archive, dated March 2021, maintains
detailed stereochemistry and provides a unique ZINCID index identification for each
compound, distinguishing specific stereoisomers. The ZINC team preselected the

dominant tautomeric and protonation states at pH 7.4, as necessary.

The downloaded archive contained 100 files (for example, smiles_all *. txt, each with
10 million compounds) was extracted, and its contents were stored in a conveniently
named directory. The associated archive, containing precomputed Morgan fingerprints
(radius 2, 1,024 bits), was extracted to another directory (e.g., within the main
DeepDocking project folder). The integrity and continuity of these files were
confirmed using the DeepDocking protocol. This setup provided a foundational

chemical space for active learning campaigns.

3.1.5 Development and validation of pharmacophore models.

Pharmacophore hypotheses were developed based on the ligand-protein binding
interactions observed in the Eg5-K858 co-crystal structure using the E-Pharmacophore
model of the Phase module, with default settings applied. The binding pocket was
determined by selecting all amino acids located within 5 A of the co-crystallized

ligand, and these amino acids were used to define an excluded volume. Essential
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pharmacophoric characteristics have been recognized to develop models, particularly

hydrogen bond acceptors (A), hydrophobic groups (H), and aromatic groups (R).

The pharmacophore models that were created were validated using the DEKOIS 2.0
benchmark set, which includes 40 active compounds and 1,200 decoys. For this
purpose, 50 conformers were generated for each compound in the benchmark set using
the Create Phase Database module [344]. Subsequently, the generated database was
evaluated using pharmacophore models through a Phase pharmacophore screening
module. The performance of the generated pharmacophore models was evaluated
against the DEKOIS 2.0 benchmark set, and the model demonstrating the best ability
to distinguish known actives from decoys (based on standard metrics such as

enrichment factor and ROC AUC) was selected for screening the Anodyne set.

3.1.6 Development and Validation of Docking Protocols

Glide protocol: A grid box was created around the center of the co-crystallized ligand
within the protein crystal structure to delineate the binding pocket, utilizing the Grid
Generation module. All side chain hydroxyl groups within 5 A of the cocrystallized
ligand, which were not part of the protein hydrogen-bonding network, were permitted
to undergo free rotation. Docking studies were conducted using the Glide module with
default settings. A retrospective docking study was initially performed using HTVS
settings, during which the RMSD of the docked and co-crystallized K858 poses was
assessed. In the second phase, the DEKOIS2.0 benchmark set was subjected to
docking using the same protocol, and the pose with the highest score for each
benchmark ligand was preserved. Subsequently, the poses were re-scored using the
SP, XP, and MM/GBSA functions. The predictive performance of the docking
protocol was assessed by generating pPROC curves and calculating the area under the

curve (AUC) values , which indicated its suitability for subsequent screening.

Qvina2 protocol: For protocol validation and docking with Qvina2, the grid box was
defined based on the coordinates of an atom within the co-crystallized ligand K858 in
chain A of the PDB entry 6G6Y. These coordinates were obtained using PyMOL,
yielding the center of the grid (e.g., center x = 10.77, center y = 17.62, and center z
= 1.32). Standard dimensions of 20 x 20 x 20 A (size x, size y, size z) were used for
the grid box. These parameters were specified in the Qvina2 configuration file. The

receptor PDBQT file was prepared as detailed in Section 3.1.3. Ligands for validation

123



(DEKOIS 2.0 KIF11 actives and decoys) were prepared as batched SDF files (Section
3.1.10.1) and subsequently converted to the PDBQT format using the procedure
described in Section 3.1.10.2. The docking runs employed default settings. After
docking, heavy-atom RMSD values for the re-docked ligand and early enrichment
statistics for the benchmark set were calculated, as described in the Results and

Discussion section.

3.1.7 GPU shape screening

The GPU shape-screening methodology is a ligand-centric virtual screening approach
aimed at identifying compounds that exhibit three-dimensional structural similarity to
reference inhibitors. A reference collection of effective and structurally varied Eg5
inhibitors was established, including 32 co-crystallized ligands and eight compounds
sourced from the CHEMBL database (Figure 3.2) [367]. This dataset was categorized
using the Canvas Similarity and Clustering tool [293] with the following parameters:
Tanimoto similarity metric; atom classification system classified by functional type:
{H}, {C}, {F, Cl}, {Br, I}, {N, O}, {S}, {other}; bond hybridization; dendritic
fingerprint type; and centroid linkage approach. A question was formulated using the
13 structurally distinct substances shown within the red circles in Figure 3.2. The shape
data files of the Anodyne ligands were later filtered using this query with default

settings without applying any similarity score threshold.

Figure 3.2 : Representative Eg5 inhibitors retrieved from the RCSB Protein Data
Bank and the CHEMBL database.
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3.1.8 Phase pharmacophore screening

All the compounds that survived the shape-based filter were subjected to Phase
pharmacophore screening. The workflow followed the default module settings. Using
Create Database (Phase GUI), each ligand was expanded into up to 50 low-energy
conformers with ConfGen (OPLS4; energy window = 10 kcal mol™; RMSD cut-off =
1.0 A; ring sampling = enhanced; amide trans enforcement = on). The protonation
states, tautomers, and stereoisomers previously generated in LigPrep were kept
unchanged, and no additional enumeration was performed at this stage. Screening
employed the validated PM1 e-pharmacophore (features: H-bond acceptor, aromatic
ring, and hydrophobic group) derived from the 6G6Y-K858 complex. Default Phase
tolerances were retained: feature distance tolerance = 2.0 A, vector/angle tolerance =
30°, and volume shell sampling = 1.0 A. The tree-based flexible-ligand algorithm
explored all conformers; at least two of the three pharmacophore features were
required, aromatic ring equivalence was allowed, and duplicate alignments within 0.5
A RMSD were discarded. Hits were exported in SDF format for subsequent docking.
This procedure produced a pharmacophore-filtered library, which was immediately

passed to the Glide docking stage.

3.1.9 Docking, re-scoring, and candidate selection

The compounds that had successfully passed the Phase pharmacophore filter (as
detailed in Section 3.1.8) were subsequently advanced to a meticulous, hierarchical
docking and rescoring protocol using the Schrodinger Suite. All computational efforts
were specifically targeted at the allosteric Loop L5 pocket of Eg5. For this, a
predefined grid was utilized, based on the co-crystallized K858 ligand found in the
6G6Y PDB structure (the setup of which is described in Section 3.1.6). The screening

and selection strategy involved the following carefully sequenced stages.

High-Throughput Virtual Screening (HTVS) Docking: Initially, each compound
was positioned within the L5 pocket using the HTVS mode of Glide. At this stage, the
main objective is to produce a varied assortment of possible binding poses. In this
phase, standard parameters were utilized, which involved adjusting the non-polar van
der Waals radii of the ligand atoms to 0.80, and implementing a partial atomic charge

threshold of 0.15 e. Among the various poses generated for each ligand, the top 10%
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were chosen for further evaluation based on their HTVS docking scores, indicating

their superior performance in the initial screening.

Standard Precision (SP) re-scoring: The selected promising poses from the HTVS
stage underwent a rescoring process. The Glide SP scoring function was used for this
objective. This phase aimed to enhance initial scores through a more thorough
evaluation process. Following the rescoring process, the set of poses was subjected to
further filtration, retaining only those that were classified within the top 10%,

according to their SP docking score.

Extra Precision (XP) re-scoring: The poses that successfully passed the SP rescoring
filter were subjected to an even more stringent evaluation using the Glide XP scoring
function. Consistent with the tiered approach, only the poses ranking in the highest

10% based on their XP docking cores were included in the final rescoring step.
C

Final Candidate Selection: Compounds, represented by their top-scoring and
thoroughly rescored poses, that passed the MM/GBSA score threshold were subjected
to further in-depth examination. This focused on their predicted binding interactions

and overall compatibility within the L5 allosteric site, involving two distinct sub-steps:

Automated Interaction Analysis: The retained poses were automatically analyzed
using Maestro’s interaction fingerprint utility. This served to identify and confirm the
presence of key interaction motifs that are known to be characteristic of L5 site
binders. The specific interactions monitored included hydrogen bonds with the side
chains of Glul16 and Glul18, n—r stacking interactions with Trp127, and significant
hydrophobic contacts within the pocket defined by residues such as Leull9 and
Pro137 [135]. Only compounds whose poses exhibited at least two of the predefined

key interactions were retained for the final visual check.

Manual visual inspection: The remaining candidates were subjected to rigorous
manual visual inspection using Maestro software. The aim of this study was to confirm
that the ligand pose demonstrated adequate shape complementarity within the binding
pocket and to ensure the absence of significant steric clashes with receptor residues. It
was also verified that the ligand conformations and torsional angles were energetically

reasonable and geometrically plausible.
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Compounds that successfully navigated all stages of this hierarchical pose generation,
rescoring, and multifaceted filtering protocol were considered the most promising
candidates from this screening track. These selected compounds were subsequently
advanced to detailed molecular dynamics simulations (as described in Section 3.1.12)
for a more thorough evaluation of their binding stability and dynamic behavior within

the target site.

3.1.10 DeepDocking workflow

An active learning strategy employing the DeepDocking framework was implemented
between January and June 2024 to identify potential hit compounds iteratively. This
process involved multiple cycles of molecular docking, machine learning model
training, and inference, as detailed below. The entire workflow, including the Qvina2
docking pipeline and the associated protein and ligand preparation steps, was
automated using custom scripts and managed within a Docker container to ensure a
consistent and reproducible computational environment. The workflow was executed
using Slurm for job submission to a high-performance computing cluster. The
computations were performed in a dedicated conda environment. A text file was
created in the project folder to specify the project paths, library locations, and other

parameters, as required by the DeepDocking scripts.

3.1.10.1 Initial compound library sampling and conformer generation

At each of the 10 DeepDocking iterations, an initial sampling or selection step was
performed. For the first iteration, the relevant bash script named “phase 1 was used
to randomly sample 1,000,000 compounds from the related directory. This script
generated text files (containing ZINC IDs of the sampled compounds), corresponding
SMILES files within a smile subdirectory, and importantly, corresponding Morgan

fingerprint files within a morgan subdirectory of the current iteration folder.

The SMILES files were then processed to generate the 3D conformers. Using the script
generated by MayaChemTools, SDF files were created for each set (training,
validation, and testing). This script employed the ETKDG v2 [368] embedding
protocol (--enforceChirality yes), generated a single conformer per compound, used
the MMFF94 force field, and had a maximum of 1,000 optimization steps. The

resulting SDF files are saved in a subdirectory within the current iteration folder.
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For subsequent Qvina2 docking, these generated SDF files were moved to a a directory
within Qvina2 working path. Here, the custom Python script (utilizing RDKit's
Chem.MultithreadedSDMolSupplier) was employed to divide the large SDF files into

smaller, more manageable batches to facilitate parallel processing during docking.

3.1.10.2 Ligand preparation for Qvina2 docking

Each batched SDF file served as an input for the PDBQT conversion. This was
performed using the mk prepare ligand.py script (attributed to Meeko v0.5.0),

executed with the command:

mk prepare ligand.py --rigid macrocycles -i {input_sdf batch} --multimol outdir
{temp pdbqt dir}.

The output PDBQT files for each ligand were written to a temporary directory.
Molecular docking was then performed using Qvina2 against the prepared Eg5
receptor PDBQT (Section 3.1.3) and a defined configuration file (Section 3.1.6).
Docking for each ligand PDBQT file was executed in parallel using multi-processing
module of Python (typically utilizing 46 processes). Each Qvina2 instance was run

with the command:

Jqvina --receptor {receptor.pdbqt} --config {config.txt} --ligand {ligand.pdbqt} --cpu
8 --out {output ligand.pdbqt} --num_modes 1.

Binding poses were saved in PDBQT format in a subdirectory within the temporary

directory.

3.1.10.3 Post-docking processing and score extraction

Following Qvina2 docking, the output PDBQT files, containinGbinding poses and
REMARK lines with docking scores (e.g., "REMARK VINA RESULT: -9.1 ..."),
were processed. A custom Python script utilizing the Meeko library and RDKit
converts each docked PDBQT file back into an SDF format. During this conversion,
docking scores and other relevant information from the PDBQT REMARK lines were
parsed and embedded as properties in the output SDF files. These individual SDF files
are saved in a temporary output directory. Subsequently, all SDF files corresponding
to a given set (e.g., training set for iteration 1) were merged into a single SDF file and

stored in a related directory.
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To prepare data for machine learning model training, the generated and modified
scripts processed these merged SDF files (or the intermediate PDBQTs/SDFs) to
extract the ZINC ID and primary docking score for each compound. This information
was compiled into comma-separated value files named text files, which were stored in
the project directory respectected to iteration. These label files served as direct inputs

for the subsequent machine learning model training phase.

3.1.10.4 Machine learning model training

Following docking and score extraction, deep learning models were trained using the
phase 4 script, utilizing the generated labels containing text files (from Section
3.1.10.3) and the corresponding Morgan fingerprints [369] of the sampled compounds
(from the morgan subdirectory mentioned in Section 3.1.10.1). In each of the 10
iterations, 24 machine learning models were trained. The script was configured as
summarized below, running from its location within the DeepDocking Protocol

directory.

The phase 4.sh script was executed for each iteration with parameters defining the
current iteration number (1 to 10), number of label/fingerprint sets (3, for training,
validation, and testing), paths to project (~/DeepDocking/projects) and project name
(DD_Eg5), GPU partition (gpu-partition), total number of iterations (10),
progressively decreasing hit percentage thresholds for the current iteration (from 1.0
in iteration 1 down to 0.1 in iteration 10), a fixed hit percentage for the overall last
iteration (0.01), a recall value of 0.90, a maximum training time (00-20:00 days-
hours:minutes), and the Conda environment name (dd-env). Upon completion of
training in each iteration, the trained models were saved using the DeepDocking
framework within a subdirectory of the respective iteration folder. The framework also
generates a text file within the iteration directory, which documents the performance
metrics (e.g., recall, precision on the test set) of all trained models and identifies the

best-performing model based on these metrics (typically highest recall on the test set).
General command structure for phase 4.sh:

sbatch ~ phase 4.sh  <current iteration> <num_label and fingerprint sets>
<project path>  <project name>  <gpu partition>  <total iterations_setting>
<hit percent current iter> <hit percent last iter overall> <recall> <max time>

<conda_env>
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3.1.10.5 Inference and selection for next iteration

After training, the script called “phase 5 was run in each iteration with arguments
specifying the current iteration number, project path, project name, the recall value
(0.90, consistent with training), GPU partition, and Conda environment name as per
the DeepDocking protocol. Crucially, this script utilizes the best-performing model
identified in the previously mentioned text file from the training phase of the current
iteration (Phase 4), loading it from its saved location within the iteration's model
directory. The selected model was then used to predict virtual hits from the larger
unexplored chemical space (using fingerprints from the main library fingerprint
directory). These predictions (specifically, ZINC IDs of compounds listed in the
Morgan 1024 predictions text file within the respective iteration directory, e.g.,
projects/DD_EgS5/iteration N/morgan 1024 predictions/) formed a pool of

candidates for the sampling/selection stage of the subsequent iteration.

3.1.10.6 Final hit extraction and filtering

Upon completion of the 10 active learning iterations, the final extraction.sh script

from the DeepDocking utilities was employed:

sbatch --cpus-per-task 48 final extraction.sh ~/DeepDocking/library prepared
/DeepDocking/projects/protein_test automated/iteration 10/morgan 1024 predictio

ns 48 ‘all_mol’ dd-env

This script generated two primary output files: smiles.csv, containing the SMILES
strings of the compounds predicted as prospective virtual hits in the final iteration's
morgan 1024 predictions file, and id_score.csv, containing the corresponding ZINC
IDs and their ML-predicted virtual hit-likeness scores (probabilities, ranging from 0.0
to 1.0). The compounds listed in smiles.csv (corresponding to all entries in
morgan_1024 predictions) were subjected to a confirmatory docking round using
Qvina2, employing the same docking protocol and parameters as described in Section
3.1.10.2. This step aims at obtaining reliable docking scores for all ML-prioritized

candidates.
Subsequently, a multi-step filtering process was applied:

ML score filtering: Compounds with an ML-predicted score (from id_score.csv) of

> 0.8 were retained. This threshold was chosen to select compounds with a high
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predicted probability of being active, balancing the enrichment of true positives with

a manageable number of compounds for subsequent validation.

Qvina2 docking score filtering: From the subset above, only compounds with a
Qvina2 docking score of < -10.0 kcal/mol were kept. This ensured that selected
compounds exhibited strong predicted binding affinity in a physics-based scoring

model.

ADME properties filtering: The remaining compounds were evaluated for drug-
likeness based on ADME properties, which were calculated using the RDKit
cheminformatics toolkit. This step aimed to prioritize compounds with favorable
pharmacokinetic profiles, increasing the likelihood of downstream success. The

criteria applied were:
- Molecular Weight (MW): <500 Da
- LogP (octanol-water partition coefficient): <5
- Hydrogen Bond Donors (HBD): <5
- Hydrogen Bond Acceptors (HBA): <10
- Topological Polar Surface Area (TPSA): < 140 A2
- Number of Rotatable Bonds (rotB): <10

These ranges are based on widely accepted guidelines for oral bioavailability, such as
Lipinski's Rule of Five, with additional common filters for TPSA and rotatable bonds

to improve developability prospects.

Compounds that survived all of these filtering stages were then re-prepared using
LigPrep. During this re-preparation, the existing stereoisomers and charge states were
preserved, and the compounds were energy-minimized using the OPLS4 force field.
This ensured that they were suitably formatted for a subsequent hierarchical Glide
docking cascade starting with Glide HTVS. Compounds with a Glide HTVS docking
score < -5.0 kcal/mol progressed to Glide XP docking. The -5.0 kcal/mol threshold for
HTVS served as an initial, simpler filter to pinpoint compounds with at least moderate
predicted binding affinity prior to implementing more computationally demanding and
precise XP scoring. After the Glide XP docking process, compounds were filtered
according to a docking score of < -5.0 kcal/mol. The threshold for the XP score was

established to identify compounds that exhibited a more advantageous and precise
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forecasted binding energy. Complexes that met the criteria of this XP score filter and
demonstrated interactions with the essential residues of the Loop L5 binding site (as
detailed below) were subsequently analyzed through MM/GBSA rescoring using
Prime (Schrodinger Suite) with the VSGB solvent model and OPLS4 force field. A
stringent MM/GBSA binding free energy threshold of < -60 kcal/mol was applied to
select compounds with highly favorable predicted binding affinities.

The final set of compounds satisfying the Glide XP score, MM/GBSA score, and
interaction criteria was then subjected to a detailed visual inspection of their binding
poses and interactions within the Loop L5 allosteric site of Eg5, using Maestro’s
interaction-fingerprint utility. The focus was directed towards verifying the formation
of essential interactions with pivotal residues identified for this pocket, including
hydrogen bonds (e.g., with Glul16 and Glul18), n-x stacking (e.g., with Trp127), and
notable hydrophobic/van der Waals contacts (e.g., with Argl19, Prol37, Tyr211,
Leu214, and Ala218), as detailed for recognized L5 binders and confirmed by existing
literature. Furthermore, good shape complementarity and absence of steric clashes or
unrealistic torsions were ensured. A selected number of compounds demonstrating
optimal binding modes, robust interactions with these critical residues, and favorable

MM/GBSA scores were then advanced to molecular dynamics simulations.

3.1.11 Ligand drug-likeness and structural similarity profiling

A dedicated in-silico profiling step was carried out immediately before the molecular-
dynamics stage to quantify (i) the oral drug-likeness of the ten candidate ligands
identified in the two parallel virtual-screening tracks and (ii) their structural
relatedness to the 1.278 experimentally confirmed Eg5 actives curated from PubChem
[370].

All calculations were performed in Python 3.11 (RDKit 2024.03.1, pandas 2.2). The
SMILES strings for the active set were stripped of salts and duplicates during an earlier

curation step; the same canonicalization procedure was applied to the ten candidates.

For each compound, the physicochemical descriptors used in the previous section were
extracted using RDKit. Lipinski compliance was evaluated again with conventional
thresholds of MW < 500 Da, LogP < 5, TPSA < 140 A2, HBD < 5, HBA < 10, and
rotB < 10.
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Structural similarity was assessed using extended-connectivity fingerprints (Morgan,
radius 2, 1 024 bits). A Tanimoto similarity matrix between each candidate and the
active ligand was generated. For ease of interpretation, four statistics were retained for
each candidate: maximum, mean, and median Tanimoto coefficients and the
percentage of pairwise values exceeding 0.40, a boundary frequently regarded as the

onset of moderate similarity.

3.1.12 Molecular dynamic simulations

Selected candidate compound-Eg5 complexes, identified from both the GPU Shape &
Phase Screening track (after visual inspection, Section 3.1.9) and the DeepDocking—
Qvina2 workflow (after final filtering, Glide XP docking, MM/GBSA re-scoring, and
interaction analysis, Section 3.1.10.6), were subjected to explicit-solvent molecular
dynamics (MD) simulations using the Desmond tool [26] (Schrodinger Suite). The
same approach for system setup was used across all complexes: each complex was
solubilized in an orthorhombic box filled with TIP5P water compounds, ensuring a
minimum distance of 10 A from the box boundaries. The system was neutralized by
adding NaCl ions to a concentration of 0.15 M. Prior to the production run, the system
experienced a standard relaxation protocol, often including initial minimization with
limited solute heavy atoms, followed by short simulations under NVT and NPT

ensembles to achieve temperature and pressure equilibrium.

Production MD simulations were performed under the NPT ensemble at 300 K (Nose-
Hoover chain thermostat, 1.0 ps relaxation time) and 1.0 bar (Martyna-Tobias-Klein
barostat, 2.0 ps relaxation time, isotropic coupling) using the OPLS4 force field. No
restraints were applied to the solute during the production phase. Trajectories were
saved at regular intervals (e.g., 100 ps) for subsequent analysis. The simulation
duration differed based on the origin of the complex: compounds from the GPU Shape
& Phase Screening track were simulated for 250 ns, while those from the

DeepDocking—Qvina2 workflow were simulated for 100 ns.

Analyses of the MD trajectories included the calculation of root-mean-square
deviation (RMSD) for the ligand and protein Ca atoms to assess system stability, and
monitoring of ligand-protein interactions over time. For complexes exhibiting stable
binding and maintaining promising interactions throughout the MD simulation,

binding free energies were calculated from the simulation trajectories using the
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thermal mmgbsa.py script of Schrodinger suite. This script executes the MM/GBSA
approach, average energies across a designated segment of the equilibrated trajectory
to evaluate the binding affinity. Appropriate graphical representations of the MD
findings (e.g., RMSD plots, interaction diagrams) and MM/GBSA calculations were
produced for further analysis.

3.2 In vitro calculations

3.2.1 EgS inhibition assay

To estimate the in vitro Eg5 inhibitory activity of compounds ZINC299785885,
ZINC102735853, ZINC243914928 and ZINC1857672049 a kinesin ATPase end-
point assay (Biochem Kit, Cytoskeleton Inc, USA) [371] was performed. The
overmentioned kit was optimized to evaluate the amount of Pi generated after kinesin
Eg5 inhibition [150]. K858 was used as a reference compound to verify the adaptation
of the kit to our purpose. All compounds were first dissolved in DMSO, and then
different concentrations diluted in kinesin reaction buffer tested: 0, 0.1, 1, 5, 10, 50
and 100 uM. Briefly, the reaction was conducted in a 96-well plate in a final volume
of 300 puL for each well, containing microtubules, human recombinant Eg5 motor
domain protein (Cytoskeleton Inc, USA) and Eg5 inhibitors. The reaction started by
adding 0.3 mM of ATP (Merck Life Science, Milan, Italy). The amount of Pi released
(which is a measure of the Eg5 ATPase activity) from each reaction was
spectrophotometrically read by a microplate reader at 650 nm wavelength (Multiskan
GO, Thermo Scientific, Waltham, MA, USA). The IC50 value of each compound was
calculated by Prism 9 (GraphPad) [363].
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4. RESULTS AND DISCUSSION

4.1 In Silico Calculations

To discover novel inhibitors for the Eg5 kinesin, this study employed a complementary
dual-track virtual screening strategy, as detailed in the Materials and Methods section
(3.1.1). The first, more conservative track, performed targeted scaffold hopping
through multi-stage, structure-based filtering of the ~11 million compound ZINC20
Anodyne library. In parallel, the second, more exploratory track utilized a
DeepDocking active learning campaign to navigate the vast chemical space of the ~1

billion compound ZINC20-ML database to search for novel chemotypes.

Following these initial large-scale screenings, the most promising candidates emerging
from both workflows were subjected to rigorous post-screening validations. This
crucial phase included extensive all-atom molecular dynamics (MD) simulations and
binding free energy calculations to assess the dynamic stability and predict the binding
affinity of the compounds, thereby filtering the compounds with the highest potential
for durable Eg5 inhibition. This chapter presents the detailed outcomes of this
comprehensive approach, beginning with the validation of the screening protocols and
culminating in the identification and in-depth analysis of potential lead candidates

from each track.

4.1.1 Validation of Computational Protocols

Prior to large-scale screening, core computational methods, including pharmacophore
modeling and docking protocols (Glide and Qvina2), were rigorously validated to

ensure their reliability and predictive power against the Eg5 target.
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4.1.1.1 Pharmacophore model development and validation

Pharmacophore models were generated by a detailed analysis of the co-crystallized
inhibitor K858 within the a2/L5/a3 allosteric pocket of Eg5. The K858-bound
structure was chosen as the template because its high resolution and representation of
a stably inhibited state provided an ideal blueprint for the key chemical interactions
required for potent allosteric modulation. The analysis focused on delineating these
critical features, namely hydrogen bonding and hydrophobic interactions (Figure 4.1a,
b). The selected model, PM1, was constructed to encompass three essential features: a
hydrogen bond acceptor (A3), a hydrophobic group (H7), and an aromatic ring (RS8).
Crucially, the model incorporates excluded volume spheres to represent the steric
boundaries of the binding pocket. This feature is vital for proactively eliminating
compounds that, while matching the pharmacophoric points, would be sterically

incapable of fitting into the pocket, thereby improving screening efficiency.

To rigorously assess the discriminatory power and practical effectiveness of the model,
it was validated against DEKOIS 2.0. The primary goal of this validation was to
determine the success of the model in identifying known active compounds. The PM1
model correctly identified 39 of the 40 known actives as 'hits' ( 97.5% hit rate),
demonstrating high sensitivity and confirming that it effectively captures the essential
chemical features for Eg5 recognition. This high hit rate was particularly significant
because this stage of the virtual screening workflow was designed as a binary
(match/no match) filter rather than a score-based ranking system. As all compounds
that matched the pharmacophore model were advanced to the next stage without a
scoring threshold, the primary task of the model was not to rank the best candidates
but to enrich the pool with potentially active c ompounds and eliminate irrelevant ones.
Therefore, the high recognition rate confirmed that the PM1 model was a robust and
reliable tool for this "gatekeeper, effectively enhancing the efficiency of the screening

funnel.
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Figure 4.1 : Representations of pharmacophore model PM1.
4.1.1.2 Validation of the Glide docking and re-scoring protocol

The hierarchical Glide docking and rescoring protocol was first validated for its ability
to accurately reproduce the experimental binding pose of a known inhibitor, which is
a critical measure of pose-prediction accuracy. This was confirmed by retrospective
docking of the co-crystallized inhibitor K858. As illustrated in Figure 4.2, which
superimposes the binding pose onto the experimental structure, the protocol achieved
a root-mean-square deviation (RMSD) of 0.2819 A. This low RMSD value provides
high confidence that the Glide docking algorithm and OPLS4 force field are well
calibrated for the Eg5 L5 pocket and accurately capture the geometric and energetic
factors that govern ligand binding. This strongly suggests that the binding poses
generated for the novel compounds during the screening phase are likely to be

physically meaningful and reliable representations of potential interactions.
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Figure 4.2 : Glide HTVS retrospective binding pose (turquoise) for Eg5 in complex
with K858 (green)

Second, and more critically for virtual screening, the protocol's ability to enrich true
positives was assessed using DEKOIS 2.0. The results demonstrated a clear and
progressive improvement in enrichment when more rigorous scoring functions were
applied (Figure 4.3). Although the initial HTVS and SP docking modes yielded a
respectable predictive receiver operating characteristic area under the curve (pROC-
AUC) of 1.79, this value increased to 1.90 with a more demanding XP scoring function
and peaked at 1.96 after MM/GBSA rescoring. This trend is highly significant because
it provides quantitative justification for our hierarchical workflow. This confirms that
the increased computational investment at each successive stage directly translates into

a more accurate ranking of potential hits.
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Figure 4.3: pROC curves and AUC values for the Glide docking protocol with
different scoring functions (HTVS, SP, XP, and MM/GBSA) on the DEKOIS 2.0
benchmark set.

The practical value of this enhanced accuracy is most evident in the analysis of early
enrichment data. At a strict False Positive Rate (FPR) of 0.1%, representing the top-
ranked candidates most likely to be selected for experimental testing, the True Positive
Rate (TPR) increased dramatically from 0.15 (SP) to 0.40 (MM/GBSA). This near
three-fold improvement indicates that the full rescoring protocol is exceptionally
effective in placing genuine active compounds at the top of the hit list. This robust
early enrichment capability is the cornerstone of an efficient virtual screening
campaign, as it maximizes the probability of success while minimizing the resources

spent on testing false positives. Taken together, these validation results underscore the
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reliability and efficacy of the selected Glide docking and rescoring cascade,
confirming its suitability for discovering and prioritizing prospective Eg5 inhibitors

from a large chemical library of compounds.

4.1.1.3 Validation of the Qvina2 docking protocol

The DeepDocking workflow requires a docking engine capable of processing millions
of compounds iteratively, demanding a balance between computational speed and
predictive accuracy. For this purpose, the Qvina2 docking protocol was selected and
validated. Retrospective docking of K858 yielded an RMSD of 0.3840 A compared to
the co-crystallized pose (Figure 4.4). Although this value is slightly higher than that
achieved with Glide, it remains well within the acceptable threshold (< 2.0 A) for
accurate pose prediction. This result confirmed that Qvina2, despite its computational
efficiency, could reliably identify the correct binding mode for ligands within the L5
pocket, which is a prerequisite for generating meaningful data to train the active

learning model.

Figure 4.4: Qvina2 retrospective binding pose (pink) of K858 (green)

When evaluated against the DEKOIS 2.0 benchmark set, the Qvina2 protocol achieved
a pPROC-AUC of 1.71 (Figure 4.5). This value is crucial because it demonstrates that
Qvina2 possesses substantial enrichment capability and performs significantly better
than random chance. The shape of the pROC curve, with a notable initial rise, indicates
a good rate of early enrichment, which is sufficient to provide the active learning
algorithm with a high-quality signal-rich dataset in each iteration. For the

DeepDocking strategy, the primary role of the docking engine is not to achieve a
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perfect ranking in a single pass but to generate reliable data that can effectively train
the neural network to navigate the chemical space. The performance metrics of Qvina2

confirmed its fitness for this role.

Qvina2 pROC AUC: L.71
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Figure 4.5: pROC curves and AUC values for the Qvina2 docking protocol on the
DEKOIS 2.0 benchmark Set.

Ultimately, the choice of Qvina2 represents a strategic compromise in this study.
Although the multi-stage Glide protocol demonstrated superior enrichment, its
computational cost renders it prohibitive for the iterative, large-scale screening
required by DeepDocking. Qvina2, with its validated accuracy and significantly higher
throughput, provides the optimal balance of speed and predictive power, making it an

effective and appropriate engine to drive the active learning campaign.

4.1.2 Virtual screening studies track 1: Structure-based filtering of ZINC20

anodyne database

4.1.2.1 GPU Shape similarity and Phase pharmacophore screening

The first stage of this screening track served as a broad, computationally efficient filter
to rapidly reduce the vast ZINC20 Anodyne library (~11 million compounds) to a more
manageable and enriched subset. The process began with GPU-accelerated shape
screening. The decision to use a query set of 13 structurally diverse inhibitors rather

than a single ligand was a key strategic choice designed to broaden the scope of the
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search and increase the probability of discovering novel scaffolds that might otherwise
be missed. This initial pass, which processed approximately 140 million conformers,
yielded approximately 3 million unique compounds with a general 3D shape

compatible with the L5 pocket.

This shape-filtered set was then subjected to the validated PM1 pharmacophore model.
This step adds a crucial layer of chemical intelligence to the purely steric filter,
ensuring that the shape-matched compounds also possess the necessary electronic
features (hydrogen bond acceptors, hydrophobic groups, etc.) required for productive
interactions. The synergy between shape and pharmacophore screening is a powerful
combination, as it filters both the volumetric fit and the specific chemical grammar of
binding. This combined approach proved to be highly effective, reducing the library
to 1.335.248 unique compounds. In essence, these initial filters successfully eliminated
approximately 90% of the starting library, creating a high-quality, enriched set for the

subsequent, more computationally intensive docking.

4.1.2.2 Hierarchical Glide docking, re-scoring, and candidate selection

The 1.335.248 compounds emerging from the initial filters were then processed
through a "computational funnel" of increasing rigor using the validated Glide
protocol. This hierarchical approach is designed to balance throughput with accuracy
by applying faster, less precise methods first and reserving the most computationally

expensive calculations for a smaller, more promising set of candidates.

Initial docking with Glide HTVS provided a rapid geometric assessment, followed by
sequential rescoring using the more accurate SP and XP scoring functions. The
pragmatic application of a top 10% cutoff at each rescoring stage effectively winnowed
the candidate pool while retaining chemical diversity. The most significant refinement
was obtained using Prime MM/GBSA rescoring, a physics-based method that provides
a more robust estimate of the binding affinity by incorporating implicit solvent effects.
Applying a reasonably stringent MM/GBSA energy cutoff of < -40 kcal/mol was a
critical decision point, reducing the set of potential ligands to 5.620 and filtering out

compounds with poor predicted binding thermodynamic properties.

To further enhance the quality of the hit list, a filter based on specific biochemical
knowledge was applied to the results. This moved the selection process beyond simple

energy scores to require that candidates exhibit a chemically plausible binding mode.
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By requiring the formation of key interactions known to be critical for potent L5 pocket
inhibition (e.g., hydrogen bonds with Glul16/Glul18 and n-n stacking with Trp127),
we could effectively eliminate false positives that may have achieved a good score
through fortuitous but non-productive contacts. This interaction filter yielded 410

compounds.

The final and indispensable step was a rigorous visual inspection. This expert-driven
evaluation is crucial for identifying subtle structural liabilities, such as unfavorable
bond torsions or imperfect shape complementarity, which may be overlooked by
automated algorithms. This meticulous process ultimately led to the selection of 30

high-confidence compounds for molecular dynamics simulations.

4.1.3 Virtual screening track 2: DeepDocking-driven exploration of ZINC20-
ML database

4.1.3.1 Performance of the DeepDocking active learning campaign

To explore a chemical space far exceeding that of the Anodyne subset, the
DeepDocking active learning protocol was executed for ten iterations against the 1
billion-compound ZINC20-ML database (Figure 4.6). This approach was essential
because a brute-force docking campaign of this magnitude would be computationally
intractable. Active learning provides an intelligent solution that enables the efficient

and targeted exploration of this vast library.

143



ZINC20
~1 billion compounds

[

SMILES Morgan Fingerprints of radius 2, 1,024 -BQSy.pd.bqt
bits Grid coordinates

L + J

Random sampling from library

f |

Training Validation Test
(" (1.000.000) (1.000.000) {1.000.000)

L
L‘ QVina2 docking —J

-

'
10 Iterations
DNN training

Augment training set N J

1

Inference for the library

l

Predict virtual hits

Random sampling of predicted virtual hits

_f— Final iteration
; NO

+«—YES

Qvina2 docking (~500.000 potential htis)

Figure 4.6 : General overview of DeepDocking campaign workflow.

The process began by docking a random sample of 1 million compounds with Qvina2,
providing the initial "lesson" for the Deep Neural Network (DNN) models. In each
subsequent iteration, the trained DNN predicted the docking scores for the remainder
of the library, and a new set of promising compounds was selected for docking. This

new data were then used to retrain and improve the model.

The iterative enhancement of the predictive power of the DNN models was
demonstrated qualitatively and quantitatively. Visually, the performance improvement
was evident in the held-out test sets, where the area under the ROC curve (AUC) for
predicting Qvina2 scores increased progressively from an initial value of 0.968 in

iteration 1 to a near-perfect 0.998 by iteration 10 (Figure 4.7). This trend is the
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hallmark of a successful, active learning campaign. This indicates that with each cycle,
the Al model became substantially more proficient at identifying compounds likely to
achieve high docking scores, effectively acting as a fast and accurate surrogate for the

much slower physics-based docking calculation.

This increasing proficiency is further substantiated by the detailed performance
metrics of the best-performing model from each iteration (Table 4.1). The model cutoff
value, representing the Qvina2 docking score threshold learned by the model to
classify a compound as a "hit”, became increasingly stringent with each cycle, moving
from -9.4 kcal/mol in the first iteration to -10.7 kcal/mol in the final iteration. This
demonstrates that the model successfully learned to focus on compounds with
progressively more favorable (i.e., lower) binding energies, effectively raising the

quality bar for the predicted hits.

The model's ability to recover the majority of true positives in the test sets was
consistently high, as indicated by the model recall values, which remained around a
robust 0.87-0.90 for the first nine iterations. This high recall was a critical operational
parameter that ensured that the model did not prematurely discard significant portions
of the promising chemical space. The slight decrease in recall to 0.78 in the final
iteration is a typical and acceptable trade-off for a significant gain in precision as the

model becomes more specialized.

This gain in model precision, which measures the fraction of predicted hits that are
true positives, showed a notable trend in the results. Although fluctuating in the initial
stages, it more than doubled from the first to the tenth iteration, reaching a peak of
0.21. This indicates that as the selectivity and confidence of the model increased, its
predictions became significantly more accurate and less noisy. Concurrently, the
number of compounds deemed promising by the model decreased with each iteration

(Figure 4.8), reflecting the increasing selectivity.

The combination of steadily increasing AUC values, a progressively more stringent
cutoff, high recall, and improving precision provides powerful quantitative evidence
for a highly effective and efficient Al-driven exploration of the chemical space. The
protocol effectively "zoomed in" on the most fertile regions of the library, focusing on
the limited computational docking resources, where they were most likely to yield

high-quality hits. This iterative refinement was key to making the exploration of a
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billion-compound library feasible, ultimately allowing for a much broader and more

diverse search for novel Eg5 inhibitors.
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Figure 4.7: ROC Curves for DeepDocking model performance across iterations.
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Figure 4.8: Reduction in the number of candidate compounds across DeepDocking
iterations.
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Table 4.1 : Performance metrics of the best-performing DNN model in each
DeepDocking iteration.

Iteration Model Cutoff (kcal/mol) Model Precision Model Recall Model AUC
1 -9.40 0.097 0.896 0.968
2 -9.50 0.133 0.890 0.981
3 -9.60 0.140 0.895 0.986
4 -9.70 0.133 0.891 0.988
5 -9.80 0.137 0.893 0.992
6 -9.90 0.128 0.892 0.992
7 -10.00 0.118 0.902 0.994
8 -10.20 0.141 0.884 0.996
9 -10.40 0.134 0.875 0.997
10 -10.70 0.211 0.785 0.998

4.1.3.2 Final hit generation and multi-stage filtering from the DeepDocking

track

Upon completion of the 10 active learning iterations, the top 531,202 candidate
compounds prioritized by the final DNN model were subjected to a comprehensive
filtering cascade. This multistage process was critical for systematically refining this
large set into a small number of high-confidence hits. Although the Al model is adept
at predicting high-scoring compounds, it does not inherently account for
physicochemical properties, drug-likeness, or the nuanced accuracy of more rigorous
physics-based models. Therefore, the subsequent cascade was designed to integrate
these essential considerations, creating a robust pipeline for identifying genuinely

promising candidates, as shown in Figure 4.9.
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Figure 4.9: Schematic representation of the multi-stage filtering cascade for
candidates from the DeepDocking track.

The process began with a crucial validation step: a confirmatory docking round using
Qvina2 for all 531.202 compounds, which served to ground the subsequent filtering
using a more reliable physics-based metric. A dual filter based on both the ML-
predicted score (> 0.8) and the confirmatory Qvina2 docking score (< -10.0 kcal/mol)
was applied, reducing the set to 245.243 candidates. Next, a strategically placed
ADME property filter eliminated compounds with poor predicted drug-like properties,
yielding 182.014 candidates. The workflow then transitioned to the more accurate but
computationally intensive Glide docking protocol. The 182.014 compounds were first
docked using Glide HTVS, and a score cutoff of < -5.0 kcal/mol reduced the set to
128.072 compounds. These were then subjected to Glide XP docking. The application

of a more stringent XP scoring function, with a cutoff of < -5.0 kcal/mol, served as a
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key refinement step, yielding 31.162 compounds. For these top candidates, Prime
MM/GBSA rescoring was performed with a stringent threshold of < -50 kcal/mol,
identifying 17.900 compounds with excellent predicted binding thermodynamics.
Finally, an automated interaction filter requiring favorable contact with critical L5
pocket residues (e.g., Glul16 and Tyr211) reduced the set to 2.980 compounds. A
final, meticulous visual inspection of these top-ranked poses led to the selection of

approximately 100 high-confidence compounds for MD simulations.

The results of this rigorous funneling strategy highlight several key points. The initial
dual-score filter successfully validated the Al's predictions against a physics-based
model, immediately focusing resources on a quarter-million candidates with a
consensus of high potential for use as catalysts. The early application of the ADMET
filter was a critical, pragmatic decision that effectively eliminated nearly 28% of the
remaining compounds based on potential downstream liabilities, highlighting the
importance of integrating drug-like properties early in the discovery pipeline. The
subsequent hierarchical Glide docking and MM/GBSA rescoring stages demonstrated
their power in refining the hit list based on increasingly accurate energy estimations.
This comprehensive and logical filtering strategy, which successfully distilled an
initial list of over half a million Al-prioritized compounds to a manageable set of
approximately 100 promising candidates, powerfully validated the efficiency and
precision of our integrated workflow. The final set of compounds, notable for their
structural diversity and dissimilarity to known Eg5 inhibitor classes, not only
represents a significant enrichment of chemical novelty but also provides a robust
foundation for subsequent resource-intensive dynamic analyses required to identify

the most stable and potent inhibitors.

4.1.3.3 Ligand property and similarity analysis

All ten candidates fulfilled the adapted Lipinski criteria, with no violations recorded
for any compound. The molecular weights spanned 242—498 Da (mean 396 Da), LogP
values 0.38-4.91 (mean 2.80), and TPSA values 67—132 A2 (mean 90 A?), indicating
that the hit set occupies the sweet spot for passive oral absorption yet remains
sufficiently polar to avoid excessive lipophilicity-driven toxicity. Together with

hydrogen-bond capacities (HBD < 4, HBA < 8) and modest flexibility (rotB < 8 for
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every compound), the profile suggests favorable developability and supports the

advancement of the series to ADME-focused experimental assays (Table 4.2).

Table 4.2 : Key drug-likeness descriptors for the ten suggested compounds

Compound ID MW LogP TPSA HBD HBA rotB violations
ZINC102735853 298.30 2.84 103.44 4 7 1 0
ZINC243914928 306.32 0.43 125.71 3 7 7 0
ZINC299785885 369.49 1.15 67.69 3 3 6 0
ZINC1857672049 242.24 0.38 87.97 2 5 3 0
ZINC28804061 491.63 491 79.32 3 3 8 0
ZINC580729109 424.50 3.49 103.44 4 7 6 0
ZINC410422515 497.63 3.40 101.56 3 6 9 0
ZINC484655776 441.57 3.76 105.38 4 7 6 0
ZINC1159968549 410.52 3.87 96.33 4 6 8 0
ZINC1817238515 481.56 3.44 101.56 4 7 8 0

Similarity analysis revealed pronounced scaffold diversity relative to the Eg5
reference chemotype space (Table 4.3). The mean Tanimoto coefficients ranged
narrowly between 0.124 and 0.150 (grand mean = 0.13), well below the 0.30 threshold
often associated with analog derivation. Even the highest single pairwise similarity
observed (0.41 for compound ZINC102735853) barely exceeded the 0.40 moderate-
similarity demarcation, and only 8 % of its 1 278 comparisons crossed that line. The
remaining nine candidates showed no individual similarity above 0.29 and no

comparisons above 0.40, underscoring their novelty.

150



Table 4.3 : Tanimoto 2-D similarity (Tanimoto coefficient) statistics

Compound ID Tan_max Tan_mean Tan_median Tan_%>0.4
ZINC102735853 0.407 0.127 0.113 0.083
ZINC243914928 0.250 0.133 0.133 0
ZINC299785885 0.224 0.124 0.128 0
ZINC1857672049 0.233 0.124 0.125 0
ZINC28804061 0.286 0.150 0.149 0
ZINC580729109 0.321 0.146 0.145 0
ZINC410422515 0.265 0.124 0.123 0
ZINC484655776 0.276 0.143 0.140 0
ZINC1159968549 0.214 0.120 0.119 0
ZINC1817238515 0.237 0.124 0.124 0

Taken together, these data validate the dual screening strategy: the physicochemical
attributes demonstrate drug-likeness, while the consistently low Tanimoto values
confirm that the workflow achieved genuine scaffold hopping rather than mere
optimization of known chemotypes. Therefore, the ensuing molecular dynamics
simulations probe fresh chemical matter in the Eg5 binding landscape, a prerequisite
for overcoming historical resistance and patent crowding around classical monastrol-

derived inhibitors.

4.1.4 Molecular dynamic simulations and MM/GBSA calculations

Selected candidates from both screening tracks were subjected to explicit-solvent MD
simulations to provide the most rigorous computational assessment of binding mode
stability of the ligands. This step is indispensable for moving beyond static binding
poses, as it allows for the evaluation of the dynamic behavior of the protein-ligand
complex over time, accounting for both protein flexibility and the influence of the
solvent environment. The stability of the key interactions and the overall binding free

energy, calculated from the simulation trajectories, served as the ultimate filters for
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identifying the most promising candidates for experimental validation of the docking

results.

4.1.4.1 MD simulation results of Eg5 - K858 and comparative discussion

To establish a robust benchmark for our computational findings, the co-crystallized
reference inhibitor K858 was subjected to an identical 250 ns MD simulation protocol.
This analysis serves as a standard against which the performance of our newly
discovered candidates is measured. The results of this simulation, as detailed in Figure

4.10, confirmed the stable binding of K858 within the L5 allosteric pocket.

The initial binding pose, as illustrated in the 3D and 2D diagrams (Figure 4.10a, b),
shows K858 fitting into the allosteric pocket, anchored by a hydrogen bond with
Tyr211 and aromatic interactions with Glul18 and Trp127.
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Figure 4.10: Binding pose representations of K858.

MD simulations were then used to test the dynamic stability of this pose. The stability
of the complex was quantitatively demonstrated by the root-mean-square deviation
(RMSD) plots (Figure 4.11a), where both the protein Ca-atom and ligand heavy atoms
remained low throughout the simulation (generally < 2.7 A). The interaction analysis
over the trajectory (Figure 4.11b) revealed that while the initial direct hydrogen bonds
fluctuated, a highly persistent water-bridged hydrogen bond was formed with Leu214
(89% occupancy), underscoring the critical role of solvent compounds in stabilizing
the ligand. The average MM/GBSA binding free energy, which represents the overall

binding affinity throughout the dynamic simulation (Figure 4.11c¢), was calculated to
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be -53.66 + 3.08 kcal/mol. This value represents an energetic reference point for a
known potent inhibitor and provides a fundamental benchmark for evaluating the

potential of newly discovered candidates.

a)

g} fit on Prot

A,

=

(v) Oswy puebn

Pratein RMSD (4)

[‘l 50 100 150 200 250
Time (nsec)

b) c)

AGbind vs Time (ns) - K858

N -
0 N—
PRO £ -56
N 137
H
Ho% AGbind / frame

\ -62 — 10- running mean

O
AGhind (kcal/mol)

uon oo s

FOE -

H20 0 50 100 150 200 250
Time (ns)

Figure 4.11: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - K858.

4.1.4.2 Stability and interaction analysis of candidates from track 1

From the 30 compounds advanced from the Anodyne screening track, 250 ns MD
simulations were performed on each compound. This crucial step filtered out 26
candidates that displayed significant conformational instability or dissociated from
their binding pockets. However, four compounds were observed to bind stably.
Notably, for each of these chiral candidates, other stereoisomers were also generated
and evaluated during the initial screening phases; they were subsequently eliminated
because of inferior docking scores or less favorable interaction profiles, underscoring
the stereospecificity of the binding and validating the selection of the specific isomers

that advanced to this final stage of analysis.
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The 2D chemical structures of these four promising candidates are shown in Figure
4.12. A detailed compound-by-compound analysis of each of these successful
candidates is provided below, with each analysis supported by a comprehensive five-

panel figure.

HO N J

ZINC102735853 ZINC2997855885

Figure 4.12: 2D chemical structures of the four lead compounds identified from
track 1.

The key findings for the four candidates are summarized in Table 4.4, allowing for
direct comparison with the reference inhibitor. A detailed analysis of each compound,

supported by its corresponding comprehensive figure, is provided below.
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Table 4.4 : Comparison of key values and key interactions for track 1 candidates.

Average Trajectory
Glide XP MM/GBSA binding
Compound ID Key Interactions in the Binding pose =~ MM/GBSA binding free
Score  free energy (kcal/mol)
energy (kcal/mol)

H-bond - Glul16, H-bond - Glul18,
ZINC102735853  -7.452 -63.78 H-bond - Leu214 Aromatic H-bond - -63.98 £5.10
Trpl27

H-bond - Glul16, H-bond - Gly117,
ZINC299785885  -7.680 -66.88 Aromatic H-bond - Glul18, Aromatic -63.04 + 6.03
H-bond - Leu214, Salt bridge - Glul18

H-bond - Glul16, H-bond - Glul18,
ZINC1857672049 -7.714 -48.60 -49.25+£3.99
H-bond - Arg221

H-bond - Glul16, H-bond - Gly117,
ZINC243914928  -6.967 -56.33 -49.34 + 6.04
H-bond - Glul18

Analysis of ZINC102735853: As detailed in Figure 4.13, ZINC102735853 emerged
as one of the most promising candidates. The initial binding pose, visualized in three
dimensions (Figure 4.13a), revealed how the complex, multi-ring structure of the
compound achieved excellent shape complementarity within the L5 allosteric pocket.
The 2D interaction diagram (Figure 4.13b) further elucidates the specific molecular
contacts that anchor the ligand; the key interactions include hydrogen bonds with the
backbones of Glul16, Glul18, and Leu214, supplemented by an aromatic hydrogen
bond with the side chain of Trp127.

a) b)

Figure 4.13: Binding pose representations of ZINC102735853.
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MD simulations were then used to assess the durability of this binding mode. The
protein Ca atoms remained stable (RMSD < 2.7 A), and although the ligand RMSD
plot (Figure 4.14a) indicated some flexibility within the pocket (remaining below 4.0
A), the compound maintained its core position. The interaction timeline (Figure 4.14b)
shows that the binding is dynamically anchored by highly persistent hydrogen bonds
with the side chains of Glu116 (82% occupancy) and Asp130 (83% occupancy), which
is further stabilized by a water-bridged interaction with Argl119 (39% occupancy). on
profile is reflected in its exceptional MM/GBSA binding free energy of -63.98 + 5.10
kcal/mol (Figure 4.14c). This value is significantly more favorable than that of the
reference inhibitor K858 (— 53.66 kcal/mol), suggesting a predicted intrinsic binding
affinity that could be substantially higher.

a)

Protein RMSD (A)
(V) aswy puesbr

160 150
Time (nsec)

AGbind vs Time (ns) -ZINC102735853

AGbind / frame
— 10- running mean

AGbind (kcal/mol)
& g 5
&

H20

Figure 4.14: Molecular dynamics simulations and MM/GBSSA biNding free energy
analysis of Eg5 - ZINC102735853.
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Analysis of ZINC299785885: Compound ZINC299785885 also presented a highly
compelling profile, as shown in Figure 4.15. The initial binding pose (Figure 4.15a, b)
was stabilized by a rich network of interactions, including hydrogen bonds with the
backbones of Glul16 and Gly117, aromatic hydrogen bonds with Glul18 and Leu214,
and a salt bridge with the side chain of Glul18.

a) b)

Figure 4.15: Binding pose representations of ZINC299785885.

The subsequent 250 ns MD simulation confirmed the exceptional stability of this
complex, with both protein and ligand RMSD values remaining low and stable (< 2.7
A) throughout the simulation (Figure 4.16a). The interaction timeline (Figure 4.16b)
demonstrates that the binding is dynamically maintained by persistent hydrogen bonds,
primarily with the backbone of Glul16 and a strong, enduring electrostatic interaction
with the side chain of Glul18. This robust and stable binding is corroborated by the
calculated MM/GBSA binding free energy of -63.04 + 6.03 kcal/mol (Figure 4.16¢),
which is markedly superior to that of the reference inhibitor, further solidifying its

potential as a high-affinity binder:
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Figure 4.16: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC102735853.

Analysis of ZINC1857672049: The dynamic profile of ZINC1857672049 is shown
in Figure 4.17. The initial binding pose (Figure 4.17a, b) revealed that the compound
was anchored by hydrogen bonds with the key residues Glul 16, Glul18, and Arg221.
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Figure 4.17: Binding pose representations of ZINC1857672049.
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MD simulation confirmed the robustness of this binding mode, as the compound
maintained excellent stability with low RMSD values (< 2.7 A, Figure 4.18a). The
interaction timeline (Figure 4.18b) further demonstrates the consistent maintenance of
the critical hydrogen bonds with Glul16 and Glul18, which are essential for potent
inhibition. The calculated MM/GBSA binding energy of -49.25 + 3.99 kcal/mol
(Figure 4.18c) was found to be slightly less favorable than that of the reference
inhibitor. However, its confirmed dynamic stability and the persistence of these crucial
interactions strongly validate it as an important compound. This result exemplifies the
principle that, while the binding energy is a key metric, proven dynamic stability is an
equally critical criterion for advancing a candidate, as it confirms the viability of the

binding pose beyond a static model.

a)

Protein RMSD (4)
e
“ vaswupuesn

b) ¢)
AGbind vs Time (ns) - ZINC1857672049

—— 10 - running mean

a5 W
s

0
]
LS
G RG 0 50 100 150
Time (ns)

ALA
133

AGbind (kcal/mol)
| |
S

Figure 4.18: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC1857672049.

Analysis of ZINC243914928: The analysis of ZINC243914928 is shown in Figure
4.15. Its initial binding pose was anchored by a network of hydrogen bonds with
Glull6, Glyl117, and Glul18 (Figure 4.19a, b).
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a) b)

Figure 4.19: Binding pose representations of ZINC243914928.

MD simulation confirmed that the compound maintained a stable presence in the
binding pocket, although it exhibited higher flexibility, as indicated by its ligand
RMSD (< 5.4 A) (Figure 4.20a). Despite this flexibility, the interaction timeline
(Figure 4.20b) shows that it preserved a key hydrogen bond with Glul18 with high
occupancy (83%), which is crucial for anchoring the compound. The calculated
MM/GBSA binding energy of -49.34 + 6.04 kcal/mol (Figure 4.20c) was comparable
to that of ZINC1857672049 and slightly less favorable than that of the reference.
Nevertheless, like ZINC1857672049, its proven stability in the binding pocket

throughout the simulation makes it a reliable starting point for future medicinal

chemistry optimizations.
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Figure 4.20: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC243914928.

160



The comprehensive analysis of these four MD trajectories provides crucial and
nuanced insights into the outcomes of structure-based screening. The results revealed
a clear stratification among the hits, with two compounds (ZINC102735853 and
ZINC299785885) exhibiting calculated binding free energies that were significantly
more favorable than those of the reference inhibitor, suggesting the potential for

superior potency.

The other two compounds (ZINC1857672049 and ZINC243914928), although
possessing slightly less favorable binding energies, were nevertheless validated as
high-quality hits because of their confirmed dynamic stability and maintenance of
essential interactions within the binding pocket. This differentiation, which would be
difficult to achieve with static docking scores alone, highlights the power of trajectory-
based energy calculations in distinguishing promising but energetically diverse
candidates. Consequently, a robust rationale was established for the in vitro biological
evaluation of all four compounds. The decision to progress all four was strategic,
valuing not only the compounds with the most promising energetic profiles but also
those that, despite more modest scores, demonstrated stable binding and presented
structurally distinct scaffolds. This approach provides a broader and more diverse set
of validated starting points for experimental testing and future medicinal chemistry

studies.

4.1.4.3 Stability and interaction analysis of candidates from track 2

The exploratory DeepDocking campaign, designed to navigate a vast chemical space,
culminated in the identification of a set of promising compounds. Following a
comprehensive evaluation of the final candidates from the filtering cascade, a focused
group of six lead candidates was selected for in-depth analysis based on their superior
in silico metrics, structural novelty, and strong interaction profiles observed in the
initial assessments. The analysis of these candidates reveals some of the most striking
results of this thesis, powerfully demonstrating the success of a high-risk, high-reward

strategy.

As detailed in our research summary, these compounds belong to at least four distinct
chemical classes, including indole/indazole derivatives, triphenylmethane-like
structures, and polycyclic amines, confirming that the primary goal of achieving

significant scaffold diversity was successfully achieved. The 2D chemical structures
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of these six candidates, which form the basis of the following analyses, are shown in

Figure 4.21.

” m
CJ {ﬁ

ZINC580729109 ZINC410422515

ZINC484655776 ZINC1159968549 ZINC1817238515

Figure 4.21: 2D chemical structures of the four lead compounds identified from
track 1.

The comprehensive scoring metrics from the filtering cascade for the six compounds
are summarized in Table 4.5. A direct comparison of their MM/GBSA rescoring
energies with the trajectory-averaged binding free energy of the reference inhibitor
K858 (—53.66 kcal/mol, as established in Section 4.1.4.1) is particularly enlightening.
As the data indicate, nearly all candidates from this track showed markedly more
favorable binding energies. This is not merely a statistical improvement but a
testament to the power of the active learning track to discover entirely new chemical

entities that may possess a potentially much higher affinity than known inhibitors.
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Table 4.5 : Comparison of key values and key interactions for track 2 candidates.

. Average Trajectory
DNN score Qvina2 G)l(lge Ml\:;f;]:sA Key Interactions in the MM/GBSA binding

(id_score)  Score Score (keal/mol) Binding pose free energy
(kcal/mol)

Compound ID

H-bond - Glul 16, Gly117,
Argl19, Arg221, Tyr211
Aromatic H-bond - Tyr211,
Glull6, Trpl127, Leu214

H-bond - Glul18, Gly117,
Argl19
ZINC410422515 0.9955 -10.800 -9.374 -95.44 Salt bridge - Glu118 -73.79 £4.78
Aromatic H-bond - Glul18,
Trpl27

H-bond - Glul 16, Gly117,
Leu214
Aromatic H-bond - Trp127
Pi-pi stacking - Tyr211
H-bond - Glul16, Gly117,
Leu214
Aromatic H-bond - Trp127,
Glul18

H-bond - Glul18, Argl19
ZINC1159968549  0.9529 -10.600  -9.520 -77.35 Aromatic H-bond - Trp127, -68.87 +4.58
Leu214, Argl19
H-bond - Glul18, Argl19
Aromatic H-bond - Trp127,
Argl19
Pi-pi stacking - Tyr211

ZINC580729109 0.9974 -11.400 -9.221 -79.46 -79.18 £ 5.38

ZINC28804061 0.8590 -10.500 -9.441 -99.12 -71.65 +4.89

ZINC484655776 0.9913 -10.100  -9.397 -79.81 -69.26 +4.41

ZINC1817238515 0.9840 -11.300 -10.603 -82.65 -67.60 +£5.78

The quality and potential of these novel hits are illustrated through detailed compound-
by-compound analyses, integrating the findings from the MD simulations with the
known pharmacophore requirements of the L5 pocket. This will include an in-depth
examination of their dynamic stability and interaction profiles, providing a

comprehensive evaluation of their potential as next-generation inhibitors.
Analysis of ZINC580729109 (Indole/Indazole Derivative)

ZINC580729109, an indole/indazole derivative featuring a urea-like scaffold, emerged
as one of the most compelling candidates from the DeepDocking track. A detailed

analysis integrating both static and dynamic data is presented in Figure 4.22.

The initial binding pose, visualized in three dimensions (Figure 4.22a), revealed how
the compound achieved excellent shape complementarity within the L5 allosteric
pocket. The 2D interaction diagram (Figure 4.22b) further elucidates the specific and
extensive network of interactions anchoring the compound. The compound establishes
a multifaceted connection with the receptor, forming direct hydrogen bonds with the
key residues Glull6, Glyl17, Argl19, and Arg221. Its interaction with Tyr211 is

particularly noteworthy because it engages in both a direct hydrogen bond and an
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aromatic interaction. The hydrophobic character of the binding is reinforced by
additional aromatic interactions with residues Glul16, Trp127, and Leu214. This rich
network of contacts in the initial pose suggests a strong potential for high affinity

binding.

a) b)
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Figure 4.22: Binding pose representations of ZINC580729109.

A 100 ns MD simulation confirmed the exceptional stability of this complex. The
ligand RMSD remained consistently low, generally below 2.5 A after an initial
equilibration period (Figure 4.23a), indicating a tight and well-anchored fit with

minimal conformational fluctuations.

Interaction analysis over the trajectory provides a dynamic validation of the initial
pose, demonstrating that a core subset of these interactions is maintained with high
persistence, providing a durable anchor for the ligand. As illustrated in the interaction
summary diagram (Figure 4.23b), the ligand established a remarkably robust polar
interaction network. A highly persistent hydrogen bond with the side chain of Glul16
was maintained for 83% of the simulation time, serving as a primary electrostatic
anchor. This is exceptionally supplemented by a dual hydrogen bonding interaction
with the backbone of Glyl17, with occupancies of 48% and 87%, respectively,
effectively locking the central urea-like scaffold in place. Furthermore, the complex
was stabilized by two distinct water-bridged hydrogen bonds with Argl19, each
maintained for 63% of the simulation time. This dense and multipoint polar network,

a feature not available to many neutral reference inhibitors, explains the exceptional
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stability of the compound. This dynamically robust interaction network is reflected in
the calculated MM/GBSA binding free energy of -79.18 + 5.38 kcal/mol (Figure
4.23c). This value is approximately 25 kcal/mol more favorable than that of the
reference inhibitor K858 (—=53.66 kcal/mol) and significantly better than those of the
best candidates from Track 1, highlighting the remarkable potential of this novel
scaffold.
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Figure 4.23: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC580729109.

Analysis of ZINC410422515 (Polycyclic Amine Derivative)

The second noteworthy candidate, ZINC410422515, features a novel polycyclic amine
scaffold linked to a urea moiety, representing another distinct chemical class identified
in this study. A comprehensive analysis is presented in Figure 4.24. The initial binding
pose (Figure 4.24a, b) illustrated a remarkably dense network of interactions, where
the compound was anchored by a multifaceted connection with Glul18, engaging in a
hydrogen bond, salt bridge, and aromatic interaction simultaneously. This is further
supported by hydrogen bonds to the backbones of Gly117 and Argl19 and an aromatic
contact with Trp127, highlighting the scaffold's potential for high-affinity binding.
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Figure 4.24: Binding pose representations of ZINC410422515.
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A 100 ns MD simulation was employed to test the dynamic viability of this pose. The
ligand RMSD plot (Figure 4.25a) shows that the compound remained stably bound
within the active site throughout the simulation, with RMSD values generally
fluctuating between 2.0 and 3.0 A after an initial equilibration, confirming that the
compound did not dissociate and maintained a consistent binding orientation.
Interestingly, the interaction analysis over the trajectory (Figure 4.25b) revealed a
dynamic adaptation from the initial pose to a more focused and persistent set of
interactions. The primary anchor points shift to a consistent hydrogen bond with the
backbone of Gly117 (62% occupancy) and a stable water-bridged hydrogen bond with
Glul16 (49% occupancy). The initial dense interactions with Glul18 and Argl19
evolved into a stabilizing m-cation interaction with Argl19 (38% occupancy) and an
additional water-bridged contact with Glu215 (31% occupancy). This transition from
a broad initial contact map to a refined, dynamically stable network realistically
represents ligand binding and provides strong evidence for durable interactions. This
unique combination of a rigid hydrophobic body and a dynamically adapted network
of polar interactions resulted in a highly favorable calculated MM/GBSA binding free
energy of -73.79 + 4.78 kcal/mol (Figure 4.25c¢). This energy is not only significantly
better than that of the reference inhibitor K858 (—53.66 kcal/mol) but also validates the
potential of targeting the L5 pocket with such structurally complex and rigid amine-
containing scaffolds, which are capable of forming stable, solvent-mediated

interaction networks.
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Figure 4.25: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC410422515.

Analysis of ZINC28804061 (Pyrazole-indole derivative)

This candidate, featuring a pyrazole-indole core linked via an amide moiety, represents
another novel and distinct scaffold identified in the DeepDocking campaign. Its
structural characteristics suggest a unique way to satisfy the pharmacophoric

requirements of the L5 pocket. A comprehensive analysis is presented in Figure 4.26.

The initial binding pose (Figure 4.26a and b) revealed the capacity of the compound
to form an extensive network of interactions. The pyrazole group is positioned to form
hydrogen bonds with Glul16 and Gly117, whereas the indole and phenyl rings engage
in a rich network of hydrophobic and aromatic contacts, including n—r stacking with
Tyr211, an aromatic hydrogen bond with Trp127, and a hydrogen bond with Leu214.

This dense web of initial interactions strongly suggests a high potential for binding.
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Figure 4.26: Binding pose representations of ZINC28804061.

The 100 ns MD simulation confirmed that the compound maintained a stable binding
mode. The ligand RMSD plot (Figure 4.27a) shows that although the compound
exhibits some flexibility, it remains well-seated within the binding pocket without any
signs of dissociation, with RMSD values stabilizing after an initial equilibration

period.

The dynamic interaction analysis over the trajectory (Figure 4.27b) is particularly
insightful, revealing a highly stable and persistent network of contacts anchoring the
compound. Two extremely high-occupancy hydrogen bonds were formed: one
between the ligand's amine group and the side chain of Glul116 (99% occupancy) and
another between the amide oxygen and the side chain of Arg221 (90% occupancy).
These two interactions form a powerful electrostatic "clamp" that locks the compound
into place. This is further reinforced by another strong and persistent hydrogen bond
with the backbone of Leu214 (99% occupancy), which provides a robust hydrophobic

anchor.

This robust network of dynamically stable interactions resulted in a highly favorable
calculated MM/GBSA binding free energy of -71.65 + 4.89 kcal/mol (Figure 4.27c¢).
This energy is significantly better than that of the reference inhibitor K858 (—53.66
kcal/mol), further validating the potential of this unique pyrazole-indole scaffold as a

high-affinity Eg5 inhibitor.
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Figure 4.27: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC28804061.

Analysis of ZINC484655776 (Indole-piperidine derivative)

This compound represents another highly novel chemotype characterized by a central
indole core linked to a large, conformationally restricted piperidine-containing ring
system. This unique architecture provides a rigid scaffold that pre-organizes key
pharmacophoric elements for interaction with the L5 pocket. A detailed analysis is

presented in Figure 4.28.

The initial binding pose (Figure 4.28a, b) revealed a rich network of initial contacts
anchoring the compound. These include direct hydrogen bonds to the side chain of
Glul16 and the backbone of Gly117, an aromatic hydrogen bond with Trp127, and
another with Glu118, respectively. The indole ring itself forms a further key hydrogen
bond with the backbone of Leu214 while also engaging in hydrophobic contacts. This
dense web of interactions rationalizes the high initial docking score of the compound

and suggests a strong potential for a stable complex.
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Figure 4.28: Binding pose representations of ZINC484655776.

The 100 ns MD simulation provided strong evidence of the exceptional dynamic
stability of this complex. As shown in the ligand RMSD plot (Figure 4.29a), after a
brief initial equilibration, the compound achieved a very stable pose, with RMSD
values remaining consistently low (generally below 2.5 A) for the duration of the
trajectory. This indicates a tight and well-defined binding mode with minimal

conformational fluctuations.

Dynamic interaction analysis (Figure 4.29b) revealed the specific high-occupancy
contacts responsible for this stability. Binding is dominated by a powerful and
persistent network of hydrogen bonds. An extremely durable hydrogen bond is
maintained between the amide hydrogen of the ligand and the backbone of Gly117
(98% occupancy). This is complemented by a second, very strong hydrogen bond
between the protonated amine and the side chain of Glul16 (82% occupancy). This
primary dual-anchor system is further stabilized by a persistent hydrophobic contact
between the indole ring and Leu214 (97% occupancy), effectively "clamping" the
compound into the active pocket. In addition to these dominant interactions, the
stability of the compound is reinforced by a network of moderately persistent water-
bridged hydrogen bonds, most notably with Arg221 (46% occupancy) and Gly217
(33% occupancy), which help to correctly orient the bulky ring system and satisfy

additional polar contacts.

The energetic consequence of this durably anchored and well-fitted pose is a calculated

MM/GBSA binding free energy of -69.26 + 4.41 kcal/mol (Figure 4.29¢). This value
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is substantially more favorable than that of the reference inhibitor K858 and is
competitive with the other top-tier candidates from this screening track. The discussion
for ZINC484655776 revolves around the concept of "scaffold rigidity" and "pre-
organization." The fused-ring system enforces a specific 3D conformation, which
minimizes the entropic penalty upon binding and ensures that the key interacting
groups ( indole, amide, and basic amine) are precisely positioned for optimal contact.
This pre-organization is a classic medicinal chemistry strategy for enhancing the
affinity. The discovery of a novel, rigid scaffold that achieves a stable, multipoint
binding mode and favorable energy profile is a significant outcome of the
DeepDocking campaign, presenting a distinct and highly promising avenue for lead

optimization.
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Figure 4.29: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC484655776.

Analysis of ZINC1159968549 (Biphenyl-azole derivative)

This candidate introduces a biphenyl-azole scaffold, a classic motif in medicinal

chemistry, which is a novel entry for the Eg5 L5 pocket in the context of our screen.
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The structure consists of two phenyl rings linked by a single bond, providing rotational
freedom, and connected to a nitrogen-containing azole ring that serves as a polar
anchor. This combination of a flexible hydrophobic body and polar head is a well-
established strategy for achieving high affinity. A detailed analysis is presented in
Figure 4.30.

The initial binding pose (Figure 4.30a and b) revealed a complex network of
interactions. The compound is anchored by a direct hydrogen bond to Glul18 and
another to Argl19. The aromatic systems engage in multiple favorable contacts,
including aromatic hydrogen bonds with Trpl127, Leu214, and Argll9, which
effectively position the biphenyl moiety within the hydrophobic channels.

Figure 4.30: Binding pose representations of ZINC1159968549.

The 100 ns MD simulation demonstrated that the compound achieved a remarkably
stable binding mode. The ligand RMSD plot (Figure 4.31a) is exceptionally flat, with
fluctuations well below 0.5 A for most of the trajectory. This indicates a highly rigid
and well-defined binding pose with almost no conformational freedom, contrary to
what might be expected from a flexible biphenyl linker. This suggests that the

compound adopts a single, highly favorable conformation upon binding.

The interaction timeline (Figure 4.31b) confirms that this exceptional stability is
maintained by a strong and persistent anchoring interaction. A direct hydrogen bond
between the protonated piperidine and the side chain of Glul 18 was maintained with
an exceptionally high occupancy of 98%. This is supplemented by a direct, moderately
persistent hydrogen bond with Argl19 (45% occupancy). The polar network is further
stabilized by water-bridged hydrogen bonds with Glul16 (54%) and Gly117 (34%),
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which collectively tether the polar head of the compound, allowing the bipheny] tail to

settle into a stable, optimal position.

The overall energetic profile reflected this successful binding strategy. The calculated
MM/GBSA binding free energy was -68.87 + 4.58 kcal/mol (Figure 4.31c), which was
highly competitive and significantly better than that of the reference inhibitor. The
discussion for this candidate is particularly interesting because the MD results
challenge the initial assumption of flexibility. Instead of dynamic fitting, the biphenyl-
azole scaffold adopts a single, "locked" conformation that satisfies all key interactions
simultaneously. This "conformationally-selected" binding is highly advantageous
because it minimizes entropic penalties and leads to a very stable complex. The success
of this scaffold demonstrates that the L5 pocket can accommodate and lock moieties
with rotatable bonds, provided they are flanked by a sufficiently strong polar anchor.
This presents another promising design philosophy for medicinal chemistry

exploration.

a)

Protein RMSD (A)
SahlsS
(V) asy puebi

a0 60
Time (nsec)
b) ¢)
a
LEU A

AGbind vs Time (ns) - ZINC001159968549

AGbind / frame
—— 10 - running mean

»
AGbind (keal/mol)
L L 8
3 8

Figure 4.31: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC1159968549.
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Analysis of ZINC1817238515 (Diaryl-heterocycle piperidine derivative)

The final candidate for detailed analysis, ZINC1817238515, features a complex diaryl
heterocyclic core appended with a flexible piperidine-containing chain. This structure
combines a large, relatively rigid aromatic system designed to occupy the core
hydrophobic regions of the pocket with a flexible polar tail capable of seeking key
electrostatic interactions. A comprehensive analysis of this compound is presented in

Figure 4.32.

The initial binding pose (Figure 4.32a, b) places the diaryl-heterocycle deep within the
L5 pocket, where it establishes an extensive network of favorable contacts. These
include direct hydrogen bonds to Glul18 and Argl19 and aromatic hydrogen bonds to
Trp127 and Argl19. The large aromatic core also establishes a -mt stacking interaction

with Tyr211, effectively occupying the hydrophobic space.

a) b)

Figure 4.32: Binding pose representations of ZINC1817238515.

The 100 ns MD simulation reveals a stable binding mode characterized by a "tethered
flexibility." The ligand RMSD plot (Figure 4.33a) was particularly informative. It
shows an initial period of rearrangement (up to ~15 ns), where the ligand RMSD
reaches ~2.5 A, after which it settles into a much more stable state, fluctuating
consistently between 1.0 A and 2.0 A for the remainder of the simulation. This
behavior suggests that the ligand finds a more stable and energetically favorable pose

upon initial binding than that predicted by static docking.

The dynamic interaction analysis (Figure 4.33b) provides a clear picture of the binding

mechanism. The complex is anchored by a highly persistent salt bridge and hydrogen
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bond between the flexible tail and the side chain of Argl19 (40% direct H-bond plus
significant water-bridged interactions). This interaction with Argl19 is the primary
tether. This is complemented by a consistent water-bridged hydrogen bond with
Glul18 (33%) and another water-bridged contact with Arg221, which collectively
stabilize the polar head of the compound. The diaryl core maintained extensive and
stable hydrophobic contacts with the nonpolar residues lining the pocket, including

Pro137 and Ile136, throughout the simulation.

The calculated MM/GBSA binding free energy for this complex was -67.60 = 5.78
kcal/mol (Figure 4.33¢). This highly favorable energy, which is competitive with the
other top hits and superior to that of the reference inhibitor, validates the binding
hypothesis. The discussion for this candidate centers on the "anchor and explore"
binding strategy. The compound leverages a potent polar anchor, primarily Argl19, to
secure itself to the protein. This allows its large hydrophobic component to establish
favorable contacts within a broader pocket. This strategy is distinct from the rigid, pre-
organized binders or multi-point H-bond networks observed in other candidates. This
represents a viable alternative path to high-affinity inhibition and offers unique
opportunities for optimization, such as modifying the flexible linker to alter the
pharmacokinetic properties without disturbing the core binding interactions. The
success of this scaffold further enriches the chemical diversity of our validated hits
and underscores the power of our screening workflow in identifying inhibitors with

varied and sophisticated binding mechanisms.
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Figure 4.33: Molecular dynamics simulations and MM/GBSSA binding free energy
analysis of Eg5 - ZINC1817238515.

4.2 In Vitro biological evaluation of lead candidates

The ultimate validation of any in silico drug discovery campaign lies in experimental
testing. In this study, the four most promising candidates identified from the more
conservative Track 1 screening pipeline (ZINC102735853, ZINC29978588S5,
ZINC1857672049, and ZINC243914928) were advanced for in vitro evaluation of
their Eg5 ATPase-inhibitory activity. The results of these assays not only provide a
crucial reality check for our computational predictions but also establish a vital
benchmark against which the extraordinary potential of the Track 2 candidates can be

contextualized in the future.

4.2.1 Kinesin ATPase activity evaluation and ICso estimation

To quantify the inhibitory capacity of the lead compounds from Track 1, their effect
on the microtubule-activated ATPase activity of the Eg5 motor domain was assessed.
The reference inhibitor, K858, was used to validate the assay setup. As shown in

Figure 4.23, K858 induced a clear dose-dependent reduction in Eg5 ATPase activity,
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yielding an ICso value of 3.78 uM. This result is in good agreement with the literature

value (1.3 uM), confirming the reliability and accuracy of our experimental setup.

Among the four tested candidates, ZINC243914928 was the most effective inhibitor.
A clear dose-dependent reduction in phosphate release was observed, with a calculated
ICso value of 28.97 uM (Figure 4.24). This confirms that the compound is an active
Eg5 inhibitor, with the strongest effect observed at higher concentrations (50 and 100
uM).
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Figure 4.34: Dose-response curve for the inhibition of Eg5 ATPase activity by the
reference compound K858.

1507 ZINC243914928

2

2

Q 100

2]

Q

7))

]

5 o

<«

NS IC,, = 28.97 utM

(0] T T

Figure 4.35: Dose-response curve for the inhibition of Eg5 ATPase activity by the
lead candidate ZINC243914928.

The other three compounds, ZINC1857672049, ZINC299785885, and
ZINC102735853, exhibited more variable and complex responses to Eg5 inhibition
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(Figure 4.36). ZINC1857672049 displayed a dose-dependent effect from 0 to 5 uM;
however, from 10 to 100 uM, a defined response was absent, with ATPase activity
recorded at 74% at the highest concentration tested. ZINC299785885 slightly inhibited
Eg5 at a very low concentration (0.1 puM, ~70% activity), after which the inhibitory
capacity plateaued, reaching 80% activity at 100 uM concentration. Similarly,
ZINC102735853 reduced Eg5 activity by approximately 40% at 1 uM, but showed
limited further inhibition, with 77% ATPase activity remaining at the maximum
concentration. These complex dose-response profiles may indicate several factors,
including lower binding affinity, solubility issues at higher concentrations, or

alternative binding kinetics not fully captured by this endpoint assay.
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Figure 4.36: Dose-response curves for the inhibition of Eg5 ATPase activity by the
candidates; ZINC1857672049, ZINC299785885, ZINC102735853.

4.2.2 Synthesis of computational and experimental findings

The in vitro results from Track 1 provide a powerful lens through which to interpret
the entirety of the computational campaign. The experimental validation of four novel
hits confirmed that the screening and filtering workflow was effective in identifying
biologically active compounds. However, a deeper comparative analysis of the hits
from both tracks reveals a clear and compelling hierarchy of potential, underscoring
the strategic power of our dual-track approach. It is critical to note that the subsequent
energetic comparison relies on the mean binding free energies (AGbind) calculated
from all molecular dynamics trajectories, a metric far more robust than the initial static

MM/GBSA rescoring of single binding poses.

Track 1 candidates, while successful, represent a proficient and solid incremental
advancement. Their trajectory-averaged binding free energies (e.g., AGbind = -49.34

kcal/mol for ZINC243914928) were comparable to or slightly better than that of the
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reference inhibitor K858 (-53.66 kcal/mol), and their in vitro activity was confirmed
in the micromolar range. Their MD simulations demonstrated their competence,
confirming stable binding within the L5 pocket, although often anchored by a few
primary interactions. This track successfully fulfilled its goal of identifying novel
active scaffolds through a validated, structure-guided approach and establishing a

reliable baseline for comparing computational and experimental data.

In contrast, candidates from Track 2 represent a potential paradigm shift in potency
and design. This superiority is not merely captured by the dramatically more favorable
binding energies but is also evident in the quality and robustness of the binding modes

observed during MD simulations.

Energetic Dominance: The top Track 2 candidates, with mean trajectory-averaged
AGbind values ranging from -69 to -79 kcal/mol, occupy a completely different
energetic landscape compared to the reference inhibitor. Although a direct correlation
is not always linear, this substantial energetic gap of approximately 20-25 kcal/mol
suggests the potential for a significant improvement in intrinsic binding affinity and
potency. However, it is crucial to interpret these findings with scientific caution. These
values represent computational predictions that provide a strong rationale for
prioritizing these compounds; however, they must be empirically validated through
experimental assays. Nevertheless, such a profound energetic advantage, coupled with
the observed stability of their binding modes, strongly indicates that the Track 2

candidates are exceptionally promising for further development.

Superior Dynamic Stability and Interaction Networks: Beyond the energy values,
the MD simulations of Track 2 hits revealed sophisticated and durable binding
mechanisms. Unlike the Track 1 hits, which were often anchored by a few primary
contacts, candidates such as ZINC28804061 and ZINC000484655776 exhibited
interaction redundancy, ” forming multiple persistent hydrogen bonds and extensive
hydrophobic contacts simultaneously (e.g., with Glull6, Glyl17, Arg221, and
Leu214). This creates an exceptionally stable "clamp" on the L5 pocket, which is less
likely to be disrupted by thermal fluctuations. Others, such as the rigid scaffold of
ZINC000484655776, demonstrated the principle of "pre-organization," locking into
the pocket with a minimal conformational penalty. Even flexible compounds, such as
ZINC001159968549, were tethered by an extremely high-occupancy (98%)

interaction, demonstrating a stable "locked" conformation. This represents a
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significant improvement in the binding quality and predicted durability over the

profiles of the Track 1 hits.

Greater Chemical Novelty: The Al-driven exploration of the billion-compound
library in Track 2 was profoundly successful in its primary mission of discovering
entirely new chemical matter. The identified scaffolds (indole-ureas, polycyclic
amines, and novel biphenyl-azoles) are structurally distinct from the Track 1 hits and
the well-trodden chemical classes of previously reported Eg5 inhibitors. This novelty
is invaluable, as it offers the potential to circumvent class-specific liabilities, such as
P-gp efflux or off-target effects, and may provide new avenues to overcome known

resistance to mutations.

In summary, the in vitro validation of Track 1 hits serves as a crucial calibration point
for our computational models. This proves that our methodology works. This, in turn,
provides high confidence in the computational predictions for Track 2. The synthesis
of all our findings leads to an inescapable conclusion: the candidates from Track 2 are
not just marginally better; they are superior across every critical metric, namely,
predicted binding affinity, dynamic stability, interaction complexity, and chemical
novelty. They represent a true breakthrough in this research and hold the most realistic
promise for developing a next-generation Eg5S inhibitor that could finally succeed

where others have fallen short.
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5. CONCLUSIONS AND RECOMMENDATIONS

This dissertation embarked on an ambitious dual-track computational quest to identify
novel, potent, and drug-like allosteric inhibitors of human kinesin Eg5, a well-
validated but clinically challenging anticancer target. This study was predicated on the
hypothesis that the limitations of previous inhibitors stemmed not from the target itself
but from a lack of chemical diversity in the compounds tested. By leveraging a
synergistic combination of classical structure-based design and state-of-the-art Al-
driven screening, this study successfully addressed this challenge and achieved its

primary objectives.

Conservative Track 1 screening, which applied a hierarchical filtering cascade to the
1 1-million-compound ZINC Anodyne library, successfully identified four novel active
chemotypes. The experimental validation of these hits, particularly ZINC243914928
(ICso = 28.97 uM), provided crucial proof-of-concept for the entire computational
workflow and established an essential internal benchmark for correlating

computational energetics with real-world biological activity.

The more exploratory Track 2 campaign, which deployed a DeepDocking active
learning strategy on the 1-billion-compound ZINC-ML library, represents the most
significant contribution of this study. This approach demonstrated the remarkable
capability of Al in navigating ultra-large chemical spaces, leading to the discovery of
at least four new, highly diverse chemical classes of potential inhibitors. The
computational profiles of these candidates, such as indole-urea ZINC580729109 and
polycyclic amine ZINC410422515, are extraordinary. The calculated binding free
energies (AGbind = -70 to -80 kcal/mol) were vastly superior to those of both the

reference inhibitor K858 and the hits from Track 1. Based on the correlation
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established in Track 1, this strongly predicts that these novel scaffolds possess the
potential for nanomolar or even picomolar potency, representing a substantial

improvement over previously reported inhibitors.
In conclusion, this thesis makes the following key contributions.

Validation of a dual-track CADD workflow: This demonstrated that combining a
conservative, validated pipeline with a high-risk, Al-driven exploration is a powerful

and effective strategy for modern drug discovery.

Discovery of novel active scaffolds: Multiple chemical series with confirmed (Track
1) or exceptionally high predicted (Track 2) activity against Eg5 have been identified
in this study. Crucially, these novel scaffolds demonstrate favorable drug-like
properties and low similarity to known chemotypes, addressing the key challenges of

resistance and patentability.

Establishment of a strong in silico-in vitro correlation: This provides a clear, data-
driven rationale for prioritizing computationally superior Track 2 candidates for future

development.

The journey from a computational hypothesis to a promising lead compound is long
and challenging. However, the novel high-potential compounds identified in this
study, which were discovered through the intelligent exploration of vast chemical
possibilities, represent a promising new dawn in the quest for a clinically successful
Eg5 inhibitor. They offer the potential to overcome the hurdles of potency and
resistance that have hindered their predecessors and to finally translate the therapeutic
promise of targeting this critical mitotic motor into a tangible benefit for cancer

patients.

Based on the compelling findings of this dissertation, the following strategic steps are

recommended to advance these novel candidates toward therapeutic development.

Synthesize and test top Track 2 candidate: The most critical next step is the
synthesis and in vitro biological evaluation of the top six candidates identified from
the DeepDocking track (including indole-urea ZINC580729109, polycyclic amine
ZINC410422515, triphenylmethane analogs ZINC1189728758 and
ZINC1189725451, pyrazole-indole  ZINC28804061, and indole-piperidine
ZINC000484655776). Performing Eg5 ATPase inhibition assays is essential to
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confirm the high predicted potency and validate the success of the active learning

campaign.

Evaluate cellular activity: For potent compounds identified in vitro, subsequent
studies in relevant cancer cell lines (e.g., breast, colon, and pancreatic cancer lines with

known high Eg5 expression) are crucial. These experiments should aim to:

e Confirm the on-target mechanism by observing the characteristic monopolar

spindle phenotype using immunofluorescence microscopy.
e Determine cellular potency (e.g., Glso values) in proliferation/viability assays.
e Assess the induction of apoptosis following mitotic arrest.

Lead optimization: For the most promising validated lead scaffold(s), a focused
medicinal chemistry program should be initiated. The detailed interaction data from
the MD simulations provide a clear roadmap for rational, structure-guided
optimization to improve potency and selectivity while maintaining the favorable drug-

like properties identified in the initial profiling.

Pharmacokinetic and resistance profiling:h Preliminary in silico and subsequent in
vitro ADMET profiling (e.g., metabolic stability in microsomes and Caco-2
permeability) should be conducted for the lead series. Given their confirmed structural
novelty, testing the most potent compounds against cell lines engineered to express
known Eg5 resistance mutations (e.g., D130V) is a high priority, as it would provide

early insights into their potential to overcome clinical resistance.

Exploration of advanced modalities: The novel high-affinity scaffolds discovered in
this study could serve as ideal "warheads" for advanced therapeutic modalities. Their
favorable physicochemical profiles and high predicted potency make them excellent
candidates for incorporation into Antibody-Drug Conjugates (ADCs) or Proteolysis-
Targeting Chimeras (PROTAC:S) to further enhance tumor selectivity and overcome
systemic toxicity, directly addressing the key challenges that have historically plagued
EgS5 inhibitor development.
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