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SYNOPSIS

Introduction

Neurological diseases can be defined as a diverse group of disorders that affect the
central and peripheral nervous systems, including conditions such as epilepsy, multiple
sclerosis, stroke, neuropathies, and neurodegenerative diseases. These conditions
account for a considerable proportion of global mortality, impacting millions of
individuals worldwide. Neurological diseases are becoming more common due to an
aging population, environmental exposures, and lifestyle modifications, typically
resulting in chronic disability, cognitive decline, and reduced life quality'. Treatments
available today for a variety of neurological disorders predominantly provide
symptomatic relief, with limited capacity to influence disease progression.
Furthermore, the presence of drug-related side effects and therapeutic resistance adds
complexity to prolonged treatment management. Hence, the development of advanced
and focused therapies is crucial for effectively addressing neurological diseases and

improving clinical outcomes.

Protein kinases are enzymes that regulate other proteins by transferring phosphate
group to specific amino acid residues, through a process called phosphorylation. This
type of post-translational modification is crucial for regulating signal transduction
pathways involved in cell growth, specialization, survival, and programmed cell death.
Kinase dysregulation contributes to the progression of various diseases, such as cancer,
inflammation, neurodegenerative disorders along with various other diseases, making

kinases important targets for drug discovery?.

The Dual Leucine Zipper Kinase (DLK) to c-Jun N-terminal Kinase (JNK) (DLK-
JNK) signalling pathway serves as a central regulator of neuronal development, axon
regeneration, and stress-induced apoptosis. DLK (MAP3K12) is positioned at the
initial stage of this signalling pathway and is primarily found in neurons, where it
functions as a master switch which initiates series of signals that regulate the cell’s
response to stress, injury, or growth®. When neurons encounter stress conditions like

axonal damage, oxidative stress, or deprivation of growth-promoting factors, DLK is
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activated and subsequently initiates the phosphorylation of downstream Mitogen-
Activated Protein Kinase Kinases (MAP2Ks), with Mitogen-Activated Protein Kinase
Kinase-7 (MKK?7) being the main target and Mitogen-Activated Protein Kinase
Kinase-4 (MKK4) activated to a lesser degree*. MKK7, characterized as a dual-
specificity kinase, acts as a central and highly selective activator of JNKs at the
upstream level. It phosphorylates JNK at the threonine and tyrosine residues located
within the conserved Thr-Pro-Tyr motif in the activation loop, leading to its activation.
In contrast to MKK4, which also targets p38 and MAPK, MKK?7 exhibits a high degree
of specificity for JNK signalling, highlighting its importance in DLK-JNK signalling
pathway. Figure 1 shows the sequential activation of kinases in the DLK-JNK
signalling pathway. The JNK isoforms JNK1, JNK2, and JNK3 respond to stress by
activating and translocating into the nucleus, where they regulate transcription factors
such as c-Jun, ATF2, and Elk-1. By phosphorylating c-Jun, JNK drives the
transcription of pro-apoptotic genes and controls processes like neuronal plasticity,
regeneration, and apoptosis®. The dysregulation of this pathway has been linked to
multiple neuropathological disorders such as Alzheimer’s disease, Parkinson’s disease,
and traumatic brain injury, highlighting it as a promising target for therapeutic

intervention.
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Figure 1: The DLK-JNK pathway showing sequential phosphorylation events from
DLK to MKK4/7 to JNK, resulting in the activation of the transcription factor c-Jun

and nuclear gene expression.
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Objective of the work

DLK-JNK signaling plays a crucial role in neuronal stress responses, yet the detailed
molecular processes governing kinase regulation, including activation and structural
transitions, are still not fully understood. Although these kinases are known to undergo
structural remodeling upon phosphorylation and interaction with regulatory factors, the
precise mechanisms behind these changes are still not well known. How does
phosphorylation, as a post-translational modification, affect the structural
conformation and dynamics of proteins involved in the DLK-JNK signalling pathway?
Furthermore, the molecular mechanisms of inhibition remain poorly understood
because of the lack of crystal structures of kinases bound to small molecules. There is
limited research focused on identifying potential inhibitors targeting DLK.
Additionally, the selectivity profiles of allosteric inhibitors, as well as type I and type
IT inhibitors against MKK7, have not been comprehensively examined. Furthermore,
the phosphorylation-induced conformational dynamics of JNK isoforms remain
unexplored. Moreover, the interaction between MKK7 and JNK, along with its

dynamic behaviour, are also yet to be investigated.
Therefore, this thesis broadly focuses on the following objectives:

1. Computer-aided drug discovery for neurodegenerative diseases targeting
DLK.

e To identify Saraswatharishta (SWRT)-derived phytochemicals that
inhibit DLK, thereby exploring their potential role in neuroprotection
and providing a molecular rationale for the observed neurodegenerative
benefits of SWRT.

e Identifying potential lead compounds against DLK by targeting the
ATP-binding site.

2. Theoretical investigation of MKK?7 conformational transitions between
active and inactive states through enhanced sampling techniques.

e Investigating and characterizing the conformational behaviour of

phosphorylated MKK7 bound to type I, type 11, and allosteric inhibitors.



3. Atomistic insights into how post-translational modifications influence the
structure and dynamics of JNK isoforms.
e Computational exploration of phosphorylation-induced conformational
dynamics in JNK isoforms to understand isoform-specific regulation.
e Studying the dynamic interaction patterns of inhibitor SP600125 across
different isoforms.
4. To gain atomistic-level understanding of JNKI1 structural transition upon
ATP and MKK?7 (protein-protein) interactions.
e Identifying structural adaptations in JNK1 upon ATP and Mg** ion
interaction at the active site.
e Characterizing the structural basis of INK1-MKK?7 interaction and its
influence on JNK1 dynamics.
e Characterizing the influence of cooperative ATP and MKK7 binding on
the global and local motions of JNK1.

Chapter 1: Overview and literature review of the DLK-JNK signalling pathway

involved in neurological disorders

This chapter presents a comprehensive overview of the DLK-JNK signalling pathway
and its involvement in various neurological disorders. It outlines the fundamental roles
of DLK as an upstream regulator and its downstream activation of JNKs through
MKK7/MKK4 in stress signalling, neuronal apoptosis, and neuroinflammation. The
isoform-specific functions of JNK kinases and their implications in neuronal
degeneration are discussed in detail. Furthermore, the chapter highlights key regulatory
mechanisms, including phosphorylation events and scaffold proteins that influence
pathway specificity. In addition, we examine the current challenges associated with
targeting DLK-JNK signalling therapeutically, particularly with regard to isoform

selectivity and context-dependent activity.



Chapter 2: Description of the methodology used for the studies

This chapter deals with the methodology used in the present studies. Here, the
molecular dynamics (MD) simulations have been explained in detail. This chapter
explains how MD simulations contribute to our understanding of the structural
features, dynamic behaviour, and thermodynamics properties of biological
macromolecules of interest at the atomistic level. Along with that, we have described
the components of the force field, various water models, simulation packages, the basic
workflow of MD, and binding free energy calculations using the molecular mechanics
Poisson-Boltzmann surface area (MM-PBSA)® method. Additionally, we have
discussed enhanced simulation techniques, such as accelerated molecular dynamics
(aMD) and Gaussian accelerated molecular dynamics (GaMD)’, along with their
advantages in conformational sampling with reduced computational expense. Further,
we have provided insights into the different post-simulation analysis techniques of the
MD trajectories to explain the molecular mechanism and binding free energy of small

molecules.

Chapter 3: Ayurvedic phytochemicals from neurological formulation

Saraswatharishta (SWRT) as a Potential Inhibitors of dual leucine zipper kinase

Globally, neurological disorders represent a major risk factor and rank as the second
leading cause of death. Over the past three decades, there has been a significant global
rise in deaths and disability caused by neurological disorders, with further increases
expected due to aging populations and demographic growth. Ayurveda, a traditional
medication system in India, has been utilized for centuries to treat various diseases,
including neurological disorders. Saraswatharishta, an Ayurvedic formulation, has
shown therapeutic potential in the treatment and management of various neurological
disorders. The neuroprotective impact of SWRT in neurological disorders underscores
the importance of examining its action on key molecular targets, especially DLK. In
this work, we focus on elucidating the detailed molecular mechanisms by which SWRT
phytochemicals interact with DLK. Initially, we downloaded the phytochemicals from
the IMPPAT (Indian medicinal plants phytochemistry and therapeutics) database and

curated a library for virtual screening against DLK. From the docking results, the top
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ten compounds were shortlisted, of which four leads were selected based on both high
docking scores and molecular weights under 500 Da and subjected them to MD
simulation. To evaluate the stability and binding efficiency of the lead compounds with
DLK, we analyzed ligand-protein distance, hydrogen bond formation, binding site
RMSD, and calculated binding free energy using the MM-PBSA approach. The four
identified lead compounds are sourced from different plants, specifically Anethum
sowa, Acorus calamus, Zingiber officinale, and Syzygium aromaticum. By narrowing
down the essential phytoconstituents of this ancient formulation, this study may
contribute to the design of potent inhibitors against DLK. This study identified key
phytochemicals of SWRT formulations and characterized their binding interactions
with DLK. To the best of our knowledge, this is one of the first studies to provide
molecular insight into the potential of Ayurvedic compounds for DLK-targeted

neurodegenerative therapy.

Chapter 4: Identifying novel inhibitors and exploring how inhibitor binding

influences conformational dynamics in dual leucine zipper kinase

The dual leucine zipper kinase (DLK) pathway plays a crucial role in regulating
neuronal responses to stress and injury, and its dysregulation has been linked to the
development and progression of various neurodegenerative diseases. Belonging to the
MLK subfamily, DLK is a serine/threonine kinase involved in multiple cellular
functions, including apoptosis, stress responses, and cell differentiation. The lack of
FDA-approved drugs targeting DLK highlights the necessity for the development of
potent inhibitors to address neurological pathologies. Therefore, the design of targeted
therapies that are both potent and selective, while avoiding cytotoxic effects, has
attracted considerable attention. This chapter focuses on the conventional systematic
approach of high-throughput virtual screening of natural product libraries (NPAtlas)
and FDA-approved compounds (MedChemExpress), followed by molecular dynamics
simulations integrated with free energy calculations. We carried out virtual screening
of natural products and FDA-approved drugs in combination with pharmacokinetic and
pharmacological profiling, followed by unbiased molecular dynamics simulations to

evaluate the stability of the complexes. We have also evaluated the ADMET properties
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of the selected compounds. We have also explored the conformational dynamics of
the kinase upon inhibitor binding. Finally, we identified two compounds from the
NPAtlas database exhibiting favorable ADMET profiles, along with two FDA-
approved drugs danthron and dithranol showing blood-brain barrier (BBB)
permeability based on virtual screening and subjected to MD simulation. Among the
natural compounds, CID156581477 originates from the fungus Pestalotiopsis vaccinii,
while CID139591660 is derived from the marine fungus Zopfiella marina. Binding
free energy estimates using MM-PBSA revealed higher affinity for CID139591660,
dithranol, and danthron compared to control compound sunitinib, whereas
CID156581477 exhibited reduced affinity. Furthermore, employing the deep learning-
based DeLA Drug server, we identified an analogue of CIDI156581477
(CID156581477-ANLG) with higher affinity compared to both the parent compound
and the control. Based on MM-PBSA and hydrogen bonding results, the inhibitor
affinities followed the order: CID139591660 > dithranol > CID156581477-ANLG >
danthron > sunitinib > CID156581477. Thus, four compounds were found to exhibit
greater affinity than the control compound, sunitinib. However, further molecular and

pharmacokinetics are required to test the selectivity and affinity in vitro and in vivo.

Chapter 5: Theoretical investigation of MKK?7 structural transitions between
active and inactive states upon binding to distinct inhibitors using enhanced

sampling techniques

Mitogen-activated protein kinase kinase 7 (MKK?7) is a dual-specificity kinase that
plays a critical role in the MAPK pathway by acting as an upstream activator of c-Jun
N-terminal kinase (JNK), promoting its phosphorylation and activation. JNK
activation is triggered by stress stimuli, including inflammatory cytokines, UV
radiation, and environmental stress, leading to cellular responses like apoptosis and
inflammation. Upon activation, JNK moves into the nucleus and phosphorylates key
transcription factors, such as c-Jun, regulating the expression of genes involved in
apoptosis, inflammation, and the cellular stress response. MKK?7, in conjunction with
MKK4, enhances JNK activation, though it is more specific in JNK phosphorylation

under stress conditions.
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This chapter mainly comprises the conformational dynamics induced by type I and
type II and allosteric inhibitors and their free energy calculations. Although assessing
the influence of structural rearrangements on kinase inhibitor binding is challenging
due to the high conformational flexibility of their catalytic kinase domain (KD). Four
mayjor flexible structural motifs constitute the dynamic kinase domain (KD): the P-loop
and aC-helix from the N-terminal lobe, and the DFG motif and activation loop (A-
loop) from the C-terminal lobe. These specific structural states reflect a complicated
transduction pathway that determines the A-loop’s dynamic behaviour and
conformational selection necessary for MKK7 function. However, the specific
dynamic behaviours of MKK?7 in response to different inhibitor-bound states are still
not well understood. We performed microsecond-long Gaussian accelerated MD
(GaMD) simulations to study four phosphorylated forms of MKK?7: apo KD, and KD
in complex with Type I, Type II, and allosteric inhibitors. Our conformational analyses
along with Markov State Model (MSM) indicates that binding of inhibitors results in
conformational changes in mobile regions like the A-loop, aC-helix, and hydrophobic
spines. We observed that the inactive state is characterized by a closed A-loop, outward
displacement of the aC-helix, disruption of the hallmark salt bridge, and misalignment
of the hydrophobic spines. Finally, we computed the binding free energy and compared
the binding configurations using the MM/PBSA approach. According to the binding
free energy calculations, type II inhibitors show the highest affinity, followed by N-
terminal allosteric inhibitors, and then type I inhibitors. Overall, these structural and
energetics analyses could serve as foundation for the future development of more
effective type I/II and N-terminal allosteric inhibitors, with significant implications for

treating MKK7-related diseases.

Chapter 6: Atomic-level investigation of post-translational modification

(phosphorylation) effects on the structural dynamics of JNK isoforms

The c-Jun N-terminal kinase (JNK) signalling pathway is an essential part of the
mitogen-activated protein kinase (MAPK) signalling pathway, functioning as an
important link between external signals and cellular responses like extracellular stress,

gene expression, and cell growth. JNK activation is mediated by two MAPK kinases
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MKK4 and MKK?7, which selectively phosphorylate tyrosine and threonine residues
within the activation loop. The three isoforms of the JNK family, namely JNK1, INK2,
and JNK3, are encoded by different genes, and they vary in their expression patterns,
substrate specificity, and individual functions within the cell. INK1 and JNK2 are
widely expressed in various tissues, contributing to metabolism, cell cycle control, and
immune responses. In contrast, JNK3 is primarily expressed in the brain, where it
regulates neuronal functions and stress responses, along with low expression in the

heart and testis.

This chapter mainly comprises to explore the comparative structural dynamics and
energetic characteristics of the three INK isoforms JNK 1, JNK2, and JNK3 bound with
the inhibitor SP600125 in both phosphorylated and unphosphorylated forms. A
detailed analysis of the structural dynamics of all three JNK isoforms including the
effects of phosphorylation and inhibitor selectivity, has not yet been previously
reported in the literature. Investigating the structural behaviour of these isoforms in
phosphorylation states is crucial for understanding their functional variety and
regulatory mechanism. We observe that the structural integrity of isoforms remains
largely conserved, but phosphorylation leads to conformational changes in the
activation loop and some other key regions, affecting accessibility, flexibility, and
compactness. The phosphorylation affects the f3-Lys and aC-helix Glu salt bridge in
JNKT and JNK3, while JNK2 remains unchanged, and no isoform exhibits a stable $3-
Lys and DFG-Asp salt bridge interaction. Finally, we computed the binding free energy
and compared the binding configurations using the MM-PBSA approach. The results
suggest that SP600125 shows significant affinity for all JNK isoforms. Overall, our
findings offer valuable insights into the structural and conformational dynamics of
JNK isoforms in complex with a competitive inhibitor, revealing fundamental

challenges in isoform specific drug discovery.

Chapter 7: Investigating the Role of ATP Binding and MKK?7 Interaction in
Modulating the Structural and Dynamic Landscape of JNK1

Within the MAPK signalling pathway, JNK1 serves as a crucial mediator of cell

response to stress, inflammation, and apoptotic stimuli. Its activation and regulation
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are influenced by ATP binding and interaction with the upstream kinase MKK?7, both
of which can induce distinct structural and dynamic changes that shape JNKI’s
functional state. MKK?7 activates the JNK pathway and is uniquely characterized by
having three motifs in its regulatory domain. This chapter primarily focuses on the
conformational dynamics of JNK1 in its apo form, ATP-bound state, MKK7-bound
complex, and the dual ATP-MKK?7 bound state, along with their associated binding

free energy calculations.

The GaMD studies revealed conformational variability among the different states.
Binding of ATP resulted in a restricted mobility of the P-loop, leading to a rigid free
energy landscape in terms of its up and down motion towards the conserved HRD-
motif. The activation segment adopted a range of conformations, including states
where the loop shifted toward the aC-helix. Throughout all systems, the alignment of
the hydrophobic spine architecture remained consistently intact. The salt bridge
between B3-Lys55 and Aspl69 of the DFG-motif alternated between formed and
broken states. In contrast, the key interaction between 3-Lys55 and aC-helix Glu73
remained mostly intact across systems, except in the ATP-MKK?7 bound complexes,
where an additional prominent broken conformation was also observed. Furthermore,
the binding mechanism, residue-specific energy contributions, and interaction profiles
were thoroughly analysed. Overall, the study provided critical mechanistic insights into
JNKI in complex with MKK7 and ATP-bound states, emphasizing how binding

influences their dynamic behaviour and interaction patterns.
Chapter 8: Conclusions and future scope

The advancement of computational techniques and algorithms has made it possible to
study protein dynamics and structures at an atomic scale. While experimental 3D
structures give precise structural information, they capture only a static image of
molecular processes that are actually time-dependent and dynamic. In this regard,
molecular dynamics and various simulation strategies are key to understanding
proteins’ spatial and temporal behaviour within timescales. In this thesis, a detailed
exploration is provided, starting with DLK inhibitor development, followed by the

structural dynamics of MKK?7 in its various states, the effect of phosphorylation on
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JNK isoforms, and the behavior of JNK1 when bound to ATP and MKK?7. Firstly, our
primary investigation centered on understanding SWRT’s mechanism of action via the
DLK pathway by screening its key phytochemical components for their effectiveness
in treating neurological diseases and their potential as drug candidates. Following that,
we screened two different databases to search for DLK inhibitors and successfully
identified four promising compounds with high binding affinity. Additionally, we
investigated the essential characteristics of type I, type II, and allosteric inhibitors
bound to MKK?7 in its active and inactive states using the recently developed GaMD
enhanced sampling method. Furthermore, we explored the effects of phosphorylation
on different JNK isoforms and examined how it influences their distinct dynamic
behaviours, along with investigating the role of ATP binding and MKK?7 interaction in

modulating the structural and dynamic landscape of JNK1.

Since there are currently no FDA-approved drugs targeting any of the kinases in this
pathway, there exists a significant opportunity to discover potent inhibitors for each
kinase involved. Furthermore, identifying allosteric pockets within these kinases could
aid in the development of novel inhibitors. In addition, designing inhibitors with high
selectivity among JNK isoforms offers a promising approach to overcome issues
related to isoform-specific selectivity. There is currently limited understanding of DLK
kinase dynamics, particularly the distortion of the aC-helix. With no known
phosphorylating residues identified in human DLK, this presents a promising area for
detailed structural and functional investigation. This thesis opens up a new opportunity
in the structure-based drug development field, where drug affinity and selectivity
toward a given target enzyme can be improved through experimental structural biology

and medicinal chemistry.
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CID5491630), B (lead 2; CID16066851), C (lead-3; CID5318039), and D (lead-4;
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Figure 4.3: Overall ADMET properties of two studies compounds. (A) and (B) are
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Figure 4.4: (A) The probability distribution of root-mean-square deviation (RMSD)
of the entire protein backbone of the DLK kinase domain. (B) The individual residue-
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force (PMF) for each of the five inhibitors was computed using ligand RMSD as the
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Figure 4.9: The hubs and communities present in apo, and inhibitor bound DLK. The
hubs are depicted using colour codes that indicate the level of their interaction strength
and the communities are arranged from highest to lowest ranking (C1 to C10). (A) apo,
(B) sunitinib (C) dithranol, (D) danthron, and (E) CID139591660. The structures in the
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Figure 4.10: The free energy landscape (FEL) for (A) apo, (B) Sunitinib, (C)
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Figure 4.13: The DLK signaling pathway in response to external stress. Under external
stress, DLK undergoes phosphorylation, leading to the activation of downstream
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Figure 5.1: Schematic representation of the MKK?7 kinase domain along with its
docking domain which interact with other upstream and downstream proteins. The
diagram highlights key structural elements, including the DVD site which interacts
with MAP3Ks, JNK docking site, and kinase domain along with its crystal structure
highlighting important regions. Stress stimuli, cytokines, and growth factors activate
MAP3Ks, which then phosphorylate MKK7. Phosphorylated MKK?7 activates JNK,
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allosteric inhibitor-bound system. Several key regions are highlighted with different
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Figure 5.3: The backbone atoms RMSD depicted through Violin plot of four system.
(A)-(D) is the violin plot for overall protein, A-segment, aC-helix, P-loop of MKK?7.
(E)-(H) The average RMSF of backbone Ca-atoms from four runs (black) and the

standard deviation for eachrun (red). ... 152
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Figure 5.5: Principal Component Analysis (PCA) was performed for four systems. (A)
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Figure 5.6: Dynamic cross-correlation matrices (DCCM) illustrating the relationship
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Figure 5.7: (A)-(D) Hubs, and (E)-(H) community maps derived from network
analysis. (I) (L) the differences in hubs between T1-I system with T2-I and A-I system.
Color-coding is used to distinguish link interaction strength, average hub interactions,
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Figure 5.8: dPCA-based Free Energy Landscape (FEL) generated for the four studied
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Figure 5.10: (B) The explored conformational space of four systems, mapped with
respect to the pseudotorsional angle ({) and the distance between Lys165—Asp182
residues. (A) and (C)-(I) represented the conformation of active and inactive MKK?7.
(J)-(M) represent 2D-FEL of two hallmark salt bridge distance between Lys165 and
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Figure 5.11: (A) A within-cluster sum of squares plot illustrating the four systems
based on K means clustering, using P-loop RMSD and P-loop-HRD distance, with
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on the P-loop RMSD and P-loop HRD distance, displaying population percentages
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Figure 5.12: Protein-ligand interaction diagram for (A) A-I, (B) T1-I, and (C) T2-L
(D) The per residue energy contribution from the MM/PBSA calculations for each
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Figure 5.13: A five-state macrostate model built for the four studied systems based on
Markov State Model (MSM) analysis, with percentage distributions indicated for each
state. The thickness of the arrows represents transition probabilities, and the
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structures from each macrostate are superimposed on the sides. Key structural regions
are highlighted using the following color scheme: pink for the p-loop, orange for the
catalytic loop, green for the activation segment, red for the aC-helix, and cyan for the

RINEE TEZION. ...ttt e 174
Chapter 6

Figure 6.1: JNK signaling modulates cellular processes in response to environmental
conditions. In neurons, JNK1 contributes to axon elongation via JUN and AFT2,
whereas MKP1 negatively regulates JNKI1. During differentiation, histone H3
phosphorylation by JNK2 and JNK3 facilitates RNA Pol II transcription. Under stress,
JNK3 activates JNK2, which subsequently phosphorylates JUN and AFT2, forming

XXXViii



the AP1 complex and initiating apoptosis. These mechanisms highlight the diverse

functional roles Of INK 1SOfOIMS. .. .vune ettt e e e, 183

Figure 6.2: (A) Heat map representing sequence similarity among JNK1/2/3 isoforms,
generated using the DALI webserver. (B) Residue level sequence similarity analysis
based on multiple sequence alignment, performed using Clustal Omega. (C)
Superimposed 3D structures of JNK1/2/3 isoforms visualized using Chimera,

displaying structural similarities and differences in 3D visuals. ......................... 190

Figure 6.3: Probability distribution of backbone RMSD for (A) kinase domain of
JNK1/2/3, (B) activation segment, (C) P-loop. (D-I) The average RMSF of each three
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Figure 6.5: PCA analysis was carried out for six systems, including (A) JNK1-p, (B)
INK1-u, (C) INK2-p, (D) INK2-u, (E) JNK3-p, and (F) JNK3-u. The figure illustrates
the key structural conformations obtained from the low-energy regions of the free
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Figure 6.6: dPCA based free energy landscape analysis was done for the six studied
systems, (A) JINK1-p, (B) JNK1-u, (C) INK2-p, (D) INK2-u, (E) JNK3-p, and (F)
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Figure 6.7: Time evolution of residue specific RMSD of activation segment region.
The time evolution from 0-3 ps represent to production simulation of three runs (runl-
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Figure 6.8: (A-C) Probability density distribution of the salt bridge distance between
B3-Lys and aC-helix Glu during the simulation period. (D-F) Probability density
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simulation period. (G-I) Probability distribution of backbone RMSD for C-spine, and
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Figure 6.9: Time evolution of the regulatory spine (R-spine) RMSD in JNK isoforms
in phosphorylated (JNK-p) and unphosphorylated (JNK-u) states. Structural snapshots
show the R spine residues (red and black spheres) in different conformations, with

phosphorylation inducing a shift from Confl to Conf2 in JNK3. ....................... 204

Figure 6.10: (A)-(F) Network derived community maps for the six studied systems.
(G)-(I) Variations in hub organization between the (G) JNK1-p and JNKI1-u, (H)
JINK2-p and JNK2-u, (I) JNK3-p and JNK3-u. Color coding differentiates hub
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Figure 6.11: Dynamic cross-correlation matrices (DCCM) displaying the interactions
between various regions of JNK1/2/3 based on the Ca-atom motion relative to their
mean positions. The Pearson’s correlation coefficients are represented using a color-
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Figure 6.12: Free energy landscape (FEL) analysis along the first two dominant
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INK2-p, (D) INK2-u, (E) INK3-p, (F) INK3-U. ..ot 210

Figure 6.13: The residue level free energy decomposition of JNK1/2/3 in both
phosphorylated and unphosphorylated state bind with the inhibitor SP600125. The
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Chapter 7

Figure 7.1: Box plot analysis of solvent accessibility and compactness in the studied

systems. (A) Solvent-accessible surface area (SASA) of the whole protein, (B) radius
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of gyration (RoG), (C) SASA of the ATP-binding pocket, and (D) RoG of the ATP-
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Figure 7.2: (A) Structural representation of the four studied systems - apo JNK1, JNK 1
bound to ATP and Mg?", JNK1 bound to MKK?7, and JNK1 bound to both MKK7 and
ATP with Mg?. (B—G) Box plot analysis of the root-mean-square deviation (RMSD)
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Representative structures from the highlighted regions of the FEL are shown alongside.

Figure 7.8: Dynamic cross-correlation matrix (DCCM) analysis of the four systems
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Chapter 1

Introduction and Literature Review

1.1. Overview of Protein Kinases

Eukaryotic protein kinases (EPK) were discovered in 1943, and their crucial role in
phosphorylation was identified in 1956 [1,2]. Understanding protein kinases has
provided deeper insights into diverse cellular processes such as signaling cascades
[3,4], transcription of DNA [5], DNA replication [6], intracellular organelle transport
[7,8], smooth muscle contraction [9,10], cellular differentiation [11], different
neurological regulations and transmission [12,13], etc. Human protein kinases play a
crucial role, comprising approximately 2% to 3% of all genes in the eukaryotic
genome. The human genome includes 518 kinases [14] and 106 pseudogenes,
collectively making up about 2% of all human genes. Because of overexpression and
genetic alterations such as mutations and translocations, dysfunctional protein kinase
activity contributes to the development of autoimmune, inflammatory, cardiovascular,
neurological diseases, and various malignancies [15,16]. Consequently, targeting this
enzyme family has become a major focus in the development of modern therapeutics
in the 21st century [17,18]. One-fourth of global drug discovery programs focus on
protein kinases. Therefore, detailed insights into their mechanisms and structures are
crucial for designing more effective and selective therapeutics [14]. Atomic-level
structural data are informative for understanding biomolecular mechanisms [19]. Yet,
because atoms are always in motion, molecular function and interactions are also
governed by these dynamic properties. Rather than relying only on static structures,
one aims to visualize biomolecules dynamically, interact with them at the atomic level,
and observe their subsequent behaviour. Unfortunately, visualizing and manipulating
individual atoms in this manner is extremely difficult. As an alternative, atomic-level
simulations provide a powerful tool to study the dynamics of biomolecules [19]. Thus,
this thesis primarily employs computational strategies, including conventional

molecular dynamics (MD) simulations [20] and enhanced sampling methods, to



analyse conformational variability and inhibitory mechanisms of various kinases of

DLK-JNK signalling pathways.
1.2. Kinase Function

Protein kinases have the ability to alter protein function through a wide range of
mechanisms. Post-translational modifications [21] like phosphorylation [22],
glycosylation, methylation, ubiquitination, acylation, nitrosylation, lipidation, and
proteolysis modulate enzyme activity and regulate biological events such as gene
expression, which are crucial to both normal physiology and disease mechanisms
[23,24]. Kinases catalyse phosphorylation by transferring the y-phosphate group from
ATP to hydroxyl groups on substrates such as sugars, lipids, and amino acids, with
ADP being released as a byproduct (Figure 1.1). Phosphorylation is a reversible

process regulated by phosphatase enzymes, which remove phosphate groups from the

substrate.
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Figure 1.1: The schematic representation of the function of a protein kinase.

Phosphorylation plays a significant role in many cellular processes [21]. Eukaryotic
protein kinases (ePKs) are classified according to the amino acid residue they

phosphorylate, such as tyrosine (TPKs; tyrosine-protein kinases), serine/threonine



(STPKs; serine/threonine protein kinases), or both (dual-specificity kinases) [23,25].
A total of 385 serine/threonine kinases, 90 tyrosine kinases, and 43 tyrosine-like
kinases have been identified. Of the protein-tyrosine kinases, 58 are classified as
transmembrane receptor kinases, while 32 function as intracellular non-receptor
kinases. Some kinases, like MEK1 and MEK2, structurally resemble serine/threonine
kinases but possess the ability to phosphorylate both threonine and tyrosine residues,
classifying them as dual-specificity kinases [12]. The activity of protein kinases is
often modulated by their own phosphorylation. Dysregulated phosphorylation of
cellular proteins has been linked to numerous diseases, including cancer,
inflammation-related conditions, cardiovascular disorders, diabetes, hypertension, and

abnormalities in cell growth and survival [21,22,26].
1.3. Architecture of the Kinase Domain

Protein kinase A (PKA), a cyclic-:AMP dependent kinase, was the first protein kinase
whose three-dimensional structure was resolved using crystallography [27]. Being a
well-characterized serine/threonine kinase, it serves as a model for understanding the
broader kinase family [28]. The catalytic domain is composed of ~350 residues and is
organized into a bilobular structure [29,30]. The conserved catalytic core of a kinase
domain is generally composed of two lobes: an N-terminal lobe and a C-terminal lobe.
The kinase domain and its critical regions are highlighted in Figure 1.2. The small N-
lobe (residues 40-120) consists of an antiparallel  sheet (B1-f5) and a prominent o-
helix called the aC-helix. The large C-lobe (residues 128-300) is mainly composed of
a-helices (aD-al). The C-lobe contains short conserved B-strands (f6-B9) containing
catalytic residues. Followed by the aE-helix is the B6-strand, the catalytic loop, the B7
and B8 strands, and the activation segment with the $9-strand. The activation segment
in the majority of protein kinases begins with the DFG (Asp-Phe-Gly) motif and
terminates at the APE (Ala-Pro-Glu) sequence. However, in EGFR, the activation
segment starts with the DFG motif but terminates with ALE (Ala-Leu-Glu) instead of
the typical APE. Within the kinase structure, ATP is located in the cleft between the
N- and C-lobes, also interacting with the loop linking the B1 and B2 strands. The

connecting loop, which is also called the P-loop, contains a highly conserved glycine-



rich motif designated as GXGXG, where the ¢ residue may be either tyrosine or
phenylalanine, and is alternatively known as the glycine-rich loop or G-loop. The
presence of glycine residues in this loop enables it to interact and coordinate with the

phosphate groups of ATP through backbone-mediated interactions.

Following the G-loop, the P2 strand includes a conserved valine residue that
establishes a hydrophobic interaction with the adenine ring of ATP. In the absence of
ATP, the glycine within the P-loop enhances its conformational flexibility, which
supports small-molecule inhibitor binding. Two hydrophobic structural motifs
spanning the N- and C-lobes are the Catalytic spine (C-spine) and the Regulatory spine
(R-spine). The Regulatory spine (R-spine) is composed of four key residues: two from
the C-lobe, Y164 from the Y/HRD motif in the catalytic loop and F185 from the DFG
motif within the activation loop (A-loop), and two from the N-lobe, L95 from the aC-
helix and L106 from the B4-strand. The R-spine is stabilized further by hydrophobic
amino acids such as V104 and the gatekeeper residue M120 from the aC—34 loop
region, along with M 118 located in the B5-strand [31,32]. The functional regulation of
EPKSs involves transitions between inactive and active conformations, marked by
disassembly and assembly of the R-spine [33]. During the catalytic cycle, the
functional conformation of EPKs shifts from an open to a closed state to enable proper
enzymatic activity. The binding of ATP induces a conformational shift in the kinase
core from an open state to an intermediate one, mainly due to contacts between the
adenine moiety of ATP and the hinge region and C-spine [34,35]. As a result, the fusion
of the N-terminal and C-terminal lobes enables the kinase to move from an

intermediate conformation to a fully closed state during substrate binding [36].



Phosphorylating
residue

Figure 1.2: The structural features of a protein kinase, depicting different important
regions like a-helix, activation segment, catalytic loop, hinge, P-loop, and

phosphorylating residue.

The negative charge in the active site cleft of the C-lobe in EPKSs is countered by Mg*".
These ions bind the DFG-motif (D184 in PKA) of the activation loop, and an
asparagine residue (N171) from the catalytic loop contributes to aligning the 7y-
phosphate of ATP for phosphorylation. The a and B phosphates of ATP form
interactions with the highly conserved catalytic lysine (K72) located in the f3-strand,
and this lysine also forms a hallmark salt-bridge with a conserved glutamate (E91) in
the aC-helix [37,38]. Although both serine/threonine and tyrosine kinases catalyze
phosphorylation, the catalytic loop structure differs between the two classes. Primarily,
the protein kinase AGC family contains the YRDLKPEN motif, while the
HRDLKPQN sequence is typical of serine/threonine kinases, and HRDLAARN and
HRDLRAAN are found in receptor and non-receptor tyrosine kinases, respectively.
Earlier studies indicated that K72 located in the 3-strand is essential for ATP binding,

while E91 in the aC-helix plays a stabilizing role for K72. According to mutational



and biochemical investigations, a K72 mutation leads to a complete loss of catalytic
function without altering ATP binding, indicating that the specific role of K72 is not
yet clearly defined [39]. Furthermore, the closed conformation of the active site is
attained through interactions between the G-loop and ATP, the substrates, and the C-
lobe. The transfer of the phosphate group happens when the substrate (either serine,
threonine, or tyrosine) is properly positioned through the action of D166, the aspartate
residue within the HRD-motif. Finally, the phosphorylated substrates are released from
the active site along with ADP as a byproduct. Again, EPKs return to their open
conformation, allowing the binding of a new ATP molecule, and the phosphorylation

cycle continues [40].
1.4. The Functional States of Kinase: Active and Inactive Forms

Eukaryotic kinases are flexible and structurally dynamic proteins, playing essential
roles in regulating biological signaling pathways [33]. Protein kinases function as
molecular switches that alternate between active "on" states and inactive "off" states
[41,42]. The kinase is highly active in the 'on' conformation, but shows minimal
activity in its 'off' state. All protein kinases catalyse substrate phosphorylation by
transferring the y-phosphate group from ATP, resulting in a structurally conserved
active conformation across almost all kinases [43,44]. In contrast, the inactive or 'off
state of kinases is not structurally conserved across all types. As a result, both different
kinase classes and even the same kinase can exhibit varied inactive conformations.
Active kinases share a conserved tertiary structure, whereas Huse and Kuriyan reported
that inactive kinases display structurally diverse conformations [33]. The
conformational dynamics of regions like the activation loop, G-loop, and aC-helix play
a key role in defining kinase activity states. The protein undergoes major structural
rearrangements when it becomes phosphorylated, binds ATP, or interacts with
inhibitors. Hence, a detailed comprehension of such conformational rearrangements

could facilitate the rational design of novel therapeutic strategies.

The activation segment plays a central role in regulating catalytic activity and substrate
binding [32]. Nolan et al. reported that autophosphorylation of residues within the

activation segment is critical for the activation of various kinases [45]. However, some
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kinases, such as EGFR, do not require such phosphorylation for their activation [46].
A loop within the activation segment plays a central role in controlling conformational
transitions in numerous protein kinases. Tournier et al. reported that phosphorylation
at Thr221 alone, despite the presence of a dual site (Thr221 and Tyr223), is sufficient
to activate JNK [47]. JNK is expressed in neuronal cells and is a well-studied
therapeutic target for small-molecule inhibitors in treating neurological disorders.
pThr221 interacts with basic A-loop residues, Arg227 and Argl88, stabilizing the
protein in its active, open conformation. According to Xie et al. [48] and Mishra et al.
[49], basic residues assist in mediating the conformational rearrangements of the A-
loop in JNK3. The conformational state of phosphorylated, unphosphorylated, or ATP-
bound kinases significantly influences their structural and functional behaviour. It
regulates the different open/closed states of a kinase. For example, substantial
structural shifts occur during the open-to-closed transition in unphosphorylated JNK3
(uJNK3) and kinases such as CDKS5 [50]. A similar mechanism has been reported in
Abl kinase 1 and Src kinase, where the aC-helix, DFG motif, and A-loop coordinate

to enable open-to-closed transitions [51].

Furthermore, Shaw and colleagues investigated the DFG-in to DFG-out transition in
Abl kinase using long-timescale MD simulations (2.2 ps) [52]. Moreover, Meng and
Roux found that phosphorylation at Tyr416 within the activation loop of c-Src kinase
enhances the stability of multiple structural components, thereby locking the enzyme
in a catalytically active conformation [53]. According to Musavizadeh et al. [54],
phosphorylation at a single site (Thr288) within Aurora-A kinase promotes
stabilization of the A-loop in an open conformation. In contrast, a second
phosphorylation at Thr287 reduces this stability and enhances loop flexibility. These
results indicate that the conformational behaviour of Aurora-A changes notably
between its singly and doubly phosphorylated forms and is distinct from the
unphosphorylated kinase. Similarly, studies have shown that the aC-helix can undergo
structural shifts between aC-in and aC-out conformations, which is a key regulator in
controlling the transition between active and inactive forms of various kinases [55].

Therefore, the fundamental difference between the active and inactive state of the



kinase is defined by the motion between the lobes, positioning of the aC-helix, and the

configuration of the activation loop.
1.5. Kinase Inhibitors

In recent decades, studies focusing on kinase-directed drug development have
expanded significantly due to their therapeutic potential in treating a wide range of
diseases [56,57]. By 2024, the United States Food and Drug Administration (FDA) had
approved 85 compounds targeting kinases. Almost all kinase-targeting drugs approved
to date are ATP-competitive inhibitors that target the ATP pocket of the kinase. The
high similarity of ATP-binding sites across the kinome poses a significant challenge in
achieving selective inhibition of the desired kinase [58,59]. However, the FDA-
approved drug Imatinib, against the protein kinase for treating chronic myelogenous
leukemia (CML), has eliminated this notion. Later structural studies examined distinct
areas of the ATP-binding site and its adjacent regions to achieve specificity in kinase
inhibitor development. The list of FDA-approved protein kinase inhibitors specific to

their respective targets is shown in Table 1.1.

Table 1.1. Selected FDA-approved protein kinase inhibitors against various

kinases. Adapted from www.brimr.org/PKI/PKIs.htm.

Drug Target Protein substrate | Receptor Drug

ALK Tyrosine Yes Crizotinib, ceritinib,
Alectinib, Brigatinib,
Entrectinib, Lorlatinib

BCR-Abl Tyrosine No Bosutinib, dasatinib,

imatinib, nilotinib,

ponatinib, Asciminib,

EGFR family | Tyrosine Yes Gefitinib, erlotinib,
lapatinib,vandetanib, afatinib,
Brigatinib, Lazertinib,
Dacomitinib

10



PDGFRo/p Tyrosine Yes Axitinib, gefitinib, imatinib,
Lenvatinib, nintedanib,
pazopanib, regorafenib,
sorafenib, sunitinib,
Avapritinib, Ripretinib

VEGFR Tyrosine Yes Axitinib, lenvatinib,

family nintedanib, pazopanib,
regorafenib, sorafenib,
sunitinib, Fruquintinib,
Tivozanib, Midostaurin

c-Met Tyrosine Yes Crizotinib, cabozantinib,
Tepotinib, Capmatinib

RET Tyrosine Yes Vandetanib, Alectinib,
Pralsetinib, Selpercatinib

BTK Tyrosine No Ruxolitinib, tofacitinib,
Acalabrutinib, Pirtobrutinib,
Zanubrutinib

JAK family Tyrosine No Ruxolitinib, tofacitinib,
Abrocitinib, Baricitinib,
Momelotinib, Ritlecitinib,
Pacritinib, Fedratinib,
Upadacitinib

Src family Tyrosine No Bosutinib, dasatinib,
ponatinib, vandetanib,

CDK family Serine/threonine No Palbociclib, sorafenib,
Abemaciclib, Trilaciclib,
Ribociclib

B-Raf Serine/threonine No Vemurafenib, dabrafenib,
Tovorafenib, Encorafenib

MEK1/2 Dual specificity No Trametinib,  Avutometinib,

Binimetinib, Selumetinib,

11




ROCK family | Serine/threonine | No Belumosudil, Netarsudil

ROS1 Tyrosine Yes Brigatinib, Repotrectinib,
Entrectinib,

FLT3 Tyrosine Yes Quizatinib, Gilteritinib,
Midostaurin

AKT family Serine/threonine | No Capivasertib

FGFR family | Tyrosine Yes Pemigatinib, Erdafitinib

Based on the binding mechanisms, kinase inhibitors are categorized into four types:

Type I, Type 11, Type I, and Type IV [60-62].
1.5.1 Type I Inhibitors

Type I kinase inhibitors bind within the conserved ATP-binding pocket and are
classified as ATP-competitive inhibitors. These inhibitors bind within the ATP-
binding site and further extend into adjacent regions, including the front pocket,
hydrophobic pocket, DFG motif, and P-loop. In the active kinase state, Type I
inhibitors bind the "DFG-in" conformation, where the aspartic acid in the DFG motif
aligns toward the hinge and participates in hydrogen bonding. Most kinase inhibitors
approved by the FDA belong to this particular category. Type I kinase inhibitors
include baricitinib, EGFR-targeting drugs like gefitinib, afatinib, erlotinib, and
lapatinib, as well as crizotinib and ceritinib (ALK), and others such as ruxolitinib,

palbociclib, and dasatinib.
1.5.2 Type II Inhibitors

The structural plasticity of kinases has been elucidated through analysis of their
interactions with inhibitors of distinct binding modes. In 2001, the discovery of
Imatinib confirmed the structural binding mode attributed to Type II kinase inhibitors.
Structural analysis of the Abl-imatinib complex revealed that the inhibitor occupies the
ATP-binding site and extends into the adjacent allosteric pocket. Additionally, Type II
inhibitors bind to the "DFG-out" conformation, where the DFG motif's phenylalanine

flips toward the hinge, representing an inactive state of the kinase [62]. Type Il
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inhibitors exhibit enhanced selectivity by targeting the distinctive features of inactive
kinase states, unlike inhibitors that bind the standard active conformation. Examples
of Type II inhibitors include imatinib (Abl/Kit), ponatinib (Kit/B-Raf), cabozantinib,
nilotinib (Abl), regorafenib, sorafenib (CDKS), and axitinib (VEGFR).

1.5.3 Type I1I Inhibitors

Type III kinase inhibitors bind at an allosteric pocket near the ATP-binding pocket,
where ATP continues to occupy its ATP-binding pocket. They are considered ATP
non-competitive inhibitors since they do not prevent ATP from binding to the kinase.

Cobimetinib, which targets MEK, is a well-known example of a Type III inhibitor.
1.5.4 Type IV Inhibitors

These Type IV inhibitors target allosteric sites that are structurally distant from the
ATP-binding pocket, often located on the C-lobe, N-lobe, or surface of the kinase
domain. The inhibitor maintains and stabilizes the inactive state of the enzyme.
Examples include the Abl-GNF complex, where the allosteric pocket is located on the
C-lobe, the AKT-MK-2206 complex at the kinase-PH domain interface, and the
CDK2-2AN complex on the N-lobe.

In general, the majority of kinase-focused drug discovery programs have focused on
developing inhibitors that specifically target the ATP-binding pocket. However, the
high degree of conservation in the ATP-binding site, particularly among kinase
isoforms and the existence of flexible segments such as the nucleotide-binding loop,
activation loop, and catalytic loop, which often undergo ligand-induced
conformational shifts, make it challenging to selectively target the ATP-binding site of
kinase isoforms. Moreover, due to their stringent active function, the conformation of
isoforms' active states is more or less similar. In contrast, their inactive conformations
exhibit significant differences. Thus, binding to a particular conformational state of
kinases can help clarify ligand-induced rearrangements in conformationally adaptable
regions. This strategy could enable the rational development of kinase inhibitors with
improved affinity and selectivity by targeting novel non-ATP competitive binding sites

in isoforms. For example, Shukla et al. [63] identified intermediate states along the Src
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kinase activation pathway and anticipated potential sites for novel allosteric inhibitor
binding. Furthermore, Knight et al. [64] proposed that targeting allosteric sites could
facilitate selective kinase inhibition and enhance understanding of their roles within
dynamic cellular signaling pathways. In addition, Yan et al. [65] suggested that the
inhibitory mechanism of allosteric inhibitors may act via either conformational
selection or induced-fit binding models. They observed a DFG-flip transition upon
tivantinib binding. The mechanistic detail offered by molecular dynamics simulations
can support experimental studies in elucidating the structure and function of complex
biomolecules. Thus, it can offer valuable insights for the design of novel allosteric
inhibitors. Altogether, the detailed atomistic insights provided by MD simulations can
suggest essential pharmacophoric features for designing bioactive allosteric kinase

inhibitors.
1.6. The DLK-JNK Signalling Pathway

The dual leucine zipper kinase (DLK) and c-Jun N-terminal kinase (JNK) (DLK-JNK)
signalling pathway is a crucial mitogen-activated protein kinase (MAPK) cascade that
governs neuronal responses to diverse cellular stresses [66]. As an evolutionarily
conserved mechanism, this pathway integrates external and internal stress signals to
modulate transcriptional programs that influence cell survival and apoptosis. Unlike
classical MAPK pathways that primarily govern mitogenic signaling, the DLK-JNK
pathway is uniquely specialized for regulating axonal regeneration, apoptosis, and
neural development, highlighting its essential role in the nervous system. This pathway
is structured around a conserved three-tiered MAPK signalling cascade. DLK, acting
as the initiating MAP3K under stress conditions, phosphorylates MKK4 and MKK?7,
the MAP2Ks responsible for activating JNK via dual phosphorylation on conserved
residues [67]. Activated JNK phosphorylates downstream targets, especially c-Jun,
which governs the transcription of genes involved in neuronal fate decisions ranging
from survival to apoptosis. The DLK-JNK pathway involved in triggering neuronal
cell death is visualized in Figure 1.3. A complex regulatory network governs the DLK-
JNK pathway, integrating post-translational modifications, scaffold proteins,

subcellular signalling, and feedback control [68]. JNK-interacting proteins (JIPs),
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functioning as scaffold molecules, play an indispensable role in DLK-JNK signalling,

forming tightly regulated complexes that promote efficient and specific transmission.

Neuronal cell death

Figure 1.3: A schematic representation of the stress-induced signaling cascade is
shown, where neuronal stress initiates the activation of DLK. Once activated, DLK
phosphorylates downstream kinases MKK4 and MKK?7, which then activate JNKs

through phosphorylation. Persistent JNK activation leads to neuronal cell death.

The DLK-JNK pathway serves functionally distinct and sometimes opposite roles
within physiological systems. During neural development, the DLK-JNK pathway
plays a vital role in regulating axon guidance, dendritic branching, and developmental
apoptosis that shapes the architecture of the nervous system [69]. In mature neurons,
pathway activation following axonal injury can promote regenerative responses in
peripheral neurons or trigger apoptosis in central neurons, depending on the molecular
milieu and cellular context. This contrasting behavior reflects the remarkable

flexibility of the pathway and its crucial function in regulating neuronal homeostasis
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during dynamic cellular states [70]. Given its highly conserved and crucial function,
dysregulation of the DLK-JNK pathway is involved in the onset and progression of
multiple neurological conditions. Due to its involvement in neuronal development,
injury response, and disease progression, the DLK-JNK pathway has emerged as a

major focus for therapeutic intervention [71].
1.6.1. The Dual Leucine Zipper Kinase (DLK)

DLK, also designated as MAP3K12, is a serine/threonine kinase with evolutionarily
conserved function, playing important roles in neural development, stress adaptation,
and neuropathological processes. It was first identified by Holzman et al. in 1994 as a
member of the mixed-lineage kinase (MLK) subfamily [72]. Since its discovery, DLK
has emerged as a central regulator of axonal injury responses, coordinating the balance
between axon regeneration and degeneration, and is considered a promising
therapeutic target in various neurological and metabolic disorders [73]. Functionally,
DLK becomes activated in response to cellular stress and transmits signals via the
downstream kinases MKK4/MKK?7, leading to JNK pathway activation and the

regulation of diverse transcriptional programs [74].

Structurally, DLK is composed of 859 amino acids in humans and 888 in mice, and
features four primary functional domains, an N-terminal glycine-proline-proline-rich
(GPP) region, a catalytic serine/threonine kinase domain (residues 127-375 in
humans), a central dual leucine zipper motif, and a C-terminal glycine-serine-proline-
rich (GSP) region [66,75,76]. The two leucine zipper domains, connected by a 25-
residue linker, play a key role in promoting DLK homodimerization, which is
necessary for its kinase activity and signaling through stress-activated protein kinases
(SAPKs) [75]. Within the catalytic domain, several highly conserved motifs are critical
for ATP coordination and catalysis, including Lys185 (Lys152 in humans), which
plays a central role in ATP stabilization at the active site. DLK undergoes various post-
translational modifications that regulate its enzymatic activity and subcellular
localization. Palmitoylation at Cys127 is essential for targeting DLK to membrane
vesicles and enabling interaction with scaffold proteins such as JIPs [74]. Additionally,

phosphorylation at key residues, including Ser272 and Ser302 within the kinase
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domain and Ser584 and Thr659 in the C-terminal region, modulates stability and
kinase activity. Other regulatory phosphorylation sites, such as Thr43 and Ser533,
further contribute to the dynamic control of DLK signaling [77,78].

Therapeutic
state Strategy

Stress 1
Signal DLK DLK Ii Inhibitors

Downstream Signaling Downstream Signalingx

Figure 1.4: The schematic outlines of DLK signaling pathway and highlights a
strategy to therapeutically inhibit DLK, thereby preventing activation of downstream

effectors.

Dysregulation of DLK has been implicated in numerous neurodegenerative disorders,
including Alzheimer's disease, Parkinson's disease, and amyotrophic lateral sclerosis,
where its upregulation drives persistent JNK signaling, resulting in synaptic
degradation and neuronal cell death [79]. DLK knockout or its pharmacological
inhibition reduces neurodegenerative effects and enhances neuronal survival,
supporting its pathogenic role in disease progression. Although DLK kinase is
emerging as a key therapeutic target, the lack of FDA-approved drugs and limited data
present a major research gap. This provides an exciting opportunity to characterize the
kinase and identify new inhibitors. Figure 1.4 presents a therapeutic approach focused

on targeting DLK to interrupt downstream signaling cascades.
1.6.2. The Mitogen-Activated Protein Kinase Kinase 4 (MKK4)

Mitogen-activated protein kinase kinase 4 (MKK4) was initially discovered via a PCR-
based technique in a cDNA library developed from Xenopus laevis embryonic tissue
and given the name XMEK?2 [80]. Located on chromosome 17 in humans (and on
chromosome 11 in mice, 10 in rats, and 3R in Drosophila), the MKK4 gene encodes

a protein composed of 399 amino acids, sharing 94% sequence identity with the
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homologous proteins in both mouse and rat. MKK4, a serine/threonine-specific kinase,
possesses two essential phosphorylation sites within its kinase domain, specifically
situated in the S-I-A-K-T sequence motif [81]. A broad range of MKKKSs, including
ASK, MEKK, MLK, DLK, and TAK, are known to activate MKK4 [82]. These
activations are facilitated by specific interactions that occur through the domain for
versatile docking (DVD) situated at the C-terminal region of the MKK4 protein.
Binding to upstream kinases through the domain for versatile docking (DVD) is
essential for the phosphorylation of MKKs and plays a critical role in determining the
specificity of MKKK-MKK interactions [83]. MKK4 further binds with scaffold
proteins through the DVD domain. Under stressful cellular environments, it forms
complexes with scaffolds like JNK-interacting protein 3 (JIP-3) or plenty of SH3
(POSH). The D-domain-type docking site located in the N-terminal region of MKK4
is responsible for mediating interactions with its downstream substrates, JNKs and p38
[84]. In vitro experiments demonstrate that MKK4 preferentially targets the tyrosine
residue of JNKs for phosphorylation [85], which is critical for full JNK activation. A
limited number of studies have reported that MKK4 alone is capable of inducing JNK
activation [86]. However, alternative studies revealed that similar stimuli
predominantly activate MKK7, with several reports suggesting that JNK
phosphorylation relies on MKK?7 function [47], supporting that MKK?7 plays a central

role in JNK activation.

MKK4 contributes significantly to both normal biological functions and disease
progression. During early embryonic development in mice, mkk4 mRNA is primarily
detected in the central nervous system, but by embryonic (day 12 mice), its expression
becomes widespread, with higher levels in the embryonic liver [87]. Within the
nervous system, loss of MKK4 function results in cerebellar malformations, impaired
cortical neuron migration, neurological dysfunctions, and early death following birth
[88]. Targeted deletion of MKK4 in cardiac tissue inhibits the development of
pathological hypertrophy, consistent with prior studies showing that a kinase-inactive
form of MKK4 suppresses JNK pathway activation [89]. Given MKK4's crucial role

in embryonic development, neural function, cardiac remodelling, and immune
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regulation, and the absence of any FDA-approved drugs targeting it, MKK4 represents

a promising yet underexplored candidate for therapeutic studies.
1.6.3. The Mitogen-Activated Protein Kinase Kinase 7 (MKK7)

The mitogen-activated protein kinase kinase 7 (MAP2K?7) plays an integral role in the
JNK signalling pathway, which predominantly governs stress-induced and
inflammatory responses [90]. Due to its involvement in multiple pathological
conditions, MKK?7 is considered a promising target for developing novel drugs to treat
diseases like arthritis, liver carcinoma, neurological disease, and cardiac hypertrophy
[91,92]. In MKK7, the serine and threonine residues within the S-K-A-K-T motif of
the kinase domain are phosphorylated by multiple MAP3Ks, which bind to MKK?7
through its C-terminal DVD domain. Similar to MKK4, the DVD domain in MKK?7
plays a role in promoting its phosphorylation and the specificity of interactions
between MKKKs and MKK?7 [83]. The three isoforms of MKK?7 generated by
alternative splicing vary in their capacity to activate JNK, where MKK7a exhibits
significantly lower activity than MKK7y and MKK7f [93]. The difference in activity
results from the N-terminal extension found in MKK7a and MKK7f, which contain
three distinct JNK docking sites that facilitate stronger binding. The relatively low
binding affinity of individual D domains, along with evidence from substitution
mutations, suggests that the three D sites in MKK7a and MKK7f act cooperatively to
achieve full binding affinity [94].

MKK?7 functions as a central signalling hub within stress-activated pathways,
coordinating cellular responses that underlie both physiological regulation and the
development of pathological conditions [95]. By activating JNK, it plays a key role in
controlling apoptosis, especially when cells are exposed to DNA damage, oxidative
stress, or cytokines [96]. For example, when MKK?7 activates JNK, it leads to the
phosphorylation of pro-apoptotic proteins such as Bim and Bax, which helps open the
mitochondrial outer membrane and triggers caspase activation [97]. Under certain
circumstances, MKK7-JNK signaling favours cell survival through activation of
transcription factors such as c-Jun and ATF2, which stimulate anti-apoptotic gene

expression. This dual nature of MKK?7 activity highlights its dual role in cellular
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context, signalling duration, and interactions with other pathways like NF-«xB and ERK
[47]. In neural tissues, MKK?7 supports processes like neuronal development and
synaptic remodeling, but its overactivation contributes to diseases like Alzheimer's and
Parkinson's by promoting JNK-driven tau phosphorylation and neuroinflammation
[98]. MKK7 can be a promising target, especially in diseases like cancer, neurological
diseases and inflammation. Till now, only a limited number of inhibitors have been
reported that directly target MKK?7, and in most cases, MKK7 is inhibited
unintentionally while targeting other kinases. In a recent study, Shraga et al. used
docking methods to identify compounds that bind covalently to MKK?7 and reduce
JNK activity in cells, with micromolar range EC50 values [99]. Therefore, more
research is needed to develop highly potent and selective inhibitors to better understand

MKK?7 biology.
1.6.4. The c-Jun N-terminal Kinase (JNK)

The c-Jun N-terminal kinase (JNK) is a member of the mitogen-activated protein
kinase (MAPK) family that regulates key cellular processes such as apoptosis,
inflammation, and stress responses. However, dysregulation of MAPK signaling has
been linked to the progression of several diseases, including metabolic syndromes,
neurodegenerative conditions, and several types of cancer [100]. JNK, also referred to
as stress-activated protein kinase (SAPK), is named after its ability to phosphorylate
serine residues at the N-terminal region of the c-Jun transcription factor, leading to its
activation [101,102]. The JNK family consists of three isoforms: JNK1, JNK2, and
JNK3, which are encoded by the jnkl, jnk2, and jnk3 genes, respectively [103]. The
three JNK isoforms exist in two molecular weight forms, 46 kDa and 55 kDa.
Structural determination of the JNK isoforms showed that they are highly conserved,

with more than 90% sequence homology[48,104].

Structurally, the JNK protein is composed of three main regions: an N-terminal lobe,
a C-terminal lobe, and a flexible linker that connects them. The N-lobe primarily
consists of B-strands, while the C-lobe is predominantly made up of a-helices [105]. In
addition, the former region is rich in glutamate-aspartate (ED) sequences, while the

latter is characterized by the presence of a common docking (CD) domain [106]. The
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flexible peptide region contains the catalytic center of JNK, which includes a Thr-Pro-
Tyr motif that is phosphorylated by MAP2Ks. Additionally, JNK possesses a kinase
activation site and a conserved ATP-binding pocket, contributing to poor selectivity
for small-molecule inhibitors [105]. The crystal structures of several JNK complexes
were recently resolved, including JNK1 with the MKK7 docking motif (D2 peptide)
[107], INK1-ATF2 complex [108], AMP-bound JNK2 [109], and JNK3 bound to
thiophene-pyrazolourea inhibitors [110].

JNK is a serine/threonine kinase that can be activated by a variety of external stimuli,
including cytokines, growth factors, reactive oxygen species (ROS), heat shock, shear
stress, pathogens, and pharmacological agents [111]. Similar to other MAPK cascades,
the JNK signaling pathway primarily consists of three categories: MAP3Ks (such as
ASK1), MAP2Ks (including MKK4 and MKK?7), and MAPKs (JNK1, JNK2, and
JNK3). Upon stimulation by extracellular stress, the JNK pathway is initiated with the
activation of a MAP3K, such as MEKK 1. This activated MAP3K then phosphorylates
the MAP2Ks, MKK4 and MKK?7, which subsequently phosphorylate and activate the
MAPKSs JNK1, INK2, and JNK3 [112]. Similar to other members of the MAPK family,
JNK becomes activated when the Thr-Pro-Tyr tripeptide motif (T-X-Y motif) within
its activation loop is phosphorylated at both threonine and tyrosine residues by
MAP2Ks. For instance, JNK1 is activated upon dual phosphorylation at Thr-183 and
Tyr-185[113].

JNK signalling contributes to disease through distinct isoform-dependent mechanisms.
In metabolic syndromes such as obesity and type 2 diabetes, free fatty acids and
cytokines like TNF-o activate JNKI, which impairs insulin signalling by
phosphorylating IRS1/2 [114,115]. JNK1 knockout mice demonstrate greater insulin
sensitivity and show resistance to obesity under high-fat dietary conditions [116]. In
neurodegenerative disorders, hyperactivation of JNK3 facilitates neuronal apoptosis in
Alzheimer's disease by promoting Tau phosphorylation and enhancing amyloid-f3
toxicity [117], whereas in Parkinson's disease, it contributes to the degeneration of
dopaminergic neurons [118]. In cancer, the functions of JNK isoforms are context-

dependent; JNK1/2 facilitate tumor growth in glioblastoma and lung cancer [119], but
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trigger apoptosis in prostate cancer [103]. In chronic inflammatory disorders such as
rheumatoid arthritis, JNK signaling contributes to tissue destruction by upregulating

matrix metalloproteinases [120].

Due to its critical involvement in the pathogenesis of various diseases, JNK has
emerged as a highly attractive target for therapeutic intervention. Inhibitors like
SP600125, CEP-1347, and AS601245 act by occupying the ATP-binding site of JNK,
functioning as competitive inhibitors and reducing kinase activity [121-123]. Natural
compounds like the curcumin derivative C66 have shown the ability to inhibit JNK
activity, resulting in attenuation of inflammation and metabolic disruption [124].
Although the therapeutic potential of targeting JNK is well-recognized, developing
inhibitors that are both isoform-specific and have minimal off-target consequences
remains a significant challenge. Hence, future investigations should prioritize the
design of inhibitors for individual isoforms and clarify the distinct biological functions
of JNK1, JNK2, and JNK3 in the pathogenesis of various diseases. As no FDA-
approved drugs have yet been developed against JNK or its individual isoforms,
conducting detailed studies on isoform-specific dynamics and performing inhibitor

screening may open new avenues for targeted therapeutic discovery.
1.7. Inhibitors Targeting the DLK-JNK Signaling Pathway

As a fundamental regulator of stress responses in neuronal and various other cell types,
the DLK-JNK signalling pathway offers strong promise as a druggable target for
several major pathological conditions including neurodegeneration, inflammation, and
cancers. Starting with DLK, this MAP3K activates downstream MAP2Ks such as
MKK4 and MKK?7, which in turn activate JNKI1, JNK2, and JNK3 through
phosphorylation. Earlier studies have shown multiple compounds as potential DLK
inhibitors. Genentech has introduced GNE-3511 and GNE-8505 as highly potent DLK
inhibitors with desirable central nervous system (CNS) penetration and optimal drug
metabolism and pharmacokinetics (DMPK) features [125]. In addition, GDC-0134
entered clinical trials for ALS treatment as DLK inhibitor but was terminated due to

safety issues [126].
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In recent developments, Denali Therapeutics reported DN-1289 [127], and Kang Le et
al. reported IACS-52825 and TACS-8287 [128] as strong DLK inhibitors. In the years
2003 and 2004, Bayer described a compound bearing a 9-H-pyrimido[4,5-b]ind-6-0l
scaffold with dual MKK4 and MKK?7 inhibitory activity [129]. Compounds such as
daidzein and 7,3',4'-trihydroxyisoflavone have been suggested to inhibit MKK4 and
may be effective against skin cancer [130]. Further studies identified genistein,
Dehydroglyasperin C, HWY336, 3-Arylindazoles, BSJ-04-122, and PQA-11 as potent
MKK4 inhibitors [131]. Research to find selective MKK?7 inhibitors started when
5770 was shown to bind uniquely to the ATP binding site of MKK?7 [132]. Through
covalent docking and subsequent hit refinement and validation, Shraga et al. identified
several MKK7 covalent inhibitors targeting a non-conserved cysteine residue [99].
ATP-competitive inhibitors like SP600125, CEP-1347, and AS601245 inhibit JNK and
have been primarily investigated for therapeutic intervention for various diseases
[115]. The ATP-non-competitive JNK inhibitors BI-78D3, BI87G3, and compound 9
show potent therapeutic results. BI-78D3, first developed by Pellecchia and coworkers,
blocks JNK1 activity by interfering with its binding to a JIP-derived peptide [133].

Although multiple inhibitors have been developed against kinases within the DLK-
JNK signalling pathway, including DLK, MKK4, MKK?7, and JNK, the lack of FDA
approval highlights a major gap from preclinical insights to clinical application.
Although GNE-3511, GDC-0134, 5Z70, and SP600125 have exhibited promising
activity in vitro and in animal models, their clinical advancement has been restricted
by limited selectivity, poor pharmacokinetics, off-target toxicity, and poor
understanding of isoform-specific roles. This highlights the urgent need for
comprehensive structural and conformational studies to better understand the dynamic
behaviour of these kinases, which frequently adopt various activation states and engage
in complex protein-protein interactions. Techniques such as docking, molecular
dynamics simulations, and structural bioinformatics offer valuable tools for developing
selective and potent inhibitors to modulate kinase activity. Therefore, it is essential that
current efforts prioritize both the discovery of new inhibitors and the comprehensive
understanding of activation mechanisms and regulatory dynamics of each kinase in this

signaling pathway.
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1.8. Scope and Aim of the Thesis

This thesis aims to characterize the conformational dynamics of proteins in the DLK-
JNK signalling pathway and to investigate the molecular basis of their inhibition using
advanced computational methods and algorithms. The DLK-JNK pathway is a primary
signalling cascade involved in cellular stress responses, particularly in the nervous
system. The DLK kinase along with MKK4, MKK7 and JNK, acts as the master
regulator of this pathway. Previous experimental studies have demonstrated that
dysfunction of this pathway plays an important role in the pathogenesis of various
neurodegenerative diseases, inflammatory conditions, and certain cancers. Kinases
involved in this pathway play a vital role and are considered attractive drug targets for
modulating the dysregulated DLK-JNK pathway. During the past decade, efforts have
led to the development and clinical evaluation of inhibitors targeting different

molecules within this pathway for diverse therapeutic applications.

Although studies have established the involvement of the DLK-JNK signalling in
various cellular pathways, its underlying mechanisms remain poorly understood.
Furthermore, the limited availability of crystal structures in diverse conformations of
poorly studied protein targets has limited the progress in identifying specific small-
molecule inhibitors. The main challenges in structure-based drug discovery (SBDD)
include the high structural conservation of kinase domains and the resulting lack of
target specificity. Therefore, identifying unique conformations is essential in SBDD to
improve both the affinity and specificity of inhibitors for their target protein. Therefore,
a deep understanding of conformational plasticity is crucial for identifying novel
structural states of kinases. However, investigating these conformational dynamics at

atomic resolution through experimental techniques remains challenging.

In continuation of the above challenges in kinase drug development, we have
successfully addressed them by applying advanced computational approaches and
GPU-enhanced MD simulations that allow for long-timescale dynamics and break
energy barriers through enhanced sampling methods using Gaussian accelerated
molecular dynamics (GaMD). The dynamic and adaptable structure of protein kinases

allows them to undergo major structural transformations. Despite its importance,
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detailed experimental and theoretical investigations into the conformational plasticity
of DLK-JNK pathway kinases are lacking, largely because of the influence of
phosphorylation, interacting proteins, and ligands binding to both ATP-binding sites

and allosteric sites. Broadly, the following aims have been covered in this thesis:

Aim I: In this aim, we have focused on investigating the plant-derived active
compounds from the Ayurvedic formulation Saraswatharishta (SWRT) as potential
inhibitors of DLK. Ayurveda, one of the oldest traditional medicinal systems, offers a
rich source of bioactive compounds, and scientific validation of its formulations is
crucial for integrating traditional knowledge with modern drug discovery. Over 500
phytochemicals from the constituent plants of SWRT were screened using a systematic
in-silico approach involving molecular docking and molecular dynamics simulations
to identify promising DLK-targeting compounds. These promising compounds may
serve as potential DLK inhibitors, offering a molecular basis for the neuroprotective

effects of SWRT in neurological disorders.

Aim 2: In this aim, we have explored identifying novel inhibitors targeting DLK, a key
mediator in neurodegenerative disease pathways. We employed a systematic virtual
screening  strategy using natural product (NPAtlas) and FDA-approved
(MedChemExpress) libraries. This was followed by pharmacokinetic profiling,
molecular dynamics simulations, and deep learning-based analogue prediction to

identify promising ATP-competitive DLK inhibitors for further investigation.

Aim 3: In this aim, we explored the conformational behavior of MKK?7 kinase under
the influence of diverse inhibitor types using enhanced sampling methods (GaMD).
Our focus was on capturing the dynamic transitions in mobile structural regions and
comparing the binding modes and affinities across the inhibitor classes. This objective
is crucial for understanding the mechanistic basis of MKK?7 inhibition and offers a

foundation for the development of more selective therapeutic agents.

Aim 4. In this aim, we focused on deciphering the phosphorylation-induced
conformational dynamics of JNK isoforms, which are involved in stress response,
apoptosis, and neuroinflammation. Despite their high sequence similarity, the isoforms

exhibit distinct tissue distributions and functional roles, highlighting a significant
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challenge for isoform-selective drug development. To address this, we employed an
integrated in-silico approach combining molecular modeling and long-timescale
molecular dynamics simulations to investigate the structural organization and dynamic
behavior of each isoform in both phosphorylated and unphosphorylated states when
bound to the ATP-competitive inhibitor SP600125. By comparing global and local
conformational shifts across the three isoforms, we sought to identify the molecular
determinants that influence ligand accommodation and conformational plasticity. This
objective further aims to uncover the structural basis of isoform-specific regulation to
guide the rational design of selective JNK inhibitors for neurological and inflammatory

disorders.

Aim 5: In this aim, we focus on elucidating the conformational dynamics of JNK1, a
crucial mediator in the MAPK signaling pathway that governs cellular responses to
stress, inflammation, and apoptosis. The functional state of JNKI1 is intricately
regulated by its binding to ATP and the upstream kinase MKK7, yet the precise
structural and dynamic changes induced by these interactions are not fully understood.
To address this, we employed Gaussian accelerated molecular dynamics (GaMD)

simulations coupled with binding free energy calculations.

The study was designed to systematically investigate and compare the conformational
landscapes of INK1 in four key states: its apo form, the ATP-bound state, the MKK7-
bound complex, and the dual ATP-MKK?7 bound state. By analysing global and local
conformational shifts, residue-specific energy contributions, and key interaction
profiles, this work seeks to uncover the molecular determinants of JNK1's dynamic
behaviour. The overall objective is to provide critical mechanistic insights into how
ATP and MKK7 binding modulate the interaction patterns and conformational
plasticity of JNK1, thereby advancing our understanding of its regulatory mechanisms

within cellular signaling.
1.9. Organization of The Thesis

Based on the objectives stated above, this thesis has been organized into eight chapters.
The first chapter provides a comprehensive introduction and a review of the relevant

literature, establishing the context and significance of the DLK-JNK signaling pathway
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and its key kinases (DLK, MKK4, MKK7, and JNK) in neurodegeneration, stress, and
inflammation. Chapter 2 then details the theoretical foundations and protocols of the
computational methodologies used throughout the investigation, including molecular
docking, high-throughput virtual screening, pharmacokinetic profiling, and both
conventional and Gaussian accelerated molecular dynamics (GaMD) simulations. The
research work begins in Chapter 3, which focuses on investigating active compounds
from the traditional Ayurvedic formulation Saraswatharishta (SWRT) as potential
DLK inhibitors, aiming to provide a molecular rationale for its neuroprotective effects.
Chapter 4 follows with the discovery of novel inhibitors for DLK through a systematic
virtual screening of natural product and FDA-approved libraries. In Chapter S, we
explore the intricate conformational dynamics of MKK?7 kinase as influenced by
various types of inhibitors. This investigation, carried out using enhanced sampling
simulations, provides crucial insights into the molecular mechanisms that govern
selective inhibition. Following this, Chapter 6 discusses the phosphorylation-induced
conformational dynamics of JNK isoforms. It compares the structural behavior of the
isoforms in their phosphorylated and unphosphorylated states when bound to the
inhibitor SP600125, aiming to reveal the basis for their unique regulation and to guide
the design of selective inhibitors. Chapter 7 provides a mechanistic investigation into
JNK1's conformational dynamics across its apo, ATP-bound, MKK7-bound, and dual-
bound states. Using GaMD simulations and free energy calculations, the study
analyzes key conformational shifts and interactions to clarify how binding by ATP and
MKK?7 modulates the kinase's structural plasticity. The last chapter (Chapter 8)

summarises the entire study and explores future research possibilities.
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Chapter 2

Theoretical Background and Methodology

2.1 Computational Modelling of Protein Molecules

A well-established term in science, molecular modeling refers to using computational
techniques to model functions and behaviors of molecules. In most biological contexts,
proteins function through conformational flexibility, resulting from their dynamic
polymeric nature. In the field of structural biology, protein 3D structures are typically
resolved using X-ray crystallography [134], nuclear magnetic resonance (NMR)
spectroscopy [135] and cryo-electron microscopy [136]. These experimental methods
mostly give static snapshots, but to truly understand how biological processes work,
we need detailed information over time and space, which remains challenging to obtain
through these methods [19]. In recent decades, molecular modeling has emerged as a
vital technique for studying biomolecular dynamics with atomic-level accuracy across
time and space. As stated by Klaus Schulten in his 2015 national lecture, these
modeling approaches function like “computational microscopy,” generating data that
experimental techniques could not previously access. Key molecular modelling
techniques include QM approaches (such as ab initio molecular orbital or DFT
calculations) [137], classical molecular dynamics (MD) simulations, and coarse-
grained MD [138]. The correlation between different temporal biological events and

the appropriate molecular modeling techniques is illustrated in Figure 2.1.
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Figure 2.1: This schematic representation of the spatio-temporal resolutions of

different molecular modeling techniques. Image sourced from Aminpour et al. [139]
2.1.1. Quantum Mechanical Methods

During the early 20th century, physicists developed quantum mechanics (QM), a set
of rules that explained the motion of tiny particles like electrons and atomic nuclei. In
chemistry, QM techniques allow detailed determination of thermodynamic quantities
(heat capacity) and structural properties, including molecular geometry, dipole
moment, internal energy barriers, and conformational stability. While QM delivers an
exceptionally accurate depiction of atomic-level systems, extending its use to larger,

more complex systems is still a significant challenge.

The time-dependent Schrodinger equation governs QM computations for complete
systems. For a 1D system with a single particle, the future state vector is derived from

its current state, as expressed by

_hayp(xt) _ rPd*Pxt)
idt  2md%x +V(x, OyY(x, t) [2.1]
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Here, y signifies the wave function, 7 is the Planck’s constant, m is the particle mass,
t is time, x denotes the particle's position, and V represents the total potential energy.
In atoms with larger atomic numbers, the Hartree-Fock method [140] is often used
initially to generate an approximate wave function, which is then refined using electron
correlation techniques such as Mpgller-Plesset (MP) [141] perturbation theory or
coupled-cluster theory [142]. For polyatomic molecules like biomolecules, methods
such as density functional and semi-empirical calculations are often used. However,
these approaches are computationally expensive and inadequate for long-timescale

simulations.
2.1.2. Molecular Mechanics Method

The QM method is highly accurate in analysing electronic structures but is unsuitable
for very large atomic systems, as noted in Section 2.1.1. Molecular mechanics (MM)
is different from quantum mechanics (QM) because it does not use wave functions or
electron density in its calculations. MM simplifies molecular modeling by excluding
electron-related dynamics and focuses on predicting molecular functions through
classical mechanics applied to atomic coordinates. MM balances the need for accuracy
with the demands of computing power, allowing it to efficiently and reliably model
large systems such as enzymes. Since MM relies on parameters suited to ground-state
configurations, it lacks the ability to simulate structural changes that occur during
bond-making and bond-breaking events [143]. By applying the Born-Oppenheimer
approximation [144], the calculations estimate molecular energy using only the
positions of the nuclei, resulting in a classical potential energy surface. MM is widely
used in receptor-ligand docking approaches, particularly because it captures the vital

role of conformational flexibility in complex formation.

Furthermore, the hybrid QM/MM method integrates the high accuracy of ab initio
quantum mechanical calculations [ 145] with the computational efficiency of molecular
mechanics. Thus, these methods were largely developed to study biochemical reactions
and to characterize transition states, with QM/MM approaches mostly applied to
reaction mechanisms rather than docking studies. Warshel and Levitt were the first to

introduce the QM/MM approach [146]. The high accuracy of QM is applied to the

33



reactive core of the enzyme, including the catalytic site and interacting residues. In
contrast, MM handles other bulk regions of the protein, which have minimal

involvement in the reaction mechanism.
2.2. Force Fields

Proteins are biologically important macromolecules with diverse structures and
functions. For a protein to function properly within a biological system, it must fold
into a precise three-dimensional structure known as its native conformation. The native
structure represents the most stable conformation of a protein, corresponding to the
lowest free energy state. Protein folding occurs over time scales from milliseconds (ms)
to microseconds (us). A widely accepted computational method for studying this
process is the funnel theory, which suggests that the protein's free-energy landscape is
rugged, with several local minima and a global minimum representing the folded
structure. The folding process of proteins can be studied through high-resolution

experimental techniques like NMR spectroscopy or MD simulations.

MM is often called the force field (FF) method, as it is fundamentally based on classical
mechanics using force fields. A force field is used to determine the potential energy of
a molecular system by evaluating the spatial arrangement of atoms. When empirical
models use well-optimized parameters, they can closely replicate the accuracy of
quantum mechanical methods. FF accurately estimates a system’s free energy and

enables a quick and efficient exploration of protein conformations.

In molecular mechanics, total potential energy (Viotal) is expressed as a combination of
bonded interactions among covalently connected atoms and non-bonded interactions,
which include long-range electrostatics and short-range van der Waals forces, as shown

below:
Vtotal = Vbonds + Vangles + Vdihedrals + Vimproper + VvdW + Velec [2-2]
Vhonds = Zbonds K. (r— Teq)z [2.3]

Vangles = Zangles Ko (6 — Heq)z [2.4]
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Here, r denotes bond length, 8 is the bond angle involving three atoms, and y
represents the dihedral angle among four atoms. Parameters like 7,4, K., O¢q, Kg, Ky,

Vi, v, and n are constants for bonded interactions. The terms €;;, A

ij, and B;; are

Lennard-Jones parameters, 7;; is the interatomic distance, and € is the permittivity of

free space.
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Figure 2.2: Schematic representation of typical force field components: bonded
interactions (bond, angle, dihedral, and improper torsion) and non-bonded interactions

(van der Waals and Coulombic). The figure was inspired by Yu et. al. [147].

The internal molecular contributions to total energy are mathematically represented in
equations 2.2 to 2.6. This includes contributions from bonded terms like bond
stretching, angle bending, and torsions. Meanwhile, equations 2.7 and 2.8 deal with
long-range interactions, namely, van der Waals and electrostatic interactions (Figure
2.2). Additional terms are introduced in the force field to improve correlation with

experimental results and treatment with hydrogen bond modeling.
2.2.1 Renowned Molecular Force Field

Several widely adopted force fields are used in biomolecular simulations, including
AMBER [148] (Assisted Model Building with Energy Refinement), CHARMM [149]
(Chemistry at HARvard Macromolecular Mechanics), OPLS [150] (Optimized
Potentials for Liquid Simulations), and GROMOS [151] (GROningen MOlecular
Simulations), Each provides specific parameter sets optimized for various types of
biomolecular systems. Since a universal force field (FF) cannot accurately model all
molecular types, we opted for system-specific FFs to enhance precision in
biomolecular simulations. The most used FFs for various biomolecular systems are

listed below.

« Proteins [ff19SB [152], ff14SB [153], ff99SB [154], OPLS3 [155], CHARMM36m
[156]]

* Phosphorylated Protein [phosaal9SB, phosaal4SB, phosaal0]

« Nucleic Acids [OL15 [157], OL21 [158], CHARMM36 DNA [159], CHARMM36
RNA [160]]

* Carbohydrates [GLYCAM_06j [161]]
* Lipids [lipids21, CHARMM36 lipids [162]]

« Ligands [GAFF2 [163], OPLS-AA [164], CGenFF [165]]
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In my thesis, I have used the ff14SB and phosaal0 force fields for proteins and
GAFF?2 for ligands, all available within the AMBER package. Therefore, a detailed

discussion of AMBER protein force fields is presented in the following section.
2.2.2. AMBER Protein Force Field

AMBER, CHARMM, and OPLS represent the most commonly used families of
protein force fields. Although their functional forms are largely similar, they differ
primarily in specific parameters. For my study, I used the AMBERI18 molecular
dynamics suite and ff14SB for protein and the updated generalized Amber force field
(GAFF2) for small molecules or inhibitors. The AMBER force field includes five
primary energy components: bond stretching energy, angle bending energy, torsional
energy for bond rotation, van der Waals interactions, and electrostatic energy. Hence,

the total potential energy of the system follows:
EAMBER = Ebond + Eangle + Etorsional + EvdW + Eelectrostatic
1 1 1
= Zbondzkb (r— rO)Z + Zangle;ka(g - 90)2 + ZtorsionEVn[l + cos (nw —y)] +

i é“=,-+1<4si,,- [(@)12—(@)6]%27;3 1 G 2.1

Tij Tij 4-77,'807'1"]'

AMBER force fields use fixed atomic charges, which can reduce their accuracy
compared to more advanced polarizable models like AMOEBA [166] and DRUDE
[167]. As shown in equation 2.9, the vibrational mode of a bond is modeled through
bond stretching, with the underlying assumption that the bond stays unbroken
throughout the simulation. Therefore, this model is unsuitable for studying chemical

reactions, as it cannot account for the breaking and formation of covalent bonds.
2.3. Molecular Dynamics (MD) Simulations

Experimental methods like X-ray crystallography and NMR spectroscopy offer static
snapshots of proteins, yet the true understanding of biological function requires
insights into molecular dynamics. To gain insights into the dynamic aspects of
biomolecules, simulation techniques are required to extend static structural views into

time dependent representations. Multiscale modelling techniques, including both all-
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atom and coarse-grained molecular dynamics, are crucial for studying complex
biological phenomena. MD simulation is a computational technique in biophysics that
offers detailed insights into the structure, function, dynamics, mechanisms, and
thermodynamics of biomolecules at the atomic level. MD serves as a bridge between
theoretical models and experimental observations, connecting microscopic behaviour
with macroscopic properties. It enables the observation of time-dependent evolution of
the system, offering valuable insights into conformational fluctuations and changes

that are crucial for understanding binding and folding mechanisms.

MD approaches are broadly divided into classical and quantum mechanical methods,
with classical MD often modelled as a "ball and spring" model. In the classical MD,
atoms are represented as balls, and strings correspond to bonds. The motion and
behaviour of the system are described by classical mechanics. However, quantum MD
captures the dynamics of systems by accounting the electronic structure underlying
chemical bonds. Quantum mechanical equations compute the electron density of
valence electrons to characterize chemical bonding. This approach provides a more
refined and accurate description than classical MD but is more computationally
demanding. Hence, classical MD is considered more suitable for studying large

biological systems containing thousands of atoms.
2.3.1 Theoretical Foundations of MD Simulations

In this section, I will briefly discuss the fundamentals of MD simulations, starting from
Newton’s equations of motion and how these equations are involved in the molecular

modeling of biological macromolecules.
For a given particle 7 in a system of N particles:
Fi =m;a; [210]

where ai and m; are the acceleration and mass of the i particle, respectively and F; is
a force working upon i™ particle due to the interaction with the rest of the particles
present in the system. Here, bold letters correspond to a vector quantity and otherwise
to a scalar. We know that force can also be estimated from the gradient of the potential,

as shown below:
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In general, the Hamiltonian # relates the position and momenta of the particles to the
system's total energy. By which the instantaneous positions (7;) and momenta (p;) of

the i™ particle can be described as follows:

K
Pi=—5—ri [2.12]

SH
ri= -5 [2.13]
Hpyr) =X Py U, 2.14
(pl'rl)_ i=12mi+ (rl) [ ]

Also, for a closed system, the Hamiltonian can be written as a sum of Kinetic energy

(Ek) and potential energy (V) as a function of coordinates and momenta.

r=(r,ry .., Ty) [2.15]
P = (P1. P2 - PN) [2.16]
H(r,p) =Ex(p) +V(r) [2.17]

The kinetic energy can be expressed as:

Ex = 2l 5 (0% + ph, +PE) [2.18]
where m; is the mass of the i particle and pix, piy, and piz are the momenta of the same
particle along x, y, and z directions. So, now it is possible to integrate the entire
trajectory over time as we have the potential function. However, most cases cannot be
solved for an N-body problem. Instead, an approximation of the solution is obtained
using several finite-difference integration methods. All are based on the Taylor series

expansion, as shown below:

r(t+ At) = r(t) + Atv(t) = %Atza(t) + %Atg’b(t) T [2.19]
v(t + At) = v(t) + Ata(t) + %Atzb(t) [2.20]
a(t + At) = a(t) + Ath(t) [2.21]
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Here, 1, v, a, and b are the position, velocity, acceleration, and third derivative of
position, respectively. Several algorithms exist to perform these calculations, which
need to be computationally efficient and conserve energy and momentum. Among
these, the Verlet algorithm is one of the well-established and reliable algorithms for
these integrations. Here, the Taylor series expansions for the positions at time t and ¢

— At are combined.
r(t+At) = 7(t) + Atw(t) + S At2a(t) + - [222]
r(t — At) = r(t) — Atw(t) + %Atza(t) o [2.23]
Adding equations 2.22 and 2.23 yields:
r(t + At) = 2r(t) — r(t — At) + At?a(t) [2.24]

So, by estimating the positions at the current and previous timestep and accelerations
at the current timestep, the Verlet algorithm can predict the new positions of the

system. The velocity of the same system can be computed using the following formula.

v(t) = r(t+At;;:(t—At) [2.25]

The Verlet algorithm is a two-step method as it calculates the position at two different
times. Additional computer memory is required for running the same as storing
positions from three consecutive timesteps. So, there is an improvement of the same

algorithm, termed as the velocity Verlet algorithm, where the velocity is calculated as
step (n + %), and then the coordinates at step n + 1. So, in this algorithm, positions and

velocities are calculated using the formula stated below.
r(t + At) = r(t) + Atw(t) + %Atza(t) [2.26]
v(t + At) = v(t) + %At[a(t) +a(t + Ad)] [2.27]

Here, the position of the next time step is estimated using the equation, which is further
used to calculate the acceleration at the new time. Also, the velocity is obtained from

the positions and acceleration using equation 2.27.
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Another modification of the Verlet algorithm is the leapfrog algorithm. Here, the
velocities v are calculated at time (t + %At), which are used to calculate positions at a

time (t + At). So, velocities leap over the positions, and the positions leap over the
velocities, giving the advantage of explicitly calculating the velocity, not in sync with

the positions.
r(t+At) = 7(t) + v(t + S AL)A [2.28]
1 1
v(t+3at) = v(t —3At) + a(O)At [2.29]

2.3.2. Simulation Time-Step

One of the key components found and discussed in algorithms is the timestep, At. The
accuracy of energy conservation and the numerical stability during the integration of
motion equations directly depend on how one selects the timestep. A timestep smaller
than the shortest dynamic timescale, typically bonds vibrations at (~107" sec), is
generally applied in MD simulations to maintain integration stability. When a too large
timestep is applied, energy in the system tends to increase sharply, resulting in the
instability of simulations. All bonds involving hydrogen atoms are typically
constrained using the LINCS [168] or SHAKE [169] algorithm. This helps us to use a
larger time step of 2 fs. A timestep of 1-2 fs is generally used in biomolecular

simulations when bonds involving hydrogen atoms are restrained.
2.3.3. The Solvent Model

The solvent model influences the stability, dynamic flexibility, and intermolecular
interactions of both chemical and biomolecular systems. Two distinct solvent models
are commonly used in MD simulations of biomolecules: the implicit solvent model,
also called the continuum approach, and the explicit solvent model. The explicit
solvent model provides a more detailed and accurate representation of a biomolecular
system. Therefore, the following section will provide a detailed discussion of both the

implicit and explicit solvent models.

2.3.3.1. Implicit Solvent Model
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The implicit solvent model treats the surrounding solvent as a continuous medium
rather than representing individual solvent molecules, using a dielectric continuum that
reflects the average bulk properties of the solvent. In this model, the solvation free
energy (AGg,;,), representing the solvent energy contribution, is composed of three
components: the cavity formation energy (AG.4, ), the electrostatic interaction between

solute and solvent (AG,;..), and the van der Waals interaction energy (AG,qw)-
AGsolv = AGcav + AGelec + AGvdW [2-30]

Several continuum models have been used in calculations, including Solvent-
Accessible-Surface-Area  (SASA), Poisson-Boltzmann Equation (PB/PBE),
Generalized Born (GB), and Generalized Born Surface Area (GBSA). The PBE
provides a high level of accuracy but is computationally demanding. Therefore, the
approximation methods like GB model [170,171] are generally used. This model
introduces an electrostatic interaction term between each solute and solvent atom,
where the interatomic distance is replaced with a parameter called the Born radius
(fcB). It determines whether each solute atom resides in a buried region or is exposed
to solvent molecules. The electrostatic interaction term is mathematically defined as

follows.

1
8Tey

Eop = ———(1 - D TN 2L [2.31]

b fep

where €, is the permittivity of free space, and € is the permittivity of the solvent, g;
and q; are the charges on atoms i and j, respectively. This method exhibits high
computational efficiency. The model is fast, but it does not capture all the important
solute-solvent interactions. Therefore, its accuracy is somewhat reduced. This study

used a combination of PB(GB) and SASA to calculate solvation energies, both polar

and non-polar for predicting the binding free energy.
2.3.3.2. Explicit Solvent Model

For most biomolecular simulation studies, we generally treated water molecules as the
solvent that surrounds the biomolecules. The explicit solvent model includes the effects

of solvent viscosity and the formation of hydrogen bond bridges. Therefore, the explicit
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model provides greater accuracy when compared to the implicit solvent model. In this
study, we selected water as the explicit solvent to accurately capture solute-solvent
interactions. There are several water models commonly used in biomolecular
simulations. These could be 3-point, 4-point, 5-point, and polarizable models, as
presented in Figure 2.3. The commonly used TIP3P [172], TIPS [173], SPC/E [174],
and SPC [175] models follow the 3-site framework, with their primary distinction
being the HOH bond angle. In the case of SPC, the HOH angle is set to 109° to reflect
a tetrahedral arrangement, while TIP3P preserves the actual water angle of 105°.
Among all 3-point water models, TIP3P has been widely reported to reproduce several

key thermodynamic features.

A A

3-point 4-point

X

5-point Polarizable
(Drude)

Figure 2.3: The TIP3P model uses three points to define water with parameters

including bond length and HOH angle. The figure is inspired by Ref. [176].

The limited representation of viscosity in the 3-point model results in unrealistically
rapid diffusion. TIP4P [177] addresses this by positioning a dummy site behind the

oxygen atom in its 4-point water model. The added atom lacks mass and holds an
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electrostatic charge that is typically attributed to the oxygen atom. This adjustment
enhances the water molecule’s polarity and leads to more accurate diffusion properties.
Beyond TIP3P and TIP4P, models like TIPSP [178] and TIP6P [179] have been

introduced. These achieve higher accuracy at a greater computational expense.
2.3.4. Periodic Boundary Conditions

Periodic boundary conditions help in more accurately estimating bulk system
properties. In realistic physiological environments, the system contains not only
solutes but also numerous solvent molecules. Because of computational limitations and
the exclusion of surface effects of solvent molecules, we must restrict the number of
atoms in simulations. Therefore, periodic boundary conditions (PBC) are applied to
address these challenges by mimicking a bulk environment. Under PBC, the system is
enclosed in a simulation box containing solute and solvent molecules, which is then
replicated in all directions of the Cartesian coordinate system to mimic an space. The
use of PBC helps to eliminate surface effects with a limited number of atoms in the
system. During simulation, only one unit cell is modelled directly, while surrounding
effects are generated using image particles. The main principle is that as an atom shifts
inside the primary simulation box, its corresponding images follow the same motion
in all periodic replicas. The benefit is that we need to track only the original image as
it represents all other images computationally. As the simulation progresses, atoms
may move across the boundary of the simulation box. When a particle exits the box,
an identical image particle enters from the opposite side to maintain continuity. It
preserves the system’s dynamical balance and keeps the particle count consistent
throughout the simulation. Among all the identical periodic boxes, only the atomic

coordinates within the central box are saved (Figure 2.4).
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Figure 2.4: Two-dimensional representation of periodic boundary condition. The
central cell (filled with yellow) represents the simulation box. Filled circles represent
particles in the simulation box and open circles represent their periodic image in other
cells. Bold and dashed lines show movement of two particles near the boundary; as a

particle leaves the simulation box, its image enters the box from the opposite end.

The simulation box must be large enough to allow efficient calculation of long-range
interactions. When periodic boundary conditions are applied, the number of interacting

atom pairs increases significantly. In an N-particle system, pairwise interaction
calculations require time proportional to %N (N — 1) %2 N (N-1). This is due to the fact

that particles interact with both their neighbors in the simulation box and their image
counterparts. This challenge is tackled by using a predefined interaction distance,
considering only immediate neighbors of particle images. Interactions at longer ranges
are effectively neglected. The maximum interaction distance must not exceed half the
length of the simulation box (L). A cutoff radius (RC), which is smaller than or equal

to L/2, defines the point beyond which two particles no longer interact. It will help to
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avoid expensive force calculations. This truncation technique is applied only to short-
distance interactions such as the Lennard-Jones potential. Electrostatic interactions,
which are long-ranged, are usually treated using the PME method, a version of the

Ewald sum methods.
2.3.5. Statistical Ensembles

MD simulations are designed to replicate and model the thermodynamic behaviour of
actual systems studied experimentally. This usually refers to systems on a macroscopic
scale, containing approximately 102 particles or greater. Hence, ensembles represent
a set of independent systems that are macroscopically identical. Macroscopically
identical refers to the fact that each system forming the ensemble is defined by the
same macroscopic variables, including volume (V), energy (E), pressure (P),
temperature (T), and the total number of particles (N). Statistical mechanics serves as
a bridge connecting the microscopic behavior of particles to the system’s macroscopic

properties.

Running MD simulations with a macroscopic number of particles is not
computationally feasible. Therefore, applying statistical mechanical methods to extract
system-level information becomes essential. A macroscopic observable arises from the
contribution of numerous distinct microscopic states. An ensemble represents the
collection of all possible microstates under a fixed set of parameters. For instance,
isolated systems fall under the microcanonical ensemble (NVE), where the number of
particles (N), volume (V), and total energy (E) are constant. In this ensemble, each
microstate must maintain a constant energy. As a result, the system’s ability to explore
the potential energy surface is limited due to free energy barriers that exceed the
system’s total energy. An alternative to the microcanonical ensemble includes the
canonical (NVT) and isobaric-isothermal (NPT) ensembles. In the NVT ensemble,
volume and temperature remain fixed, while in the NPT ensemble, pressure and
temperature are constant. The production run in MD simulations typically uses the
NPT ensemble as it reflects realistic thermodynamic environments. In these ensembles,
energy is not fixed, enabling the system to spontaneously cross large potential energy

barriers.
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2.3.6. Temperature and Pressure Regulation

MD simulations help in visualizing molecular motion and deriving key characteristics
from the studied systems. Typically, thermodynamic properties of interest are
measured in laboratory settings under ambient conditions. To replicate such conditions
in simulations, it is ideal to sample from the canonical (constant temperature) or
isobaric-isothermal (constant pressure and temperature) ensembles. Hence,
temperature or pressure control in MD simulations is achieved by applying appropriate
thermostat or barostat algorithms. The time average of kinetic energy serves as the
basis for measuring temperature in MD simulations, as described by the equipartition

theorem.
< By >= 2%, mv? = >NkgT [2.32]

Therefore, we define the time-averaged temperature as the instantaneous temperature.
Under the NVT ensemble, this temperature should exhibit fluctuations around the

preset target temperature, T.
2.3.6.1. Popular Thermostats

Multiple thermostats have been developed to regulate temperature during MD
simulations, including the Berendsen [180], Andersen [181], Langevin [182], and
Nose-Hoover thermostats [183]. For example, Langevin and Andersen thermostats
regulate a system variable by enforcing a predefined distribution function. The
Andersen thermostat, an early method in MD studies, assigns a random particle a
velocity from the Boltzmann distribution at the chosen temperature through simulated
collisions. I used a Langevin thermostat in my thesis that operates based on a general

equation of the form-

F= Finteraction + Ffriction + Frandom [2-33]

Where Finteraction 18 the standard interactions calculated during the simulation, Fiction 1S
the damping used to tune the “viscosity” of the implicit bath, and Frandom effectively
gives random collisions with the solvent molecules. A user-defined friction damping

parameter is used to couple the frictional and random forces during simulation.
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2.3.6.2. Popular Barostat

Just as thermostats regulate temperature, there are multiple barostats which help
maintain constant pressure (P) during simulations in the NPT ensemble. These include
Berendsen [180], Andersen [181], Parrinello-Rahman [184], and Martyna-Tuckerman-
Tobias-Klein [185] (MTTK) barostats. Barostat algorithms regulate the system’s
pressure but do not affect its temperature. Thus, when simulating under the NPT
ensemble, then a barostat in combination with a thermostat must be used. In this thesis,
we selected the Berendsen barostat and the Langevin thermostat to regulate the

pressure and temperature, respectively.

The widely used Berendsen barostat couples the system pressure with a pressure bath,

as shown below:

St
A=1-K= (P = Poaen) [2.34]

r; = A3t [2.35]

Here, the rescaled coordinates are represented by r;, the time constant by TP, and the
isothermal compressibility (k) controls the strength of the pressure bath coupling. The

isothermal compressibility is also related to the volume fluctuations.

_1 (6V> I N e i [2.36]

“v\sp) ' T kg <v2>
We can scale the pressure using several options, like isotropic pressure scaling (which
simultaneously scales all dimensions) and semi-isotropic pressure scaling (which

scales selected dimensions).
2.3.7. Long-Range Interactions

The Coulombic interactions among charged particles in molecular systems fall off
proportionally to 1/r, with » representing the distance between the particles. In these
systems, atom-atom forces are categorized as long-range because other interactions
decay much more quickly, usually as 1/r* or beyond. This implies that even when atoms

or molecules are far apart, they may still exhibit significant electrostatic interactions.
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However, this effect is influenced by the shielding properties of the surrounding

medium, specifically its relative permittivity or dielectric constant.

This indicates that electrostatic interactions are 80 times weaker in water compared to
in a vacuum. Bonded interactions stay constant throughout the MD simulation and are
relatively simple to evaluate. In contrast, non-bonded interactions are typically the
most computationally demanding part of molecular mechanics, with their strength and
relevance fluctuating over time. The stability of protein tertiary and quaternary
structures largely depends on non-bonded interactions. They are the key forces
responsible for preserving the structural integrity of proteins. Though long-range
interactions might be significant, determining the distances between all atom pairs
becomes increasingly expensive as number of atoms increase. The main idea here is to
neglect certain interaction pairs to increase the simulation efficiency and maintain the
authenticity of the produced results. The impact of Lennard-Jones and electrostatic
interactions becomes insignificant at greater distances and can be ignored compared to
the simulation error. To address this, a cut-off scheme is implemented to exclude all
long-range interactions beyond a predefined distance. Due to their longer range
compared to Lennard-Jones interactions, electrostatic forces pose a greater challenge
for simplification in simulations. To address this, the Particle Mesh Ewald (PME) [186]
method is commonly employed to compute long-range electrostatic interactions in

periodic systems during MD simulations.

To understand the PME technique, it is useful to examine the relationship between
charge distribution and Coulombic potential as described by the Poisson equation in

differential form:

V2 p(x) = —~(Dp(x) [2.37]

Here, ¢ (x) represents the potential at point x, p(x) denotes the charge density at the
same location, and ¢ is the medium's permittivity. To solve this equation, we assume
that p and ¢ are smooth functions; however, for a point charge, p becomes a delta

function. Additionally, electrostatic charges are mapped onto a grid to compute the
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corresponding potentials, and the force on each particle is then determined based on its

position within this grid.
2.4. Basic Workflows of MD

MD simulations are widely used in biology to investigate the structural and dynamic
behavior of biomolecular systems at the atomic level. The basic workflow involves
several key steps, including system preparation, energy minimization, equilibration,
production simulation, and trajectory analysis. These steps are discussed in detail in

the subsequent sections.
2.4.1. System Topology Preparation

System preparation is perhaps the most crucial phase of a simulation, yet it often gets
the least focus. Mistakes made here can critically compromise the entire simulation.
To prepare an MD simulation, one must construct the initial structure (using X-ray,
NMR, Cryo-EM, or homology modeling), solvate if required, apply a current force
field, determine protonation states for ionizable residues, and ensure system neutrality
and proper salt concentration. To mimic biological conditions, systems are solvated by
introducing water molecules. The computational cost and the calculation of pairwise
long-range interactions are both directly affected by the number of solvent molecules
included. Hence, the size of the solvent box is critical for simulations, and it is
generally recommended that its length be at least twice the long-range interaction cut-

off.
2.4.2 Minimization

Energy minimization serves as a fundamental step in molecular modelling and is
essential for exploring conformational space. Energy minimization is commonly used
as a preparatory step in MD simulations to optimize the initial structure by removing
steric strain [187]. Minimization is used to optimize the molecular structure by
adjusting atomic positions to achieve the lowest possible potential energy. Various
energy minimization algorithms exist, among which the steepest descent, conjugate

gradient, and Newton-Raphson are widely used. Such methods are designed to locate
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nearby local minima in the potential energy landscape. They play a critical role in

eliminating structural irregularities like steric clashes or stereochemical errors.
2.4.3. Heating

At the beginning, the system is at zero temperature, which suggests there is no thermal
energy present. We slowly increase the kinetic motion of atoms to bring the system to
the desired temperature. To prevent instability in the simulation, the temperature must
be raised gradually over an appropriate duration or in discrete steps to avoid any abrupt
spike in kinetic energy. The NVE ensemble does not permit the addition of energy, and
in the NPT ensemble, a rise in kinetic energy causes the system to expand to uphold
constant pressure. Hence, NVT is used for the heating process. The system temperature
increases as the particle velocities are reassigned from a fresh Maxwell-Boltzmann
distribution at every integration step. The heating process helps prevent the system
from crashing by allowing it to equilibrate gradually at each temperature level.

Alternatively, applying weight restraints can regulate the heating procedure.
2.4.4. System Equilibration

As the production simulation is carried out using the NPT ensemble, a brief
equilibration period is essential after heating to allow proper ensemble switching. The
purpose of the equilibration phase is to transition the system from its starting
conformation to a thermodynamically stable equilibrium state. In this phase, key
thermodynamic variables like energy, temperature, and pressure are closely observed.
Hence, equilibration is carried out under the NVT ensemble to balance kinetic and
potential energies. That is, the kinetic energy added during heating should be properly
shared among all the system’s degrees of freedom to ensure uniform motion. This often
indicates that the potential energy responds more slowly and needs to be equilibrated
to match the kinetic energy of the system. The system is considered equilibrated when
the potential energy becomes constant and exhibits minimal variation over time.
Following that, the initially sharp drop in potential energy stabilizes near a constant
value, while other essential properties remain unchanged over time. This pattern

indicates that the system has equilibrated within the defined time frame.
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2.4.5. Production Run

Once equilibration has been successfully achieved, we proceed to collect simulation
data. This part of the simulation is typically called the production phase. In both
equilibration and production, the simulation conditions are identical, but the significant
difference is that data from the production run is saved and analyzed. Before starting a
production simulation, appropriate equilibration consistent with the chosen ensemble
must be conducted. Production data must not be recorded immediately after significant
system changes, such as sudden temperature adjustments, box scaling, or
minimization, unless these transitions are intentionally part of the study. In certain
cases, the initial segment of production data is treated as additional equilibration and
excluded from analysis. This approach is typically used after changing the simulation
setup, such as altering the ensemble from NVT to NPT or vice versa. Production runs
can range from a few nanoseconds to several microseconds, and with the enhanced
computational power of modern Graphics Processing Units (GPUs), microsecond-

scale simulations are now routinely conducted [19].
2.5. Enhanced Sampling Method

Atomistic MD simulations are among the most popular techniques, offering a balance
of simplicity and precision in exploring biomolecular structures and their
conformational dynamics [20]. Because of the presence of high free energy barriers,
many biologically significant processes such as protein-ligand binding and
conformational transitions occur over timescales that exceed the capabilities of
conventional MD simulations. These processes are referred to as rare events [ 188,189].
A variety of methods exist to increase the probability of crossing energy barriers,
thereby enabling broader conformational sampling within the same simulation time.
These are collectively known as “enhanced sampling” techniques. A number of widely
used enhanced sampling techniques include umbrella sampling [190,191],
metadynamics [192], adaptive biasing force (ABF) [193], steered molecular dynamics
(sMD) [194], replica exchange MD (REMD) [195], conformational flooding [196],
parallel tempering [197], accelerated MD (aMD) [198], Gaussian accelerated MD
(GaMD) [199], and Ligand Gaussian accelerated MD (LiGaMD) [200], etc. In this
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study, I used GaMD simulations to investigate the conformational dynamics of kinases

in DLK-JNK signaling pathway, as well as their respective protein-ligand complexes.
2.5.1. Gaussian Accelerated Molecular Dynamic Simulations (GaMD)

Gaussian accelerated molecular dynamics (GaMD) is a powerful computational
technique that enables both unconstrained enhanced sampling and accurate free energy
estimation of biomolecular systems. It works with the same theoretical background as
aMD. GaMD significantly speeds up biomolecular simulations by several orders of
magnitude. Similar to accelerated MD (aMD), it does not require the use of predefined
collective variables (CVs). Additionally, the harmonic boost potential applied in
GaMD follows a Gaussian distribution, allowing accurate reconstruction of the original
biomolecular free energy surface using a second order cumulant expansion based on
Gaussian approximation [201]. This effective approach significantly lowers statistical

noise, thus addressing the limitations encountered in the aMD method.

If the system’s potential energy (V) is lower than a set threshold energy (£), then a

harmonic boost potential (4V) is applied, and it is defined by the following expression:
AV = ~k(E - V)2if V<E [2.38]

where £ is the harmonic force constant. Then the modified potential (V*) is given by:
V'=V4ok(E-V)%ifV<E [2.39]

When the system potential energy (V) exceeds the threshold energy (E), the boost
potential (4V) is not applied and is therefore set to zero, i.e., 4V = 0.

V*=V,ifV>E [2.40]

Two conditions must be fulfilled by the boost potential to ensure a smooth potential
energy surface. The first states that if Vi and V: are any two values on the energy
surface where Vi < Va, then their boosted equivalents must satisfy Vi* < Vo*,

Consequently, Equation (2.40) can be reformulated as:

E<-(Vi+Vy)++ [2.41]
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Secondly, for any two potential energies where Vi1 < V2, the difference between their
boosted potentials should be smaller than that on the original surface, i.e., V, — V" <

V, — V,. By substituting V* into Equation (2.40), we obtain:
E>=(Vi+Vy) [2.42]

By combining Equation (2.40) and Equation (2.41), and applying the condition V,,,;;, <
Vi <V, < Vi, the threshold energy (E) is determined to lie within the following

range:

Vinax < E < Vipin + [2.43]

bl B

where Vmin and Vmax are the minimum and maximum potential energy of the system,
respectively. Further to satisfy the Eq (2.43) is valid, V0 < Vipin + %, and k& have to
satisfy this:

<— [2.44]

1
k Vmax_Vmin
where £ is defined as

;) 0<ky<1 [2.45]

Vmax_

k =k, (
where ko is the magnitude of the applied boost potential. Higher ko, reflecting that for
decreasing the energy barrier, a large boost potential is added.

To ensure accurate reweighting of potential surface, the standard deviation of the

AV(oav) must be significantly small (i.e., narrow distribution)
opy = k(E = Vayg)oy < 0y [2.46]

where Vavg and oV are the average and standard deviation of the system potential
energy, respectively. oav is the standard deviation of the AV with gy is the user-defined

upper limit (e.g., 10 kgT) for accurate reweighting.

If a threshold (E) is set to lower bound Viari.e., E = Vinax, then Eq (2.44) gives the

following relation:
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gy W —Vmi
ky < -0 “max “min [2.47]
ov  Vmax—Vavg

If E=Vmax+t (1/k), then we can obtain the following relation:

ko > (1 — 22) fmax=Vmin [2.48]

ov” Vmax—Vavg

The boost potential can be calculated for a given E and ko using the following equation:

AV =1k !

0
2 Vimax—Vmin

(E-V)%ifV<E [2.49]

The GaMD also provide options to apply total potential boost AVp, the dihedral
potential boost AV p, or the dual potential boost (AVp and AVp). Mainly, the dual-boost
simulations provide a higher acceleration than others. The values of Vinax, Vmin, Vavg
and ov are taken from the initial equilbrated simulations. Here, we applied the dual

potential boost for GaMD simulations.
2.6. Molecular Docking: Principles and Algorithms

In structural molecular biology and drug design, molecular docking is a critical in silico
technique. It is used to determine the probable binding orientations of a ligand or
another protein with a protein whose three-dimensional structure is already known.
Molecular docking serves as a powerful tool for virtual screening of extensive ligand
libraries, ranking potential inhibitors, and proposing how they may bind to and inhibit
the target protein, aiding lead optimization. Docking protocols consist of two main
components: searching algorithms and scoring functions. The search algorithm first
explores various ligand orientations and positions within the binding site, and then the
scoring function evaluates and ranks these conformations based on their predicted
binding affinities [202]. Primarily, these methods account for the relative flexibility of
both the receptor and the ligand, as binding often triggers conformational adjustments

consistent with the “induced-fit” mechanism.

2.6.1. Search Algorithm
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Ligand conformational wvariability can be analyzed through root-mean-square
deviations (RMSD) calculations, with smaller RMSD values indicating closer
resemblance to the native or reference binding pose. The accuracy of any searching
algorithm largely depends on the number of conformational degrees of freedom

explored during the search process. It can be reduced by:
a) Incorporating implicit solvent effects into the scoring function.

b) limiting flexibility to the ligand only while treating the protein as rigid, thereby

enabling extensive sampling of ligand conformational space.

The algorithms used for ligand searching can be classified into systematic, stochastic,

and simulation based strategies.

Systematic Method: It explores all degrees of freedom using exhaustive,
fragmentation, and ensemble approaches. The exhaustive method systematically
evaluates every possible orientation of the ligand’s rotatable bonds. With more
rotatable bonds, the number of conformations to be sampled also increases. To enhance
computational efficiency, geometric constraints are often applied during docking.
Further conformational states of the ligand are processed through refinement. This
technique is employed in docking programs like Glide [203] and FRED [204], whereas
DOCK [205], LUDI[206], and FlexX [207] utilize the fragmentation approach. Ligand
flexibility is modeled using the “place and join™ strategy, where multiple ligand
fragments are docked into the binding site and subsequently connected through
covalent bonds. For instance, the ensemble method, such as that used in FLOG, utilizes

libraries of 3D coordinates to identify the ligand that best fits the receptor.

Stochastic Method: This approach modifies ligand conformations and employs a
probability-based criterion to accept or reject them. It falls under two major types:
Monte Carlo (MC) and Genetic Algorithm (GA). MC uses the Boltzmann probability
criterion to accept or reject conformations, whereas GA employs evolutionary
concepts, as seen in docking programs such as AutoDock and GOLD [208]. Each

initial ligand pose is associated with a specific phenotype and genotype. The genotype
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describes the ligand’s translational and orientational parameters relative to the target

protein, while the phenotype corresponds to its atomic coordinates.
2.6.2. Scoring Functions

Accurate docking studies depend on a strong scoring function that assigns numerical
values to each protein-ligand complex generated during the sampling process. Scoring
functions enable the ranking of ligands by estimating their relative binding affinities to
the target protein. In molecular docking, scoring functions are broadly categorized into

force field, empirical, and knowledge-based methods.

Force field (FF) based scoring functions calculate the total internal energy of the ligand
as well as the interaction energy between the ligand and the protein. The disadvantages
of FF scoring include limited ability to capture long-range interactions and entropy,
along with significant computational expense. However, more recent scoring functions
like AutoDock and GoldScore have been developed to account for such factors.
Additionally, molecular mechanics force fields such as AMBER and OPLS are also
applicable for scoring purposes. The empirical-based scoring approach relies on fitting
parameters to experimental data in order to predict protein-ligand binding affinity, as
seen in tools like ChemScore [209], Score [210], and X-score [211]. These scoring
functions use statistical data derived from known structures to assess interatomic
interactions, assigning the highest scores to poses that closely match experimentally
observed geometries. A major limitation of this method is its dependence on the type
of data available from experimental techniques like X-ray crystallography or NMR,
which often lack critical details such as protonation states. DrugScore [212] and SMoG
[213] are two examples of knowledge-based scoring functions. The three scoring
approaches discussed above provide a foundational framework for developing
improved strategies aimed at more accurate scoring and ranking of docked ligand

poses.
2.7. Techniques for Analysing Simulation Trajectories
Molecular dynamics simulations generate vast and intricate datasets. The Cartesian

coordinates of every atom often numbering in the thousands or millions are saved at
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each time step over trajectories that can span thousands to millions of steps.
Consequently, post-simulation processing is essential to derive meaningful insights
from this raw data. In this section, we present analytical tools designed to examine
conformational changes in biomolecules from both short and long timescale

simulations.
2.7.1. Stability and Flexibility Analyses

The root-mean-square deviation (RMSD) provides a statistical measure for assessing
structural similarities, making it essential for monitoring biomolecular stability during
simulations. RMSD is used to assess the overall deviation of a molecular conformation
from its reference by comparing atomic coordinates. It measures the mean distance
between the atoms of the reference structure and the selected atoms in the target

conformation. RMSD is defined as:

N o[mi(Xi=Y;)?]

< [2.50]

RMSD =\/

Here, N denotes the total number of atoms, m; represents the mass of the 7, X; refers to
the coordinates of the atom in the target structure, and Y; indicates the coordinates of
the same atom in the reference structure. In the case of non-mass-weighted RMSD,

each m; is set to 1, making the total mass M equal to N.

Another additional valuable quantity, root-mean-square fluctuation (RMSF), is
commonly used to evaluate residue-level flexibility. Similar to RMSD, it quantifies the

deviation of particle i from its reference position over time.

Efj=1[xi(tj)—<xi>]2

RMSF; = [2.51]

Here, T represents the total number of time steps in the simulation, Xi(t;) denotes the

coordinate of atom x; at time point ¢;, and < x; > is the average position of that atom

over the entire simulation time. RMSF provides insight into the time-dependent
positional variation of atoms across the complete structure. RMSF values are often

compared with B-factors to assess the reliability of the simulation, as B-factors indicate
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atomic thermal motion observed during crystallographic analysis and are included in
PDB files along with the atomic coordinates. Atoms exhibiting high B-factor values
typically correspond to the most flexible regions of a protein, such as loop segments,
and should show good agreement with the regions of high RMSF in simulations. The

B-factor is defined as:

B = —-m?RMSF? [2.52]

We additionally analyzed the compactness of the system by determining the radius of
gyration (Rg), calculated according to the following expression:

r12ms
Rg — (Zl|rl| ml)Z [253]

Xim;

The term m; refers to the mass of atom 7, and r; describes the coordinate of atom i

relative to the center of mass of the entire system.
2.7.2. Correlation Matrix Analysis of Molecular Dynamics Trajectories

The degree of correlation within a system can be assessed by calculating the cross-
correlation coefficients between atomic pairs, which are graphically represented in
matrix form as a dynamical cross-correlation matrix (DCCM). It has been extensively
utilized to investigate and quantify correlations in atomic motions across biomolecular

h

systems. The dynamical cross-correlation (DCC) between the i and j atoms is

mathematically defined as follows:
<AT'i(t).AT'j(t)>t

(<IAT(B)[*>¢) |<|Arj(O)]*>¢

here 7;(t) denotes the atom’s coordinates as a function of time t, t denotes the time

DCC(i,j) = [2.54]

ensemble average and Ar;(t) = r;(t) —< r;(t) >;. DCC has been employed to
investigate the dynamic cross-correlations that occur within a molecular system. An
NxN heatmap is generated by the DCC, where N is the number of atoms (most often
alpha carbons), and each entry indicates the cross-correlation in motion between atoms
i and j. Correlation values in the DCC matrix range from —1 to +1, where +1 indicates

perfect correlation, —1 denotes perfect anti-correlation, and 0 signifies no correlation
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at all. Completely correlated motions have identical timing and phase, while anti-
correlated motions occur over the same time interval but in opposite phases. Strong
correlations are typically observed along the matrix diagonal. The maximum diagonal
value is observed when the indices are equal (i = j), which results in DCC(i, j) being
1.00. Positive correlation along the diagonal is a result of the coordinated movement
of adjacent residues within defined secondary structures. Off-diagonal regions with
either positive or negative values signify correlated motions between non-contiguous

residues.
2.7.3 Essential Dynamics via Principal Component Analysis (PCA)

Principal component analysis PCA [214,215] reduces the complexity of a dataset by
transforming it into a lower-dimensional form composed of principal components,
which are eigenvectors associated with the highest eigenvalues and explain most of the
variance. By applying PCA to molecular dynamics trajectories, one can identify a
simplified configurational landscape governed by a small number of dominant
motions. Cartesian principal component analysis removes overall rotation and
translation by aligning the structures using a least-squares fit approach. A covariance
matrix of size 3N x 3N is constructed using the Cartesian coordinates. Diagonalizing
the covariance matrix yields a set of eigenvectors and corresponding eigenvalue. The
eigenvectors indicate the motion directions, while the eigenvalues represent the

magnitude of those motions.
Let C be the covariance matrix, where each element Cj; is defined as follows:
Cij =< (X'i—< X; >)(x]—< Xj >) > [255]

Here, x; and x; represent the coordinates of the i and jth atoms, while (xi) and (x;) are
their respective mean coordinates averaged over the ensemble. In three-dimensional
space, the covariance matrix is constructed for the (x, y), (x, z), and (y, z) coordinate

pairs, resulting in a 3N x 3N matrix C, where N represents the total number of atoms.
The covariance matrix is subsequently diagonalized to extract its eigenvalues:

ATCA =2 [2.56]
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Here, A denotes the matrix of eigenvectors, and A represents the corresponding
eigenvalues. The eigenvectors are arranged in descending order based on their
corresponding eigenvalues, with the eigenvector having the largest eigenvalue
representing the first principal component (PC), followed sequentially by others.
Principal components define a new coordinate system; thus, the simulation trajectories

are projected onto the eigenvectors to obtain the PCs:

q(t) = ATM3(x(t)—< x >) [2.57]

Trajectory data can be filtered along specific principal components (PCs) to separate
particular motions from those associated with other components. Typically, only the
top few PCs, out of the entire set of eigenvectors, capture the most meaningful motions

and are used for detailed analysis.
2.7.4. Dihedral Principal Component Analysis (dPCA)

PCA is commonly employed to simplify high-dimensional systems by reducing them
to a smaller number of informative variables. However, Mu et al. [216] demonstrated
that internal coordinates, such as backbone dihedral angles, can be used in place of
Cartesian coordinates for PCA in MD simulations, particularly when dealing with
complex biomolecules with many degrees of freedom. This may lead to avoiding
mixing overall motions with the internal motions. The primary advantage of using
backbone dihedral angles is that they exhibit greater variability compared to other
internal coordinates, such as bond lengths and bond angles, in a molecule. As a result,
a variant of PCA called dihedral angle principal component analysis (dPCA) [216],
which relies on internal coordinates like the backbone dihedral angles (¢, Y¥n), can

help in separating internal conformational changes from global motions.

However, angular data always poses a PCA problem or analyses other statistical
processes due to their circular nature. As an example, the average of 10° and 350° using
standard arithmetic gives 180°, even though the proper circular mean is actually 0°. To
circumvent such difficulties due to the circularity of variables, the space of dihedral
angle (¢n) is transformed to the linear metric coordinate space using the trigonometric

functions sin gn and cosgn.
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2.7.5. Potential of Mean Force and Free Energy Landscapes

Potential of mean force PMF [217] represents the free energy profile as a function of
a selected coordinate, which may be geometrical, like the distance between two atoms,
or energetic, such as a molecular torsion angle. This energy landscape represents the
mean force resulting from the sum of forces across all configurations of the molecular
system. To express the potential of mean force in its simplest form, one may use a
reaction coordinate. The PMF can be expressed in terms of the radial distribution

function via the Helmholtz free energy equation.
A(r) = —kgT In[g(r)] + const. [2.58]

The constant is selected in such a way that the most probable configuration aligns with
zero free energy. In this context, the radial distribution function indicates only a slight

variation in free energy.

Free energy landscape (FEL) [218,219] theory serves as a conceptual basis for
analyzing both the thermodynamics and kinetics of intricate systems, and also for
predicting the probability of individual events. For complex systems such as proteins,
the potential energy function spans multiple dimensions and often presents a highly
convoluted surface. When the system is at a nonzero temperature, entropic effects
become significant, and thus the free energy landscape controls the system's
thermodynamics and kinetics. A widely used method to study and represent the free
energy changes during protein folding and biomolecular isomerization is by plotting it
against one or more order parameters, meaning macroscopic indicators that effectively
differentiate conformational states of the systems. Each state is defined by a local
minimum in the free energy of the reduced-dimensional landscape. Minima depth in
the free-energy surface correlates with the stability of associated states, whereas the
energy barriers between them represent the activation energies required for state
transitions [220]. If the energy barriers separating states are small, transitions occur
more frequently. Nevertheless, due to the intricate nature of the system and its many

degrees of freedom, order parameters are often selected arbitrarily.

The free energy landscape can be drawn based on the following equation:
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G ~ —kpT In(- [2.59]

Here, kg denotes the Boltzmann constant, T represents the absolute temperature, N; is
the number of configurations in the i* bin, and N,, refers to the population of the most
occupied bin. In this analysis, a two-dimensional free energy landscape (FEL) was
generated using reaction coordinates like PC1 vs. PC2, dPC1 vs. dPC2, RMSD vs.

distance, and others.
2.7.6. Protein Structure Network (PSN) Analysis

An alternative approach to visualizing protein structures apart from examining
secondary structures and folding patterns is through mapping residue interactions as
networks, which helps reveal critical information about their structure-function
relationship. Here, we constructed protein networks by applying two web-based tools:
WebPSN [221] and the Network Analysis of Protein Structures (NAPS) portal [222].
Through the webserver, users can interactively visualize contacts between residues in
predicted protein structures and MD trajectory data. Networks can be constructed using
criteria such as Ca, CB, atoms, atom pairs, centroids, or interaction strength. Here,
nodes in the network correspond to the Ca atoms of residues, and an edge is drawn
between two nodes if the inter-residue Ca—Ca distance is within a cutoff radius of

approximately 7 A.

NAPS allows users to select nodes based on centrality scores, physicochemical
attributes, or residue clusters. It also evaluates node and edge relevance using several
network properties, including centrality, shortest path length, betweenness, hub
classification, link strength, and community structure. Overall network visualization
supports multiple analyses, including identifying functionally important residues,
predicting coevolving sites, and investigating protein-protein or domain-domain

interaction mechanisms involved in intra- or inter-molecular communication.

2.8. Calculation of Binding Free Energy
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In computational biology, free energy calculations play an important role in various
applications, such as in rational drug design and structural modelling of proteins. Free

energies can be expressed in two forms: the Helmholtz (F) and Gibbs free energy (G).
F=U-TS [2.60]
G=H-TS [2.61]

Here, U denotes the internal energy, T represents the absolute temperature, H refers to
the system's enthalpy, and S indicates its entropy. Where H is the enthalpy of the
system, as given by H = U + PV, where P is the pressure and V is the volume of the
system. This indicates that free energy is determined by both the system’s internal
energy and its entropy. Thus, both the strength of atomic interactions and entropic
shifts influence system stability and binding affinity, and solvent entropy becomes
particularly important during the formation of hydrophobic protein interiors or

membrane cores.

In molecular systems, Gibbs free energy determines the binding affinity for protein-
ligand as well as protein-protein interactions. According to statistical mechanics, the

probability of a specific state x correlates with its free energy:

p(x) oc e=6CI/ksT [2.62]

—G(x)/kpT

Where kB is the Boltzmann constant and e 1s called the Boltzmann factor.

Hence, the free energy difference for two states A and B can be estimated by:

PA) _ ,—(G)-G(B)/kpT — o—AG/kgT [2.63]
p(B)

In this way, free energy estimation becomes possible from well-equilibrated
simulations, and AG can be directly derived from the ratio of populations in states A

and B.

The use of free energy calculations has become fundamental in computational
biochemistry, particularly for predicting binding affinities of small candidate drugs and
evaluating their structural stability with biomolecular systems. Free energy prediction

methods can be broadly distinguished as either rigorous or approximate, depending on
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their level of accuracy and computational demand. Among the rigorous approaches are
free energy perturbation (FEP) and thermodynamic integration (TI). Among available
approximate methods, the Molecular Mechanics-Generalized Born/Poisson-

Boltzmann Surface Area (MM-GB/PBSA) method is most widely used.
2.8.1 Free Energy Perturbation (FEP)

Free energy perturbation (FEP) [223,224] is a statistical mechanics approach used to
calculate free energy differences by introducing intermediate states between the initial
reference and the final perturbed configuration [225,226]. The mathematical

formulation of FEP is stated below:

—<E;-Ep>

AF = F, — Fy = —kT In < exp|: po

] > [2.64]

In this method, the free energy difference between the initial (reference) and final
(target) states is determined by averaging a function of their energy difference, with
sampling performed from the initial state’s ensemble. The equation is further expressed
using a power series expansion to obtain the free energy change. Here, E1 denotes the
energy of the target state, Eo represents the energy of the reference state, and V
corresponds to a small perturbation. The resulting expressions are derived through a

second-order expansion:
Ei,=Ey,+V [2.65]

AF = Fy = Fy =<V > —=— (< V2> —<V >?) [2.66]

Free energy methods like this are most appropriate when system fluctuations are

primarily described by a Gaussian distribution.
2.8.2 Thermodynamics Integration (TT)

Another important and extensively used method for free energy estimation is
thermodynamic integration (TI) [227,228]. The comparison of binding affinities
between ligands L1 and L2 involves an alchemical transformation, where a set of
intermediate states is generated using a coupling parameter A. The coupling parameter

is defined such that when A equals 0, the system represents ligand L1 (initial
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configuration), and when A reaches 1, it corresponds into ligand L2 (final

configuration). The total energy (V) of the system can be defined as:
V4,x)=00—-D)V (4 x) + AV,(4,x) [2.67]

Here, Vi1 and V: denote the potential energies of ligands L1 and L2, respectively. The
derivative of the potential energy with respect to A is then utilized to calculate the free

energy difference as follows:

AV (A,x)
o1

AGen = [, < >, dA [2.68]

Here, (---)A represents the ensemble average at a given A state. Typically, each
ensemble corresponding to a A window is derived from a single molecular dynamics

(MD) simulation.

To estimate the relative binding affinities (AAG) of two ligands bound to a protein, the

thermodynamic cycle method is applied using the equation provided below:
AAG = AG, — AG, = AGSL, — AGRU™ [2.69]

Here, AG: and AG: represent the binding free energies corresponding to ligands L1
and L2, respectively.

2.8.3 Molecular Mechanics (Generalized Born) Poisson Boltzmann Surface Area
(MM/(GB)PBSA)

The binding free energy of protein-ligand systems is frequently estimated using the
molecular mechanics Poisson-Boltzmann (generalized Born) surface area
MM/PB(GB)SA method, which integrates molecular mechanics and either Poisson-
Boltzmann or generalized Born models with surface area calculations [229,230]. This
method utilizes classical force fields along with continuum solvation models to
compute the binding free energies of complex molecular systems. Alchemical
techniques like exponential averaging and thermodynamic integration (TT) often yield
higher accuracy, while MM/PB(GB)SA offers a favourable balance between

computational efficiency and accuracy [231,232].
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The following is a concise explanation of the MMPB(GB)SA method as applied to the
protein (P) and ligand (L) complex (PL). The overall binding free energy is shown

below:

The free energy values corresponding to the protein, ligand, and their complex

(denoted collectively as X) are expressed as follows:
G(X) = Eym(X) + Gso1p(X) —-TS(X) [2.71]

Eym (X) = Eponded (X) + Enonbonded (X) [2.72]

In this expression, Emm represents the total molecular mechanics energy, Gsoly is the
solvation free energy, T stands for absolute temperature, and S denotes the
conformational entropy. Emm includes both bonded (Ebonded(X)) and nonbonded

(Enonbonded(X)) contributions:

Epondea(X) = Epona(X) + Eangle(X) + Egineara(X) [2.73]

Enonbonded (X) = Eelectrostatics (X) + EvdW (X) [2'74]

Furthermore, the bonded energy term further incorporates contributions from bond
lengths (Ebond), bond angles (Eangle), and dihedral angles (Edinedral), Whereas the
nonbonded term consists of electrostatic forces (Eeiectrostatics) and van der Waals

interactions (Evaw). Combing all the equations it will gives:

AGying = AGagay — AGogyy — TAS [2.75]
Where;
AEym = DAEpondea + AEeiectrostatic + AEpaw [2.76]
AGgory = AGegy + AGyaw + AGerec = AGsasa + AGpp g [2.77]
AGguss = y.SASA + B [2.78]

Solvation free energy is divided into G,,,, Which corresponds to the energy for solvent

cavity creation, G,qy , Which represent van der Waals interactions, and G ,
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representing electrostatic effects. The first two components combined to give Ggysa.
An estimate of this parameter is obtained by integrating SASA with two empirically
determined coefficients (y and ), which are based on linear regression analyses of the
solvation energies of small apolar compounds in water. In this context, y is the
proportionality constant for surface tension, set at 0.00542 kcal-mol™-A~2 while B is
the empirical offset value, set to 0.92 kcal-mol™. SASA values are estimated through

the linear combination of pairwise overlap (LCPO) method, utilizing a spherical probe

of radius 1.4 A.

Electrostatic contributions to solvation energy are typically calculated using PB or GB
models. Specifically, in the PB model, the electrostatic potential is obtained by solving

the Poisson-Boltzmann equation [233]:

V[e(@)V,(r)] = —4np(r) — 4mA(r) ¥; z;c; exp (— Z;:’;—(?) [2.79]

Here, &(r) refers to the dielectric constant, ¢(r) corresponds to the electrostatic
potential, and A(r) serves as the masking function for the Stern layer. Analytical
solutions are not feasible for the PB equation, and numerical methods remain

computationally expensive.

According to the GB model, the same is given by:

1 1 qidj
AGop = —5(1 =) %y ' [2.80]

r2,
2 t
r{i+RiRj exp (—yRiRj)

Here, ¢ is the dielectric property of the bulk solvent, q; denotes the charge carried by
atom 1, and rj; represents its effective Born radius. Multiple GB model formulations
exist, with their primary differences arising from how the Born radii are calculated

[234,235].
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2.8.4. Conformational Entropy Calculation

The estimation of configurational entropy was performed by applying the NMA
(normal mode analysis) method [236,237]. The following equation was used to

calculate the vibrational entropy (Sviv) through the NMA technique.

)
T kT

Syir =R [ x_l —In(1 - e‘x)] ;X

eX

[2.81]

Here, R is the universal gas constant, k is the Boltzmann constant, and T is the absolute
temperature. The symbols h and 9 are used to denote the Planck constant and

vibrational frequency, respectively.
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Chapter 3

Plant Derived Active Compounds of Ayurvedic Neurological
Formulation, Saraswatarishta as a Potential Dual Leucine Zipper

Kinase Inhibitor: An in-silico Study

AIM: To validate the therapeutic relevance of SWRT molecules in inhibiting DLK-

mediated neurodegenerative signaling.

This chapter is reproduced from our original article:

Koirala, S.; Roy, R.; Samanta, S.; Mahapatra, S.; Kar, P. Plant Derived Active
Compounds of Ayurvedic Neurological Formulation, Saraswatharishta as a Potential
Dual Leucine Zipper Kinase Inhibitor: An in-Silico Study. Journal of Biomolecular
Structure and Dynamics 2024, 42 (20), 11201-11214.
https://doi.org/10.1080/07391102.2023.2260892.

3.1. Introduction

Throughout the world, neurological illnesses are the leading risk factor and the second
most significant cause of mortality [238]. The absolute number of deaths and
individuals disabled by neurological disorders has increased dramatically over the last
30 years, and future rises are projected internationally due to population expansion and
aging. According to the World Health Organization (WHO), more than 6 million
people die every year due to stroke, and more than 50 million people suffer from
epilepsy worldwide [239]. Efficient therapeutics are critically needed, but only if the
origin and causes of each disease are well known. Approximately 85% of all
medication approaches fail in clinical testing, and only 25 to 30 novel biochemical

entities are licensed in the United States each year on average [240].
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Protein kinases generally control every constituent of cell life, and mutations or
changes in their activity cause various types of disorders. After the G-protein-coupled
receptor (GPCR), protein kinase is the second most important class for pharmaceutical
targets and has become the primary major drug target of the 21% century [17].
Neurological diseases such as Parkinson's and Alzheimer's need emergency
medication, but no specific therapies exist that slow down the loss of neurons.
Consequently, interest exists in finding novel molecules that specifically target the
molecular pathway which plays a role in neuronal degeneration [241]. Several studies
show the role of Dual leucine zipper kinase (DLK), and its downstream kinases in
neurological disorders and how targeting this kinase can play a role in preventing
neuronal diseases [66]. DLK is a serine/threonine protein kinase, which is a member
of mixed lineage kinase [242]. Mixed lineage kinases (MLKs), members of the
MAP3K family, are part of a phosphorylation cycle in which phosphorylate MKKs or
MAP2Ks, followed by JNKs, causing further phosphorylation of the transcription
factors such as c-jun, leading to the degeneration of axons and apoptosis [243]. An
earlier study showed that JNK activity is linked to Alzheimer's disease and
various other neurological disorders [244]. A team at Genentech conducted several
DLK knockdown investigations to support the concept that DLK is involved in the
stress-induced degeneration of neurons [126]. DLK knockdown studies suggested that
it protects neurons against neurodegeneration [66]. Because of its critical involvement
in neuronal degeneration, inhibiting the JNK pathway downstream of DLK has often
been a therapeutic target [245]. A massive kinase screening effort led to the discovery
of many reported drugs that interact with DLK [246]. However, numerous other protein
kinases have a role in central nervous system disorders, such as GSK3, DAPKI,
ROCKI1, mTOR, KIT, etc. Several potent inhibitors targeting these kinases have
already been discovered that are either already FDA-approved or are in preclinical or

clinical development [247].

The Indian traditional medicinal system, also known as Ayurveda, is an ancient
medical system based on natural products and aims to improve one's mental and
physical health. It is one of the oldest medical systems in the world and is India's

traditional health care system. According to the WHO, 70-80 percent of the world's
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population uses nonconventional medications, primarily from plant preparations, for
their treatment. Saraswatharishta (SWRT), one of the several formulations found in the
Ayurveda system, has been demonstrated to be effective in treating and
controlling neurological diseases and disorders [248]. SWRT is said to be beneficial in
the treatment of central nervous system abnormalities. In one investigation, Albino
mice were protected against the memory and learning impairment effects of diazepam
when they were pre-treated with SWRT for two weeks. As mentioned, the impact of
SWRT in neurological diseases shows a neuroprotective effect, making it important to
explore its mechanism of action against various targets of neurological disorders, the
DLK kinase being a crucial one. Seventeen [249] ingredients compose the SWRT

formulation, which is listed in Table 3.1.

Table 3.1. List of plants used in making SWRT formulation.

SLno Plant Name (Scientific) Local name
1 Bacopa monnieri Brahmi
2 Asparagus racemosus Satawar
3 Pueraria tuberosa Kudzu
4 Terminalia chebula Harad
5 Zinziber officinalis Adrack
6 Anethum sowa Indian Dill
7 Operculina ipomoea Nishoth
8 Piper longum Thippali
9 Syzygium aromaticum Laung
10 Acorus calamus Sweet flag
11 Saussurea lappa Costus Root
12 Withania somnifera Ashwagandha
13 Terminalia belerica Haritaki
14 Tinospora cordifolia Guduchi
15 Elettaria cardamomum Elaichi
16 Embelia ribes Vavding
17 Cinamomum zelonica Tejpata
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Using modern-day computational facilities, like virtual screening, ADMET analysis,
and molecular dynamics simulation studies, will accelerate the drug discovery process
and help analyze the molecular interactions between the kinase and the inhibitors.
Hence, the investigation of actions of the plant-derived components of SWRT
formulation on DLK and its downstream proteins will play a role in its mechanistic
understanding and verify its significance in the traditional ayurvedic medication
system. In this study, we tried to validate the role of SWRT against neurological
diseases and the molecular mechanism of action behind it. We used natural medicinal
plant-derived phytochemicals composing the SWRT formulation as inhibitors against
DLK. The created database containing 534 compounds (derived from the IMPPAT
database and PubChem) was docked against the DLK protein using the Schrodinger
suite's virtual screening (VS) workflow. With the aid of molecular dynamics
simulations and an estimated binding free energy obtained from the MMPBSA
technique, we further explored the structural dynamics and stability of complexes in
500 ns replica runs. Thus, this study marks the first effort to validate the molecular
mechanism of action of SWRT-based phytochemicals against DLK. The entire work

scheme is shown in Figure 3.1.
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Figure 3.1. Diagrammatic representation of steps involves in detecting important

inhibitors against DLK via virtual screening, dynamics study and energy calculation.

3.2. Materials and Methods
3.2.1. Data Collection

The X-ray crystal structure of DLK kinase (SCEN), with a resolution of 1.7 A [250]
was derived from the RCSB protein data bank, which constitutes of the residues 117-
397. A visual representation of the kinase domain along with some significant regions
have been depicted in Figure 3.2(A). The 3D structure of the phytochemicals of SWRT
formulation were downloaded from the IMPPAT (Indian medicinal plants
phytochemistry, and therapeutics) and PubChem database and were included to make
a database of 534 phytochemicals in SDF format, derived from the fifteen plants. This
database was utilized for virtual screening (VS) and identification of potential DLK

inhibitors among the 534 phytochemicals.

3.2.2. Ligand Preparation
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We downloaded the three-dimensional structures of the phytochemical components
from 15 of the 17 plants (available in database and literature), that made up the SWRT
formulation. The phytochemicals was downloaded from the IMPPAT database [251]
and PubChem using sources from existing literature [252]; [253]; [248]; [254]; [255].
A total of 534 compounds were screened, which were used to create a new database
that was used in our subsequent studies. All the inhibitors were downloaded in SDF
file format and loaded in Schrodinger suite's LigPrep module [256]. Through the
Maestro interface, we established the ligand conformers and their corresponding
tautomeric states using a pair of fast rule-based programs: the ionizer and tautomerizer.
The ligands were reduced after the hydrogen atoms were added, and the OPLS3 force

field was used for optimization. [155].
3.2.3. Receptor Grid Generation and Protein Preparation

The protein preparation wizard module was used for the preparation of receptors using
the maestro platform of Schrodinger software. The DLK was first minimized and
prepared for docking where OPLS3 force field was used with other default settings
[155]. Glide was used to create a docking grid around the binding pocket, conserving
the conserved motifs to decrease the search space leaving a 12 A cubic space

surrounding it [257]
3.2.4. Virtual Screening

Virtual screening (VS) screens a large number of ligands in order to find suitable
compounds which can fit a pharmacological target. The successive molecular docking
from our database was done against the DLK kinase. High throughput virtual
screening (HTVS), standard precession (SP), and extra precession (XP) were the three
stages of virtual screening that were performed [258]. The workflow's remaining
parameters were kept at default values. Based on the extra precession score, we
selected the top compounds with the best binding affinity towards DLK for further
studies. A semi-flexible docking technique was adopted, where we kept the protein
rigid and allowed the ligand to move within the binding pocket of DLK. As a result, a
single conformation of the protein was used, and several conformations of each ligand

were used for docking.
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3.2.5. MD Simulation

The most extensively used technique for investigating protein-ligand binding is
molecular dynamics (MD) simulation. The pmemd.cuda module of the AMBER 18 was
used to run the MD simulations of all systems. To describe the proteins, we used the
Amber ff14SB [153] force field. For ligand parameters, the generalized Amber force
field (GAFF2) [163] was used, and the Antechamber module [259] of Amber was used
to determine the AM1-BCC [260] charge that was assigned to the inhibitors. The
TIP3P water model was used to solvate the protein in an octahedron box with size of
10 A from the protein surface [261]. Next, necessary Na+ and CI- ions were introduced
to neutralize the system, as well as to keep the salt concentration in accordance with
the physiological salt concentration. To constrain the hydrogen atoms, the SHAKE
algorithm [169] was used. Langevin thermostat was utilized to maintain the system
temperature at 300 K [262]. Calculations of the long-range electrostatic interactions
were done using the particle-mesh Ewald scheme [263]. A time step of 2 fs was used
in the simulations. The first minimization step was conducted in 5000 steps of the
steepest descent algorithm followed by 5000 steps of the conjugant gradient algorithm,
with a harmonic restraint of 2 kcal mol™'A=2 . A subsequent unrestrained
minimization was carried out using 100 cycles in the steepest descent algorithm
followed by 900 cycles of the conjugant gradient algorithm. Next, systematic heating
from 0 K to 300 K was performed in the NVT ensemble. With a 2.0 kcal mol~*A=2
constraint force in the NVT ensemble, we carried out the density equilibration of each
complex at 300 K for 50 ps. Following that, a 1.0 ns unrestrained equilibrium was
carried out. Finally, at the NPT ensemble, each system was subjected to 2x500
ns production simulation run. The Cpptraj module was used to do post-MD analyses

of the trajectories [264].
3.2.6. Protein Structure Network (PSN)

We also used the webPSN v2.0 [221] webserver, which employs the protein structure
network (PSN) [265] and elastic network model-normal mode analysis (ENM-NMA)
to compute the intra-protein structural interaction. Numerous characteries of the

protein were examined in relation to the network properties, including nodes
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representing amino acid residues, node linkers, hubs, communities representing
interconnected nodes and various other matrics were studied. The network's hubs and
communities were depicted using Visual Molecular Dynamics (VMD) [266]. In our
previous studies, we have elaborated on the methodological approach of protein

structure network [267].

3.2.7. MM-PBSA Calculation and Protein-Ligand Energy Decomposition
Analysis

The MM-PBSA is well established technique was used to determine the binding
affinity of the different types of biomolecular complexes. For free energy calculation,
the last 300 ns of simulations were taken to calculate binding free energy using the

following equations.
A(}bind = Gcomplex - Greceptor - Gligand 1

G-complex, G-receptor, and G-ligand are the average Gibbs free energies of the complex,
receptor, and ligand, respectively as shown in eq 1. The Gibbs free energy is defined
as the sum of the molecular mechanics free energy (AEmwm), the solvation free energy

(AGsol), and the entropy (TAS) as shown in equation 2.
AGping=AH — TAS = AEmm + AGsolv - TAS 2
Molecular mechanic’s energy (AEmm) can further decompose into
AEMM= AEcov + AEeciec + AEvaw 3

Whereas Covalent, electrostatic, and van der Waals interactions are represented by
Ecov, Ectec, and Evaw, respectively. Further, the covalent component includes the bond
energy (Ebond), the angular vibrational energy (Eangle), and the dihedral angle energies
(Edinedra). The solvation free energy (AGsol) comprises polar as well as nonpolar free

energy component, which is given by,
AGsolv = AGpol + AGnp 4

The polar contributions (AGpol) are calculated using the Poisson Boltzmann (PB)

equation. The solvent-accessible surface area, or SASA, is used to calculate the
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nonpolar solvation free energy (AGyp) as given in equation 5. Where y and b are the

experimental solvation parameters [268].
AGnp =7(SASA) +b. 5

Herein, 10000 frames from the final 200 ns of trajectory data were used to estimate the
free energy. We skipped the entropy calculations due to the high computational
expense. Using the MM-PBSA pairwise decomposition method, we also calculated

every residual contribution to the binding free energy [269].
3.3. Results and Discussions
3.3.1. Virtual Screening

The selected 534 compounds from our libraries were docked against the DLK protein
using the Schrodinger suite's virtual screening (VS) workflow. A selection of
molecules with docking score lower than —10 kcal/mol following the completion of XP
docking were selected for further analysis as shown in Table 3.2. We selected the top
10 lead compounds based on docking score, which were further screened to the 4 leads
having high docking score and molecular weight less than 500 Da. Further these four
leads are subjected to toxicological studies using ADMETlIab 2.0 [270] webserver and
results are shown in Table Al. All leads exhibited overall satisfactorily low toxicity
profiles. Numerous plants contain these kinds of phytochemicals, that demonstrate
antitumor capabilities as reported in literature. Isorhamnetin (lead-1) is our other hit
compound among the four studied molecules. Numerous studies on isorhamnetin have
reported that it protects the heart, brain, reduces inflammation, oxidative stress,
protects organs, and prevents obesity [271]. Jarry et al have reported the effect of
petasiphenone (lead2) which prevents the proliferation of different human leukemia
cell lines [272]. The medicinal properties of lead-3, our next hit compound, have also
been reported in recent literature. Huang et al. has reported the impact of
Hexahydrocurcumin (lead-3), which has antitumor, anti-inflammatory, antioxidant,
and cardiovascular protective properties [273]. The selected four lead compounds,
CID5491630 (lead-1), CID16066851 (lead-2), CID5318039 (lead-3) and CID471118

(lead-4), which were considered for the simulation studies, were derived from four
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different ingredients, lead-1 derived from Anethum Sowa (Indian dill), lead-2 derived
from Acorus calamus (Sweet flag), lead-3 derived from Zingiber officinale (Adrack),
and lead-4 derived from Syzygium aromaticum (Laung). In Supporting Information

Table A2, we presented the SMILES of all four of the top leads.

Table 3.2. Top compound after XP-docking with glide score.

Lead molecules Molecular G-Score? Glide- Glide-evdw*
with ID weight hbond*®
(Da)

CID13888122 788.576 -14.66 -6.94 -62.03
CID65238 940.681 -13.84 -7.10 -70.03
CID5491630 492.389 -12.20 -3.66 -48.23
CID16066851 330.29 -11.70 -4.00 -39.46
CID14032966 610.521 -11.69 -4.91 -44.58
CID442679 938.7 -11.38 -3.36 -39.58
CID102445430 756.534 -10.60 -4.85 -57.13
CID5318039 374.433 -10.48 -3.15 -39.29
CID471118 484.366 -10.17 -6.01 -34.86
CID85067758 899.10 -10.00 -1.88 -31.16

aGlide Score (kcal/mol).

‘hydrophilic term.

dprotein-ligand steric contact information.

Furthermore, we conducted a similarity search among these compounds, including
FDA-approved drug sunitinib as a reference [274]; [275]. The Tanimoto coefficient
gives values ranging from 0 to 1, where values near 1 represent higher similarity
between compounds. It is used to calculate atom pair and maximum common
substructure (MCS) similarities between compounds in the similarity workbench
interface. The similarity scores of the screened compounds have been listed in the
supporting information Table A3. All compounds show a wide range of

dissimilarities among themselves and with sunitinib.
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3.3.2. Molecular Dynamic Simulations

After screening the compounds from the database, complex structures of DLK bound
to the top four hit molecules were subjected to 2X500 ns of atomistic molecular
dynamics simulations. Subsequent analyses for structural stability, flexibility, rigidity,
ligand dynamics, interactions profile and binding free energy calculations, were

conducted using trajectories obtained after the simulations.
3.3.2.1. Structural Stability and Flexibility Analysis

The best four compounds interacting with the binding pocket of DLK were chosen and
2x500 ns of MD simulations were performed on them to track their dynamic, structural,
and energetic properties and the results were compared to the apo. To analyze apo and
each complex's dynamic behavior, we measured the root-mean-square deviation
(RMSD) of backbone atoms in relation to their starting configurations, as shown in
supporting information Figure A1(A). To further investigate the stability of the entire
protein backbone and the binding pocket, we used the Kernel Density Estimation
(KDE) method to estimate the probability density of RMSD of various important
regions of DLK for the entire course of the duplicate simulations as shown in Figure
3.2 (B). The peaks of the plots are representative of the most probable conformation
states. RMSD value for apo, DLK/lead1, DLK/lead2, and DLK/lead3 show stability in
both runs after ~ 150-200 ns of simulation indicating the convergence of simulation,
as shown in Figure A1(A). The RMSD average value of the last 300 ns are listed in
Table 3.3. The average RMSD values lie in the range of 1.71 = 0.20 A to 2.49 + 0.25
A in case of runl, and for run2 the values lie in 1.51 £ 0.15 A to 2.41 £ 0.25 A range.
The probability density plot of backbone RMSD as shown Figure 3.2(B), reveals that
apo and lead-4 show two peaks indicating two different confirmation states. Lead-2
shows a pronounced single peak and lead-1 gives a single slightly broader peak
indicating a single conformation state for each, while lead-3 shows one pronounced

peak and one small peak.

By determining the root-mean square-fluctuations (RMSF) of Ca atoms of each amino
acids, as shown in Figure 3.2 (C), we then explored the flexibility of DLK mainly

focusing on the binding pocket region and compared it with apo. Figure 3.2(C) clearly
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shows that the residual fluctuation for each complex follows the same pattern. The
major residues interacting with the ligand are 130-135, which constitute the P-loop,
190-197, which constitute the hinge region, and several other residues from the pocket.
The complex showed less fluctuation than apo in both P-loop and hinge regions. As
there are no interacting residues from a-loop, it showed greater fluctuation compared
to the interacting regions. The RMSF plot clearly shows that lead-4 complex and apo
exhibited a more notable fluctuation in the various regions of DLK than other
complexes. In contrast to other inhibitors, lead-2 and lead-3 complexes showed less
fluctuation.

The solvent-accessible surface area (SASA) was calculated to determine the
accessibility by solvent in the binding cavity of DLK, as depicted in Figure 3.2(D),
while the time series plot of SASA is shown in Figure A1(C). The surface area of a
protein that is available to the solvent is known as the solvent-accessible surface area
(SASA). It is one of the key characteristics for determining the intensity of ligand
binding in the binding pocket. As shown in plot, the SASA value for complex is slightly
lower than apo indicating less area accessible to solvent due solvent displacement by
the ligand. In Table 3.3 we show the average value of SASA and for both runs, which
lies in the 451.48 £ 17.92 nm? to 460.72 + 18.18 nm? range.

Table 3.3: The average backbone RMSD, binding pocket RMSD, the radius of
gyration (Rg), and solvent accessible surface area (SASA) of both production

simulation runs. The data are reported as average + standard error of the mean.

System | Run | RMSD (A) | 5A, RMSD (A) Rg (A) SASA (nm?)
(backbone) | (Binding-pocket)

Apo Runl | 1.81+0.18 - 19.12£0.11 | 467.35+ 18.08
Run2 | 2.41+£0.25 - 18.89 £0.14 | 443.61 = 18.82
Lead-1 | Runl | 1.82£0.15 1.68 £ 0.21 19.23 £0.10 | 432.45+19.95
Run2 | 2.29+£0.34 1.67 £0.27 19.48+0.11 | 451.48+17.92

Lead-2 | Runl | 1.71 £0.20 1.75+0.24 19.14 +£0.09 | 444.69 +16.01
Run2 | 1.64+£0.13 1.66 +0.22 19.07+0.10 | 460.54 £ 17.13
Lead-3 | Runl | 2.49+0.25 1.26 £0.45 19.22+0.15 | 445.18+17.18
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Run2 | 2.15+0.15 1.00+0.28 19.09 £0.09 | 449.56 £16.69

Lead-4 | Runl | 2.24+£0.23 1.15+0.17 1936 +£0.11 | 461.42+£17.68

Run2 | 1.51£0.15 0.93+£0.20 19.31+£0.13 | 460.72 £ 18.18

We have studied the protein's compactness and dynamic characteristics by examining
the radius of gyration (Ry). Numerous prior research have extensively utilized this
structural parameter, which provides insights into the protein’s overall conformational
landscape [276]. By computing the (R, ) from the MD trajectories, as shown in Figure
3.2(E) and time series figure shown in Figure A1(D), we determined the compactness
of the systems. The R, values for apo are slightly lower as compared to complexes.

The average value of (Rg) is reported in Table 3.3, from which it is clearly observed

that all the complexes showed similar compactness.
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Figure 3.2. (A) Crystal structure of DLK showing several important regions of Kinase
domain; (B) The probability distribution of root-mean-square deviations of all
backbone atoms; (C) the root-mean-square fluctuations (RMSF) of DLK for each
docked complex; (D) probability density of solvent accessible surface area (SASA) of

all systems; (E) Probability distribution of radius of gyration (Rg) of all systems.

3.3.2.2. Binding Pocket Stability, Ligand Dynamics, and Ligand-Protein Distance

Analysis
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After examining the overall DLK structure, we investigate the RMSD of backbone
atoms residues within a 5 A distance from the ligands. As the RMSD (pocket) in
Figure 3.3(B) shows, it fluctuated less in runl as compared to run2, and the overall
system stabilized after ~200 ns in both runs of simulations. The average RMSD values
varied from 0.93 + 0.20 A to 1.68 + 0.21 A for both MD runs. Overall, the results
indicate that the DLK binding pocket in association with inhibitors is relatively rigid

and compact with lesser fluctuation, which is advantageous for higher binding.

Similarly, we investigated the ligand dynamics in the bound state with DLK by
calculating the RMSD of heavy atoms, as shown in supplementary information Figure
A1(B). All the ligands showed stable conformation and did not show much deviation,
with the RMSD values staying within 3 A. Lead-1 shows less deviation than other
leads for both runs. The overall RMSD profile of each lead was stable, indicating a
good and stable binding with the binding pocket of DLK. Subsequently, we also
investigate the potential of mean force (PMF) for all four ligands, as shown in Figure
3.3(C). To determine the low energy states during the simulation the PMF is generated.
It is clear from Figure 3.3(C) that lead-2 and lead-3 showed a single free energy
minimum found in ~2.7 and ~1.8, respectively. In cases of lead-1 and lead-4, it shows
global minima at ~0.4 and ~2.4 and secondary minima at ~1.6 and ~1.7. The ligand
movement inside the pocket of DLK is dissimilar among each other. In the later
section, we also calculated the distance between ligand and protein to study the stability

of ligands in the binding pocket of DLK.

To assess the stability of the ligands at the binding site, we calculated the ligand-protein
distance from the binding pocket where the binding pocket is comprised of the residues
having < 5 A distance from the ligand as shown in Figure 3.3(A). It is visible from
Figure 3.3(A) that except lead4 runl at ~150-210 ns simulation duration, all other
leads showed stable interaction with binding pocket of DLK. Lead-1 and lead-3 had
the lowest ligand protein distance indicating stable interaction in both runs. Lead-4
showed stable interaction and lowest ligand protein distance in case of run2, but in case
of runl the distance increased after 150 ns and reached up to 9 A. after 250 ns the

distance decreased again and remained constant around 5.5 A indicating stable binding
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while remaining in association with the binding pocket of DLK for the rest of the
simulation. Lead-2 showed stable binding in both runs and ligand-protein distance is
around 6 A which is due to the larger size of it compared to the other ligands. Overall,
in the ATP-binding pocket of DLK, all ligands interact closely and bind stably which
indicates that all four of these phytochemicals present in SWRT may have a high
potency to inhibit DLK, which gives us some mechanistic insight into their therapeutic

capability against neurodegeneration.
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Figure 3.3. (A) Time evolution of distance between the inhibitors and the binding
pocket of DLK; (B) Time evolution of backbone atoms of the binding pocket of DLK
where the residues with < 5 A distance from the ligands are considered; (C) Potential
of mean force (PMF) of all the ligands; (D) The time evolution of the average hydrogen

bonds formed between the inhibitors and DLK for all complexes.
3.3.3. Protein Structure Network Analysis

To understand the changes brought by complexation in the lead complexes, we
performed a protein structure network (PSN) study of the apo and lead complexes.
PSN gives the network representing protein structure where the single amino acid
represents nodes, and these nodes interact among themselves to form links. The

number of edges or direct links that a node forms determines its degree and nodes, with
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higher degrees referred to as hubs. A community is a set of nodes with more
connections among them than with other nodes in the network. Using webPSN v2.0
webserver the network analysis was conducted for both apo and complexed systems.
Table 3.4 represents the network characteristics while Figure 3.4 displays the
communities sorted by rank represented in different colors and the hubs sorted by their

strength of interaction.

Table 3.4: Network properties of DLK (apo) and inhibitor bound lead-1, lead-2, lead-
3, and lead-4 generated through PSNs.

Parameters Apo Lead-1 | Lead-2 | Lead-3 | Lead-4
No. of linked nodes 243 251 246 237 245
No. of links 265 279 266 272 274
No. of hubs 29 30 23 35 29
No. of linked mediated 129 126 114 157 138
hubs
No. of communities 4 7 6 6 7
No. of nodes involved in 33 42 39 42 35
communities
No. of links involved in 51 66 56 61 48
communities

As it is evident from the Table 3.4 that the complexes form a greater number of links;
lead-1 (279), lead2 (266), lead-3 (272), lead-4 (274), as compared to apo (265). Except
for lead-2 all complexes show greater number of hubs compared to apo. In case of
community, after complexation the community formation increases lead-1 (7), lead-2
(6), lead-3 (6) and lead-4 (7) than in the apo (4) structure. It is also evident from the
Table 3.4 that the number of nodes and hubs involved in forming community is higher
in the complexes. The analysis of all these network features indicates the higher
stability of protein backbone in case of complexes as compared to the apo structure
which is also revealed by our other analyses. After the complexation the network

formation increases in the region of binding pocket which is not observed in case of
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the apo DLK. In case of all leads the third largest communities were formed near the
binding pocket region as indicated by blue color community. These comparative results
provide lights to the structural dynamics of DLK that could guide in the DLK specific

drug development to treat various neurological diseases.
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Figure 3.4. The communities and hubs present in DLK, (A, F) Apo, (B, G) lead-1, (C,
H) lead-2, (D, I) lead-3 and (E, J) lead-4. The hubs are represented in color codes with

their interaction strength and communities are sorted rank wise from highest to lowest

(Community1-Community7).
3.3.4. Binding Free Energy Analysis.

The best-screened compounds against the DLK were assessed using the MM-PBSA
technique to shed light into their binding affinities. Table 3.5 shows binding free

energy and all its components, and figure 3.5(A) represents the same graphically.

Table 3.5. Average Binding free energy and the energetics components calculated

from the MM-PBSA scheme in kcal/mol for DLK against all four inhibitors.

System AEvdw AEelec AGpol Aan AGgas AGsolv AGbind

Lead-1 |-41.91 |-34.81 58.55 -4.29 -76.74 54.25 -22.48
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(0.043) ](0.105) |(0.090) [(0.002) [(0.105) | (0.090) | (0.048)
Lead-2 |-29.28 |-38.19 |4120 |-3.415 |-67.48 37.79 -29.69
(0.038) | (0.148) | (0.083) |(0.001) |(0.132) | (0.082) | (0.064)
Lead-3 |-37.74 |-2555 |39.89 |-407 |-61.29 35.81 2547
(0.030) | (0.059) | (0.048) |(0.001) |(0.065) | (0.048) | (0.041)
Lead-4 |-3626 |-6347 |7634 |-471 [-99.73 71.62 -28.10
(0.041) |(0.206) | (0.141) |(0.001) |(0.191) | (0.140) | (0.077)

Standard errors of the mean (SEM) are provided in parentheses.
AGsov= A(}np +AGpol
A(}bind = AEvdw + AEelec +Aan +AGpol

The binding free energy varied from —22.48 kcal/mol to —29.69 kcal/mol. The highest
binding free energy against DLK was obtained for lead2 which was —29.69 kcal/mol,
followed by lead4 (-28.10 kcal/mol), lead-3 (-25.47 kcal/mol), and leadl (-22.48
kcal/mol), even though lead-1 demonstrated a higher docking score of —12.20 kcal/mol
during virtual screening. It is clear from these results that only docking score alone
cannot disclose the protein-ligand interaction strength and their stability. Therefore, to
determine the stability of complexes and their binding strengths, molecular dynamic
simulations must be used in association with free energy calculations. Overall, from
the MM-PBSA results, lead-2 binds most strongly to its target protein DLK. The
binding free energy calculation clearly showed that the intermolecular van der Waals
(AE, 4y ) and electrostatic interactions (AE,;.) favored the formation of DLK-ligand
complex. Along with these two-component, non-polar solvation energy (AGy,) also
supported the interaction. The complexation was opposed by the polar solvation energy
(AGpe). Table 3.5 shows clearly that AE,4,, varied from —29.28 kcal/mol and —41.91
kcal/mol, while AE,;, varied from —25.55 kcal/mol and —63.47 kcal/mol for all the
complexes. It suggests that for lead-1 and lead-3, van der Waals interaction played a
more significant role, while for lead-2 and lead-4 electrostatic interaction contributed
to a higher significance in complex formation between DLK and ligand. By using high
throughput virtual screening, and MM-PBSA scheme, we presented all four leads as

strong phytochemical molecules with good pharmacological characteristics and
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potency which are present in SWRT formulation, and act as a potential therapy against
DLK based neurodegeneration. Our findings showed that all four phytochemicals and
DLK had favorable electrostatic and van der Waals interactions, which may aid the

future development of drugs.
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Figure 3.5 (A) Components of binding free energy (kcal/mol) for each protein-
inhibitors complex. The per-residue decomposition of the binding free energy is
graphically represented for DLK bound to (B) lead-1, (C) lead-2, (D) lead-3, (E) lead-
4. The residues with energy contributions of < -1 kcal/mol and > 1 kcal/mol are shown

in the plot in single letter code.
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3.3.5. Per-Residue Energy Contributions to Binding

The contribution of each residue to the total binding free energy was determined using
the MM-PBSA technique to understand more about the binding mechanism of the
screened inhibitors against DLK. The hotspot residues participating in ligand binding
are shown by the per-residue decomposition of free energy. The residue which
contributed with energy < -1 kcal/mol are listed in supporting information Table A4.
In Figure 3.7, the interaction spectra of each protein-inhibitor complex are shown,
which clearly depicts that out of the four tested compounds three showed the residues
Vall139, Phel192 and Leu243 as common crucial residues. Besides, Leul41 is also an
important residue found in case of lead-2 and lead-3. Interestingly, Asp254 of the DFG
motif disfavored the ligand-protein interaction in case of lead-1, lead-3 and lead-4.
Along with Asp254, Glul91 also disfavored the interaction in case of lead-2 and lead-
4. Overall, the identification of these crucial residues may aid in the search for novel
selective ATP-competitive DLK inhibitors for the treatment of neurodegenerative

disorders.
3.3.6. Hydrogen Bond Analysis and Protein-Ligand Interactions Profiles

To better understand molecular recognition and molecular interactions, the hydrogen
bond profiles between the ligands and DLK were examined. Accordingly,
intermolecular hydrogen bond between ligand and DLK was also computed. Figure
3.3(D) shows the total number of hydrogen bonds during simulation for all the DLK-
ligand complexes. The average number of hydrogen bonds varied from 1 to 4 for all
complexes. Lead-1 showed the presence of ~ 4 hydrogen bonds till 250 ns of
simulation time, which decreased after 250 ns in case of both the runs. Lead-2 formed
~2 hydrogen bonds with DLK which decreased slightly after 250 ns of simulation.
Lead-3 also had ~2 hydrogen bonds which remained stable throughout the simulation
in case of both the runs indicating the stable interaction of the complex. In case of lead-
4, ~1 hydrogen bond was observed in case of both the runs. All the leads showed more
than 1 average hydrogen bond throughout the simulation indicating stable interaction

between the ligands and DLK.
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Figure 3.6. 3D interaction profile of DLK-Inhibitor complexes. A (lead-1;
CID5491630), B (lead-2; CID16066851), C (lead-3; CID5318039), and D (lead-4;
CID471118). The key residues are displayed by stick and ball model and the blue
dotted lines represent the hydrogen bonds.

Additionally, throughout the simulations the occupancy of hydrogen bond between
DLK and the inhibitors was calculated for each complex, as listed in Table AS of
supporting information. Lead-1 formed a H-bond to DLK mainly with the residue
Glul91 (70.39% and 81.68% occupancy in case of runl and run2), Asp 254 (24.85%
and 25.30% occupancy) and Ser 253 (18.32% and 24.26% occupancy); Lead-2 with
Cys 193 (59.14% and 52.76%), Asp 254 (39.04% and 47.50%) and Ser 253 (36.33%
and 20.68%); Lead-3 with Glu 191 (86.35% and 86.63%) and Cys 193 (51.59% and
57.24%); Lead-4 using Cys 193 (40.41% and 70.04%), Asp 236 (35.60% and 39.71%)
and Asp 254 (14.84% and 35.26%). Only the top residues are mentioned here and all
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the residue that forms H-bond with the ligands with >10% occupancy are listed in
Table AS. It is evident from the Table A5 that lead-4 showed the maximum number
of residues that interacted with the ligand and is strongly favored by electrostatic
interactions (-63.47 kcal/mol) then van der Waals interaction (-36.26 kcal/mol), along
with lead-2 as reported in Table 3.5. Lead-3 showed minimum number of residues
interacting with ligand and is strongly favored by van der Waals interaction (-37.74
kcal/mol) with slightly lesser electrostatic contribution (-25.55 kcal/mol) along with
lead-1. Overall, our result suggest that lead-4 and lead-2 form stronger H-bond with

DLK than the other two leads, which are mainly favored by van der Waals interaction.
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Figure 3.7. 2D interaction profiles of DLK-inhibitor complexes are depicted for A
(lead-1), B (lead-2), C (lead-3), and D (lead-4). The purple (+ve) and brown (-ve)

circles represent amino acids involved in electrostatic interactions. The green circle
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indicates amino acids involved in hydrophobic interactions, the blue circle represents

polar interactions, and the purple arrow signifies hydrogen bonds.

Additionally, we examined the hydrophobic interactions and hydrogen bond formation
in the DLK-inhibitor complexes from structure taken from final simulation trajectory
as shown in Figure 3.6 and 3.7. The 3D orientation of DLK-inhibitor complexes,
which shows the binding residues and hydrogen bonds are shown in Figure 3.6 (A-D).
Using Schrodinger maestro, we computed 2D ligand-protein interaction map for all the
lead molecules, as depicted in Figure 3.7 (A-D), which visualizes the eminent residues
taking part in various interactions including hydrophobic interactions, hydrogen
bonding, polar contributors among others in the final conformations of the simulations.
From Figure 3.7, we observed some prominent residues involved in binding with
ligands — Phe192, Val139, Leu243, Leul41, and Cys193 that formed the hydrophobic
interactions with the ligands. Some common hydrogen bond forming residues on
occurred between DLK-inhibitor complexes were as follows: lead-1 (Asp254, Ser253,
Glul91, Cys193, Ser133), lead-2 (Glu200, Cys193, Ser253, Asp254), lead-3 (Asp254,
Glul91) lead-4 (GIn197, Ser133, Ser253, Asp254). Asp254, Cys193, Glu200, Ser133,
GIn197. This analysis also agrees with our more detailed hydrogen bond profile
analysis above. Overall, this analysis of residual contribution to binding free energy
helps us to find the prominent residues and may aid in finding novel inhibitors against

DLK.
3.4. Conclusion

Saraswatarishta is an age-old Ayurvedic formulation primarily known for enhancing
cognitive functions. Ayurveda often recommends it for conditions like delayed speech,
cognitive deficits, and intellectual fatigue, among others. Our recent study aimed to
explore the molecular interactions of phytochemicals in SWRT with the DLK receptor.
To determine this, we conducted virtual screening of 534 phytochemicals from
SWRT’s 15 plant ingredients. This represents one of the first systematic approaches to
classifying and identifying the molecular constituents of SWRT. Our workflow
identified four lead phytochemicals that also demonstrated stability in interactions

during our classical molecular dynamics simulations. We investigated the binding of
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these four lead compounds in complex with DLK by assessing various structural
parameters, such as ligand-protein distance, H-bond interactions, binding pocket
RMSD, and binding free energy using the MMPBSA scheme. It is worth noting that
each of the four leads originates from a distinct plant: Anethum Sowa, Acorus calamus,
Zingiber officinale, and Syzygium aromaticum, respectively. All these molecules have
already been identified as having potential in various medicinal conditions, which
supports our findings. This research may help us narrow down the key ingredients from
this age-old medicine and assist in formulating inhibitors against DLK. Our approach
not only pinpointed the key ingredients of SWRT but also characterized the binding
mode of DLK. To the best of our knowledge, this is one of the first studies to explore
the use of plant derived phytochemicals against DLK. Overall, our strategy establishes
the molecular framework of this Ayurvedic formulation in relation to DLK and paves

the way for future drug development targeting various neurodegenerative diseases.
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Chapter 4

Identification of Inhibitors for Neurodegenerative Diseases Targeting
Dual Leucine Zipper Kinase Through Virtual Screening and

Molecular Dynamics Simulations

AIM: Identifying novel inhibitors and repurposing FDA-approved drugs for the
treatment of neurodegenerative diseases, along with analysing inhibitor-induced

structural plasticity.
This chapter is reproduced from our original article:

Koirala, S., S. Samanta, and P. Kar. "Identification of inhibitors for neurodegenerative
diseases targeting dual leucine zipper kinase through virtual screening and molecular
dynamics simulations." SAR and OSAR in Environmental Research 35.6 (2024): 457-
482.

4.1. Introduction

Neurological diseases significantly burden the entire world, affecting millions of
people. Factors like an aging population, changing lifestyles, and limited access to
healthcare contribute to the rise in neurological disorders. Globally, conditions like
stroke, dementia, and neurodegenerative disorders are major public health concerns
[277]. Arising from nervous system irregularities, neurological disorders enclose
diverse maladies. They range from neurodegenerative conditions like Alzheimer's and
Parkinson's to neurodevelopmental conditions such as autism and attention deficit
hyperactivity disorder (ADHD), along with debilitating ailments like multiple
sclerosis, epilepsy, and migraines [278]. Neurological diseases are associated with
numerous signaling pathways that include a diverse range of proteins [279]. Targeting
these proteins/signaling represents a promising strategy to address and overcome such

diseases.
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The dual leucine zipper kinase (DLK) pathway is crucial for mediating neuronal
responses to stress and injury, and dysregulation of this pathway has been associated
with the onset and progression of several neurodegenerative diseases [67]. DLK is a
serine/threonine protein kinase that belongs to the mixed lineage kinase (MLK)
subfamily and is a multifunctional kinase that plays a role in various cellular processes,
including cell differentiation, apoptosis, and stress response [242]. MLK, as members
of the MAP3K family, initiate a phosphorylation cycle that includes phosphorylating
MKKs or MAP2Ks, leading to JNK activation. JNKs then phosphorylate transcription
factors like c-jun, which can trigger axonal degeneration and apoptosis (see Figure
4.1). This signaling pathway is a key mediator of stress response in various cell types,
including neurons, and often results in apoptosis [243]. As a key player in the neuronal
stress response, DLK plays a vital role in regulating neurodegeneration in both acute
neuronal injury and chronic neurodegenerative diseases such as Alzheimer's,
Parkinson's, and Amyotrophic lateral sclerosis (ALS), etc [78]. Several studies
involving the knockdown of DLK have indicated that it protects against
neurodegeneration. The Genentech research team also confirms its role in
neurodegeneration [66,126]. There are several FDA-approved drugs available for
specific neurological diseases [280], but there are currently no FDA-approved drugs
that target DLK. As it is associated with multiple neurological disorders and has an
important role in stress-induced neurodegeneration, targeting DLK could be an
optimistic strategy for addressing neurological conditions as a whole. As there are no
FDA-approved drugs against DLK, we selected sunitinib as a reference compound to

compare as it has good potency to inhibit DLK [281].
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Figure 4.1: DLK signaling overview in neurons. Various cellular stress triggers the
activation of DLK, which subsequently phosphorylates and activates downstream
proteins, including the transcription factor c-jun. The activation of these transcription
factors within neurons triggers stress-induced neuronal degeneration through

transcriptional responses.

Several compounds have been explored as inhibitors against DLK in earlier

investigations [12,13]. Genentech has recently identified GNE-3511 and GNE-8505 as
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potent DLK inhibitors with good central nervous system (CNS) penetration as well as
drug metabolism and pharmacokinetics (DMPK) properties [71,78,125]. Additionally,
GDC-0134 underwent clinical development for ALS treatment but was ultimately
terminated due to safety issues [126]. Recently, Denali Therapeutics reported DN1289
[127], and Kang Le et al. reported IACS-52825 and IACS-8287 as potent DLK
inhibitors [128]. The lack of FDA-approved drugs and limited DLK inhibitors
identified emphasizes the need to discover novel potent inhibitors along with drugs
that can be repurposed against DLK. The present study aims to identify competitive
inhibitors against DLK, considering its significance as a potential target against various
neurodegenerative diseases. Apart from kinases, there are several other targets that are
well-addressed for neuroprotection along with various therapeutic strategies [282—

287].

Herein, we used multiple computational approaches like structure-based virtual
screening, ADMET analysis, and all-atom molecular dynamics simulations to identify
potent novel inhibitors and repurposed drugs against DLK. In this work, we screened
~28000 compounds from the Natural Products Atlas database and 2697 drugs from the
MedChemExpress database (FDA-approved) via the structure-based virtual screening
against DLK. The MedChemExpress FDA-approved drugs database was considered
for identifying whether those can be served as potential inhibitors against DLK as a
drug-repurposing strategy. After virtual screening, we assessed the ADMET profiles
of the top 80 hit compounds. Subsequently, we refined the binding poses and structures
of each complex through molecular dynamics (MD) simulations. Finally, we calculated
the binding free energy against DLK using the molecular mechanics Poisson-

Boltzmann surface area (MM-PBSA) method.
4.2. Materials and Methods
4.2.1. Ligand Preparation

The current investigation employed a computational screening approach targeting the
ATP-binding pocket present in the kinase domain of the DLK protein. We utilized two
comprehensive databases as sources of potential compounds: the Natural Products

Atlas database [288] (https://www.npatlas.org/download; ~28000 compounds) and the
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MedChemExpress database of FDA-approved pharmaceuticals

(https://www.medchemexpress.com/screening/FDA-approved Drug_Library.html.;

~2697 compounds) The Schrodinger Glide program [289] was utilized to import the
ligands and subject them to the Ligprep module [290], which generated all possible
conformations and tautomeric states of the ligands under pH 7.0 £2.0. Following the
incorporation of hydrogen atoms, the ligands underwent a procedure of optimization

and minimization using the OPLS3e [155] force field.

4.2.2. Protein Preparation and Virtual Screening

Our study utilized the crystal structure of the DLK kinase domain (PDB ID 5CEO) as
the protein target, with a resolution of 2.28 A [250]. Missing residues were added via
the Modeller plugin of UCSF Chimera, and the Schrédinger suite protein preparation
wizard was employed to prepare the protein for docking [291]. To optimize our
molecular docking process, we added missing hydrogen atoms, assigned charges, and
generated Het states at a pH range of 7.0 £ 2.0 using Epik. The protein was prepared
for molecular docking by deleting all molecules except the co-crystallized ligand and
essential water molecules and subsequently minimized using the OPLS3e force field
[155]. The co-crystallized ligand present in the active site of the protein target was
utilized as a reference point to generate a grid for molecular docking. We centered the
grid box for molecular docking on the selected ligand’s centroid, with protein atoms’
van der Waals radii scaled to 1.00 A and a partial atomic charge cut-off of 0.25 set for
polarity. For virtual screening, the two datasets were first filtered through QikProp
module and Lipinski’s rule of five, followed by screening in high throughput virtual
screening (HTVS; 70% compounds), standard precision (SP; 50% compounds) and
extra precision (XP; 30% compounds) docking protocols using Schrodinger Maestro.
The screening was done separately for two databases and the ligands with the top

docking scores were selected for subsequent ADMET prediction analysis.
4.2.3. Estimation of ADMET Properties

ADMET studies examine a drug candidate’s ability for effective absorption,
distribution, metabolization, excretion, and toxicity inside the body, ensuring their

viability for the development of therapeutics. SwissADME [292] and ADMETIab 2.0
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[270] were utilized to predict the ADME properties of the selected ligands. pkCSM
[293] was used to predict the toxicity of the selected ligands. Finally, ligands with

favorable ADMET features were chosen for MD simulations and subsequent analyses.
4.2.4. Molecular Dynamics Simulation Protocol

To explore the dynamics of the selected five complexes along with apo, we conducted
long replica molecular dynamics (MD) simulations using AMBER18 software under
periodic boundary conditions [148]. For each complex, two independent simulations
with different initial velocities were run for 250 ns. The characterization of proteins in
our study was accomplished using the Amber ff14SB force field [153], while the small
molecules were modelled using the updated generalized Amber force field (GAFF2)
[163]. The solvent for our simulations was comprised of water molecules positioned at
a buffer distance of 10.0 A in all directions from the protein’s surface. We described
the water molecule parameters using the TIP3P force field to ensure accurate
representation [172]. In order to neutralize the system, we added the appropriate
number of ions. Further, we used the SHAKE algorithm to fix all covalent bond
lengths, including those involving hydrogen atoms [294]. To compute the long-range
electrostatic interaction, we used the particle-mesh Ewald (PME) method [263]. We
set the non-bonded cut-off distance to 10.0 A for this calculation. We employed a 2.0
fs time step in our MD simulations and used both the steepest descent and conjugate
gradient algorithms for a two-stage energy minimization. In the first minimization
stage, the steepest descent algorithm was applied for 5000 cycles, followed by the
conjugate gradient algorithm for another 5000 cycles, with a harmonic restraint of 2
kcal.mol! A2 to the whole system. The second unconstrained minimization was
performed through 100 steepest descent cycles followed by 900 conjugant gradient
cycles. The systems were heated from 0 to 300 K in the NVT ensemble. Throughout
the simulation, we utilized the Langevin thermostat [295] and Berendsen Barostat
[180] to ensure a constant temperature of 300 K and pressure of 1 bar in the system.
We proceeded to production simulation run of 2x250 ns for each system under the
isothermal-isobaric ensemble (NPT) after completing the prior simulation steps. We

collected MD trajectories every 10 ps to use for later analyses, producing a total of
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25,000 snapshots for each replica run. The Cpptraj module [264] of Amberl8 was

employed for all post-simulation trajectory analyses.
4.2.5. Binding Free Energy Using the MM-PBSA Scheme

The binding free energy (AGuind) between protein and ligands was calculated using the
well-known molecular mechanics Poisson-Boltzmann surface area (MM-PBSA)
method. The calculation of AGyping was performed using the MMPBSA.py script. The
MM-PBSA scheme has been extensively explained in previous research articles from
our lab [296-301]. In the current investigation, the same procedure was used. The
binding free energy (AGwind) can be calculated by summing up three distinct energy
contributions, namely the molecular mechanics energy (AEwmwm), solvation energy

(AGsolv), and entropy term (-7AS), as outlined in equation (1).
AGping = AH — TAS = AEym + AGgoly — TAS (1)

AEmmv was computed by adding up the covalent (AEcov) electrostatic (AEeiec) and van
der Waals interaction energy (AEvaw) terms (equation (2)). AGsoly, which includes both
polar and nonpolar solvation free energy, was determined according to equation (3),

respectively.
AEym = AEcoy + AEglec + AEyqw (2)
AGsoy = AGpol + Aan (3)

The entropic contribution was estimated by means of normal-mode analysis. In
addition, the MM-PBSA scheme was used to perform per-residue-based energy

decomposition.
4.2.6. Inter-Residual Correlated Motion and Principal Component Analysis

To better understand the internal dynamics of apo and lead-bound DLK residues, we
generated a dynamic cross-correlation matrix DCCM [302] using the Bio3D [303]
package of R in RStudio, which allowed us to explore the correlations and anti-
correlations between C, atom-pairs of DLK residues. Correlated motion between
residues is indicated by positive values on the map, while negative values correspond

to anti-correlated movements. PyMOL software was utilized to visualize the motion.
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To obtain a deeper understanding of the most likely conformations of DLK in various
lead bound systems and in the apo system, we performed principal component analysis
(PCA) [304], a dimension reduction technique taking C, atom coordinates of the
protein’s residues from the simulation trajectories. Additionally, we created a 2-
dimensional free energy landscape (FEL) for the DLK-inhibitor systems and the apo
DLK utilizing the first two principal components (PC1 and PC2) as reaction

coordinates.
4.2.7. Protein Structure Network Analysis

To investigate the complex residual network within a protein’s structure, we utilized
the webPSN v2.0 [221] webserver, which incorporates the protein structure network
(PSN) [265] and elastic network model-normal mode analysis (ENM-NMA) into its
methodology. The identification of the shortest communication path and network
properties, including nodes, hubs, edges, linkages, and communities, was
accomplished using PSN analysis on stable states of MD trajectories. The identification
and visualization of the network hubs and communities were accomplished through
the utilization of VMD software [266]. Prior publications from our lab have

extensively detailed the PSN methodology utilized in the study [267].
4.2.8. Optimization of CID156581477 Through Structural Analogues

Using the DeLLA-Drug [305] webserver, we employed a sampling with substitutions
method and deep learning algorithm to create 100 structural analogues of
CID156581477 to improve its binding affinity. After generating 100 analogues of
CID156581477, we conducted virtual screening against DLK using the Schrodinger
suite using various parameters as described earlier. We then selected the top two leads
based on their docking score to further analyze their potential as DLK inhibitors. We
then conducted replica runs of 250 ns atomistic molecular dynamics simulations on the
DLK complexes of these analogues to evaluate their structural stability. Moreover, we
performed MM-PBSA-based binding free energy calculations using 2000
conformations extracted from the simulation trajectory at regular intervals during the

last 100 ns.
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4.2.9. Molecular Target Prediction

Natural compounds and drugs interact with a large number of proteins and enzymes.
These interactions between small molecules and proteins/enzymes can aid in
unraveling the molecular mechanisms underlying their inhibitory or modulatory effects
[306]. By accessing the Swiss Target Prediction site
(http://www.swisstargetprediction.ch/index.php), we input the canonical SMILES of

studied ligands in the search bar and subsequently analysed the obtained results.
4.3. Results and Discussion
4.3.1. Virtual Screening of Natural Products and FDA-approved Compounds

Initially, we retrieved the crystal structure of DLK (PDB ID-5CEQO) from the Protein
Data Bank and prepared it for virtual screening. Figure 4.2(A) illustrates the kinase
domain of DLK, highlighting the binding pocket and different regions of interest.
Secondly, we selected the ligand database for screening. The virtual screening process
involved two databases: the Natural Products Atlas database (~28,000 compounds) and
the MedChemExpress database (2,697 drugs) consisting of FDA-approved drugs. The
two datasets were first filtered through QikProp module of Schrodinger and the
Lipinski’s rule of five, followed by HTVS (70%), SP (50%), and XP (30%) docking
protocols. The top compound in the natural products dataset exhibited the lowest
docking score of -12.57 kcal/mol, while the best FDA-approved drug gave a docking
score of -10.97 kcal/mol. We selected compounds from the natural products dataset
with docking scores lower than -10 kcal/mol and compounds from the FDA-approved
dataset with docking scores lower than -9.00 kcal/mol for further analysis. The
complete workflow of the virtual screening process, followed by MD simulation and
other analyses, leading to the finding of potent inhibitors against DLK, is depicted in
Figure 4.2(B).
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Figure 4.2: (A) The crystal structure of DLK, highlighting the binding pocket and
various other crucial regions. (B) A visual representation of the methodology,
which includes virtual screening, ADMET prediction, molecular dynamics

simulations, to lead molecule identification.
4.3.2. Drug-like Properties of the Compounds

ADMET analyses are crucial for identifying compounds with advantageous features
that make them suitable for further trials in drug development. Here, we evaluated the
ADMET properties of 80 compounds from the natural product dataset, as well as the
reference compounds sunitinib (control), and the other previously reported DLK-
inhibitors (GNE-3511, CDC-0134, DN1289, and IACS-52825). A primary focus on
initial selection for the novel compounds were driven by blood-brain barrier (BBB)
permeability prediction which is crucial for targeting neurodegeneration. Among all,
only two newly identified compounds exhibited favourable overall characteristics (see
Figure 4.3). As indicated in Table B1, these two molecules exhibit a molecular weight
well below 500 g/mol similar to the reference compounds, signifying enhanced

potential for absorption and permeability across the blood-brain barrier (BBB). These
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molecules conform to all established rules, including Lipinski's, Ghose's, Veber's,
Egan's, and Muegge's, further supporting their suitability for pharmacological and

therapeutic development (see Table 4.1).
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Figure 4.3: Overall ADMET properties of two studies compounds. (A) and (B) are
predicted through ADMET]Iab 2.0 webserver, while (C) and (D) are predicted through
the SwissADME webserver. (A) and (C) represents CID156581477, and (B) and (D)
represents CID139591660.

However, the reference compound TACS-52825 violated several of the standard rules.
The results shown in Figure B1 indicate that the two investigated compounds,
CID156581477 and CID139591660, are part of yellow Egan eggs, indicating a higher
possibility of blood-brain barrier (BBB) permeability. Among the reference
compounds, only GNE-3511 showed BBB-permeability (see Table B2). Both of the
novel compounds were predicted as non-substrates of p-gp, indicating that these will
have low probability to be expelled out of the cell by this ATP binding cassette (ABC)

efflux membrane transporter. Except for GDC-0134, the other reference compounds
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were predicted to be substrates of p-gp. Further, these two novel compounds were
non-inhibitors of the cytochrome P450 (CYP) isozymes CYPI1A2, CYP2CI9,
CYP2C9, and CYP3A4, except CYP2D6 according to pharmacokinetics analysis (see
Table B2).

Table 4.1: The determination of whether a significant regulatory rule governing the
classification of compounds as drug-like is approved or denied. The properties are
predicted using the SwissADME webserver. The properties is calculated for two new

identified compounds, control, and few reported DLK inhibitors.

Compounds Lipinski Ghose | Veber | Egan | Muegge | Bioavailability

CID Score

156581477 Yes Yes Yes Yes Yes 0.55
(0 violation)

139591660 Yes Yes Yes Yes Yes 0.55
(0 violation)

Sunitinib Yes Yes Yes Yes Yes 0.55
(0 violation)

GNE-3511 Yes Yes Yes Yes Yes 0.55
(0 violation)

GDC-0134 Yes Yes Yes Yes Yes 0.55
(0 violation)

DN1289 Yes Yes Yes Yes Yes 0.55
(0 violation)

TACS-52825 Yes No Yes No No 0.55
(0 violation)

In addition, we used the pkCSM webserver to anticipate the toxicity profiles of the two
hit compounds along with other reference compounds. To assess the molecular toxicity
of these compounds, we predicted a range of toxicological properties, including
hepatotoxicity, AMES toxicity, acute and chronic oral rat toxicity, hERG inhibition,

skin sensitization, among others (see Table B3). Table B3 clearly shows that both
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compounds successfully clear the toxicity assessment, exhibiting minimal or negligible
toxicity for all toxicological properties. All reference compounds were estimated to be
hepatotoxic in the toxicity prediction. For the FDA-approved database, we analyzed
BBB-permeability for the top nine drugs, and only two (Dithranol and Danthron) were
selected for further study because of their capacity to cross the blood-brain barrier
(BBB) (see Table 4.2). Overall, these four compounds (two FDA-approved and two
natural compounds) possess favorable overall ADMET properties and may act as

potent DLK inhibitors for neurodegenerative disease treatment.

Table 4.2: Blood-brain barrier (BBB) penetration of approved drugs using
SwissADME webserver. In the context of repurposing approved drugs for
neurodegenerative diseases, predicting BBB penetration is essential as these drugs

must effectively cross the BBB to reach the central nervous system (CNS).

S1 Drug Name Ml. Docking BBB Associated
no weight score penetration disease
1 Mitoxantrone 444.50 -10.97 No Prostate cancer
2 Trifluridine 296.20 -10.55 No Antiviral medicine
3 Ipragliflozin 404.50 -10.43 No SGLT-2 inhibitor
(diabetes)
4 Dithranol 226.23 -9.98 Yes Psoriasis
5 Brivudine 333.13 -9.72 No Antiviral
6 Maribavir 376.20 -9.67 No Cytomegalovirus
(CMV) infection
7 Catechin 290.27 -9.42 No Anticancer
8 Olaparib 434.50 -9.38 No Ovarian and
fallopian tube
cancer
9 Danthron 240.21 -9.38 Yes Inflammation of the
oral cavity and
oropharynx
10 Idoxuridine 354.10 -9.37 No Eye infections
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11 Ozenoxacin 363.40 -9.23 No Impetigo (skin
infection)

12 Ruxolitinib 306.40 -9.11 No Myelofibrosis

13 Clevudine 260.22 -9.00 No Treatment of
hepatitis B

4.3.3. Exploring Inhibitor-Binding and Conformational Stability Through

Molecular Dynamics Simulation

Molecular dynamics simulation is a reliable approach to investigate the interactions
and structural stability between small molecules and target proteins within a defined
physiological environment. In this study, we conducted 2x250 ns MD simulations of
the top four hit molecules. The stability of each simulation was evaluated by examining
the root-mean-square deviation (RMSD) of the backbone atoms over the 250 ns
simulation period. Each independent replica runs showed similar deviations in all
complexes along with apo and converged within the simulation period (see Figure
B2). Furthermore, we also computed the RMSD distribution for the combined
trajectory of the two replica runs (see Figure 4.4(A)). It is clear from Figure 4.4(A)
that the backbone RMSD distribution of CID156581477/DLK showed restricted
fluctuations with the most probable peak at ~2.00 A, while apo and
CID139591660/DLK exhibited a single peak with broad distribution. Two probable
peaks of RMSD are shown in the case of sunitinib/DLK (~2.3 A, ~2.8 A) and
danthron/DLK (~1.8 A, ~2.3 A). The dithranol/DLK complex displayed a slightly
broader distribution around two probable peaks (~1.70 A, ~2.40 A).

The root-mean-square fluctuation (RMSF) of each residue was computed to explore
the residual fluctuations in each complex structure as well as the apo DLK (see Figure
4.4(B)). We observed a similar trend of residual fluctuations in all complexes except
CID139591660/DLK in the case of the aC-helix region. In all cases, the loop regions
consistently displayed high flexibility, with the activation segment region exhibiting

the highest degree of fluctuation (see Figure 4.4(B)).
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Subsequently, the solvent-accessible surface area (SASA) and the radius of gyration
(Rg) of each complex were measured, and their probability distribution plot is
illustrated in Figure B3. The most probable peaks for SASA are - apo (485 A),
sunitinib (445 A), CID156581477 (465 A), CID139591660 (440 A), danthron (460 A),
and dithranol (470 A) (see Figure B3(A)). A slightly higher SASA value was observed
for apo as compared to the studied ligands, suggesting the displacement of water from
the binding pocket upon ligand binding. Additionally, after ligand binding, we
observed slight changes in the compactness of DLK as indicated in the probability
distribution of R (see Figure B3(B)). These findings indicate that ligand binding
results in a marginal alteration in protein compactness and a decrease in solvent

accessibility.

To track the movement of ligands in the binding pocket, we measured the distance
between the center of mass (CoM) of the ATP-binding pocket residues (residues within
5 A distance from the ligands in the initial conformation) and the heavy atoms of the
ligands throughout the simulation course. Supplementary information Figure B4
shows the temporal changes in each ligand-protein distance, while Figure 4.4(C)
exhibits the probability density of the combined runs. All the ligands maintained a
stable interaction with the proteins, and the most probable peaks were observed at -
CID156581477 (1.30 A), CID139591660 (0.60 A), dithranol (1.80 A), danthron (2.20
A), and the control sunitinib also showed a single peak with wide distribution (See
Figure 4.4(C)). Interestingly, all ligands exhibited a notable peak at distances below
5.0 A from the initial binding region (ATP-binding pocket), indicating their strong
affinity towards DLK. Furthermore, to examine the dynamics of the ligands within the
binding pocket of DLK, we computed the potential of mean force (PMF) for each one
based on the corresponding ligand RMSD values (see Figure 4.4(D)). As shown in
Figure 4.4(D), a single narrow peak was obtained for CID156581477 (~1.20 A),
dithranol (~0.40 A), and danthron (~0.20 A), while a peak with a broad base was
observed for CID139591660 (~1.10 A). The control sunitinib showed two probable
peaks, one narrow peak (~2.20 A) and one broad peak (~0.70 A). This ligand PMF
study indicates that all four studied ligands exhibit greater stability within the binding

pocket of DLK as compared to the control sunitinib. Additionally, we have also
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calculated the torsion angle profile of new identified compounds CID156581477, and
CID139591660, which is reported in supplementary information Figure BS and B6.
The rotation around a single bond allows a ligand to adopt an optimal conformation,
which can be analysed using the torsion angle profile. Distinct torsion profiles were
observed for the two ligands around several studied bonds. For CID156581477, the
C4-C5 (brown) and C14-C15 (yellow) bonds exhibited one prominent peak with one
secondary hump each, indicating one major and one minor conformation based on the
rotation around these bonds (see Figure BS). The torsion angle profiles of the other
studied bonds showed a distribution around a single minimum. In contrast, for
CID139591660, a larger degree of variation in the studied rotatable bonds was
observed (see Figure B6). This indicates a higher degree of change in orientation of
the rotatable bonds within the binding pocket for CID139591660. These calculations

provide valuable insights into the ligand’s conformational preferences and binding

interactions.
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Figure 4.4: (A) The probability distribution of root-mean-square deviation (RMSD)
of the entire protein backbone of the DLK kinase domain. (B) The individual residue-
wise root-mean-square fluctuation (RMSF) of the Cg-atoms in DLK. (C) The
probability distribution of the ligands’ distance from the center of mass of residues
within 5 A of the ligands in the initial docked conformation. (D) The potential of mean

force (PMF) for each of the five inhibitors was computed using ligand RMSD as the

reaction coordinate for each DLK-bound inhibitor.
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Figure 4.5: The RMSD distribution of backbone atoms of (A) binding pocket (B)
activation segment (C) aC-helix (D) P-loop (E) DFG-motif (F) hinge region.

Furthermore, we also investigated the impact of ligand binding on the conformational
dynamics of DLK. The probability density distribution of backbone-atoms RMSD was
plotted for important regions of DLK proteins, including the binding pocket, P-loop,
hinge region, aC-helix, activation segment, and DFG-motif region (see Figure 4.5).
As depicted in Figure 4.5(A), the binding pocket residues of DLK undergo some
conformational rearrangement after the binding of different ligands. Overall, the
binding region remained stable and rigid, as indicated by a single peak in each case
with RMSD values below 3 A. After ligand binding, the activation segment of DLK

displayed multiple conformations with diverse structural rearrangements, indicating
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the highly dynamic nature of the activation segment (see Figure 4.5(B)), which is also
consistent with our previous RMSF analysis (see Figure 4.4(B)). After ligand binding,
the aC-helix of DLK underwent minimal conformational alteration where all systems
had rigid and stable oC-helix forming a single peak. At the same time,
CID139591660/DLK gave a bimodal distribution representing two prominent
structural conformations (see Figure 4.5(C)). After complexation, the P-loop
demonstrated enhanced rigidity and stability, as seen from the narrow peak in its
RMSD distribution in the complexed structures (see Figure 4.5(D)). The DFG motif
showed bimodal distributions in the case of danthron/DLK, dithranol/DLK, and
CID139591660/DLK, while a single conformation was observed for apo,
sunitinib/DLK, and CID156581477/DLK (see Figure 4.5(E)). The hinge region,
which is structurally conserved, remained stable and rigid for all systems throughout

the simulation, as indicated by a single peak in each case (see Figure 4.5(F)).

4.3.4. Exploring DLK Inhibitors Binding: Energetics and Key Residue

Identification

MD simulations along with free energy calculations, represent a suitable approach to
investigate the stability of ligand binding with proteins and the strength of their
interactions. To understand the binding mechanism of compounds against DLK, we
calculated specific contributions of free energy for each compound, as displayed in
Table 4.3. The formation of the complex is favored by intermolecular electrostatic
(AEeiec) and van der Waals (AEvaw) interactions, along with the non-polar solvation
free energy (AGnp). However, complexation is disfavoured by the polar solvation free
energy (AGpo1) and configurational entropy (—7AS). The average binding affinity was
calculated from the two replica runs in all four complexes (DLK/danthron,
DLK/dithranol, DLK/CID156581477, DLK/CID139591660) and compared with the
control complex DLK/sunitinib. The obtained binding energy of all complexes are as
follows - DLK/CID139591660 (-12.80 kcal/mol), DLK/dithranol (-12.55 kcal/mol),
DLK/danthron (-11.10  kcal/mol), DLK/sunitinib (-9.45 kcal/mol), and
DLK/CID156581477 (-6.09 kcal/mol). Since significantly lower binding affinity was
observed for DLK/CID156581477 (-6.09 kcal/mol) as compared to the control
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DLK/sunitinib (-9.45 kcal/mol), DLK/CID156581477 was excluded from further
analyses. As listed in Table 4.3, for all complexes, the range of van der Waals
interactions’ contribution to the binding free energy varied from -42.90 kcal/mol to -
26.58 kcal/mol. The favorable electrostatic interaction (AFEeec) component was
overcompensated by the polar solvation free energy (AGpol), leading to an overall
binding-unfavorability from the net-polar (AEeciectAGpol) component of the binding
free energy (see Table 4.3). The non-polar solvation energy (AGnp) was relatively
consistent across all complexes, while the configurational entropy term (-7AS) ranged
from 14.14 kcal/mol to 22.31 kcal/mol. Van der Waals interactions served as the main
force for the binding in the complexes. Overall, CID139591660, danthron, and
dithranol exhibited greater binding affinity as compared to the control drug, sunitinib,

and were considered for further analyses.

Table 4.3: Binding free energy components (kcal/mol) calculated for DLK-inhibitors
complexes from the MM-PBSA scheme. the standard errors of the mean are included

in parentheses.

DLK/ligand complex | AEvaw | AEelec | AGpol | AGnp | -TAS AGbind

DLK/Sunitinib 4290 |-47.53| 66.19 | -4.14 | 18.93 -9.45
(0.07) | (0.36) | (0.35) | (0.00) | (0.78) |  (0.88)
DLK/Danthron 27.08 | -18.16 | 22.30 | 2.81 | 14.65 | -11.10
(0.05) | (0.07) | (0.29) | (0.00) | (0.75) |  (0.81)
DLK/Dithranol 2658 [-1339] 16.03 | 275 | 1414 | -12.55

(0.05) | (0.06) | (0.04) | (0.00) | (0.97) | (1.02)

DLK/CID156581477 | -33.09 | -30.86 | 40.09 | -3.61 | 21.38 -6.09
(0.05) | (0.12) | (0.08) | (0.00) | (0.80) |  (0.88)

DLK/CID139591660 | -37.53 | -38.43 | 44.75 | -3.90 | 22.31 | -12.80
(0.08) | (0.17) | (0.10) | (0.00) | (0.67) |  (0.76)

Furthermore, to explore the impact of crucial residues on the binding free energy, the

MM-PBSA method was used to calculate the per-residue decomposition of free energy
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(see Figure 4.6(A-D) and supplementary Table B4). This method predicts energy
contributions of residues involved in ligand binding and identify hot-spot residues.
Glul91, Phel92, Leu243, Vall39, and Leul41 are some of the critical residues within
DLK’s binding pocket that interacted with the selected inhibitors (see Figure 4.6(A-
D)). The binding patterns of dithranol and danthron are notably similar, as evidenced
by the similarity of the residues involved in their interactions (see Figure 4.6(B-C)).
The identification of these key residues could aid in the development of novel ATP-

competitive inhibitors targeting DLK for the treatment of neurological disorders.
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Figure 4.6: ((A)-(D)) The individual residue contributions to the binding of selected
inhibitors to DLK. (E) The DLK-inhibitor hydrogen bonds with higher than 20%

occupancy in the 2 x 250 ns simulations.

4.3.5. Hydrogen Bond and Interaction Profile Analysis
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The ligand-protein hydrogen bonds are crucial components of complex stability, and
their exploration can aid in understanding molecular interactions [307]. Hence, we
calculated the intermolecular H-bonds formed between the ligands and DLK (see
Figure 4.7). Our analysis reveals that CID139591660 formed the highest number of
H-bonds with DLK (> 3), as compared to the other inhibitors. Both danthron and
dithranol exhibited a similar H-bond formation pattern, with an average of > 1.5 H-
bonds formed (see Figure 4.7). Sunitinib, the control ligand, formed < 1 H-bond
compared to our studied ligands. Overall, our studied inhibitors formed a greater

number of H-bond as compared to control sunitinib.
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Figure 4.7: Time evolution of block average of the hydrogen bonds formed between

DLK and inhibitors.

Furthermore, we also analyzed the hydrogen bond occupancy between the ligand and
DLK throughout the simulation trajectories. Figure 4.6(E) illustrates the crucial DLK-
inhibitor H-bonds with > 20% occupancy which played the most significant role in
binding of those ligands. Further, detailed parameters of the H-bonds with > 10%
occupancy are listed in Table 4.4. Sunitinib interacts mainly with three residues,

Vall31 (24.88% occupancy), GIn197 (18.38% occupancy), and Ser133 (10.67%
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occupancy), forming hydrogen bonds. Danthron and dithranol formed hydrogen bonds
with the same residues, Cys193 (26.65% and 25.93% occupancy) and Glu191 (97.02%
and 97.81% occupancy), resulting in an equal average number of hydrogen bonds (see
Table 4.4). CID139591660 formed hydrogen bonds with residues Ser253 (16.60%
occupancy), Cys193 (11.82% occupancy), and Glul91 (86.49% occupancy).
Additionally, Asp254 forms hydrogen bonds with multiple oxygen atoms of the
CID139591660, with occupancies of 49.23%, 39.22%, 17.28%, and 16.91% (see
Table 4.4).

Table 4.4: Presents the hydrogen bond interactions established by DLK with inhibitors
and the corresponding average distance and occupancy percentage. Hydrogen bonds

reater than 10% occupancy are presented here.
g pancy p

Binding couples Molecular dynamics
Acceptor Donor Distance(A) | Occupancy?®(%)

Sunitinib

Lig@Ol Ser133@N...H 2.90 10.67

Vall31@O Lig@N1...H28 2.77 24.88

GIn197@OE1 Lig@N1...H28 2.79 18.38
Danthron

Lig@wO1 Cys193@N...H 291 26.65

Glul91@O Lig@wO3...H8 2.65 97.02
Dithranol

Lig@wO1 Cys193@N...H 291 25.93

Glul91@O Lig@w0O3...H10 2.64 97.81

CID139591660

Lig@O3 Ser253@0G...H9 2.78 16.60

Lig@02 Cys193@N...H 2.87 11.82

Glul91@O Lig@02...H24 2.71 86.49

Asp254@0OD2 Lig@0O4...H26 2.69 49.23

Asp254@OD1 Lig@wO4...H26 2.71 39.22

Asp254@0OD2 Lig@03...H25 2.72 17.28

122




Asp254@OD1

Lig@O3...H25

2.72

16.91

We also investigated the hydrophobic interactions and hydrogen bond formation in the
DLK-inhibitor complexes using the structures from the final simulation trajectory.
Figure 4.8 ((A), (C), (E), (G) displays the 3D orientation of the inhibitors within DLK,
highlighting the binding residues and hydrogen bonds. Additionally, Figure 4.8 ((B),
(D), (F), (H)) illustrates the 2D ligand-protein interaction maps, revealing the
prominent residues involved in hydrophobic interactions and hydrogen bonding. The
H-bond forming residues and their occupancy are already discussed. Herein, we mainly
focused on hydrophobic interaction and the residues involved therein. Vall131, Val139,
Leul41, Alal50, Phel92, Cys193, and GIn197 are some of the critical residues that

participated in hydrophobic interactions with a majority of the inhibitors studied (see

Figure 4.8).
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Figure 4.8: The DLK-inhibitor interaction profiles. The 3D interaction profiles were

generated using UCSF Chimera, where we display critical residues in the ball and stick
model. (A) DLK/Sunitinib, (C) DLK/Dithranol, (E) DLK/Danthron, (G)
DLK/CID139591660. The 2D interaction profiles were generated using LigPlot+. (B)
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DLK/Sunitinib, (D) DLK/Dithranol, (F) DLK/Danthron, (H) DLK/CID139591660.
The pink semicircles with spikes represent residues engaged in hydrophobic

interactions, while green dotted lines depict hydrogen bonds.
4.3.6. Protein Structure Network (PSN) Analysis

To gain more insight into the structural changes induced by ligand binding, we
conducted a protein structure network (PSN) analysis (see Figure 4.9). PSN represents
protein structure as a network with nodes representing amino acids and links
representing their interactions, where nodes with higher degrees are called hubs, and
communities consist of nodes with stronger connections among themselves. Table 4.5
provides an overview of the network characteristics, while Figure 4.9 ((a)-hubs (b)-
communities) visually represents the communities, represented by various colors, and
the hubs, sorted based on their strength of interaction. The complexes form a greater
number of links: DLK/sunitinib (284), DLK/dithranol (285), DLK/danthron (285), and
DLK/CID139591660 (283), as compared to apo (277).

Table 4.5: The network properties of DLK (apo) and its interactions with various

inhibitors generated using web-PSN.

Parameters | Apo | DLK/Sunitinib | DLK/Dithranol | DLK/Danthron | DLK/CID1
39591660
No. of linked | 251 255 253 251 251
nodes
No. of links | 277 284 285 285 283
No. of hubs 35 37 36 38 39
No. of linked | 128 128 127 131 137
mediated
hubs
No. of 6 7 7 8 8
Communities
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No. of nodes 43 45 49 48 46
involved in

communities

No. of links 60 62 71 69 63
involved in

communities

A similar trend was observed for communities: DLK/sunitinib (7), DLK/dithranol (7),
DLK/danthron (8), and DLK/CID139591660 (8), as compared to apo (6). The number
of links and nodes involved in community formation was higher in the case of
complexes (see Figure 4.9 and Table 4.5), indicating higher stability of protein
backbone post ligand binding, which also agrees with our previous analyses. A similar

type of observation was found in our earlier studies with DLK [308].

9<ALs.<10 Ml 4<ALS.<5 Bl Comsivgt
N s<aAlrs.<9 [ 3<Al8.<4 Bl Community2

7<ALS.<s M 2<AI1S.<3 Hl Community3
- 6<AILS. <7 - 1<AILS.<2 Cm Community9
- 5<ALS.<6 - 0<AlLS. <1 B ommunitys == Community10

Figure 4.9: The hubs and communities present in apo, and inhibitor bound DLK. The
hubs are depicted using colour codes that indicate the level of their interaction strength

and the communities are arranged from highest to lowest ranking (C1 to C10). (A) apo,
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(B) sunitinib (C) dithranol, (D) danthron, and (E) CID139591660. The structures in

the two rows are indicative of (a) hubs and (b) communities.

4.3.7. Principal Component Analysis (PCA) and Correlation and Anticorrelation

Motions

Additionally, to gain a further understanding of the structural variation and dynamics
of the protein, we conducted the principal component analysis (PCA). Due to the first
two principal components (PC1 and PC2) describing a substantial portion of the
variance, we used those two eigenvectors as reaction coordinates to create free energy
landscapes for the studied systems (see Figure 4.10). Figure 4.10 clearly shows that
the ligand-bound DLK adopts distinct conformations, as revealed by the presence of
multiple probable minima separated by moderate to high energy barriers, indicating
structural rearrangement in DLK post ligand binding. In contrast, the apo structure
shows only two probable conformations with a moderate energy barrier. The extracted
free energy minima structures revealed slight changes in the aC-helix and significant
variability in activation segment conformation (see Figure 4.10), which is also
consistent with our previous analyses. Overall, the distinct conformational landscape
explored by the different systems indicates structural adaptations in DLK induced by
ligand binding.
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Figure 4.10: The free energy landscape (FEL) for (A) apo, (B) Sunitinib, (C)
Dithranol, (D) Danthron, and (E) CID139591660. We used the atom position vectors
projected onto the first two principal components (PC1 and PC2) as reaction
coordinates to generate the landscape. The color bar depicts the free energy values in

kcal/mol, which we calculated based on the distribution density.

Additionally, to distinguish differences between the apo and complexes in the dynamic
movements of residual backbone Cq-atoms, we used dynamic cross-correlation matrix
(DCCM) analysis. We used the Bio3D package to create 3D protein structure maps,
helping us identify the residue pairs responsible for protein conformational changes.
Figure 4.11(A-E) represents the DCCM plot along with the corresponding 3D
structure map. The regions characterized by highly correlated movements are indicated
by red-orange colors, while the black-to-whitish-pink regions represent highly

negatively correlated movements or anticorrelation. We have highlighted four
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significant regions, namely R1, R2, R3, and R4, located in various parts of the protein
structure. Figure 4.11(A-E) clearly shows that region R1 at the protein’s terminal end
displays various patches of negative correlation in apo and DLK/CID139591660
complexes and a relatively lower negative correlation motion for DLK/dithranol and
DLK/danthron, whereas negligible anticorrelation and positive correlation were
observed in the case of the control DLK/sunitinib complex. In region R2, which
includes the activation segment, several moderate to strong anticorrelation patches
were observed in the apo state in different locations. In other cases, low anticorrelation
motion was observed for DLK/dithranol, while high correlations were seen in other
DLK/inhibitors complexes in the R2 region (see Figure 4.11). In region R3, which
includes the correlation motion of the hinge region, aC helix, and P-loop, we observed
moderate to high levels of anticorrelation, along with varying degrees of correlations
across various segments of the proteins (see Figure 4.11). Region R4 further illustrates
the inter-segmental motion correlation between several key motifs of DLK. Here, the
hinge region exhibited a strong correlation with the catalytic loop in all DLK
complexes. Certain sections of the activation segment (residues ~268-275) displayed
anti-correlated motion relative to the P-loop region. This was more prominently
observed in the CID139591660-bound DLK, as evident from the increased presence
of blue patches in that complex. Residues ~156-164 of the aC helix were also observed
to be anti-correlated with the residues ~267-286 of the activation segment, most
strongly seen in DLK/CID139591660. In all systems, diagonal movements exhibited a
strong correlation, whereas off-diagonal movements showed distinct directional
changes upon inhibitor binding. It is clear from the study that various inhibitors result
in different patterns of protein motion, which was also observed by Sk et al. [309].
Overall, the DLK complex with sunitinib, dithranol, and danthron displayed a definite
reduction in anticorrelation motion in comparison to apo, while some areas in

CID139591660-bound DLK had moderated patches of anti-correlation.
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Figure 4.11: The dynamic cross-correlation matrices (DCCM) of the DLK in (A) apo,
(B) Sunitinib, (C) Dithranol, (D) Danthron, and (E) CID139591660 systems. The black
to whitish pink (-1 to 0) and red to orange (1 to 0) represents to the anti-correlation and
correlation motion. In the 3D structure, the red lines represent correlation motion,

while the blue lines represent anti-correlation motion.

4.3.8. Structural Analogues of the Two Natural compounds: A strategy for Lead

Optimization

To further optimize the two natural compounds for targeting DLK, we utilized the deep
learning based DeLA Drug to generate their analogues, with the objective of
investigating whether these analogues would show better binding free energy and
stable binding interactions with DLK. Initially, we created 100 analogues for each of

CID156581477 and CID139591660 using the DeLA Drug webserver and subjected
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them to virtual screening against DLK. As the CID139591660-analogues did not
demonstrate improved binding free energy, we have not included those in our analyses
and discussion here. We selected the top two analogues of CID156581477 following
virtual screening and subjected those to blood-brain barrier penetration (BBB)
prediction using SwissADME. After BBB analysis, we found that only one analogue,
named CID156581477-ANLG, showed BBB permeability (see Table BS). Hence, we
considered this analogue for MD simulation and further analyses. The structural
modifications of CID156581477 leading to the formation of CID156581477-ANLG,
along with the structures of the associated ligands, are shown in Figure 4.12 (A-B).
The complex was then subjected to 2x250 ns MD simulation. Figure 4.12(C) displays
the convergence of the DLK/CID156581477-ANLG complex within the simulation
range, as indicated by the time evolution of backbone RMSD. The ligand-protein
distance analysis revealed that the ligand remained stable within the binding pocket,
with a distance within ~2 A (see Figure 4.12(D)). To further investigate the binding
potential, we employed the MM-PBSA method to calculate the binding free energy of
the complex. Table B6 lists a comparison of free energy components between the
CID156581477 and CID156581477-ANLG  complexes, revealing that
CID156581477-ANLG (-11.62 kcal/mol) exhibited significantly higher binding
affinity as compared to the parent molecule CID156581477 (-6.09 kcal/mol).
CID156581477-ANLG exhibited a higher binding affinity due to a higher favorable
van der Waals interaction (AEvaw) compared to CID156581477. The number of H-
bond formations in CID156581477-ANLG and its parent molecules CID156581477 is
similar (see Figure 4.12(E)). Overall, CID156581477-ANLG exhibited a greater
binding potential compared to the control sunitinib, indicating its prospect as a potent

DLK inhibitor.
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Figure 4.12: (A) and (B) represent the modification from the parent molecule
CID156581477 to its analogue CID156581477-ANLG. The time evolution of (C)
RMSD backbone atoms of DLK bound with CID156581477-ANLG, (D) distance of
CID156581477-ANLG from the center of mass of residues within 5 A of the ligand in
the initial docked conformation (E) Number of hydrogen bonds formed between DLK
and the inhibitor CID156581477 as well as its analogue CID156581477-ANLG.

4.3.9. Identification of Target Class for Inhibitors via Target Prediction Studies

Molecular target prediction studies provide valuable insights into predicting the
therapeutic protein targets that a particular small molecule may interact with. Here, we
examined the predicted protein/enzyme targets only for CID156581477-ANLG,
danthron, and dithranol, as there was no record for CID139591660 in the webserver.
This study has significant relevance as we are targeting protein kinase. The molecular
target analysis indicates that all three inhibitors possess favorable drugability
properties and interact with a diverse range of proteins/enzymes (see Figure B7). The
inhibitors exhibit significant kinase target percentages - danthron (33.3%),

CID156581477-ANLG (20.0%), and dithranol (33.3%) (see Figure B7).
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4.3.10. Similarity Index Analysis of the Compounds

The four proposed hits, namely CID139591660, CID156581477-ANLG, danthron, and
dithranol, show better binding affinity compared to the control (sunitinib). Here, we
investigated the degree of similarity among the four proposed hits and with the control
sunitinib. We utilized the ChemMine Tools web server [310], where the “Similarity
Workbench” interface calculates similarity scores between compounds using the
Tanimoto coefficient. The value ranges from 0 to 1, where a higher score closer to 1.0
indicates a high level of similarity. We calculated the similarity index of these four
inhibitors, as shown in Table 4.6. All inhibitors showed a high level of dissimilarity

among each other and with sunitinib (see Table 4.6).

Table 4.6: The Tanimoto Coefficient as a metric for assessing the similarity of

molecular structures.

Inhibitor Sunitini | Dithran | Danthro | CID1395916 | CID15658147
b ol n 60 7-ANLG
Sunitinib 1.00 0.17 0.20 0.13 0.15
Dithranol 0.17 1.00 0.25 0.21 0.33
Danthron 0.20 0.25 1.00 0.34 0.20
CID13959166 0.13 0.21 0.34 1.00 0.50
0
CID15658147 0.15 0.33 0.20 0.50 1.00
7-ANLG

Furthermore, we utilized the Multidimensional Scaling (MDS) approach in ChemMine
Tools to assess the structural and physicochemical similarity index between the four
inhibitors and sunitinib. The obtained scatter plot is shown in Figure B8. All the
compounds are dissimilar from each other as they do not overlap with each other and

form diverse clusters (see Figure BS).

4.4. Conclusion
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DLK signaling plays a significant role in assisting neurodegeneration by mediating
stress responses and neuronal death pathways, making it a crucial therapeutic target for
neurodegenerative diseases. Inhibiting DLK provides neuroprotection by blocking
downstream signaling pathways responsible for neuronal cell death. Here, we used
natural compounds and FDA-approved drugs (drug repurposing) to inhibit DLK,
which can provide neuroprotection during stressed and disease states. In the current
study, we found two compounds from the natural products database NPAtlas with
suitable ADMET properties and two FDA-approved drugs with BBB permeability
after virtual screening/docking studies. Of the two natural compounds, CID156581477
is derived from the fungus Pestalotiopsis vaccinii, [311] whereas CID139591660 is
sourced from the marine fungus Zopfiella marina [312]. Danthron, an FDA-approved
drug, is prescribed for the management of acute and chronic inflammation in the oral
cavity and oropharynx. Extensive literature supports the well-established
neuroprotective properties of danthron and its various derivatives in treating
neurological diseases [313], which also supports our findings. The pharmacological
research indicates that anthraquinones, including danthron have diverse properties,
including antioxidative, antitumoral, antiviral, and anti-inflammatory effects [314—
316]. On the other hand, dithranol is an approved medication used in the management
of sub-acute or chronic psoriasis [317]. These four hit compounds were then subjected
to MD simulations (2x250 ns) and binding free energy calculations. To ensure a
thorough analysis of protein-ligand binding, we analyzed multiple factors to guarantee
the effective targeting of the protein. This included a detailed study of the protein’s
binding pocket, focusing on its accessibility, shape, and capacity to form strong and
specific interactions of the ATP-binding pocket with potential ligands. We also
evaluated the structural stability to ensure that the ligand-binding will not significantly
modulate the overall conformational variability of the protein. On the ligand side, we
assessed properties such as molecular weight and hydrogen bonding potency to ensure
the optimal binding affinity. In the initial analysis, the RMSD results suggest that
throughout the 250 ns production simulations, all systems maintained a stable
equilibrium. The binding pocket’s stability was enhanced upon the inhibitor’s binding
to the DLK protein. The inhibitor binding had an impact on the overall flexibility of
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residual motion and an increase in correlated motion was observed in the complexes
compared to the apo form. The PCA findings indicate that structural rearrangements
occurred following the binding of inhibitors to DLK, which in turn influenced distance-
dependent interactions. Additionally, the PSN analysis also suggests post-ligand
binding structural and network alterations. To increase the binding potency of the
ligand CID156581477 which originally did not show high binding potency as
compared to our control, we have generated structural analogues using the deep
learning-based web server DeLA Drug, and found one analogue (CID156581477-
ANLG) with higher binding potency as indicated in our binding free energy
calculations. The results from MM-PBSA and hydrogen bond analysis suggest a
decreasing order of inhibitor affinity as CID139591660 > dithranol > CID156581477-
ANLG > danthron > sunitinib > CID156581477. Hence, we identified four compounds
with better affinity then control sunitinib. Crucial and potent residues, such as Glu191,
Phel92, Leu243, Vall39, and Leul4l, actively participate in interactions with the
inhibitors. The four identified compounds may protect neurons from stress-induced
degeneration by inhibiting DLK and its downstream signaling pathway, as the

mechanism depicted in Figure 4.13.
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Figure 4.13: The DLK signaling pathway in response to external stress. Under external
stress, DLK undergoes phosphorylation, leading to the activation of downstream

targets, including the transcription factor c-jun, which ultimately results in neuronal
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degeneration through transcriptional response. When inhibitors bind to DLK, it
prevents DLK from undergoing phosphorylation, resulting in the inactivation of
downstream proteins and transcription factors, including c-jun, which ultimately
protect neurons under various stressed and diseased conditions. CID1139591660,
CID156581477-ANLG, dithranol, and danthron have the potential to inhibit DLK,

leading to neuroprotection through the described pathway.

Overall, the compounds we are proposing represent novel inhibitors for targeting DLK,
which offer a fresh structural framework along with high-binding potency, potentially
providing new avenues for therapeutic intervention. Further, our findings provide
significant theoretical guidance and understanding that can be applied to developing
and designing potent novel DLK inhibitors. It is imperative to emphasize that
additional in vitro experiments and further clinical trials are essential to solidify the

efficacy of these promising inhibitors.
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Chapter 5

Characterizing the Conformational Dynamics and Inhibition
Mechanism of MKK?7 by Different Inhibitor Types via Gaussian

Accelerated Molecular Dynamics Simulations

AIM: To investigate the conformational dynamics of active and inactive MKK?7
induced by different bound inhibitors and understand their molecular mechanisms of

inhibition.
This chapter is reproduced from our original article:

Koirala, S., Samanta, S., & Kar, P. “Characterizing the Conformational Dynamics and
Inhibition Mechanism of MKK?7 by Different Inhibitor Types via Gaussian
Accelerated Molecular Dynamics Simulations”. International journal of Biological

Macromolecules (Submitted)

5.1. Introduction

Mitogen-activated protein kinase kinase 7 (MKK?7) is a dual-specificity kinase that
plays a critical role in the MAPK pathway by acting as an upstream activator of c-Jun
N-terminal kinase (JNK), promoting its phosphorylation and activation [47,318]. JNK
activation is triggered by stress stimuli, including inflammatory cytokines, UV
radiation, and environmental stress, leading to cellular responses like apoptosis and
inflammation. Upon activation, JNK moves into the nucleus and phosphorylates key
transcription factors, such as c-Jun, regulating the expression of genes involved in
apoptosis, inflammation, and the cellular stress response [107,115,319,320]. MKK?7,
in conjunction with MKK4, enhances JNK activation, though it is more specific in JNK
phosphorylation under stress conditions [318]. The kinase domain of MKK7 consists

of a conserved bilobed structure. The smaller N-terminal lobe is mainly involved in
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ATP binding, while the larger C-terminal lobe contains the substrate-binding site and
key catalytic residues. The activation segment (A-loop) of MKK?7 includes serine and
threonine residues within the SKAKT motif that must be phosphorylated to activate
the kinase. This phosphorylation induces conformational changes, positioning the
catalytic residues for effective substrate binding and ATP hydrolysis [83,106,321].
MKK?7 is the only human MKK characterized by three distinct docking sites, D1, D2,
and D3, which mediate interactions with JNK and enable phosphorylation of the TxY
motif threonine [107,321]. Upon stimulation by extracellular stress, cytokines, or
growth factors, MAP3Ks such as DLK, ASK1, and MLK3 are phosphorylated and
activated [318]. These activated MAP3Ks subsequently bind to the DVD domain of
MKK?7, leading to its activation. Once activated, MKK?7 interacts with JNK through
its docking domain, initiating a downstream physiological response. Figure 5.1
presents an overview of its signalling pathway along with the crystal structure of its

kinase domain highlighting its important regions.

ni~< D1 | D2 - Kinase domain m-COOH

JNK docking site . .
interacting sites
JNK MAP3Ks
Physiological response Cytokines

Stress stimuli
Growth factors
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Figure 5.1: Schematic representation of the MKK?7 kinase domain along with its
docking domain which interact with other upstream and downstream proteins. The
diagram highlights key structural elements, including the DVD site which interacts
with MAP3Ks, JNK docking site, and kinase domain along with its crystal structure
highlighting important regions. Stress stimuli, cytokines, and growth factors activate
MAP3Ks, which then phosphorylate MKK?7. Phosphorylated MKK7 activates JNK,

which translocate to the nucleus to initiate physiological responses

The JNK signaling pathway is triggered by cellular stress and has been linked to
numerous diseases[322], including Alzheimer’s disease [323], Parkinson’s disease
[324], inflammatory disorders [123,325] and cancer [318]. Several studies have
reported that elevated levels of MKK?7 are significantly linked to the advancement
of cancer and the promotion of metastatic processes [326,327]. However, several
studies also suggest a tumor-suppressive role for MKK7 [328-330], indicating its
function may differ significantly based on the disease context, cellular phenotype,
and the nature of various stress stimuli [331]. Moreover, the JNK signaling pathway
has been linked to infections caused by Hepatitis B [332] and the Zika virus [333].
Consequently, extensive research is focused on designing potent and selective

MKK?7 inhibitors to address the related pathological conditions.

MKK?7 inhibitors may be classified into Type I, Type II, and allosteric inhibitors
based on their binding sites and the protein’s intrinsic conformations. Type I, Type
II, and allosteric inhibitors exert distinct regulatory effects on MKK?7 through
different modes of action. Type I inhibitors bind competitively to the ATP-binding
site of the active kinase (DFG-in), directly inhibiting its catalytic function. In
contrast, Type II inhibitors target the inactive conformation of MKK7 (DFG-out),
extending their interaction beyond the ATP-binding pocket to occupy an adjacent
hydrophobic region, thereby stabilizing the kinase in its inactive state and preventing
activation. Allosteric inhibitors bind to sites distant from the ATP pocket, inducing
conformational changes that potentially impacts the ability of MKK7 to
phosphorylate downstream targets[334]. Schrdder et al. successfully crystallized the
complex structures of the Type II inhibitor SB1-G-23, which binds in the Type II

141



pocket in a DFG-out conformation, along with the ibrutinib, which binds to the N-
terminal lobe (allosteric pocket) of MKK?7 [321]. Type II and N-terminal-bound
allosteric inhibitors exhibit greater specificity and reduced off-target effects, making
them attractive therapeutic options compared to Type I or ATP-competitive
inhibitors. Figure 5.2 shows the MKK?7 structures with different types of inhibitors

bound, as well as apo, highlighting key regions essential for its kinase activity.

N-terminal
N-terminal

\C-terminal

N-terminal

C-terminal

C-t@inal

Figure 5.2: The 3D structure of MKK7 in apo and different inhibitor bound system
(A) apo, (B) Type II inhibitor bound, (C) Type I inhibitor bound, (D) N-terminal
allosteric inhibitor-bound system. Several key regions are highlighted with different

colour codes.

The present study investigates the structural features of MKK?7 in both its active and
inactive states, influenced by Type I, Type II, and allosteric (N-terminal-bound)
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inhibitors, elucidating the molecular mechanisms and modes of action through
extensive microsecond-long Gaussian accelerated molecular dynamics (GaMD)
simulations [199,335]. Additionally, this study aims to understand the intrinsic
dynamics of the native MKK?7 in apo form along with three types of inhibitors using
free energy surface analyses using different collective variables. Furthermore, the
protein dynamics of both the apo and complex forms are calculated through principal
component analysis (PCA) [304], the free energy of inhibitor-binding are examined
utilizing the molecular mechanics Poisson-Boltzmann surface area (MM/PBSA) [336—

338], along with normal-mode analysis based conformational entropy calculations

[237].

5.2. Materials and Methods

5.2.1. System Preparation of Apo and Different Inhibitor-Bound MKK?7

The X-ray crystallographic structures of MKK?7 in its apo form (PDB ID: 6QFL) [339]
and in complex with three types of inhibitors, Type I (PDB ID: 61B0) [340], Type II
(PDB ID: 6YG7) [321], and N-terminal allosteric inhibitor (PDB ID: 6YZ4) [321]
were utilized for the current studies. Missing residues were modelled utilizing the
MODELLER plugin of UCSF Chimera [341]. The co-crystallized water and irrelevant
molecules were removed, keeping only the corresponding inhibitors for each complex
system. The LEaP module [342] of AmberTools19 [148] was employed to incorporate
all missing hydrogen atoms. A double-phosphorylated state (serine and threonine of
SKAKT motif of A-loop) was manually constructed using the experimental crystal
structures of MKK7. Finally, four distinct systems were prepared for study the apo and
three inhibitor-bound systems: the Type I ATP-competitive inhibitor bound system
(T1-1), the Type II inhibitor bound system (T2-I), and the N-terminal allosteric
inhibitor-bound system (A-I). Overall, four distinct systems were constructed for
subsequent molecular dynamics (MD) simulations studies to examine the influence of
various inhibitor types on the overall conformational dynamics of MKK?7 from a

structure-function relations perspective.

5.2.2. Parameterization and Force Field Assignment
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The AMBER {f14SB force field [153] was used to characterize the protein parts. The
structures of the inhibitors were optimized using the semi-empirical quantum
mechanical Austin Model 1 (AMI1) approach, and bond-charge correction (BCC)
charges were computed utilizing the Antechamber module [260] of AMBERI18. The
atomic charges obtained from this model approximate the HF/6-31G* electrostatic
potential on the surface of the molecules. The updated General Amber Force Field
(GAFF2) [148] was used to assign parameters for electrostatic and non-covalent
interactions for inhibitor molecules. The phosaalO force field [343] was employed to
parameterize the phosphorylated residues. All systems were set up by modeling in an
explicit TIP3P water model [172]. The systems were solubilized in a TIP3P water box
with a truncated octahedral setup, ranging a 10 A distance from the protein surface in
all directions. Appropriate ions were introduced in the required amount to neutralize

the systems’ overall charges.

5.2.3. Conventional Molecular Dynamics (¢cMD) Simulations

All of the systems underwent energy minimization utilising both the steepest descent
and conjugate gradient algorithms. Subsequently, all systems were systematically
heated from 0 to 300 K for a duration of 50 ps in the canonical (NVT) ensemble, with
a restraint force constant of 2.0 kcal mol 'A% imposed on the solute. The temperature
was regulated through a Langevin thermostat [295]. All covalent bonds including
hydrogen atoms were constrained using the SHAKE algorithm [169]. Long-range
electrostatic interactions were computed via the particle mesh Ewald summation
(PME) [344] method with a 10 A nonbonded cutoff. Thereafter, the systems were
equilibrated at a constant pressure of 1 atm for 20.0 ns, monitored by a Berendsen
barostat [180]. A time step of 2.0 fs was employed for all simulations, with coordinates
recorded every 10.0 ps for subsequent analyses. A 2.0 ns brief production NVT
simulation was conducted without constraints to obtain early potential statistics. The
MD simulations were carried out using the pmemd.cuda module from AMBER18

software package.
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5.2.4. Gaussian Accelerated Molecular Dynamics (GaMD) Simulations

GaMD[199] is an enhanced sampling method that smoothens the potential energy
surface by using a harmonic boost potential, therefore lowering potential energy
barriers. The key advantages of GaMD[345] is that it does not require predefined
reaction coordinates for simulations, Highlighting its uniqueness then other enhanced
sampling techniques. The boost potential follows to a Gaussian distribution, which can
be reliably retrieved by reweighting methods[201]. Thus, this enhanced sampling
approach presents a valuable alternative for studying the dynamics of complex

biological systems.

A harmonic boost potential (A}) is added when the system potential (V) falls below
the threshold energy (E), as described in equations (1) and (2).

AV = K(E-V)?, ifV<E (1)

Here, K represents the harmonic force constant, and the modified potential (V*) is

defined as:
V' =V4+-K(E-V)? ifV<E )

When the system potential (V) exceeds the threshold energy (E), the boost potential
(AV) 1s set to zero.

V'=V, ifV>E 3)

In GaMD, a total potential boost (A}}), a dihedral potential boost (Vp), or a
combination of both (dual potential boost: AV}, and Vp) can be applied. Generally, dual-
boost simulations achieve higher acceleration compared to the other approaches[346].
The parameters Vmax , Vmin , Vavg, and oV are derived from the initial equilibrated
simulations. In this study, we utilized the dual potential boost for GaMD simulations.
The boost parameters were calculated from the initial 20 ns of conventional MD
simulations. Following this, 50 ns of GaMD simulations were carried out with updated
boost potentials. Finally, GaMD simulations were run for 1 ps x 4 replica per system
in the NVT ensemble, saving coordinates every 10 ps, resulting in a total of 400000

snapshots.
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5.2.5. Dynamics and Free Energy Surface

The MD trajectories analyses were done through the Cpptraj module in
AmberTools19[264]. Stability and dynamic analyses were investigated on production
simulation trajectories analyzing protein backbone root-mean-square deviation
(RMSD), radius of gyration (RoG), solvent-accessible surface area (SASA), and
intermolecular hydrogen bond occupancy. A reference structure for comparisons was
selected from the conformation obtained after the energy minimization for all of these
analyses. Moreover, structural flexibility —was analyzed using root-mean-square
fluctuations (RMSF), while intrinsic  residual motions were further studied
through dynamic cross-correlation matrices (DCCM)[347]. Principal motions of each
system were determined by principal component analysis (PCA)[348] in order to
reduce the dimension of the data sets obtained from the GaMD trajectories.
Additionally, the structural rearrangements in the loop area were investigated with
dihedral principal component analysis (dPCA)[216].

The free energy surface (FES) serves as a powerful tool for visualizing the possible
conformational landscape of a molecular system, elucidating the spatial organization
of interacting molecules along with their corresponding energy profiles[349,350].
Hence, to investigate the structural dynamics of MKK?7 systems, FESs was constructed
and analysed.

FESs can be represented by the equation provided below:

ﬁk
AG = —kgTIn(p *) — k — (Z,‘lek—Ck - const.) (4)

!
Here, kg is the Boltzmann constant, 7 is the system’s temperature, and p * represents
the modified probability for a chosen reaction coordinate (RC). The parameter is set so
that the global minimum corresponds to 0 kcal/mol. f is the Boltzmann factor, and Ck
is the expansion coefficient. Next, the potential boost, combined with different RC
derived from the MD trajectories, was used to reconstruct the FES using reweighting
techniques. We used the “PyReweighting” python scripts for reweighting, which was
developed by the McCammon group[201]. All FES analyses in this study were
reweighted. However, we did not apply the reweighting procedure to the kernel density

violin plots and other probability density plots.
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5.2.6. Protein Structure Network (PSN) Analysis

To investigate the structural interactions among amino acid residues in the MKK7
kinase, we employed the webPSN v2.0[221] server, which integrates the Protein
Structure Network (PSN) approach with the Elastic Network Model-Normal Mode
Analysis (ENM-NMA). In a protein structure network, residues are represented as
nodes, while their non-covalent interactions form the edges connecting these nodes.
The strength of interactions between two residues is evaluated using a threshold
parameter referred to as “Imin”’, which determines whether the residues are classified as

7
1

interacting. The interaction strength between residues and “” is expressed as a

percentage and is computed using the following equation.

nij

In the equation, n, denotes the number of atom-atom pairs between the side chains of

[
1

residues “i” and “”” within a cutoff distance of 4.5 A. Normalization factors N; and N;
are applied to standardize interaction assessments by accounting for variations in
amino acid sizes and their propensity to form maximum contacts in the protein

€9y
1

structure. Residues and “” are considered interacting if /;; exceeds the threshold
Imin, establishing an edge between the corresponding nodes. At a given Inin, residues
forming at least four edges are identified as “hubs” in the network. Communities are
clusters of nodes with dense internal connections and fewer links to other parts of the
network. Key network properties were analysed to elucidate structural and interaction
differences across the systems.

5.2.7. Binding Free Energy Calculations

To determine the binding free energy (AGuing) of the MKK7/inhibitors complex, the
MM/PBSA method was used with the MMPBSA.py script from the AMBERI18
software package. This energy is influenced by three main factors, internal energy

(AEintemal), desolvation free energy (AGsolv), and configurational entropy (TAS). These

components work together and can be expressed through a mathematical equation.

AGbind = Gcomplex - Gprotein - Gligand (6)
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The free energy for each component in equation 6 is calculated using the corresponding
free energy expression given in equation 7.

G =< Einternat > + < Gsorp > —T < Scong > (7)
The terms Einternal and Sconf correspond to the free energy components associated with
the internal molecular energy in the gas phase and the conformational entropy,
respectively. Meanwhile, (Gsolv) represents the solvation free energy, which is the sum
of the polar (Gpol) and non-polar (Gnp) contributions. The internal energy Eintemal can

be further defined as.

Einternat = Ecov + Eetec + Evaw (8)

Ecov, Eeciec, and Evgw correspond to the covalent, electrostatic, and van der Waals
interactions between the interacting molecules. The covalent interaction term, Ecov, can
be further decomposed as follows.
Ecov = Ebona + Eangtet Edinedaral )
The calculation of the non-polar solvation term (Guyp) is based on an empirical formula
that includes adjustable parameters.
Gnp = ¥ XSASA+ (10)
The solvent-accessible surface area (SASA) was calculated using the quick linear
combination of pairwise overlap (LCPO) method[351] with a probe radius of 1.4 A.
The parameters for surface tension (y) and cavity offset (B) were set to 0.0378 kcal/mol
A2 and 0.5692 kcal/mol, respectively.
The binding free energy (enthalpy, H) of protein-ligand complexes was computed
using the MMPBSA .py script in the AMBER18 software package. The solvation free
energy (Gps) was determined with the Adaptive Poisson—Boltzmann Solver (APBS),
where the linear Poisson—Boltzmann equation was solved with the default maximum
iteration settings in AMBERI18.
The term Scont, representing configurational entropy, can be described as,
Sconf = Strans T Srott Svip (11
Entropy contributions from translational (Sians), rotational (Syot), and vibrational (Svib)
motions were derived using normal mode analysis[352]. The MM/GBSA method was

employed to decompose the binding free energy at the amino acid level[170,353,354].
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5.2.8. Construction and Validation of Markov State Model (MSM)
We used MSM to analyse simulation trajectories and examine the impact of various
inhibitors on the transitions between different states in MKK7. MSM represents a
kinetic network model that partitions conformational space into distinct states, where
conformations act as independent variables, and kinetic data is derived from transfer
probability calculations between states[355,356]. MSM partitions conformational
space into sub stable conformations to track state transitions. The transition process is
considered Markovian when its probability is determined only by the current state and
independent of prior states. The transitions among various sub-stable states can be
represented using the following equation.

P(nv) = [T(@]" P(0) (12)
Here, P represents the vector of state totals, T denotes the lag time, and T signifies the
transfer probability within the model.
In this study, the MSM was built utilizing the PYEMMA software[357]. Time-lagged
independent component analysis (TICA) was used to project the high-dimensional
space onto a lower-dimensional space[358]. Subsequently, the K-means clustering
algorithm was employed to categorize conformations into 100 microstates. A 10/20
step lag was determined using the implied time scale. To confirm that the model
follows Markovian behaviour, the Chapman-Kolmogorov (C-K) test[359] was
conducted, and the results were examined through graphical analysis.

T(nt) = T(t)" (13)

T(7) 1s the estimated transfer probability matrix associated with the lag time T, where
n signifies the count of integer steps. Following this, PCCA+ [360] was applied to
cluster the kinetically relevant microstates into 5 sub-stable states (macrostates).
Lastly, transition path analysis (TPT) was carried out to determine the transition
pathways and quantify their probabilities. The detailed methods were mention by
various groups where they had primarily used MSM to model various

proteins[361,362].

149



5.3. Results

In this study, we aim to explore the dynamic behavior of the MKK7 structure and to
investigate how binding of various inhibitors influences the protein structure and
dynamics. Here we chose four systems for study, the apo system (without inhibitors),
and three inhibitor bound systems: the Type I ATP-competitive inhibitor-bound system
(T1-I), the Type II inhibitor-bound system (T2-I), and the N-terminal allosteric
inhibitor-bound system (A-I). To attain these goals, we conducted Gaussian
accelerated molecular dynamics (GaMD) simulations on the kinase domains (KDs) of
MKK?7. For each system, four independent simulations were performed (1 pus per
simulation, totaling 4 pus per system) to enhance sampling and minimize the risk of
false positive results. For the analysis, we utilized the final 800 ns trajectories from

each simulation.
5.3.1. Structural Stability and Flexibility of Active and Inactive MKK?7

To evaluate the structural stability of whole protein for the apo and different inhibitor-
bound systems, the root-mean-squared deviations (RMSD) of backbone atoms were
calculated with reference to their initial conformations. The convergence of the
simulations is indicated by the time evolution of the RMSD of the protein backbone
atoms, as shown in Figure C1 of the supporting information. To further assess the
conformational dynamics of the apo and inhibitor-bound MKK?7, the combined
distribution and variability of the whole protein’s RMSD are represented using a violin
plot, as shown in Figure 5.3(A). The Apo state, exhibited a broader RMSD distribution
and a higher interquartile range, indicating higher RMSD deviation. In contrast, the
T1-I, T2-1, and A-I systems displayed narrow RMSD distributions with tighter
interquartile range, suggesting that ligand binding enhances the structural stability of
the protein. In their converged states, the three inhibitor bound complexes stabilized at
different RMSD values with respect to each of their crystal form. Table C1 of the
supporting information represents the average RMSD values calculated across all
individual four runs for each system. Overall, the analysis of RMSD trajectories

indicates that the inhibitor binding to MKK?7 enhances the stability of the protein.
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Next, the solvent-accessible surface area (SASA) of all four systems was calculated,
and the results are presented in Figure C2. The SASA was calculated for the entire
protein as well as for the specific ligand-binding pockets to evaluate the correlation
between ligand binding and solvent accessibility (see Figure C2(A)-(D)). The average
SASA varied between ~135-143 nm? The distributions were centered around
comparable SASA values, with only minimal differences observed across the systems.
This indicates that ligand binding does not notably impact the overall solvent
accessibility of the protein surface (see Figure C2(A)). Upon calculating the SASA
for the specific binding pockets, the observed decrease in SASA upon ligand binding,
suggesting displacement of water molecules from binding sites post ligand binding (see

Figure C2(B)-(D)).
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We further calculated the radius of gyration (RoG) to measure the compactness of all
systems as shown in Figure C3(A)-(D). As depicted in Figure C3(A), the overall
radius of gyration values had overlaps, indicating structural similarity across the
systems. However, the variations in peak positions suggest differences in the

predominant conformational compactness among the systems. We also analyzed the
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RoG of the binding pocket and observed an increase in compactness for the A-I and
T1-I systems following ligand binding. However, the T2-I system was less compact as
compared to apo, which may indicate that the binding of the Type II inhibitor induces
conformational changes that result in reduced binding pocket compactness (see Figure

C3(B)-(D)).

To assess the dynamic behaviour through atomic fluctuations in apo and inhibitor-
bound systems, the root mean square fluctuations (RMSF) of C, atoms were calculated
using combined trajectory data. The results, presented with standard deviation, are
depicted in Figure 5.3(E)-(H). As shown in Figure 5.3(E)-(H), the overall fluctuation
patterns were similar across all systems. However, a closer examination in the key
regions like, aC-helix and activation segment (A-segment) exhibited slightly higher
fluctuations for inhibitor-bound systems as compared to the apo system. In contrast,
the hinge region in the T1-I and T2-I systems showed reduced fluctuations relative to
the apo and A-I systems, likely due to the binding interactions near the hinge region in
case T1-I and T2-I systems. Additionally, we observed increased fluctuations in the

terminal region of the A-I system compared to the other systems.

Additionally, we also calculated the backbone RMSD for key dynamic regions,
including the A-segment (Figure 5.3(B)), aC-helix (Figure 5.3(C)), and P-loop
(Figure 5.3(D)). The violin plot analysis of the A-segment shows differences in
structural deviations among different systems. The Apo system had a bimodal RMSD
distribution (range 1.5-3 A), indicating stable conformations with limited variation.
The T1-I system (range 1.6-4.5 A) showed one sharp peak and two smaller peaks,
suggesting wider range of conformations. The A-I system (range 3.8-6 A) exhibited a
broad peak with higher median value, indicating greater conformational diversity in A-
loop upon allosteric modulation. The T2-I system shows the broadest RMSD range
(3.0-7.3 A) and slightly higher median than A-I, reflecting potentially more
conformational sampling in A-segment. Overall, the apo and T1-I systems displayed
similar distribution patterns, whereas the T2-I and A-I systems showed a similar
distribution trend. These suggest that the A-loop dynamics in the T2-I and A-I systems
may undergo allosteric modulation which influence the A-loop dynamics (Figure

5.3(B)). We generated the separate probability density plot for the A-segment and
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identified the structural conformation corresponding to the peak. Analysis revealed that
the A-I and T2-I systems displayed a closed-like A-loop conformation, whereas the
apo and T1-I systems had open-like conformations (see Figure C4). To gain detailed
insights, principal component analysis focusing on the dihedral angles (phi/psi) of the
residues (dPCA) of the A-loop were performed, with results discussed in the following
section. For the aC-helix region, the apo and A-I systems exhibit a single peak with a
similar distribution pattern, while the TI1-I and T2-I systems shows a broader
distribution with a comparable trend (see Figure 5.3(C)). The P-loop region showed a
consistent single peak across all systems, suggesting the binding of the Type I, II or
the N-terminal allosteric inhibitor induced negligible deviation in the P-loop dynamics
of the protein (Figure 5.3(D)). Furthermore, we computed the backbone RMSD for
several other critical regions, including the hinge region, the catalytic loop, and the
DFG segment, to evaluate their significance in ligand binding and the protein’s

catalytic functions (see Figure 5.4).
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Figure 5.4: Violin plots illustrating the RMSD distribution for (A) the hinge region, (B) the
catalytic loop (C-loop), and (C) the DFG motif.

As shown in Figure 5.4(A), the broader bimodal distribution of RMSD in the apo state
was due to the hinge region’s flexibility without a stabilizing ligand or ATP. For the
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A-I system, the allosteric inhibitor binds away from the active site, and may have
caused conformational changes that increased flexibility and RMSD. In contrast, T1-1
and T2-I inhibitors binds directly/close to the active site, stabilizing the hinge region,
as unimodal distribution was observed in both cases at lower RMSD values. In Figure
5.4(B), the catalytic loop (C-loop) displayed unimodal distribution with relatively low
RMSD values across all states, indicating it was less dynamic, which is typical for most
kinases. This stability is crucial for maintaining the structural integrity of kinases. In
Figure 5.4(C), the apo and A-I systems showed a single, unimodal DFG conformation.
T1-I exhibited broader RMSD, indicating moderate deviation, while T2-I had the

broadest distribution, reflecting higher conformational dynamics.

5.3.2. Global Dynamics, Residual Correlation, and Network Mapping in MKK7
Principal Component Analysis (PCA) is a widely recognized dimensionality
reduction technique used to characterize the overall motions within a protein. We
applied the K-means clustering method using the first two principal components
(PC1 and PC2) to classify the sampled conformations into distinct clusters, as shown
in Figure CS5. Cluster analysis identified three optimal clusters across all systems,
with the highest cluster comprising ~46.02—-52.28% of the conformations, while the
lowest contained ~13.93-25.05% (see Figure CS). Additionally, we generated a free
energy landscape using PC1 and PC2 to explore the conformational space and
visualized the primary modes of movement through porcupine plots as shown in
Figure 5.5. We also extracted structures from the minima region to analyse the
motion and probable conformational states of MKK?7 (see Figure 5.5). Among the
four systems, T1-1 showed the most restricted conformational sampling, while the
others had a wider sampling space with multiple energy minima / regions of high
sampling, suggesting higher conformational variability. The apo system exhibited
two minima separated by a moderate energy barrier and the extracted structures
revealed distinct motions in the f3-aC loop, P-loop and initial part of aC-helix
regions (see Figure 5.5(A)). For the A-I system showing broader conformational
sampling space, two structures were extracted from the high sampled regions.
Structures revealed significant dynamic behaviour in the P-loop and A-loop, with

the A-loop adopting a closed-like conformation (Confl), suggesting a likely inactive
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state (see Figure 5.5(D)). Similarly, the T2-I system exhibited three minima
separated by a significant energy barrier. The extracted structures indicate high
dynamicity in the B3-aC loop and aC-helix regions, characterized by outward
movement in confl and conf3. Additionally, the A-loop adopted a closed, inactive-
like conformation in confl, while conf2 and conf3 exhibit a semi-closed state (see
Figure 5.5(C)). The movements in the different regions resulting in various
conformations can also be observed in the porcupine plots mapping the PC1 and
PC2 on the protein structure.
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Figure 5.5: Principal Component Analysis (PCA) was performed for four systems. (A)
apo, (B) T1-1, (C) T2-1, and (D) A-I. The figure illustrates the PCA results, highlighting
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the extracted structures from the minima regions of the free energy landscape.
Additionally, a porcupine plot is shown to represent the dominant motions of the

protein in each system.

Additionally, to examine how different regions of MKK7 move relative to each other,
we performed a dynamic cross-correlation matrix (DCCM) analysis, which assesses
the correlation of motion based on C, atoms. Figure 5.6 presents a color-coded map
illustrating the extent of motion correlation, where positive values represent movement
in the same direction, while negative values indicate movement in opposite directions.
Key regions within the overall architecture of the kinase domain are highlighted in
dotted areas, providing a clear visualization of correlation patterns between these
segments and serving as positional references for the entire kinase domain. Several
correlated motions were observed between spatially close regions, such as the later part
of the aC-helix with the final portion of the aE-helix and the adjacent sections of the
catalytic loop, where the catalytic loop exhibited a stronger positive correlation motion
in the apo and T1-I systems. The hinge region showed a high degree of correlation with
some portion of the catalytic loop and the subsequent regions leading up to the
activation segment. The final residues of the aE-helix and the catalytic loop showed
correlated movement with the activation segment, most notably in T1-I, followed by
apo. This correlated motion was significantly diminished in A-I and T2-I, with T2-1
displaying a slight anticorrelated motion. Interestingly, the activation segment had a
negative correlation with B5 and the later residues of B4 in the N-lobe, particularly in
apo and T1-1. A strong correlation between the motion of the P-loop and the 3-aC
loop, located just before the aC helix, was prominently observed in the T2-I system,
which was also explored in our previous work[348]. Overall, the apo and T1-I systems
shared similar correlation patterns across multiple regions, whereas the T2-I and A-I
inhibitor-bound systems displayed a comparable correlation pattern distinct from the

former.
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Figure 5.6: Dynamic cross-correlation matrices (DCCM) illustrating the relationship
between different regions of MKK?7 using the Cq-atom motion relative to their average

position. The Pearson’s correlation coefficients are indicated using a color-coded scale.

Further, to investigate the structural alterations resulting from inhibitor binding at
different pockets, we carried out a protein structure network (PSN) analysis on the
apo and three inhibitor-bound conformations of MKK?7. PSN represents the protein
structure as a network, where amino acids serve as nodes and their interactions create
the links between these nodes. The degree of a node is defined by the number of
edges or direct connections it establishes, and nodes with higher degrees are
identified as hubs. A community in a network is defined as a group of nodes that are
more densely connected to each other than to the rest of the network. The webPSN

v2.0 webserver was used to perform network analysis on the four studied systems.
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For each system, a wide range of network properties were evaluated and summarized
in Table 5.1. Figure 5.7 presents the hubs and communities identified across all
systems, along with comparison of hub variations between the T1-I against the T2-
I and A-I systems. It is worth noting that the various systems exhibited significant
diversity in the total number of parameters measured. Following inhibitor binding,
there was a notable rise in the number of connected nodes, total links, hubs, and
links facilitated by hubs (see Table 5.1). Despite having a higher number of hubs in
the T1-I (35) and T2-1 (39), they formed a lower number communities as compared
to the apo state. Although the T1-I system had fewer communities, its strongest
community (Community-1) consisted of 30 nodes, 44 links, and 17 hubs formed
near A-loop and catalytic-loop in C-terminal region, significantly surpassing those
of other systems (see Table C2 and Figure 5.7). As a result, the T1-I system is
primarily stabilized by this dominant community, which may play a role in
maintaining its stable and active conformation. Refer to Table C2 for detailed
information on node, links, and hubs involved in forming communities from highest

to lowest rank.

Table 5.1: The network analysis of the four studied systems highlighting network

properties.
Network Properties Apo | T1-I | T2-1 | A-I
No. of linked nodes 270 | 273 | 274 | 280
No. of links 294 | 301 | 308 | 316
No. of hubs 29 35 39 43
No. of links mediated by hubs 111 140 | 146 | 154
No. of communities 11 7 10 13
No. of nodes involved in communities 53 55 63 70
No. of links involved in communities 67 72 84 92

Additionally, a comprehensive comparison was conducted, analysing the differences

and similarities in network properties between T1-I against T2-1 and A-I (see Table
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C3-C4 and Figure 5.7(I)-(L)). The comparison between T1-I and T2-I networks
(Table C3) shows a significant level of similarity, with approximately 96% of nodes
and 75% of links shared between them. However, T2-1 exhibited a slightly larger
number of nodes, links, and hubs, indicating a denser and more interconnected
network. The increased presence of specific hubs and links in T2-I suggests functional
differences that may contribute to allosteric regulation. Similarity metrics, including
the Jaccard index (62.71%), Otsuka index (69.82%), and Overlap Coefficient
(78.79%), demonstrate moderate-to-high overlap between the networks. Similarly, the
comparison between TI1-I and A-I networks (Table C4) reveals a strong core
similarity, with 94-96% of nodes and approximately 67—70% of links shared between
them. However, A-I exhibited a greater number of nodes (280 and 273), links (316 and
301), and hubs (43 and 35), reflecting a more interconnected network. Additionally,
A-I had a higher proportion of specific nodes (5.71%) and specific hubs (58.14%),
revealing differences which may have arisen due to allosteric regulations. The Jaccard
index (55.23%), Otsuka index (63.97%), and Overlap Coefficient (73.64%) indicated
a moderate level of overlap between these two networks. Overall, both T2-I and A-I
networks show greater complexity and connectivity than T1-I, with increased nodes,
links, and hubs, indicating functional diversity due to allosteric regulation in kinase

domain.
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Figure 5.7: (A)-(D) Hubs, and (E)-(H) community maps derived from network
analysis. (I)-(L) the differences in hubs between T1-I system with T2-I and A-I
system. Color-coding is used to distinguish link interaction strength, average hub
interactions, and the hierarchical organization of communities.

5.3.3. Conformational Transitions in The Activation Segment

The activation loop or A-loop, is a regulatory region in protein kinases, located near
the active site and one of the critical regions in controlling the activity of the kinase.
In kinases, the conformation of this loop region, and its extension the activation
segment plays a key role in controlling the activity of kinase and its ability to interact
with other proteins [363]. Based on the analysis of the A-segment RMSD and PCA

of the entire kinase domain of MKK7, we observed distinct dynamics and identified
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several probable conformational states, particularly highlighting the closed A-loop
(inactive like) conformation in the T2-I and A-I systems. To further investigate the
conformational changes within the activation segment, we performed a principal
component analysis focusing on the dihedral angles (phi/psi) of the residues
comprising the activation segment. Figure C6 in the supporting information
illustrates the percentage distribution of conformational populations across different
clusters for all four systems. This distribution is analysed using the K-means
clustering method in relation to the first two modes, dPC1 and dPC2. The T2-I
system was divided into four clusters, whereas the other three systems were divided
into three clusters, with their percentage distributions detailed in Figure C6. To
examine the free energy basins associated with dPC1 and dPC2, we constructed a
free energy landscape that highlights the various prominent conformational states
adopted by the activation segment (Figure 5.8(A)—(D)). As show in Figure
5.8(A)—(D), all systems showed multiple minima separated by moderate to high
energy barriers. Structural analysis from minima regions shows that in the apo and
T1-I systems, the A-loop predominantly adopted an open (active-like) conformation,
whereas in the T2-I and A-I (Conf3) systems, the A-loop adopted a semi-closed or
closed (inactive-like) conformation. The dPCA analysis of the A-loop aligns with
our previous A-segment RMSD and PCA analysis.
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Figure 5.8: dPCA-based Free Energy Landscape (FEL) generated for the four
studied systems, (A) apo, (B) T1-1, (C) T2-I, and (D) A-I. The extracted structures
from minima regions represent the most stable conformations observed during the
simulations.

5.3.4. Hydrophobic Spine Dynamics

The Spine model, introduced by Kornev et al. highlights the critical importance of
two sets of hydrophobic residues that span from the N-lobe to the C-lobe in the
kinase domain, playing a fundamental role in its structural integrity[364]. These two
spines, known as the regulatory spine (R-spine) and the catalytic spine (C-spine),
play a pivotal role in coordinating the structural organization and functional
assembly of the kinase domain of MKK?7. The R-spine residues of MKK?7 include
Val'®, Thr?®!, His?>*’, and Phe?’® while the C-spine residues comprise of Val'>,
Ala'®) Ala?", 11e?%°, Leu®®, Leu?®, Leu®?®, and Leu®*!. A common characteristic
observed in many catalytically inactive kinase structures is the disruption of the R-
spine, often resulting from the inward rotation of Phe?’® (in MKK7) during the DFG-

flip. The probability distribution plot for the R-spine and C-spine RMSD was
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generated to analyze their respective distributions, and shown in Figure C7. As
shown in Figure C7, The C-spine in the T2-I system exhibited a unimodal
distribution with a narrow peak (~0.5 A), while the T1-I system showed a single
broad peak (~0.3—1.4 A). In contrast, the apo and A-I systems displayed multimodal
distributions, with the apo system having two peaks (~0.7 A and ~2.0 A) and the A-
I system showing broader variation (peaks at ~0.7 A and ~1.4 A). The R-spine
RMSD had unimodal distributions for all, but the A-I and T2-I systems show broader
distributions (~0.3-2.0 A) compared to the relatively narrower distributions
observed in the apo (~0.3-1.5 A) and T1-I systems (~0.3-1.3 A). To gain into deeper
insights, we constructed a free energy surface (FES) plot of the R-spine versus C-
spine and extracted structures from the minima regions to analyze the alignment and
conformational states of the residues as shown in Figure 5.9. The apo system
exhibited two minima, due to two possible conformational states of the C-spine,
while in the other three systems we detected a single minimum, with A-I having
minima with larger sampling space. In the apo and the T1-I systems, the structures
derived from the minimum region showed an aligned R-spine (active R-spine) while,
in the T2-1 and A-I systems, the R-spine is misaligned or broken (inactive R-spine).
In the T2-I and A-I systems, the R-spine alignment is broken due to the structural
displacement of Phe?’® in the DFG motif.
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Figure 5.9: The 2D-FEL generated using RMSD of R-spine and C-spine. (A) apo,
(B) T1-1, (C) T2-1, and (D) A-IL. The structure associated with the minima regions
are shown.

5.3.5. Diverse Conformational States Observed in The aC-Helix and DFG Motif
In protein kinases, the active state and multiple inactive states are differentiated by
distinct structural arrangements of key residues. The positioning of the DFG motif
(Asp?”’, Phe?”® and Gly*”) and the aC helix also regulates both the active and
different inactive conformations of kinases [365]. The free energy landscapes of the
DFG motif and aC helix can be analysed using two key reaction coordinates (RCs),
as described by Tsai et al.[366]. The first RC involves the pseudo torsion angle
({(Cys?*’®)) calculated using the C, atoms of Leu?”*, Cys?’®, Asp?’’, and Phe?’8, which
helps differentiate between the DFG-in ({ < 120°) and DFG-out ({ > 120°) states
[367]. The second RC, proposed by M. Sultan et al., measures the distance (D)
between the NZ atom of Lys'®* and the CG atom of Asp'®?, representing the hallmark
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salt-bridge which tracks the aC helix movement[368]. The conformational space
explored using the reaction coordinates ( and D), with extracted structure derived
from MD simulations displayed in Figure 5.10(A)-(I). As shown in Figure 5.10(A)-
(I), the apo and T1-I systems predominantly retained their DFG-in conformations
throughout the simulations, whereas the T2-1 and A-I systems adopted a DFG-out
state throughout the simulations. In the apo and T1-I systems, the aC-helix sampled
both active and inactive conformations, with the inactive (aC-helix-out)
conformation being less explored in the time-scale of our MD simulations. In the
T2-1 system, both aC-helix-in and aC-helix-out conformations were observed, with
the aC-helix-in conformation being less prevalent. In the A-I system, only the aC-

helix-out conformation was observed, with the highest sampling at a distance of

approximately ~8-10 A.
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Figure 5.10: (B) The explored conformational space of four systems, mapped with
respect to the pseudotorsional angle ({) and the distance between Lys!'®—Asp!®?
residues. (A) and (C)-(I) represented the conformation of active and inactive MKK7.
(J)-(M) represent 2D-FEL of two hallmark salt bridge distance between Lys'® and
Asp'®? in Y-axis and Lys'® and Asp?’” on X-axis.

In addition to the salt bridge between the P3-lysine (Lys'®S) and the aspartate
(Asp'®?) of the aC-helix, a prominent salt bridge exists between the P3-lysine
(Lys'%) and the aspartate (Asp®’’) of the activation segment, which plays a critical
role in stabilizing the active conformation. To gain a more detailed understanding,
we constructed the 2D FEL between these two prominent salt bridges, as shown in
Figure 5.10(J)-(M). The apo and T1-I systems showed a global-minima within a 5
A distance range, indicating stable formation of both salt bridges throughout the
simulations (see Figure 5.10(J), (K)). The T2-I system had a global-minima outside
the 5 A range, with a significantly broader sampling space compared to the apo, T1-
I, and A-I systems (see Figure 5.10(L)). In contrast, the A-I system displayed a
unique distribution as the salt bridge between Lys!% and Asp'®? was disrupted by
the outward movement of the aC-helix, while the salt bridge between Lys!® and
Asp?”’ remains intact and consistent (see Figure 5.10(M)). Additionally, we also
used K-means clustering method to categorize the sampled conformations into
distinct clusters, along with their respective occurrence percentages, as shown in
Figure C8. From Figure C8, we can clearly observe the formation and disruption
of salt bridges in detail. The above results indicate that the apo and T1-I systems
likely represent active kinase conformations, as their salt bridges remain stable
within a 5 A distance range. In contrast, the T2-I and A-I systems exhibit either
brokage of both salt bridge (T2-I system), or single salt bridge (A-I system), which
are characteristic of inactive kinase states.

5.3.6. P-loop Structural Dynamics

In protein kinases, the phosphate-binding loop (P-loop) is a highly conserved
structural motif essential for ATP-binding and catalytic activity. The conformational

flexibility of the P-loop is critical for the precise positioning of ATP, enabling
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efficient phosphoryl transfer during enzymatic reactions. Recent research on
STK17B kinase has shown the importance of P-loop dynamics in modulating
inhibitor selectivity and kinase regulatory mechanisms[369]. Similarly, studies on
MAP4K4 and some other kinase reveal that unique folded shapes of the P-loop can
affect how selective the kinase is, indicating that the P-loop flexibility plays a key
role in kinase activity[370]. Additionally, the P-loop’s structural flexibility in
protein kinases plays a key role in substrate binding, with conformational changes
impacting overall kinase activity[371]. Here we created a scatter plot using K-means
clustering to investigate P-loop dynamics, using the P-loop RMSD and the center of
mass distance between the P-loop and the HRD motif, which is conserved in kinases,
as reaction coordinates (see Figure 5.11). Figure 5.11 clearly shows that all four
systems were divided into clusters with a comparable distribution, consistent with
the previously described P-loop RMSD, which shows a unimodal distribution. In the
Apo state, the dominant C1 cluster had 46.73% population, with distance in the
range of ~18-20 A. In T1-1, the C1 cluster contained 46.85 of the overall frames,
however with reduced distance (range ~17-19 A), due to Type I inhibitor binding.
T2-I showed a higher C1 prominence (54.25%), within a distance range of ~21-23
A. In A-I, C1 with a distance range of ~23-25 A, and C2 at a lower distance were
close to equally populated (41.27% and 38.02% respectively), with C3 containing
20.70% frames. A-I also showed a slightly greater distance variability with large
sampling size in Y-axis (see Figure 5.11). Overall, the P-loop showed dynamics
with slightly different conformational preference in terms of the P-loop-HRD motif
distance across all systems, with an overall distance range of ~17-27 A in all

systems.
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Figure 5.11: (A) A within-cluster sum of squares plot illustrating the four systems
based on K-means clustering, using P-loop RMSD and P-loop-HRD distance, with
elbow points identifying the optimal cluster count. (B)-(E) Clustered scatter plots
based on the P-loop RMSD and P-loop-HRD distance, displaying population

percentages (rounded to two decimal places) for each respective cluster. The black dots

represent centroids of the cluster.
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5.3.7. Binding Free Energy Analysis

The total binding free energy was calculated, along with highlighting the residues
involved in binding and the hydrogen bonds formed between the inhibitors and MKK7.
The average binding free energy, along with its various components for the T1-1, T2-
I, and A-I systems are listed in Table 5.2. As shown in Table 5.2, the T2-I inhibitor
displayed highest binding affinity or the lowest binding free energy to MKK7 (AGbvind
= -30.62 kcal/mol) than the T1-I (AGvind = -6.52 kcal/mol) and A-I (AGping = -7.78
kcal/mol) inhibitors. Table 5.2 further shows that the T2-I system exhibited more
favourable van der Waals interactions (AEvdw = -100.58 kcal/mol) and non-polar free
energy (AGnp = -7.25 kcal/mol) compared to the other two systems. The T2-1 system
exhibited higher polar solvation energy (AGpo = 83.07 kcal/mol) than the other
inhibitors because of its larger structure, which includes more polar groups.
Additionally, due to its higher number of possible rotatable bonds, it also showed
higher entropy contribution (-74S = 38.69 kcal/mol) compared to the other two
systems. In all three systems, the favourable intermolecular electrostatic interactions
were outweighed by the unfavourable polar solvation free energy. Therefore, van der
Waals interactions emerged as the dominant driving force for interactions in case of all

the systems.

Table 5.2: The components of the total binding free energy for the T1-1, T2-I, and A-
I systems bound to MKK?7. All values are in kcal/mol. Enthalpy value represent the
average of four simulation runs, whereas entropy is calculated from one run due to high

computational cost. the standard errors of the mean are included in parentheses.

MKK7/ llgand AEvaw AEelec AGpol Aan -TAS AGbind

complex
MKK7/T1-1 -42.09 | -21.28 | 40.38 -3.72 20.19 -6.52
(0.03) | (0.05) | (0.05) | (0.00) (1.006) (1.006)
MKK?7/T2-1 -100.58 | -43.96 | 83.07 -7.25 38.69 -30.62

(0.03) | (0.05) | (0.06) | (0.00) | (0.48) | (0.49)
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MKK?7/A-1 -46.20 | -10.97 | 30.80 -4.18 22.77 -7.78
(0.04) | (0.04) | (0.05) | (0.00) (0.60) (0.61)

Furthermore, we decomposed the total binding free energy at the residue level for all
three complexes. We highlighted only the residues whose contribution to the total
binding free energy was lower than -1.0 kcal/mol and shown in Figure C11(D).
Residues Met'*? and Val'*®® from the P-loop contribute in the binding of the T1-I
system, whereas no P-loop residues contribute to the binding in the T2-I and A-I
systems. Interestingly, the aC-helix residues Val'®® and Val'®¢ were involved in the
interaction with the T2-I system but not with the T1-I and A-I systems, as suggested
by the per residue analysis and their binding poses (Figure 5.12(A)-(D)). Interestingly,

213 and Leu?'* were involved in

in the T1-I system, the hinge region residues Glu
interactions, whereas the hinge region did not contribute to the interaction profile in
the other systems. The aC-helix region significantly contributed to the complexation
process in the T2-1 system, while the hinge region played an important role in
stabilizing the complex in the T1-I system, revealing the distinct functional roles of
these important regions in the binding mechanisms of their respective systems.
Furthermore, the LigPlot+ software was used to plot the interaction profiles for all
three systems, highlighting both hydrophobic interactions and hydrogen bonds (see
Figure 5.12(A)-(C)). The interaction profile reveals that the A-I system was
characterized by the absence of hydrogen bonds, with hydrophobic interactions as the
primary driving force. In the T1-I system, two hydrogen bonds were observed, yet

hydrophobic interactions were still dominant. However, the T2-I system displayed six

hydrogen bonds, along with a high number of hydrophobic interactions.
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Figure 5.12: Protein-ligand interaction diagram for (A) A-I, (B) T1-I, and (C) T2-L
(D) The per-residue energy contribution from the MM/PBSA calculations for each
system. (E) The hydrogen bonds formed with > 10% occupancy throughout the

collective GaMD trajectories.

Furthermore, we also calculated the H-bond occupancy using MD trajectories which
determine the stability and strength of the interactions and shown in Figure 5.12(E).
Hydrogen bonds with an occupancy greater than 10% are shown here. As shown in
Figure 5.12(E), the A-I system displayed only one hydrogen bond (Lys'®®) with an
occupancy of 10.63%, which is consistent with the interaction profile, where no stable
hydrogen bond was observed. In the T1-I system, we observed three hydrogen bonds
(Glu'®, 36.88%), (Glu'6, 22.21%), and (Met?!3, 21.45%), which primarily stabilized
the interaction through hydrogen bonding. Similarly, for the T2-I system, we noted six

stable hydrogen bonds with occupancies greater than 10% (Asp®”’, 67.23%), (His**’,
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22.31%), (Met?!5, 22.23%), (Thr?'7, 17.31%), (11e**¢, 14.96%), and (Asp'®?, 11.44%),
all of which contributed in stabilizing the interaction through hydrogen bonding.

277 formed the stable H-bond with higher occupancy (see Figure

Among all, Asp
5.12(E)). All the hydrogen bonds play a crucial role in favourably stabilizing the

interactions between the inhibitors and MKK7.
5.3.8. Conformation Transition Elucidated via MSM Analysis

The combined trajectory was utilized for MSM analysis, which models the transitions
between distinct conformational states as Markov processes. In this approach, the
conformational space is divided into numerous microstates, and the transition
probabilities between them are estimated. The MSM was built using the backbone
dihedral angles (¢ and V) of the entire protein, which has been shown to effectively
capture its large-scale conformational changes [372]. To validate the constructed MSM
models, an implied timescale analysis was performed, followed by the C-K test
(Figure C9-C12), confirming that the models exhibit Markovian behavior. A five-
macrostate model was constructed to examine the structural differences within each
system. The MSM network, as shown in Figure 5.13, represents the conformational
states and their transitions across various studied systems. Each macrostate is
represented by a colored circular node, and the percentages indicate the distribution of
states. Transitions between states are represented by arrows, with thicker arrows
signifying greater transition possibilities and the numbers denoting timescales.
Representative structural ensembles for each macrostate are displayed in the
surrounding structural figures, showing conformational variations across different
macrostate conditions. Macrostate 5 was the most sampled in the apo and T1-I systems,
with occupancy of 30.72% and 58.38%, respectively, and its structural representation
featured an extended open type A-loop with active-like visual characteristics. In the
T2-1 system, macrostate 2 (31.53%) and 3 (29.52%) were prominently explored, with
structural features indicating a closed A-loop conformation. In the A-I system, the most
dominant macrostate 5 had a population of 51.71%, exhibiting an open-like A-loop.
However, the lesser sampled macrostates 2 (6.46%) and 4 (15.83%) displayed a closed

A-loop conformation in the A-I system. This observation aligns with our previous
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analysis, indicating that the inactive-like structure is less frequently sampled in the A-
I 'system, as compared to T2-1. A free energy landscape, derived from the MD trajectory
and projected onto the two slowest independent components (ICs), is depicted in
Figure C13. Overall, the distinct dynamics along with the population percentage and
transition pathways calculated in the MSM suggest that different inhibitors stabilize

specific conformational states, potentially influencing the functional behavior and

regulatory mechanisms of specific systems.

Figure 5.13: A five-state macrostate model built for the four studied systems based on
Markov State Model (MSM) analysis, with percentage distributions indicated for each

state. The thickness of the arrows represents transition probabilities, and the
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accompanying values denote the expected transition times. Ten representative
structures from each macrostate are superimposed on the sides. Key structural regions
are highlighted using the following color scheme: pink for the p-loop, orange for the
catalytic loop, green for the activation segment, red for the aC-helix, and cyan for the

hinge region.
5.4. Discussion

Understanding how different inhibitors influence the conformational dynamics of
kinases, such as in MKK?7, is essential for drug design, as these dynamics play a central
role in kinase function and regulation. In this study, we investigated the effects of Type
I, Type II, and N-terminal allosteric inhibitors on the conformational dynamics of
MKK?7. Our findings provide valuable insights into the binding modes of these
inhibitors by revealing distinct mechanisms through which they modulate the structure
and function of the kinase. By combining structural, dynamic, and energetic analyses,
we have identified key differences in how these inhibitors influence MKK?7’s stability

and conformation, offering valuable insights for targeted therapy development.

In this study, we employed GaMD simulations to explore the dynamic behaviour of
MKK?7 in its apo form and different Type I, Type II, and N-terminal allosteric ligand-
bound forms. Analyses such as RMSD of various regions, RMSF, SASA, RoG, PCA,
dPCA, DCCM, PSN, and binding free energy calculations provide a broader
understanding of MKK7 dynamics in its different forms. The RMSD analysis of the
entire protein indicates that inhibitor binding enhances the structural stability of
MKK?7, as revealed by the single unimodal distribution of RMSD observed in Type I,
Type II, and N-terminal allosteric ligand-bound systems compared to broad RMSD in
the apo form. This observation aligns with previous studies on kinases like IRAK4
[55], FGFR-1 [267], FAK[373] where ligand binding often stabilizes specific
conformations. Variations in the RMSD values of inhibitor-bound complexes indicate
that each inhibitor induces distinct conformational changes, affecting the overall
stability of MKK?7. Next, the SASA analysis reveals that ligand binding has minimal
impact on the overall protein. However, a decrease in the SASA of the binding pocket

was observed, indicating the displacement of water molecules upon ligand binding also
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observed in other kinases like CaMKIV [374]. The T2-I system was less compact than
the apo form, suggesting that Type II inhibitor binding induces conformational
changes, leading to reduced pocket compactness and has distinct binding mechanisms
from Type I inhibitors. RMSF analysis showed similar overall fluctuation patterns, but
catalytic regions (aC-helix and A-segment) showed slightly higher fluctuations in
inhibitor-bound systems. Similar RMSF pattern was also seen in case of WNK [297]
and JAK?2 [375] kinase. The hinge region in T1-I and T2-I systems exhibited reduced
fluctuations, likely due to binding pocket near hinge region, supporting the idea that

inhibitors modulate kinase dynamics, impacting the specific regulatory regions.

Further, RMSD analysis of important regions like A-loop, aC-helix, and P-loop,
highlights the distinct effects of different inhibitor types. The apo and T1-I systems
followed similar trends in most of the observations, while the T2-1 and A-I systems
followed a similar trend distinct from former two. This suggests that A-loop dynamics
in T2-1 and A-I systems may be influenced by allosteric modulation further supported
by studies into kinases like MEK1/2 [376] and some other kinase groups [377].
Notably, the A-I and T2-I systems sampled a closed or semi-closed A-loop
conformation, whereas the apo and TI-I systems maintained an open-like
conformation. Since A-loop conformation is crucial for kinase activation and substrate
binding, these findings provide important insights into inhibitor-induced structural and
conformational changes. As parts of the A-loop was missing in the crystal structure,
we modelled it before simulation. Still, the T2-I and A-I inhibitors allosterically
induced an inactive, closed-like conformation of A-loop through allosteric
modulations. PCA with K-means clustering revealed that the T1-I systems showed
smaller sampling space, whereas the T2-1 and A-I systems explore a broader sampling
space, indicating higher conformational variability. The free energy landscape further
supports these findings, with extracted structures from minima regions highlighting the
dynamic behaviour of important regions, consistent with previous studies on allosteric
inhibitor-induced kinase conformational changes [378]. Salt-bridge disruption and
outward aC-helix movement were observed in the T2-I and A-I systems, consistent
with similar findings in kinases such as JAK2 [375], EGFR [379], and WNK [297].

DCCM analysis showed similar correlation patterns in apo and T1-I systems, while
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T2-1 and A-I systems exhibited a distinct but comparable pattern agrees with other
analysis. PSN analysis showed that ligand binding increases connected nodes, links,
and hubs, thus reorganizing the communication network for specific inhibitor types
also reported in DLK kinase[308]. The TI-I system, despite fewer communities,
formed a dominant cluster near the A-loop and catalytic loop, supporting its stable
active conformation. Binding free energy analysis shows that the Type II system has
the lowest binding energy, followed by the N-terminal allosteric and Type I inhibitors.
The higher affinity of Type Il inhibitors over Type I is consistent with findings in other
kinases like JAK2 [375] and WNK [297]. Further, through MSM analysis, we
characterized the protein dynamics and visualized in terms of five macrostates,
providing insights into transition pathways, probable timescales, and detailed

conformational sampling across each system.

Overall, our results reveal that allosteric ligand binding induces conformational shifts
in important regions on the kinase domain of MKK7, which are crucial for its catalytic
activity. These results are in agreement with earlier studies on kinases such as BRAF
[380], EGFR [379], JAK2 [375], Cdk2 [381,382], where allosteric ligand binding was
found to affect the structural stability and dynamics of the kinase. Our simulations
specifically reveal that Type I inhibitors, stabilize the kinase in an active-like
conformation, while Type II and N-terminal allosteric inhibitors, sample inactive like,
closed conformations. Similar to the active and inactive dynamics of MKK?7,
comparable observations have been reported in several kinases, including Akt [383]
and Src family kinases [384], JAK2 [375] , WNK [297] and AGC [385]. Studies on
receptor tyrosine kinase (RTKs) like FGFR1 [386] and VEGFR2 [387] and non-
receptor kinases like Src [388] show that the A-loop conformation controls kinase
activation, with ligands stabilizing either active or inactive states based on their binding

site agrees with our studies.

The different types of ligands induced conformational dynamics of MKK?7 are highly
relevant for drug discovery effort, especially in the context of cancer and neurological
diseases. The strategy of allosteric inhibition is emerging strategy in protein kinase,

involving the targeting of specific inactive kinase conformations to modulate their
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function. Allosteric inhibitors that target these conformations can be more selective
and effective than traditional ATP-competitive inhibitors. Our findings further enrich
the broader understanding of MKK?7 structural dynamics and how they are regulated
by small molecules, laying a strong foundation for the development of next-generation

MKK7 inhibitors that offer improved efficacy, specificity, and therapeutic potential.
5.5. Conclusion

In this study, we run multiple GaMD simulations total 16 us (with four different initial
velocities) to explore the conformational dynamics of MKK7 induced by various types
of inhibitors. This study examined the conformational dynamics and inhibition
mechanisms of ATP-competitive inhibitors (Type I) and allosteric inhibitors (Type II
and N-terminal bound) and comparing them to the native apo structure. Our results
reveal distinct conformations of MKK?7 in the allosteric inhibitor-bound system, which
are unique compared to their crystal conformations. Thus, all the conformations can be
explored to develop unique and selective allosteric inhibitors. Our findings highlight
significant conformational changes in the A-loop, aC-helix, B3-aC loop, and
hydrophobic spines following inhibitor binding. We also observed the breaking of
hallmark salt bridge between Lys'® and Asp'®? in the inactive conformations due to
the outward movement of aC-helix. Finally, we calculated the binding free energy
using the MM/PBSA approach and found that Type II inhibitors have the highest
affinity, followed by N-terminal allosteric inhibitors and Type I inhibitors. We have
also identified several key residues from all three binding pockets that could be useful
for future drug discovery approaches. Thus, these inactive state of allosteric binding
MKK?7 and their binding patterns offer a crucial foundation for developing and

designing potent and specific allosteric inhibitors in the near future.
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Chapter 6

Unravelling the Molecular Choreography of JNK Isoforms to
Understand the Structural Dynamics and Phosphorylation Driven

Conformational Transitions

AIM: To investigate how phosphorylation and ATP-competitive inhibitor (SP600125)

binding affects the conformational dynamics of JNK isoforms.

This chapter is reproduced from our original article:

Koirala, S., Samanta, S., Ursal, K.D, & Kar, P. “Unravelling the Molecular
Choreography of JNK Isoforms to Understand the Structural Dynamics and
Phosphorylation Driven Conformational Transitions”. Archives of Biochemistry and

Biophysics (Submitted)

6.1. Introduction

The c-Jun N-terminal kinase (JNK) signalling pathway is an essential part of the
mitogen-activated protein kinase (MAPK) signalling pathway, functioning as an
important link between external signals and cellular responses like extracellular stress,
gene expression, and cell growth [100]. External stress like oxidative stress, UV
radiation, and inflammatory cytokines, in addition to growth factors and other cellular
signals, play a key role in activating this signalling pathway. Upon activation, JNK
phosphorylates numerous transcription factors like c-Jun, ATF2, and p53, which play
an important role in regulating gene expression that influences apoptosis, cell
differentiation, stress response, and cell cycle progression [115]. JNK activation is
mediated by two MAPK kinases MKK4 and MKK7, which selectively phosphorylate
tyrosine and threonine residues within the activation loop [389]. Since both tyrosine

and threonine phosphorylation are required for JINK activation, MKK4 and MKK7 may
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function cooperatively to achieve this [390]. The activation of MKK4 and MKK?7 is
mediated by multiple MAPKK kinases, including MLK, ASK, and DLK [391]. The
JNK signalling pathway is evolutionarily conserved among different species,
underscoring its critical function in regulating cellular homeostasis. Figure 6.1 shows
the context-dependent roles of JNK isoforms in neuronal growth, differentiation, and
stress response, highlighting their regulatory interactions. However, dysregulation of
JNK signalling has been linked to neurological diseases like neurodegeneration
[117,392], chronic inflammatory conditions such as rheumatoid arthritis (RA)
[325,393], inflammatory bowel disease (IBD) [123,394], infectious diseases [395], and
cancer [113,396]. Additionally, its dysregulation is also linked to various pathological
conditions, including metabolic disorders such as obesity [397], type 2 diabetes (T2D)
[398,399], and non-alcoholic fatty liver disease (NAFLD) [400]. As the JNK pathway
contributes to both physiological and pathological events, the it is a crucial component

for understanding how cells respond to stress and developing targeted therapies.

JNKs are structurally related to other MAP kinases, such as ERK2 and p38, as their
kinase domains exhibit a conserved fold and a similar mode of activation through
phosphorylation[48]. The structure includes a smaller N-terminal lobe, predominantly
made up of B-strands, and a larger C-terminal lobe, primarily composed of a-helices,
connected by a flexible hinge-like region. The ATP-binding site, located within a deep
cleft at the interface of the N and C lobes, has been a key target in JNK drug discovery,
along with other strategies to disrupt its interaction with scaffold protein JIP. Most
known inhibitors of JNK are type I kinase inhibitors that bind to the highly conserved
ATP-binding pocket. The key challenge with these inhibitors is their lack of selectivity,
as the ATP-binding site shows up to 98% homology across JNK isoforms [401].
Several comprehensive reviews on JNK inhibitor development have been reviewed by
Siddiqui and Reddy [402], Graczyk [403], and Koch et al. [404], who detailed the

progression and the discovery of JNK inhibitors along with challenges.
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Figure 6.1: JNK signalling modulates cellular processes in response to environmental
conditions. In neurons, JNK1 contributes to axon elongation via JUN and AFT2,
whereas MKP1 negatively regulates JNKI1. During differentiation, histone H3
phosphorylation by JNK2 and JNK3 facilitates RNA Pol II transcription. Under stress,
JNK3 activates JNK2, which subsequently phosphorylates JUN and AFT2, forming
the AP1 complex and initiating apoptosis. These mechanisms highlight the diverse

functional roles of JNK isoforms.

The three isoforms of the JNK family, namely JNK1, JNK2, and JNK3, are encoded
by different genes, and they vary in their expression patterns, substrate specificity, and
individual functions within the cell [90]. INK1 and JNK2 are widely expressed across
different tissues, where they contribute to various cellular processes, including
metabolic regulation, cell cycle control, and immune reactions. Unlike JNK1 and
JNK2, JNK3 is primarily expressed in the brain, where it plays a key role in neuronal
functions and stress-related processes in the central nervous system along with low

level expression in heart, and testes [405,406]. Although these isoforms share similar
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structures, they produce different biological effects because of variations in their
activation kinetics, substrate specificity, and nature of interactions with other
proteins[407]. Each JNK isoform has a unique role in disease progression, which
underscores the need for depth studies on their signalling pathways and their
mechanisms of action. Understanding how they contribute to cellular processes and

disease is important for developing isoform-specific therapy with more specificity.

Molecular dynamics simulations were performed in this study to explore the
comparative structural dynamics and energetic characteristics of the three JNK
isoforms JNK1, JNK2, and JNK3 bound with the inhibitor SP600125 in both
phosphorylated and unphosphorylated forms. SP600125, an anthrapyrazolone
inhibitor, is recognized as one of the most potent ATP-competitive inhibitors of JNK
reported in 2001[408]. Therefore, we used this inhibitor for all three JNK isoforms
included in our study. A thorough analysis of the structural dynamics of all three JINK
isoforms in both their phosphorylated and unphosphorylated forms, with also focus on
the impact of phosphorylation and inhibitor selectivity, has not been previously
reported in the literature. Investigating the structural behaviour of these isoforms in
phosphorylation states is crucial for understanding their functional variety and
regulatory mechanism. Phosphorylation serves as a key mechanism for controlling
JNK activity, triggering structural rearrangements and influencing substrate affinity.
This study explores the binding interactions of SP600125 with JNK isoforms under
phosphorylated and unphosphorylated conditions, offering insights into how post-

translational modifications influence kinase-inhibitor binding and structural integrity.
6.2. Materials and Methods
6.2.1. System Preparations

The structures of all three JNK isoforms were retrieved from the PDB database. The
structures for JNK1 (PDB ID: 3ELJ)[409], INK2 (PDB ID: 7N8T)[109], and JNK3
(PDB ID: 3TTI)[410] were obtained from the database, and unnecessary components
were deleted while keeping ligand and missing residues were modelled using
MODELLER[411] of UCSF Chimera[412]. Moreover, since the sequence similarity
among JNK isoforms is more than 80%, the coordinates of the inhibitor SP600125
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from the complex of INK1/SP600125 (PDB ID:1UKI) were taken and fitted to other
JNK isoforms with the relative orientation to generate the respective protein/ligand
complexes. In this way, all the complexes of SP600125 with INK1/2/3 isoforms were
prepared. Previously, the same methodology was followed for the WNKI1 kinase
isoform[413]. After the formation of complexes, we phosphorylated the Thr and Tyr
residues in the TPY motif of A-loop, creating six systems, three with phosphorylation
and three without phosphorylation and subsequently subjected them to MD
simulations. The phosphorylated system are denoted as INK1-p, INK2-p, JNK3-p and
the unphosphorylated system are denoted as JNK1-u, JNK2-u, JINK3-u. Additionally,
pairwise sequence alignment was carried out using BLAST[414], and multiple
sequence alignment was performed using the Clustal Omega[415] server for each of
the four isoforms. Further, we used the DALI webserver[416] to generate isoform

similarity heat maps.
6.2.2. Molecular Dynamic Simulations

To explore the structural and conformational dynamics of JNK1, JNK2, and JNK3 in
their phosphorylated and unphosphorylated states while interacting with the inhibitor
SP600125, we carried out triplicate run of Ius all-atom molecular dynamics
simulations. Amber ff14SB [153] force field was used to model the protein, and the
updated general Amber force field (GAFF2) [163] force field was used to model to the
ligand SP600125. To represent the phosphorylated tyrosine and threonine residues in
the activation loop of JNK, the phosaal( [343] force field was used. The TIP3P [172]
water model was used in a truncated octahedron box with a 10 A distance from the
walls. To ensure neutrality of overall system, appropriate amounts of Na+ and ClI- ions
were added. MD simulations were conducted using pmemd.cuda module of
AMBER18[417] with GPU acceleration. The Particle Mesh Ewald (PME) [418]
method was used to compute long-range electrostatic interactions, providing an
representation of non-bonded forces with a cut-off of 10 A. The SHAKE[169]
algorithm was used to constrain all covalent bonds involving hydrogen atoms. The
energy minimization process was carried out in two sequential steps. The first

minimization with force constrains of 2.0 kcal mol™! A involved 5000 steps using
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steepest descent followed by 5000 steps using conjugant gradient algorithm. The
second minimization without any constrains involved 100 steps using steepest descent
followed by 900 steps using conjugant gradient algorithm. Following energy
minimization, the system was heated from 0 K to 300 K in the NVT ensemble with
harmonic constraint of 2.0 kcal mol™! A-2. This was followed by equilibration of 50 ps
in the NVT with restraint constraint of 2.0 kcal mol! A, followed by equilibration of
1.0 ns with NPT without any restraint. The next step involved running 3 x 1 us per
system long MD simulations, using a 2.0 fs time step in the NPT ensemble, with
constant environment of 1.0 atm pressure and 300 K temperature. The berendsen
barostat [180] and langevin thermostat [295] were used to maintain constant
temperature and pressure throughout the simulation period. Overall, 300,000 frames

were generated for each system.
6.2.3. Trajectories Analysis

All the analyses, including the calculation of root-mean-square deviation (RMSD),
root-mean-square fluctuations (RMSF), radius of gyration (R), and solvent accessible
surface area (SASA), were performed using the Cpptraj [264] module from
AmberTools19. Scientific plots were generated with the use of Python, and for the

visualizing the 3D structures of the proteins, the ChimeraX [291] software was used.
6.2.4. Essential Dynamics Analysis and Free Energy Surface

We used Principal Component Analysis (PCA)[304] techniques to identify structures
with low energy (probable conformation) from the high dimensional phase space
trajectories using the Cpptraj module in AmberTools19. PCA calculations involve
diagonalizing the covariance matrix of positional deviations within a structural
ensemble, where the eigenvectors and eigenvalues represent the direction and
amplitude of the motion, respectively. Detailed methods on PCA was discussed in our
previous work [348,354]. In addition, we study the structural and conformational

selections in the loop region using dihedral PCA (dPCA) [216] for further insights.

Free Energy Surface (FES) provides a comprehensive map of all feasible

conformations of a molecular entity, aiding in the exploration of spatial arrangements
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of interacting molecules and their respective energy states [349]. To investigate the
structural reorganization of JNK isoforms, FES plots were generated using the

following equation.

Nj

G; = —ksTIn (

) (1)

Nmax

Here, kg represents the Boltzmann constant, and T denotes the absolute temperature.
N; refers to the number of molecules in the ith bin, while Nmax is the highest populated
bin. Any bin without a population was assigned an artificial barrier scaled according

to the minimum probability value.
6.2.5. Protein Structure Network (PSN)

The structural network analysis was conducted using the web PSN v2.0 [221] server,
which applies graph theory-based protein structure networks (PSN) and Elastic
Network Model-Normal Mode Analysis (ENM-NMA). In the PSN framework, amino
acid residues are represented as nodes, and the percentage strength of their noncovalent
interaction between two nodes, ‘i’ and ‘j’, is determined using the following formula.

Tlij

x 100 (2)

The number of side chain atom-atom pairs between nodes ‘i’ and ;> within a 4.5 A
cutoff distance is represented as ‘n;’. ‘Ni’ and ‘N’ represent normalization factors.
When ‘n;;” exceeds the set threshold ‘L.ix’, it signifies the presence of a connection or
edge between the nodes. A node is considered a hub if it maintains a minimum of four
connections (edges) with other nodes at a given Imin. Within a network, a community
is made of highly interconnected nodes that share stronger interactions internally than

with external nodes.
6.2.6. Dynamic Cross-Correlation Matrix (DCCM)

To investigate the motion correlations across various regions of the protein, we
performed a dynamic cross-correlation matrix (DCCM) [419] analysis on different
phosphorylated and unphosphorylated JNK isoforms. The analysis was conducted

using Bio3D [303] module of R in RStudio, where we used the combined trajectories
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of triplicate run from last 800 ns for each system. Using the Ca atoms of the protein,
the correlation coefficients were determined by applying the time-averaged deviation

of the ith residue from its mean position (Ari) as follows.

<AT‘l‘AT‘j>
G = = )
<Ar{ ><Arj >

Here, positive Cjj value signifies correlated motions between the ith and jth residues,
whereas a negative Cj; value suggests anticorrelated motions. When the Cjj value equals
0, it shows no correlation between the residues. The correlation data was then mapped

onto the protein structure and viewed using PyMOL.

6.2.7. Binding Free Energy Calculations

The binding free energy (AGuving) of INK isoforms with SP600125 was calculated using
the MM/PBSA method and the MMPBSA.py script from the AMBERI18 software
package. This energy is determined by three key factors, internal energy (AEintemar),
desolvation free energy (AGsolv), and configurational entropy (7AS), which are

explained through the mathematical equation as follows.

AGbind = Gcomplex - Gprotein - Gligand (4)

The free energy for each component in equation 4 is calculated using the corresponding
free energy expression given in equation 5.

G =< Einternat > + < Ggopp > —T < Sconf > )

The terms Einernar and Scons refer to the internal molecular energy in the gas phase and
the conformational entropy respectively, while (Gyonv) represents the solvation free
energy, including both polar (G,.) and non-polar (G,p) components. the Einemar 18

further described as.

Einternat = Ecov + Eetec + Evaw (6)

Ecov, Eeclec, and Evqw correspond to the covalent, electrostatic, and van der Waals

interactions. The covalent interaction term, Ecov, can be further decomposed as follows.
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Ecov = Epona + Eanglet Edinearai (7
The calculation of the non-polar solvation term (Gyp) is based on an empirical formula
that includes adjustable parameters.
Gnp = ¥ XSASA+ f (8)
The LCPO method[351], with a 1.4 A probe radius, was used to compute the solvent-
accessible surface area (SASA). The surface tension (y) and cavity offset ()
parameters were assigned values of 0.0378 kcal mol'A? and 0.5692 kcal/mol,
respectively. The MMPBSA.py script in the AMBER18 package was employed to
calculate the binding free energy (enthalpy, H) of the protein-ligand complexes. Using
the Adaptive Poisson—Boltzmann Solver (APBS), the solvation free energy (GPB) was
computed, where the linear Poisson—Boltzmann equation solved using the default
maximum iteration settings in AMBERI18. The term Sconf, representing configurational
entropy, can be described as,
Sconf = Strans + Srot+ Svip ©)
Entropy contributions from translational (Sians), rotational (Srot), and vibrational (Svib)
motions were calculated from normal mode analysis [352]. Further, the MM/PBSA
method was used to decompose the binding free energy at the amino acid level
[308,353,420].
6.3. Results
6.3.1. Structural Comparison Between JNK Isoforms
A systematic structural analysis of JNK isoforms is essential for identifying common
structural features while accurately mapping the locations of amino acid modifications,
which could have significant implications for their functional regulation in isoforms.
The structural similarities between JNK1, JNK2, and JNK3 isoforms were analysed
using the DALI web server, and the results are visualized in the heatmap presented in
Figure 6.2A. As shown in Figure 6.2A, the Z-scores between JNK3 and JNK2 (43.7),
JNK3 and JNKI1 (50.3), and JNK1 and JNK2 (47) suggest a high degree of structural
similarity among the isoforms, with JNK3 and JNK1 showing the closest similarity.
Additionally, we used the clustal omega server to align the sequences of INK1, JNK2,
and JNK3. The observation highlights the identification of conserved regions and

sequence variations, offering insights into their structural and functional similarities
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and the results is shown in Figure 6.2B. The multiple sequence alignment also shows
that JNK1 and JNK3 exhibit greater similarity. The activation loop, highlighted in the
Figure 6.2B, demonstrates that JINK1 and JNK3 have a conserved A-loop, while JNK2
differs by two residues. For a detailed comparison of the point-to-point residue
differences and similarities between the JNK isoforms, please refer to Figure 6.2B. To
assess the structural similarities and differences among JNK1, JNK2, and JNK3, we
performed a structural alignment using the MatchMaker tool of UCSF Chimera and
visualized their 3D conformations and shown in Figure 6.2C and different RMSD

values in figure 6.2D.

m— JNK1 e JNK2 w— JNK3
D
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0A;0A 0.959A;2.448A  0.632A;0.674 A
P23 0.9594;2.448A 0A;0A 0.972 A; 2.474 A

PTEM 0.6324;0674A 0.972A;2.474A 0A;0A

Figure 6.2: (A) Heat map representing sequence similarity among JNK1/2/3 isoforms,
generated using the DALI webserver. (B) Residue level sequence similarity analysis
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based on multiple sequence alignment, performed using Clustal Omega. (C)
Superimposed 3D structures of JNK1/2/3 isoforms visualized using Chimera,
displaying structural similarities and differences in 3D visuals. (D) The RMSD
differences between JNK1, JINK2, and JNK3 kinase domain structures. The first value shows
the RMSD calculated using pruned atom pairs, while the second value is the RMSD calculated
using all atom pairs.

6.3.2. Molecular Dynamics Simulations

We performed triplicate run (3 x 1 ps) all-atom molecular dynamics (MD) simulations
to investigate the conformational dynamics and stability of the JNK isoforms. MD
simulations provide important information about protein dynamics over time, such as
their structural flexibility, structural stability, ligand interaction mechanism, and
conformational changes under applied conditions. These results provide deeper
insights into the overall dynamic behaviour of proteins, along with important key
regions such as active and catalytic sites and binding pockets. Our main aim through
simulations was to compare the structural characteristics of the JNK isoforms and
identify any significant differences or similarities that may contribute to their distinct
functional roles. From the simulation trajectories, we have performed various analysis
such as root-mean-square deviation (RMSD), root-mean-square fluctuation (RMSF),
solvent-accessible surface area (SASA), radius of gyration (RoG), principal
component analysis (PCA), dihydral principal component analysis (dPCA), salt bridge
analysis, network analysis, among others, to investigate the dynamics and
conformational plasticity of JNK isoforms in both phosphorylated and
unphosphorylated form, aiming to gain insights into their structural and functional
characteristics. Except for the time-series plots, the last 800 ns trajectories out of the 1

us independent runs were considered to carry out the various analyses.
6.3.3. Structural Stability and Flexibility Analysis of JNK Isoform

We initially assessed the stability of the simulation trajectories for each system by
calculating the RMSD of the backbone atoms. The time evolution plot of RMSD is
shown in provided in supplementary information as Figure D1. The RMSD time
evolution indicates that each system reaches stability after a ~400 ns of simulation

time, and all systems show stable and convergence in the later stages of the simulations.
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To investigate further, we performed kernel density estimation (KDE) on the RMSD
data of kinase domain backbone atoms from triplicate simulations, and the resulting
probability distribution is shown in Figure 6.3A. The JNKI system exhibits a
unimodal distribution with single peak, with phosphorylated JNK1 having an RMSD
of ~2.7 A and unphosphorylated JNK1 showing an RMSD of ~1.9 A. For JNK2, the
phosphorylated system exhibits a small single peak at ~2.8 A with a broad distribution,
whereas the unphosphorylated system shows a narrow single peak around ~2.8 A. For
JNK3, both the phosphorylated and unphosphorylated systems exhibit a broad
distribution with lower density, and the RMSD ranges between ~1.5 A and ~3.2 A.
Further, we have also calculated the average RMSD for all three runs per system, and
the values are provided in supporting information Table 6.1. The RMSD values for all
systems fall within the range of 1.87 A to 2.77 A. For more detailed RMSD values of
each individual run, please refer to Table 6.1. Prior to conducting further analyses, we
first verified whether the inhibitor SP600125 remained within the binding pocket. To
achieve this, we calculated the center-of-mass (COM) distance between the ligand and
amino acid residues of binding pocket within a 5 A radius in the initial conformations
(see Figure D2A). The results confirmed that in all six systems, the ligand remains
within the binding pocket throughout the simulations. Additionally, ligand RMSD was
calculated, revealing a unimodal distribution, indicating that all ligands remained

stable within the pocket (see Figure D2B).

Table 6.1: Average Root-mean-square deviation (RMSD) for each production

simulation. The standard deviation values are reported in parentheses.

Systems Runl Run2 Run3
(RMSD (A)) (RMSD (A)) (RMSD (A))
JNK1-p 2.62 2.57 2.48
(0.16) (0.26) (0.24)
JNK1-u 1.87 1.96 1.99
(0.15) (0.18) (0.18)
JNK2-p 2.72 2.77 2.23
(0.19) (0.26) (0.20)
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JNK2-u 2.60 2.70 2.72
(0.27) (0.35) (0.20)

JNK3-p 2.57 2.55 2.11
(0.32) (0.24) (0.21)

JNK3-u 1.98 2.37 2.17
(0.23) (0.21) (0.27)

Moreover, we have evaluated the RMSD of backbone atoms of several critical regions
in the kinase domain that are essential for the catalytic activity of JNK kinase. Figure
6.3B represents the probability density distribution of the RMSD for the activation
segment (A-segment) across different JNK isoforms in both phosphorylated and
unphosphorylated states. As shown in Figure 6.3B, INK1 systems shows unimodal
distribution with different RMSD values. In case of INK2 and JNK3 we have observed
more than one peak with broad distributions (RMSD ranges from 1.0-5.8 A). The
presence of a multimodal distribution suggests that the system samples multiple
conformational states throughout the simulation. The broad RMSD range signifies
notable flexibility in this region, with distinct peaks corresponding to different
conformational substates. The stability of the phosphorylated and unphosphorylated
systems varies, as reflected by the differences in peak positions and their distributions.
This suggests that the A-segment undergoes dynamic structural rearrangements that
may impact the functional properties of JNK isoforms. For a more comprehensive
understanding of A-segment dynamics, we employed dPCA on the activation segment
and also calculated the residue-wise RMSD considering the A-segment residues. The
interpretation of these findings will be discussed in the subsequent sections. As
depicted in Figure 6.3C, we also calculated the backbone RMSD of the P-loop and
observed a single distribution across all systems, with some exhibiting a narrow peak
while others show a broader peak. A comprehensive analysis of the P-loop will be
presented in a later section, where we have dPCA and extracted representative
structures to display the actual dynamics of the P-loop across different isoforms. We
also computed the RMSD for the aC-helix, catalytic loop, hinge region, and DFG

motif. The RMSD of the aC-helix exhibited a unimodal distribution across all systems,
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with minimal variability and values ranging from ~0.25-1.0 A (see Figure 6.4C).
Similarly, the catalytic loop showed a unimodal distribution with minimal variation,
with RMSD values between ~0.2-1.0 A (see Figure 6.4D). The hinge region displayed
nearly identical RMSD patterns with peak at ~0.5 A (see Figure 6.4E). Similarly, the
RMSD of the DFG motif exhibits a unimodal distribution across all systems, however
in the case of JNK2-p the distribution is broader (see Figure 6.4F). Overall, these

observations indicate that the activation loop exhibits a highly dynamic nature.
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Figure 6.3: Probability distribution of backbone RMSD for (A) kinase domain of
JNK1/2/3, (B) activation segment, (C) P-loop. (D-I) The average RMSF of each three

runs (black) and the standard deviation of each run (green).

Next, to assess the flexibility of individual residues of the proteins, we computed the
root-mean-square fluctuations (RMSF) for all isoform systems, and the results are
shown in Figure 6.3 D-I. The several important regions are highlighted in the figure.
All systems exhibit a similar fluctuation pattern, with the loop regions showing higher
flexibility and following a consistent trend across all isoform systems. The activation

segment of the JNK2 system exhibits greater fluctuations in both its phosphorylated
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and unphosphorylated states compared to the other systems (see Figure 6.3 E and H).
The A-segment of both JNKI and JNK3 exhibits similar fluctuations in their
unphosphorylated and phosphorylated states, likely due to the sequence identity in the
A-segment region. Overall, across all isoform systems the RMSF exhibits a consistent

fluctuation pattern.

Additionally, we assessed the protein compactness and solvent accessibility in various
isoform systems by calculating the probability distributions of the radius of gyration
(Rg) and solvent accessible surface area (SASA), respectively, as depicted in Figure
6.4 A-B of supporting information. As depicted in Figure 6.4-A, the SASA value for
JNK1 increases upon phosphorylation, with the peak for JNKI1-p being ~172 nm?,
compared to around 165 nm? for JNK1-u. Similar trend is observed for JNK3, where
the INK3-p system shows peak around ~170 nm?, while in case of JNK3-u it is around
~165 nm?. In the case of JINK2, there is also slightly increase in SASA value after
phosphorylation. Overall, phosphorylation induced activation of the kinase may
correlate with the outward movement of Activation loop (open conformation), leading
to increased SASA values due to the creation of more solvent-accessible area. The
radius of gyration (Rg) for all isoform systems was also evaluated and presented in
Figure 6.4-B, showing values range between 21 and 22.30 A. The unphosphorylated
systems exhibit a slight decrease in R values, which may result from the A-loop not
being fully extended, leading to increased compactness relative to the phosphorylated

systems.
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Figure 6.4: The probability distribution of (A) Solvent-accessibility surface area, (B)
Radius of gyration, (C) aC-helix RMSD, (D) Catalytic loop RMSD, (E) Hinge region
RMSD, (F) DFG motif RMSD.

6.3.4. PCA-based Analysis of Protein Global Dynamics

Principal Component Analysis (PCA) is a method used to simplify complex datasets
by transforming correlated variables into independent principal components. It is
widely used in structural biology to interpret MD trajectory data, enabling the
visualization of prominent motions within biomolecular systems. PCA was performed
on the Ca atoms of amino acid residues to characterize the broad conformational
motions in the kinase domain of JNK isoforms. We have taken the first two principal
components, PC1 and PC2 for our analysis as it accounts maximum global motion
exhibited by JNK isoforms. Using K-means clustering, we classified the sampled
conformations within the systems into distinct clusters based on PC1 and PC2, as
shown in Figure D3. Based on our observations, three clusters optimally represent the
data distribution, where the most populated cluster comprises around ~33.70-60.20%
of frames, and the least populated cluster includes ~15.87-33.87% of frames (see
Figure D3). We also examined the conformational space in terms of free energy basins
by generating free energy landscapes based on PC1 and PC2 as shown in Figure 6.5.
Additionally, we retrieved the structures and highlights various conformations
corresponding to the minima regions with high-population (see Figure 6.5). The
multiple minima with low to moderate energy barriers observed in case of all systems
with broad sampling space suggesting high degree of conformational variability. The
PCA plot indicates that the phosphorylated system occupies a wider conformational
space than the unphosphorylated system for all isoforms, indicating structural
rearrangement after phosphorylation. Structures extracted from the minima regions
indicate that the loop regions, mainly the P-loop and A-loop along with others, display
high dynamic behaviour across different conformations (see Figure 6.5). We observed
a slight movement of the aC-helix outward in conformation 3 (conf3) in the case of

JNK1-p and JNK2-p systems.
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Figure 6.5: PCA analysis was carried out for six systems, including (A) JINK1-p, (B)
INK1-u, (C) INK2-p, (D) INK2-u, (E) INK3-p, and (F) JNK3-u. The figure illustrates
the key structural conformations obtained from the low-energy regions of the free

energy landscape.
6.3.5. Structural Plasticity of The Activation Segment

The activation segment of protein kinase is essential for regulating its activity, with
phosphorylation acting as a key mechanism to control this function and cellular
homeostasis[421]. The conformation of the activation segment impacts kinase
catalysis, and its phosphorylation status determines its active form, hence crucial for
kinase regulation and therapeutic targeting[422]. As mentioned earlier, the RMSD of
the A-segment exhibits a wide range of distribution, except for JNK1. To better
understand the conformational shifts in the activation segment, we performed principal

component analysis using the phi/psi dihedral angles (dPCA) of the activation segment
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residues. The percentage distribution of conformation populations in various clusters
for each system is shown in Figure D4 of the Supporting Information, with respect to
the first two modes (dPC1 and dPC2) via K-means clustering. A free energy landscape
was created to explore the free energy basins using dPC1 and dPC2, showing the
different prominent conformation states of the activation segment as shown in Figure
6.6. As observed from Figure 6.6, the unphosphorylated system shows a broader
conformational space, whereas upon phosphorylation it narrows the space and restricts
conformational selection. As seen in Figure 6.6A-B, the JNK1 phosphorylated system
(JNK1-p) shows three energy minima, with conformations that are all extended and
open (active conformations). In contrast, the JNK1 unphosphorylated system (JNK1-
u) shows a broader sampling space with three minima highlighted, where conformation
1 and 2 (confl and conf2) are close or semi-extended (inactive-like). Additionally, we
observed the formation of a short helix in the later part of the A-loop in conf2 and
conf3 of the JNK1-p system (see Figure 6.6A). For INK2 (see Figure 6.6C-D), both
the phosphorylated and unphosphorylated forms exhibit similar distribution patterns
with multiple minima. The structures extracted from these minima show that all adopt
an open A-loop conformation. In the INK2-p system, confl forms a short helix in the
distal part, whereas in the JNK2-u system, conf3 forms helix in both the middle and
distal regions of the A-loop. For JNK3 (see Figure 6.6E-F), both the phosphorylated
and unphosphorylated forms show similar distribution patterns with multiple minima.
In the JNK3-p system, conformation 3 is semi-extended, while the other two
conformations are extended with an open A-loop. In the JNK3-u system,
conformations 1 and 2 are semi-extended and move towards the aC-helix (inactive
like), whereas conformation 3 is extended with a helix formation in the distal part.
JNK1 and JNK3 exhibit similar conformations (confl and conf2) in their
unphosphorylated forms, while JNK2 displays similar open conformations in both its
phosphorylated and unphosphorylated states. Overall, phosphorylation has minimal
effect on the A-loop dynamics of JNK2, while in JNK1 and JNK3, phosphorylation

triggers a conformational shift towards an active-like A-loop state.
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Figure 6.6: dPCA based free energy landscape analysis was done for the six studied
systems, (A) JNK1-p, (B) INK1-u, (C) INK2-p, (D) JNK2-u, (E) JNK3-p, and (F)
JNK3-u. The structure highlights the key conformations extracted from the lowest
energy regions, representing the most stable A-loop states observed during the

simulations.

Furthermore, the heavy-atom RMSD time evolution for each residue in the activation
segment was calculated, as depicted in Figure 6.7. Analysis of residual RMSD
heatmaps for the activation segment of JNK1/2/3, in both phosphorylated and
unphosphorylated states, shows distinct conformational changes over the simulation
period. Across the three isoforms, phosphorylation enhances the dynamic nature, as
indicated by increased RMSD values, particularly around important residues that may
stabilize the activation loop, in comparison to the unphosphorylated states. The
phosphorylating residues, Tyr and Thr exhibit higher RMSD values in the
phosphorylated systems of JNKI1 and JNK3 compared to JNK2 (see Figure 6.7).
Broadly, as phosphorylation is introduced from the unphosphorylated crystal structure,
we observe an increase in RMSD values due to structural rearrangement to achieve A-

loop stabilization, mainly in case of JNKI1/3. These results indicate that
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phosphorylation increases the structural flexibility of the activation segment,
potentially contribute in substrate recognition and enzymatic activity. The varying

degrees of flexibility may play a role in the functional differences observed among

JNK isoforms.
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Figure 6.7: Time evolution of residue specific RMSD of activation segment region.
The time evolution from 0-3 ps represent to production simulation of three runs (runl-

run3) respectively.
6.3.6. Salt Bridge Triad and Hydrophobic Spines Analysis

The hallmark salt bridges in kinases are important as they play important roles in
stabilizing both active and inactive conformations, thereby influencing kinase activity
and substrate recognition[423]. The highly conserved regulatory triad, the salt bridge
between the B3-Lys with aC-helix-Glu, and DFG-motif-Asp residues in JNK stabilizes
its active conformation, crucial for ATP binding and catalysis. We measured the
distance between the NZ atom of B3-Lys and two specific residues, the CD atom of
aC-helix Glu and the CG atom of the Asp residue in the DFG motif. Figures 6.8A—C
display the measured distance between hallmark salt bridge f3-Lys and aC-helix Glu
in different JNK isoforms in both phosphorylated and unphosphorylated states. All the
JNK isoform shows distinct characteristics regarding these salt bridge formation. In
the case of INK1 phosphorylated state (JNK1-p), it leads to reduction in the probablity
density of salt bridge formation as compared to unphosphorylated JNK1 (JNK1-u).
This is evident from the narrow, high-density peak observed at ~3.5 A in the
unphosphorylated (JNK1-u) system, indicating a modulation of this interaction (see
Figure 6.8A). In the case of JNK2, the B3-Lys and aC-helix Glu salt bridge maintains
a consistent distance distribution, with a dominant peak around ~3.5 A and a small
peak at ~5.2 A in case of both phosphorylated (JNK2-p) and unphosphorylated (JNK2-
u) systems, indicating phosphorylation has minimal impact on this interaction (see
Figure 6.8B). In the INK3 system, an opposite trend is observed as compared to JNK1.
Upon phosphorylation (JNK3-p), the formation of the 3-Lys and aC-helix Glu salt
bridge is consistent, as indicated by a sharp peak at ~3.5 A. In contrast, the
unphosphorylated state (JNK3-u) exhibits a weaker interaction, represented by a
smaller peak at ~3.5 A with an overall broad distribution (see Figure 6.8C).

Additionally, the distance between B3-Lys and DFG-motif-Asp was calculated for all
JNK isoforms to determine the presence and stability of this salt bridge formation, and

shown in Figure 6.8D-F. Across all JNK isoforms, no stable salt bridge between 3-
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Lys and DFG-motif-Asp formation was observed. For JNK1, the unphosphorylated
system (JNK1-u) exhibits a sharp peak around 6.5 A, whereas the phosphorylated
system (JNK1-p) shows a broad and low density peak (see Figure 6.8D). For JNK2,
both the phosphorylated (JNK2-p) and unphosphorylated (JNK2-u) systems shows
sharp peaks at ~5.5 A and ~6.3 A, indicating a slight reduction in distance upon
phosphorylation (see Figure 6.8E). For JNK3, both the phosphorylated (JNK3-p) and
unphosphorylated (JNK3-u) systems demonstrates a similar broad distribution pattern,
with distances ranging from ~3.5 A to ~10.8 A, indicating no significant effect of

phosphorylation (see Figure 6.8F).
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Studies by Kornev et al. has identified important hydrophobic residues responsible for
assembling the catalytic (C-spine) and regulatory spines (R-spines) in protein kinases,
ensuring structural integrity and proper ATP positioning [424]. The active form of JNK
kinase maintains aligned R-spine, whereas inactivation leads to disrupt the alignment.
We calculated RMSD for both R-spine and C-spine considering all heavy atoms, and
their KDE plots presented in Figure 6.8G-L. The C-spine and R-spine RMSD plots
indicate minimal variation among different studied systems. In the C-spine (Figure
6.8G-I), INK1-u peaks at ~0.5 A, with JNK1-p showing a slightly broader distribution.
JNK2-p and JNK2-u exhibit overlapping peaks around ~0.7-0.75 A. JNK3-p and
JNK3-u shows peak around ~0.6 A with similar distribution. In the case of R-spine
(Figure 6.8J-L), INK1-u and JNK1-u system shows peaks at ~0.6 A with similar type
of distribution. INK2-p and JNK2-u shows nearly identical peaks ~0.7 A. In the case
of JNK3-p broader distribution (distance ranges ~0.25-1.6 A) compared to JNK3-u
which shows sharp peak around ~0.75 A. The structures extracted from the stable
regions of the R-spine RMSD indicate that, in all cases, the R-spine remains aligned,
with no R-spine breakage observed in any system (see Figure 6.9). Overall, these
findings indicate that phosphorylation along with different isoform JNK protein does
not significantly alter the hydrophobic spine organization in JNK.
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6.3.7. Protein Structure Network (PSN) and DCCM Analysis

Protein structure network (PSN) [221] methods were used to study how proteins
communicate over long distances and to examine phosphorylation influences and
isoform differences through network-based methods. Our objective through PSN
analysis was to gain a more detailed insight into the residue level connections within
the system and compare with other systems. Table 6.2 highlights the average number
of links, hubs, and community parameters, and Figure 6.10 represent communities
along with shared and unique hubs between phosphorylated and unphosphorylated
systems of JNK isoforms. Here, amino acid residues serve as nodes, and their non-
covalent interactions with other nodes are represented as edges with a cutoff distance
of 4.5 A. Interestingly, the average network properties varied significantly among the
different JNK systems indicating structural and functional variations among them. The
number of nodes remains relatively constant for all the systems (323-330), but the
number of links among different systems differs, with JNK3-u having the highest (368)
and JNK2-p the lowest (350). Hub formation varies, with JNK1-p, JNK2-u, and JNK3-
u having the highest number of hubs (44), while JNK1-u and JNK2-p have lower
number (37 and 36). The number of links mediated by hubs follows the same pattern,
with JNK2-u at the highest (169) and JNK1-u at the lowest (140). The number of
community ranges from 6 (JNKI1-u) to 13 (JNK2-p and JNK2-u), with JNK2-u
exhibiting the high interconnected network (65 nodes, 85 links). Table D1 provides
detailed information on the nodes, links, and hubs contributing to the formation of each
community. The overall results indicates that phosphorylation affects residue
connectivity by modifying hub distribution and community structure in different INK

isoforms.

Table 6.2: The network analysis of the four studied systems highlighting network
properties.

Network Properties | JNK1- | JNK1- | JNK2- | JNK2- | JNK3- | JNK3-

No. of linked nodes 329 330 327 323 324 327
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No. of links 367 354 350 362 358 368

No. of hubs 44 37 36 44 41 44
No. of links mediated 158 140 142 169 155 160
by hubs
No. of communities 10 6 13 13 7 7
No. of nodes 59 43 55 65 51 57
involved in
communities
No. of links involved 80 57 69 85 69 79

in communities

Additionally, a comparison was conducted, to analysing the differences and similarities
in network properties between phosphorylated and unphosphorylated systems of JNK
isoforms (see Table D1-D4 and Figure 6.10G-I). The network analysis between
JNK1-p and JNK1-u shows high similarity with 97.58% shared nodes and 83.33%
shared links. However, JNK1-u has more links (367) and hubs (44), with a higher
proportion of specific hubs (38.64%), suggesting increased network in the JNK1-u
system. Similarity indicator Jaccard 72.84%, Otsuka 79.93%, and Overlap Coefficient
87.80% indicate strong overlap in neighbouring interactions, while a graphlet
similarity of 60.27 suggests moderate topological differences (see Table D2). The
network analysis between JNK2-p and JNK2-u shows high similarity with 98.76%
shared nodes and 84.25% shared links. However, JNK2-p has more links (362) and
hubs (44), with a higher proportion of specific hubs (34.09%), suggesting increased
network in the INK2-p system. Similarity indicator Jaccard 77.40%, Otsuka 83.24%,
and Overlap Coefficient 90.08% indicate strong overlap in neighboring interactions,
while a graphlet similarity of 66.02 suggests moderate topological differences (see
Table D3). Similarly, for JNK3-p and JNK3-u which shows high similarity with
97.25% shared nodes and 83.97% shared links. However, INK3-p has more links (368)
and hubs (44), with a higher proportion of specific hubs (22.73%), suggesting
increased network in the JNK3-p system. Similarity indicator Jaccard 75.47%, Otsuka
81.52%, and Overlap Coefficient 88.26% indicate strong overlap in neighboring
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interactions, while a graphlet similarity of 64.44 suggests moderate topological

differences (see Table D4).
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Figure 6.10: (A)-(F) Network derived community maps for the six studied systems.
(G)-(I) Variations in hub organization between the (G) JNKI1-p and JNK1-u, (H)
INK2-p and JNK2-u, (I) JNK3-p and JNK3-u. Color coding differentiates hub
interaction averages, and the hierarchical structure of communities from higher to

lower level.

Additionally, dynamic cross-correlation matrix (DCCM) analysis was performed to

systematically examine how residual movements are correlated across different
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regions in JNK isoforms in its phosphorylated and unphosphorylated states. Figure
6.11 presents color-coded DCCM maps, where positive values indicate correlated
residue movement (moving in the same direction), whereas negative values represent
anti-correlated motion (moving in opposite directions). An overall increase in anti-
correlated motions (more blue patches) is observed as the system shifts from the
unphosphorylated to the phosphorylated state, indicating that phosphorylation
facilitates structural rearrangement in JNK isoforms. Among the three isoforms, JNK3
systems shows the high degree of anti-correlated motion in both its phosphorylated and

unphosphorylated states.
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Figure 6.11: Dynamic cross-correlation matrices (DCCM) displaying the interactions
between various regions of JNK1/2/3 based on the Ca-atom motion relative to their
mean positions. The Pearson’s correlation coefficients are represented using a color-

coded scale.
6.3.8. Conformational Dynamics of the P-loop

The phosphate binding loop (P-loop) is the important structural element in kinases,

playing a crucial role in ATP and competitive inhibitor binding along with regulating
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water accessibility within the binding pocket, thereby influencing enzymatic function
and activity [425]. Therefore, gaining insight into the conformational dynamics of the
P-loop is essential for the rational design of selective inhibitors targeting JNK. In a
recent study, Collie et al. proposed that competitive inhibitors interact with c-Met
kinases in two distinct conformations, exhibiting both folded and extended states P-
loop conformation [426]. The P-loop in Abl kinase moves closer to the aC-helix in its
inactive excited state, triggering a rotational shift that disrupts the f3-Lys and aC-Glu
salt bridge interaction and forces the aC-helix into an “out” conformation [427]. In this
study, we investigate the conformational dynamics of the P-loop in three JNK
isoforms, both in their phosphorylated and unphosphorylated states. Our initial
backbone RMSD analysis of the P-loop revealed less conformational variation, except
for JINK2-p system, which exhibited a bimodal distribution, and JNK3-p system, which
had a broader RMSD distribution, while the others show similar type of distributions
(see Figure 6.3C). To gain deeper insights, we examined P-loop dynamics across JNK
isoforms in both phosphorylated and unphosphorylated states, utilizing dihedral angle-
based principal component analysis (dPC1 and dPC2) and shown in Figure 6.12. As
shown in Figure 6.12, all systems exhibit similar distributions with one or more
minima separated by low to moderate energy barriers. In the JNK1 unphosphorylated
system, the P-loop retains a secondary -sheet structure, which transitions into a loop
upon phosphorylation (see Figure 6.12A-B). For JNK2, both phosphorylated and
unphosphorylated systems shows similar type of extended conformations of P-loop,
with minimal secondary B-sheet formation observed in the JNK2-p system (see Figure
6.12C-D). For JNK3, the unphosphorylated (JNK3-u) system display a single-global
minima, whereas in the case of phosphorylated (JNK3-p) system, it shows two minima
separated by a moderate energy barrier. Additionally, phosphorylation in JNK3 also
induces secondary B-sheet formation in the P-loop (see Figure 6.12E-F).
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Figure 6.12: Free energy landscape (FEL) analysis along the first two dominant
principal components (dPC1 and dPC2) for different INK isoforms, highlighting major
conformational states. Structural snapshots on the left and right illustrate the transition
between Confl (magenta) and Conf2 (green), with energy minima corresponding to
dominant conformations observed in the FEL plots. (A) JNKI1-p, (B) INK1-u, (C)
INK2-p, (D) INK2-u, (E) INK3-p, (F) JNK3-u.

6.3.9. Binding Affinity and Energetics of JNK Isoform Towards SP600125

To investigate how inhibitor SP600125 interacts with JNK isoforms in terms of binding
mechanism, recognition, and specificity, we calculated the total binding energy and its
individual free energy components (AGypind). The total binding energy consists of

multiple components, including van der Waals forces (AEvaw), electrostatic
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interactions (AFE), polar solvation free energy (AGpol), non-polar solvation free
energy (AGnp), and entropy, as detailed in Table 6.3. Tables 2 display that (AEvaw) and
(AEeie) contribute to INK/SP126000 binding, whereas (AGpo1) and (TAS) unfavor the
complex formation. Among all interactions, AEvqw contributes the most to the binding
in each system, with values ranging from -32.01 to -33.41 kcal/mol. Among the
isoforms, JNK2-p has exhibited the highest favorable electrostatic interaction (-25.08
kcal/mol), whereas JNK3-p displayed the weakest (-18.20 kcal/mol). The contribution
of polar solvation energy (AGypor) is unfavorable for binding in each system, with values
ranging from 25.96 to 30.66 kcal/mol. A minor stabilizing energy is observed from the
non-polar solvation term (AGyp) (-2.70 to -2.80 kcal/mol), whereas variations in the
entropic penalty (-TAS) influenced the overall binding affinity (AGping). INK3-u
showed the highest binding affinity with an energy of -15.55 kcal/mol, whereas JNK3-
p shows the lowest affinity with an energy of -10.24 kcal/mol among all studied
systems. JNK3 binding affinity is reduced after phosphorylation, whereas JNK1 and
JNK2 show minimal impact. Since all systems shows significant binding affinity of
SP600125 toward JNK1/2/3, designing selective inhibitors for individual isoforms
may be challenging in drug discovery against JNK.

Table 6.3: The components of the total binding free energy for the JNK isoforms in
phosphorylated and unphosphorylated form. All values are in kcal/mol. Enthalpy value
represent the average of three simulation runs, whereas entropy is calculated from one
run due to high computational cost. the standard errors of the mean are included in

parentheses.

JNK/ SP600125 AEvaw | AEedec | AGpol | AGnp | -TAS | AGboind
complex
JNK1-p/ SP600125 | -33.41 | -21.45 | 27.60 | -2.78 | 18.18 | -11.86
(0.03) | (0.04) | (0.03) | (0.00) | (1.12) | (1.12)
JNK1-u/ SP600125 | -32.01 | -21.06 | 28.31 | -2.80 | 16.13 | -11.43
(0.03) | (0.04) | (0.03) | (0.00) | (1.28) | (1.28)
JNK2-p/ SP600125 | -33.29 | -25.08 | 30.66 | -2.70 | 17.90 | -12.51
(0.03) | (0.04) | (0.03) | (0.00) | (1.11) | (L.11)
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JNK2-u/ SP600125 | -32.61 | -22.60 | 29.58 | -2.75 | 17.67 | -10.71
(0.03) | (0.05) | (0.04) | (0.00) | (0.68) | (0.68)

JNK3-p/ SP600125 | -32.30 | -18.20 | 25.96 | -2.79 | 17.09 | -10.24
(0.03) | (0.05) | (0.04) | (0.00) | (0.82) | (0.82)

JNK3-u/ SP600125 | -32.74 | -22.55 | 28.68 | -2.75 | 13.81 | -15.55
(0.03) | (0.06) | (0.03) | (0.00) | (1.19) | (1.19)

To explore the binding mechanism of SP600125 across JNK1/2/3, we computed the
individual residue contributions to the overall binding energy using MM/PBSA
scheme. Figure 6.13 highlights residues that significantly contribute to the overall
binding energy, while Table D5 details energy components for residues with
contributions less than -1.0 kcal/mol. Significant electrostatic interactions (~ -6
kcal/mol) along with highest affinity was observed for Glu109 in JNK1/JNK2 and
Glul47 in JNK3 from hinge region. Glu109 and Glu147 refer to the same residue, with
the difference in numbering as per PDB in case of JNK3. Favorable van der Waals
interactions (~ -1.5 to -2 kcal/mol) are observed from hydrophobic residues such as
Vall58, Leul 10, and Ile32 in JNK1/2, as well as Val196, Leul48, and Ile70 in JNK3,
which had a potent contribution in overall affinity. Overall, analysis of Table DS and
Figure 6.13 suggests that the inhibitor binds with same top residues across all isoforms
in case of both phosphorylated and unphosphorylated systems, highlighting difficulties

in achieving isoform selectivity in inhibitor design.

Table 6.4: Hydrogen bond interactions formed by JNK1/2/3 with SP600125, and the
corresponding average distance, and percentage occupancy determined using

simulation trajectories. H-bond with more then 10% occupancy are listed here.

Binding couples Molecular dynamics
Acceptor Donor Distance(A) Occupancy (%)
JNK1-p
GLU _109@0O LigwH24 2.81 90.97
Lig@ N23 MET 111@H 2.93 13.32
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JNK1-u

GLU 109@0O LigwH24 2.81 91.30

Lig@ N23 MET 111@H 2.93 13.32
JNK2-p

GLU _109@0O LigwH24 2.80 92.42

Lig@022 GLN 37@HE22 2.85 22.05

Lig@N23 MET 111@H 2.93 15.97
JNK2-u

GLU 109@0O Lig@wH24 2.81 92.07

Lig@N23 MET 111@H 2.93 14.87
JNK3-p

GLU 147@0O Lig@wH24 2.81 90.52

Lig@N23 MET 149@H 2.93 13.78
JNK3-u

GLU 147@0O LigwH24 2.81 91.00

Lig@N23 MET 149@H 2.93 15.20

Furthermore, we have calculated the H-bond occupancy for all systems, as presented
in Table 6.4. A highly stable with more than 90% occupancy of H-bond exists between
Glu109 (Glul47 in case of JINK3) and SP600125, while other H-bond with Met111 or
Met149 exhibit significantly lower occupancy 13-22%. We have presented the 2D
interaction patterns (see Figure D5) of all studied complex systems and observed a

high similarity in the interacting residues across all systems.
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Figure 6.13: The residue level free energy decomposition of JNK1/2/3 in both
phosphorylated and unphosphorylated state bind with the inhibitor SP600125. The

residues contributing less than -1.0 kcal/mol are highlighted here.

6.4. Discussions

The c-Jun N-terminal kinases (JNK) are important members of the mitogen activated
protein kinase (MAPK) family, playing a crucial role in eukaryotic cellular responses
to both biotic and abiotic stress. Apart from stress, JNKs also regulate important
physiological processes such as neuronal signaling, immune system modulation,
embryonic development, cytoskeletal protein dynamics, and pathways involved in cell
survival or apoptosis [428]. In this study, we conducted MD simulations of JNKI,
JNK2, and JNK3 isoforms bound with the inhibitor SP600125 in both phosphorylated
and unphosphorylated states to investigate the structural and conformational dynamics

along with binding energetics. The structural dynamics of JNK isoforms are key
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determinants of their functional diversity and regulatory roles. Despite their high
sequence identity, JNK1, JNK2, and JNK3 adopt different biological functions and
show tissue specific expression, mainly regulated by their structural conformations and
molecular interactions[429]. MD simulations is an important tool to investigate
variations in flexibility, stability, and active site dynamics among these JNK1/2/3
isoforms. Investigating the phosphorylated and unphosphorylated states of JNK1/2/3
allows us to understand the conformational changes responsible for their distinct

regulatory mechanisms.

Previously, a study using MD simulations on PKM1 and PKM?2 isoforms identified
unique conformational states and allosteric sites which is crucial for inhibitor
design[430]. Similarly, computational analysis of PAK1 and PAK4 demonstrated how
minor active site variations impact inhibitor selectivity [431]. Jonniya et al. have
deeply characterized the conformational dynamics of WNK kinase isoforms in
complex with an inhibitor, providing insights into their structural transitions and
binding mechanisms [432]. In a similar context, the characterization of JNK1, JNK2,
and JNK3 isoforms through MD simulations is important to uncover their distinct
structural dynamics, phosphorylation induced conformational shift and ligand binding
energetics. This investigation helps to elucidate how phosphorylation and inhibitor
selection influence the conformational states of different JNK isoforms, revealing

crucial dynamics mechanisms.

Following MD simulations of studied systems, analyses including RMSD of different
regions, RMSF, SASA, Ry, PCA, dPCA, DCCM, PSN, and binding free energy
calculations offer comprehensive insights into the dynamic behavior of INK1, JNK2,
and JNK3 isoforms in their phosphorylated and unphosphorylated states. The DALI
webserver based structural comparison suggests that JNK isoforms are well conserved,
with JNK1 and JNK3 showing the highest similarity. The whole protein backbone
RMSD analysis indicates that all isoforms stabilize after ~400 ns, while
phosphorylation triggers structural rearrangements, reflected in varying RMSD ranges
with JNK3 shows broader RMSD suggesting higher conformational variability. The
multimodal RMSD distribution observed in JNK2 and JNK3 indicates that the
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activation segment explores multiple conformation as compared to JNK1. The RMSF
analysis indicated that the loop regions exhibit significant flexibility and showed
almost similar fluctuation pattern for all isoforms. SASA and R, analysis revealed
phosphorylation induced structural changes, with increased SASA and slight
compactness reduction suggesting a more extended activation loop. Phosphorylated
JNK isoforms shows little greater conformational variability than their
unphosphorylated forms, as shown by PCA analysis. This aligns with findings in other
kinases, such as p38, where phosphorylation leads to structural shifts in regulatory
elements like the activation loop and catalytic regions [433]. Multiple low-energy
states separated by moderate barriers indicate conformational plasticity, consistent
with studies on other kinases that associate such structural variability with functional
adaptation [434]. Our analysis on A-loop highlights the crucial role of activation
segment phosphorylation in regulating JNK isoform dynamics. dPCA analysis shows,
JNK1 and JNK3 shift toward an open conformation upon phosphorylation, while JNK2
A-loop remains unaffected. Similar mechanisms in Aurora B/C [435], WNK1 [436],
and FGFR1 [267] show phosphorylation rearrange the activation loop, enhancing
catalytic activity. As observed from the RMSD of individual residues in the activation
segment, phosphorylation introduced from the unphosphorylated crystal structure
increases RMSD due to structural rearrangement, A-loop stabilization, substrate
recognition, and functional divergence among JNK isoforms. Phosphorylation induces
isoform specific effects in JNK, weakening the B3-Lys/aC-Glu salt bridge in JNK1,
strengthening it in JNK3, while JNK2 remains largely unaffected. The B3-Lys and
DFG-motif Asp does not form stable salt bridge in any JNK isoform. The PSN analysis
highlights that phosphorylation induces alterations in residue connectivity, hub
distribution, and community dynamics, leading to denser and more interconnected

networks in JNK isoforms.

The binding affinity analysis of SP600125 across JNK1/2/3 isoforms reveals important
insights into its interaction patterns and selectivity challenges for ATP-competitive
inhibitors. A decline in JNK3 binding affinity after phosphorylation implies potential
structural or electrostatic modifications and entropy penalty that impact inhibitor

binding, whereas JNK1 and JNK2 shows minimal effect. Studies on other kinases,
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including WNK isoforms [432] show that phosphorylation does not affect binding
affinity in some isoforms, whereas some variations are observed in others as like JNK.
The observed good binding affinity across the three isoforms reveals a significant
difficulty in achieving isoform selectivity, which is essential for drug development
against JNK isoform. Per-residue decomposition analysis indicates that SP600125
interacts with the same key residues across all isoforms, highlighting challenges in
developing highly specific isoform-selective inhibitors. To address therapeutic
challenges in INK-related diseases, future studies should focus on designing inhibitors
that overcome structural and conformational differences between isoforms or better

finding novel distinct allosteric pocket.
6.5. Conclusions

In the present work, MD simulations of JNKI1, JNK2, and JNK3 isoforms in
phosphorylated and unphosphorylated states highlights structural and conformational
changes influencing their functional diversity. Structural comparisons reveal a high
degree of similarity among JNK isoforms, with JNK1 and JNK3 being highly similar.
The RMSD analysis of overall protein indicates that phosphorylation inducing
structural rearrangements and shows shift in RMSD values. The RMSF analysis
suggests that loop regions show significant fluctuations, following similar fluctuation
pattern in case for systems. Phosphorylation induced dynamics as per SASA and Rg
analyses suggest increased solvent exposure and decreased compactness, reflecting
extended open-type A-loop and some other structural rearrangement. PCA results
indicate that phosphorylation induces structural plasticity in JNK isoforms, with
increasing conformational sampling space and promoting dynamic loop motions which
may leads to more active like conformations. dPCA results show that phosphorylation
promotes a more open type A-loop in JNK1 and JNK3, while JNK2 retains its open
like A-loop conformation. Further, increased RMSD of individual residues of
activation segment upon phosphorylation indicates structural reorganization of the
activation segment, leading to activation loop stability and may the substrate
recognition. Phosphorylation affects the f3-Lys/aC-Glu hallmark salt bridge which

differently across JNK isoforms, decrease density of formation in JNKI1, increase in
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JNK3, and unaffected in JNK2. PSN analysis further highlights the effect of
phosphorylation in residue connectivity, leading to increase in networks network and
shifts in communication pathways. SP600125 exhibits strong binding affinity across
all isoforms, with similar interacting residues, hence signifying challenges for
designing isoform specific inhibitors. Overall, our study offers a detailed comparative
analysis of JNK isoform structural and conformational dynamics with a known
competitive inhibitor SP600125, enhancing our understanding of JNK kinase isoforms

and the effects of phosphorylation on their structure and dynamics.
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Chapter 7

Dynamic Variability in JNK1: The Role of ATP and MKK7-Mediated

Interactions in Structural Regulation and Energy Landscape

AIM: To comprehensively investigate how the individual and combined interactions

of ATP and MKK?7 influence the conformational plasticity of JNKI.

This chapter is reproduced from our original article:

Koirala, S., Samanta, S., Ursal, K.D, & Kar, P. “Dynamic Variability in JNK1: The
Role of ATP and MKK7-Mediated Interactions in Structural Regulation and Energy
Landscape”. Archives of Biochemistry and Biophysics (Submitted)

7.1 Introduction

The c-Jun N-terminal kinases (JNKs) are key players within the MAPK pathway,
influencing essential processes such as regulating cell migration, differentiation,
proliferation, and apoptosis [437,438]. The JNK family comprises three distinct yet
highly homologous isoforms, JNK1, JNK2, and JNK3, which possess over 10 splice
variants [405,439]. With 92% sequence similarity, JNK1 and JNK3 differ at only one
position within the 23 residues of their ATP-binding sites. With 83% sequence identity,
JNK1 and JNK2 are nearly identical except for one residue in the 23-residue ATP-
binding pocket [48,440]. The expression of INK1 and JNK2 is ubiquitous, in contrast
to JNK3, which is largely restricted to the brain, heart, and testicular tissue. JNKs are
mainly present in an inactive, non-phosphorylated form and become activated in
response to various extracellular signals such as UV radiation, oxidative stress, and
inflammatory cytokines [441]. JNKs become activated in response to cell stimulation,
primarily through the action of upstream kinases MKK4 and MKK?7, which
phosphorylate the TPY motif in the activation segment. Once activated, JNKs
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phosphorylate numerous downstream target proteins [389]. Given their role in
determining cell fate through numerous signaling pathways, JNKs are under strict
regulatory control. Irregularities in JNK signaling have been associated with a range
of diseases, including cancer, neurodegeneration, and autoimmune conditions

[442,443].

JNKs possess a relatively simple structure, characterized by a single bilobed kinase
domain that contains a central ATP-binding site. Adjacent to the ATP-binding pocket,
JNKs interact with their phospho-acceptor substrates in an extended conformation.
Although JNKs prefer substrates with specific phospho-acceptor sequences, they also
use several docking sites located away from the catalytic center to distinguish among
cellular targets [94,444]. These interactions serve to refine substrate selectivity,
thereby these docking interactions improve signaling specificity. JNK substrates and
various protein partners often contain interaction sequences known as docking domains
or D-domains. Typically, D-domains are composed of a small number of basic residues
and a hydrophobic motif, separated by a spacer of one to six residues [445,446].
Proteins containing D-domains interact with JNK at D-recruitment sites (DRSs),
primarily located on the C-terminal lobe, opposite the ATP-binding surface.
Multifunctional in nature, these DRSs mediate interactions with scaffolds, upstream

kinases like MKKs, and a range of substrates [82,447].

MKK?7 functions as an upstream activator of the JNK pathway, which plays a central
role in stress and inflammatory signaling. It is unique among human MKKs in having
three putative docking sites D1, D2, and D3, within its 100 amino acid regulatory
domain. It has been previously reported that each of the three predicted docking sites
can bind to JNK, with the interactions highlighting a degree of synergistic cooperation
[94]. Moreover, Kragelj et al. reported the crystal structure of JNK1 in association with
the second docking site of MKK?7. They provide a detailed understanding of the
structure, stoichiometry, and kinetics of the MKK7-JNK signaling complex [107].
Despite structural insights, the role of second docking site of MKK7 in modulating the

conformational dynamics of JNK1 has not been studied in detailed.
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The present study explores the structural dynamics of JNK1 in its apo form, ATP and
Mg?* bound state, MKK7 docking motif bound state, and in the state where both ATP
along with Mg* and the MKK7 docking motif are bound simultaneously, using
extensive microsecond-long Gaussian accelerated molecular dynamics (GaMD)
simulations. To gain deeper insights into the intrinsic dynamics of JNK1, this study
employs free energy surface analysis along with several trajectory-based post-
simulation analytical strategies. Furthermore, the free energy of various interactions is
calculated using the molecular mechanics Poisson-Boltzmann surface area
(MM/PBSA) method, combined with conformational entropy calculations based on

normal-mode analysis.
7.2. Materials and Methods

7.2.1. Preparation of Apo and ATP/MKK?7 Docking Domain Bound Forms of
JNK1

All the systems used for these studies were developed from the crystal structure of
JNK1 complexed with the MKK7 docking motif (PDB ID: 4UX9) [107]. To create the
apo state of JNK1, the MKK?7 interaction region was deleted, and other irrelevant
structural parts were stripped away to leave the protein in its free form. To model the
second system, ATP and Mg*" were docked into the JNK1 active region, resulting in a
ligand-bound protein complex. JNK1 in complex with MKK?7, utilizing the
endogenous MKK7 docking motif from PDB ID 4UX9, defined the third system.
Finally, an integrated system was constructed, combining JNK1 with both ATP-Mg*
and the MKK?7 docking motif, with ATP and Mg** positioned via molecular docking.

7.2.2. Conventional Molecular Dynamics Simulation Protocol

All systems were initially subjected to energy minimization using both the steepest
descent and conjugate gradient algorithms. Following energy minimization, all
systems were gradually heated from 0 K to 300 K over a 50 ps period within the
canonical (NVT) ensemble. During this heating phase, positional restraints were
applied to the solute atoms with a force constant of 2.0 kcal-mol™-A2 to maintain

structural integrity and temperature control was achieved using a Langevin thermostat
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[295]. To preserve the geometry of covalent bonds involving hydrogen atoms, the
SHAKE algorithm [169] was employed throughout the simulations. Long-range
electrostatic interactions were calculated using the particle mesh Ewald (PME) [263]
method with a nonbonded cutoff of 10 A. After heating, the systems were equilibrated
at a constant pressure of 1 atm for 20 ns using the Berendsen barostat [180]. All
simulations were performed with a 2.0 fs time step, and coordinates were saved every
10 ps for subsequent analyses. Finally, a short 2.0 ns production run in the NVT
ensemble was conducted without any restraints to collect initial potential energy
statistics. All molecular dynamics simulations were carried out using the pmemd.cuda

module from the AMBER18 software package.

7.2.3. Gaussian Accelerated Molecular Dynamics (GaMD) Simulations

Gaussian accelerated molecular dynamics (GaMD) [199] was employed to enhance the
sampling of conformational space by smoothing the system's potential energy surface
through the application of a harmonic boost potential. This approach reduces energy
barriers and enables efficient exploration of biologically relevant states without the
need for predefined reaction coordinates, distinguishing GaMD from many other
enhanced sampling techniques [345]. The boost potential follows to a Gaussian

distribution, which can be reliably retrieved by reweighting methods [201].

For a system with N atoms at positions r = {r1, 12, ..., In}, when the system potential
V(1) falls below a threshold energy E, a harmonic boost potential AV(r) is applied and

can be expressed as:

A harmonic boost potential (AV) is added when the system potential (V) falls below
the threshold energy (E), as described in equations (1) and (2).

AV(r) = SK(E = V()% ifV(r) <E (1)

Here, K represents the harmonic force constant, and the modified potential (V' x r) is

defined as:

Vxr=V(@)+1KE-V(E)? V) <E )
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If the system's potential energy is greater than or equal to the threshold energy
(i.e., V(r)>E), no boost potential is applied, and the modified potential remains the
same as the original (V x (r) = V(r)). To effectively smooth the potential energy
landscape, GaMD applies three key principles to the boost potential. First, consider
two arbitrary potential values, V1(r) and V2(r), found on the original energy surface;
if Vi(r) < Va(r), then should be a monotonic function and does not change the modified
bias potential energy, i.e., V X 1(r) <V X (r). Second, if Vi(r) <Va(r), the potential
difference observed on the smoothened energy surface should be smaller than that of
the original, i.e., V2 X (r) — VXi(r) <V2(r) — Vi(r). Combining these two criteria, the

threshold energy needs to be set in the following range:

Vmax S E < Viin +

3)

ol

Where Vimax and Vmin represent the highest and lowest potential energy values of the
system, respectively. For Eq. (3) to be valid, the parameter kk must meet the following

condition:

1

k<——m—; let us define (4)

Vimax=Vmin

and0 < ky <1 (5)

To ensure that the boost potential can be accurately reweighted, the standard deviation
of AV must be kept sufficiently low, resulting in a narrow distribution. This
requirement is  expressed  mathematically as:  GAV=k(E—Vay)oV=<c0
where Vayg and oV are the mean and standard deviation of the system’s potential
energy, respectively, and 0 is a user-defined upper limit (such as 10kgT) for reliable
reweighting. When the threshold energy E is chosen at its lower bound (E=Vmax), the

corresponding value for ko can be determined accordingly.

. a0 Vimax— Vmin
ko = min (1.0, per X —) (6)

Vimax— Vavg

On the other side, if E is set to the upper bound, Vmin + 1/k; ko can be calculated as:
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ko= (10-2) (M) (7

oV Vimax = Vavg

In this study, Gaussian accelerated molecular dynamics (GaMD) simulations were
conducted using three types of boost potentials: total potential (AV)), dihedral potential
(AVD), and a combination of both (dual boost: AVp and AVp). Among these, the dual-
boost approach where both dihedral and total potential boosts are applied was selected
for its superior ability to enhance sampling efficiency. The threshold energy for the
boost potential in all simulations was set to the system’s maximum potential energy (E
= Vmax). Initial values for the maximum (Vmax), minimum (Vmin), average (Vayg), and
standard deviation (ov) of the potential energy were determined from a 2.0 ns
conventional MD (cMD) run performed without any boost. Subsequently, a 50.0 ns
GaMD equilibration was carried out, during which the boost parameters were updated
every 200 ps to allow the system to reach stable equilibrium values. Following
equilibration, each system underwent three independent production simulations, each
lasting 1 ps, in the NVT ensemble. Throughout these production runs, atomic
coordinates were recorded every 10 ps, resulting in a total of 300,000 frames for

downstream analyses.
7.2.4. Analysis of Simulation Trajectories

All molecular dynamics simulation trajectories were processed and analyzed using
the Cpptraj module [264] from AmberTools19, which provides a comprehensive suite
of tools for trajectory analysis. This software package enables efficient processing of
large-scale molecular dynamics data with high computational performance and

accuracy.

The conformational stability of each molecular system was evaluated through multiple
complementary metrics. Root-mean-square deviation (RMSD) calculations were
performed on protein backbone atoms to quantify global structural changes over time
relative to the energy-minimized reference structure. In parallel, the radius of gyration
(RoG) was calculated to assess the compactness and overall shape of the protein

structures. While solvent-accessible surface area (SASA) calculations were performed
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to quantify the degree of solvent exposure for each system. Intermolecular contacts
were evaluated through hydrogen bond occupancy analysis was conducted to monitor
the formation and stability of key intermolecular interactions throughout the simulation
trajectories. Root-mean-square fluctuation (RMSF) calculations were performed to
characterize the flexibility of individual residues throughout the simulation
period. Finally, collective motions were characterized by using Dynamic cross-
correlation matrices (DCCM) were constructed to investigate correlated and anti-

correlated motions between residues.

Principal component analysis (PCA) [304] was employed to identify the dominant
collective motions within the molecular systems. By reducing the dimensionality of
the trajectory data, PCA retains the most significant conformational changes, enabling
the identification of essential dynamics. This approach is particularly advantageous for
characterizing large-scale conformational motions and pinpointing the principal modes

of protein flexibility.

To further explore the conformational landscape, free energy surfaces (FES) [349,350]
were constructed using multiple reaction coordinates. The integration of these reaction
coordinates such as root mean square deviation (RMSD), radius of gyration, inter-
residue distances, and principal components ensures a comprehensive coverage of the

system’s conformational space.

The free energy profiles were calculated as follows:
ﬁk
AG = —kgTIn(p *) — k — (Z,‘ff:lFCk - const.) (8)

Here, kB is the Boltzmann constant, T is the system’s temperature, and p * represents
the modified probability for a chosen reaction coordinate (RC). The parameter is set so
that the global minimum corresponds to 0 kcal/mol. f is the Boltzmann factor, and Ck
is the expansion coefficient. Next, the potential boost, combined with different RC
derived from the MD trajectories, was used to reconstruct the FES using reweighting
techniques. We used the “PyReweighting” python scripts for reweighting, which was
developed by the McCammon group [201]. All FES analyses in this study were
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reweighted. However, we did not apply the reweighting procedure to the kernel density

violin plots and other probability density plots.

Protein structure network (PSN) analysis was performed using the webPSN v2.0 server
[221] to investigate residue-residue communication patterns. In this network
representation, amino acid residues serve as nodes, and edges are defined based on the
strength of non-covalent interactions between residues.

nij

/Nl'N]'

In the equation, n;; denotes the number of atom-atom pairs between the side chains of

31
1

residues “i” and “” within a cutoff distance of 4.5 A. Normalization factors N; and N;
are applied to standardize interaction assessments by accounting for variations in

amino acid sizes and their propensity to form maximum contacts in the protein

[13%2] (1343
1

structure. Residues and “J” are considered interacting if I;; exceeds the threshold
Imin, establishing an edge between the corresponding nodes. At a given Imin, residues

forming at least four edges are identified as “hubs” in the network.

Binding free energy calculations were performed using the MM/PBSA [229]
approach as implemented in the MMPBSA.py module of AMBERI18. This method
provides a computationally efficient approach for estimating protein-ligand binding
affinities by combining molecular mechanics energies with continuum solvation
models. The details of mathematical formulations are discussed in our earlier studies
[308,353]. For binding free energy calculations, 15,000 snapshots were extracted from
the equilibrated trajectory (3 independent sets of 5,000 frames each) to ensure adequate
statistical sampling. Additionally, MM/PBSA calculations were performed to obtain
per-residue decomposition of binding contributions, providing detailed insights into

the molecular basis of protein-ligand interactions.
7.3. Results and Discussions

This study systematically examines how binding ATP-Mg?*, the MKK7 docking motif,
and their simultaneous interaction modulate the conformational dynamics of the JNK1

kinase. To thoroughly investigate the conformational dynamics of JNK1, we designed
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and simulated four specific systems: the ligand-free apo JNK1 (JNK1), the ATP-Mg**
bound state (JNK1-A), the complex with the MKK?7 docking motif (JNK1-M), and a
system in which both ATP-Mg*" and the MKK7 motif are engaged with JNK1 (JNK1-
A-M). These systems were systematically evaluated to characterize the respective and
interactive roles of ATP-Mg?* and MKK7 docking motif binding in shaping the
structural dynamics and stability of JNK1. Each of the four systems incorporated a
doubly phosphorylated activation loop, with both Thr-183 and Tyr-185 residues of
JNK1 modified to mimic the active state of JNK1. A visual representation of the

system under investigation is shown in Figure 7.2(A).

7.3.1. Analysis of Structural Stability and Flexibility of JNK1

Following the molecular dynamics simulations, backbone root-mean-square deviation
(RMSD) was calculated to assess overall structural stability and simulation
convergence. As shown in Figure E1, the RMSD trajectories remained largely stable
across all systems, with only minor fluctuations observed (e.g., in JNK1 run3),
indicating well-converged simulations. In addition, solvent accessibility and structural
compactness were analyzed to assess the presence of any broad conformational
changes. As illustrated in Figure 7.1(A), a minor reduction in the total SASA was
noted following ligand binding, suggesting a trend toward reduced solvent exposure.
Notably, Figure 7.1(C) highlights a marked decrease in SASA within the ATP binding
pocket, signifying water displacement after ATP binding. As depicted in Figure 7.1(B),
overall Rg values were similar for all systems. However, ATP binding led to a
noticeable increase in Rg within the binding pocket, as seen in Figure 7.1(D). The time
evolution of SASA and Rg of the ATP-binding pocket are given in Figures E2 and E3,
respectively, indicating an overall similar trend throughout the systems. The
contrasting increase in Rg at the ATP site, despite overall structural compactness,
highlights an adaptive conformational adjustment that stabilizes ATP within the
binding pocket.
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Figure 7.1: Box plot analysis of solvent accessibility and compactness in the studied
systems. (A) Solvent-accessible surface area (SASA) of the whole protein, (B) radius
of gyration (RoG), (C) SASA of the ATP-binding pocket, and (D) RoG of the ATP-
binding pocket.

In order to evaluate the global and local stability, we computed the root-mean-square
deviations (RMSD) of the protein backbone atoms along with different important
regions relative to their initial structural configuration. Figures 7.1(B-G) collectively
present a detailed analysis of the conformational dynamics of different important
regions of JNK1 under four distinct molecular conditions. The RMSD of different
structural elements of JNKI1 provides insights into the stability, flexibility, and
dynamic behavior of the protein in response to various binding events. Box plots were
used to visualize and compare the distributions and variances of RMSD values across

all studied systems.

Initially, in order to evaluate the global stability and convergence behavior, we
computed the RMSD of the protein backbone as shown in Figure 7.2 (B). The box plot
for the Apo system is the longest (1.9-2.3 A) among the four, reflecting greater
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variability and conformational deviation in the absence of binding partners. In contrast,
the ATP-Mg?* bound (1.8-2.0 A), MKK7 motif-bound (1.9-2.2 A), and dual-bound
systems (1.9-2.16 A) exhibit shorter, more compact boxes. This indicates a reduction
in backbone deviation and enhanced structural stability upon ligand or MKK7-motif
binding. Notably, the JNK1-A system displays the shortest box, suggesting the most
consistent and stable backbone configuration under ATP-Mg?** bound conditions.
Additionally, RMSD analysis of the P-loop was performed to investigate its
conformational changes in the various systems examined as shown in Figure 7.2(C).
The box for the Apo system and MKK7 motif-bound system is relatively long,
indicating substantial fluctuations and inherent flexibility in the absence of ATP-Mg?*".
In contrast, the ATP-Mg?" bound and dual-bound systems display much smaller boxes,
signifying that the P-loop is markedly stabilized and less variable when ATP-Mg** is
present. These findings indicate that the presence of ATP-Mg?* significantly restricts
the conformational flexibility of the P-loop, leading to a more stabilized structure. This
suggests that ATP binding imposes structural constraints on the P-loop region, thereby
minimizing its dynamic fluctuations and contributing to its enhanced stability within
the system. Figure 7.2(D) and Figure E4 depict the RMSD for the aC-helix region.
All systems show short, compact boxes for the aC-helix RMSD, indicating limited
deviations and a generally stable across all studied conditions. The Apo and MKK?7
motif-bound systems have slightly large boxes as compared to other systems reflecting
some fluctuation. Figure 7.2(E) and Figure ES show the RMSD of activation segment,
a region known for its regulatory flexibility. The boxes for the Apo, ATP-Mg?* bound,
and the dual-bound systems shows relatively long boxes as compared to MKK7 motif-
bound system which shows compact box. These may be because of substrate binding
stabilizes the activation loop (A-loop) in a fixed conformation to ensure proper
alignment for phosphorylation, thereby restricting its flexibility. However, when both
substrate and ATP are bound, as shown in Figure 7.2(E) the A-loop retains some
flexibility which may be due to structural adjustments required for efficient catalysis

and phosphate transfer.
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Figure 7.2: (A) Structural representation of the four studied systems - apo JNK1, JNK1
bound to ATP and Mg?*, JNK1 bound to MKK?7, and JNK1 bound to both MKK7 and
ATP with Mg?*. (B—G) Box plot analysis of the root-mean-square deviation (RMSD)

of the whole protein and various important regions.
7.3.2. Hydrophobic Spines Dynamics

In earlier work by Kornev et al. [424,448], two distinct sets of hydrophobic residues
were characterized as essential structural elements of kinases, comprising eight
residues forming the catalytic spine (C-spine) and four non-sequential residues making
up the regulatory spine (R-spine). The proper alignment and stabilization of protein
kinase domains are largely governed by the hydrophobic spines, which serve as
internal scaffolds to maintain active conformations required for catalytic activity. A
misaligned or broken R-spine indicates that the kinase is in an inactive state, as the
proper orientation of these hydrophobic residues is essential for catalytic activity. We
have calculated the RMSD of both the R-spine and C-spine, as shown in Figure 7.2
(F-G).
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The boxplots for the R-spine (Figure 7.2(F)) and C-spine (Figure 7.2(G)) RMSD
values across the four systems display a broadly similar pattern of distribution. Both
spines show comparable ranges and medians, indicating that the structural variability
of the R-spine and C-spine is consistent regardless of the system. Additionally, we
plotted the RMSD of the R-spine over time and extracted the corresponding structures
to examine their alignment under different conditions as shown in Figure 7.3. In some
individual simulation runs, we observe minimal fluctuation in the RMSD values, for
each of these regions, representative structures were extracted, and in all cases, the
alignment of the R-spine residues (highlighted in black) is consistently maintained. In
a free energy landscape (FEL) analysis conducted using the R-spine and C-spine
RMSD as reaction coordinates (Figure E6), a single prominent minimum was
observed in all systems. This demonstrates that, the core alignment of the R-spine is

preserved across all studied systems.

RMSD R-spine (4)

RMSD R-spine (4)

Time (ps)

ﬁ §3

Figure 7.3: The time evolution of RMSD of the R-spine for four systems (JNKI1,
JNK1-A, JNK1-M, INK1-A-M), segmented into regions R-1 to R-4 representing
individual simulation runs. Representative structures from each region are shown, with

R-spine residues highlighted in black and C-spine residues highlighted in red.
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7.3.3. Global Motion of the JNK1 Kinase Domain.

Principal Component Analysis (PCA) is a well-established computational method for
identifying collective motion in proteins by reducing the complexity of their dynamic
trajectories [348]. In this study, PCA was performed using the Ca atoms of amino acid
residues to investigate the large-scale motions of the JNK1 kinase domain. To evaluate
the conformational space via energy minima, we derived free energy landscapes using
the first two principal components (PC1 and PC2, Figure 7.4A-D)), with porcupine
plots (1 A cutoff) to display dominant motions as shown in Figure 7.4(al-d1 and a2-
d2). Key structural elements are color-coded: the P-loop (orange), hinge region
(magenta), aC-helix (green), catalytic loop (cyan), and activation segment (red).
Additionally, key conformations from the energy minima with high occupancy were
highlighted in Figure 7.4(a3-d3). The broad distribution of sampled conformations
with numerous energy minima across the four states reveals significant structural
plasticity. Compared to the other two systems, JNK1 and JNK1-A systems exhibit
slightly narrower conformational sampling with multiple minima separated by low-
energy barriers, suggesting that ATP binding might enhances system stability.
Although the INK1-M system explores a wide conformational landscape, the existence
of a distinct global minimum suggests structural stabilization after protein-protein
interactions. The major source of conformational variability appears to be the loop
regions, as significant motions were observed in the porcupine plots of the first two

principal components.
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Figure 7.4: Principal component analysis (PCA) was performed for all four systems
to characterize their conformational landscapes. (A—D) Two-dimensional free energy
surfaces are shown, projected onto the first two principal components (PC1 and PC2)
for each system. Porcupine plots in panels (al-d1) and (a2—d2) illustrate the dominant
motions along mode 1 and mode 2, respectively. Panels (a3—d3) display representative

conformations extracted from the major basins in the free energy landscapes (A-D),
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each aligned to Confl for structural comparison. Key functional regions are color-

coded for clarity.
7.3.4. Functional Dynamics of the JNK1 Activation Segment

To elucidate the effects of ATP binding and MKK?7 interaction on the conformational
dynamics of the JNKI1 activation loop (A-loop), we performed dihedral principal
component analysis (dPCA) on four studied systems. Unlike Cartesian coordinate-
based PCA, dPCA focuses on the protein’s internal dihedral angles (¢/y), allowing a
more detailed examination of local conformational variations relevant to kinase
function. The two-dimensional free energy surfaces (FESs) as shown in Figure 7.5
projected onto the first two dihedral principal components (dPC1 and dPC2) reveal
that all systems sample a broad and heterogeneous conformational landscape, with
multiple distinct minima separated by varying energy barriers. In the apo system, four
major conformational basins are evident, while the addition of ATP, MKK?7, or both
leads to a more complex landscape with additional populated regions, indicating
enhanced conformational diversity. Representative structures extracted from the
principal and local minima (conformations 1-4) were superimposed for each system to
visualize the structural transitions of the A-loop. Across all systems analyzed, the A-
loop is observed in either an extended or semi-extended conformation, with no system
exhibiting a fully closed or inactive-like state. Notably, in contrast to other systems
where the A-loop remains extended or semi-extended, conformation 4 of the JNK1-A-
M system shows a pronounced shift of the A-loop toward the aC-helix, forming a
partially closed conformation. Despite this variability, the overall alignment of the
kinase core is preserved across all systems, with the most significant structural changes

localized to the activation segment and adjacent loops.
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Figure 7.5: Dihedral principal component analysis (dPCA) of the activation segment
in the four studied systems. Subplots (A—D) depict the free energy landscapes (FELs)
constructed using the first two dihedral principal components (dPC1,2). Representative

structures extracted from the highlighted regions in the FELs are shown alongside.
7.3.5. Salt-bridge Triad Formations

The stability of kinase conformations is heavily influenced by salt bridges, especially
those formed between the aC-helix and the activation segment with f3-Lysine. These
interactions function as regulatory elements that control kinase activity [449]. In
Figure E7(C-D), we perfomed a box plot analysis of the Lys55-Asp169 and Lys55-
Glu73 distances obtained from the trajectories. For the Lys55-Asp169 distance, the
lowest distribution range was observed in JNK1-A, followed by JNK1-A-M, while the
other two systems demonstrated a slightly broader distribution. For the Lys55-Glu73
distance in Figure E7(C), the prominent distribution was well within a 4 A range, with
JNK1-A having the smallest box width. We further generated the free energy landscape
(FEL) using the distances between these salt-bridge-forming residues on the X and Y
axes as shown in Figure 7.6. Across the examined systems, the Lys55-Glu73 salt
bridge is stably maintained, reflected by a high-density region at short distances in the
free energy plots. The consistent presence of this interaction reflects strong

electrostatic attraction and precise structural alignment, likely serving as a core
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stabilizing element of the kinase, independent of ligand or partner binding. In contrast,
the salt bridge involving Aspl169 of the DFG motif exhibits greater flexibility and
forms less frequently, as reflected by broader free energy distributions and a notable
population at longer distances. It suggests that Lys55-Glu73 provides a stable
anchoring interaction, while the Asp169 salt bridge is more dynamic and less stable.
The stable Lys55—-Glu73 salt bridge likely helps maintain the alignment of the aC-helix
and B3 strand, key for kinase function, whereas the flexible Asp169 interaction permits

structural changes which may be essential for kinase regulation.
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landscapes (FELs) constructed using the distances between LysSS@NZ—-Asp169@CG
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7.3.6. P-loop Structural Dynamics

The P-loop is essential for coordinating ATP and inhibitor interactions and governs
water movement within the binding cavity [425]. Hence, understanding the
conformational dynamics of the P-loop is crucial for systematically designing selective

inhibitors targeting JNKI1. Collie et al. recently reported that in c-Met kinases,
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competitive inhibitors bind to two different conformations of P-loop, displaying either
folded or extended structures that are critical for their function [426]. In the inactive
excited state of Abl kinase, the P- loop moves towards the aC-helix, leading to a
rotational shift that disrupts the f3-Lys aC-Glu ion pair and causes the aC-helix to
adopt the “out” conformation [427]. Initially, a box plot was used to analyze P-loop
RMSD (Figure 7.2(C)), revealing that the JNK1-A and JNK1-A-M systems exhibited
narrower boxes, indicating more restricted fluctuations compared to other systems.
Further, a distance analysis of the P-loop from the conserved HRD-motif of the
catalytic loop (Figure E7(B)) indicated that the ATP bound systems JNK1-A and
JNK1-A-M, had the smallest box indicating most restricted movement of the P-loop.
To gain deeper insights, we constructed the free energy landscape (FEL) using P-loop
RMSD plotted against the HRD motif distance as shown in Figure 7.7. The energy
landscapes of the apo JNK1 and JNK1-M systems span a broad conformational space,
with multiple minima indicating significant conformational transitions. Each minimum
reflects a unique interplay between the P-loop’s flexibility and the HRD motif’s
positioning, highlighting the conformational diversity between open and closed forms.
In contrast, the ATP-bound systems settle into a single dominant conformational state,
as indicated by their free energy landscapes. The lack of additional minima in ATP-
bound systems suggests that ATP binding enforces a rigid conformational restraint on
the P-loop, locking it into a defined orientation that likely stabilizes the active site and

ensures proper catalytic alignment.
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Figure 7.7: Free energy landscape (FEL) analysis using the backbone RMSD of the P-
loop and its distance from the conserved HRD motif as reaction coordinates.

Representative structures from the highlighted regions of the FEL are shown alongside.
7.3.7. Residue Motion Correlation and Network Formation

Dynamic cross-correlation matrix (DCCM) analysis was used to systematically
evaluate the inter-residue movement correlations throughout the JNK1 kinase domain.
The DCCM maps in Figure 7.8 use color coding to represent correlated (positive) and
anti-correlated (negative) motions between residues. Highly correlated motions (above
0.4 or below —0.4) are visualized in the matrix. The diagonal and near-diagonal regions
of the DCCM map showed highly correlated motions, whereas the off-diagonal areas
displayed varying degrees of both correlated and anti-correlated movements. Overall,
the JNK1-A-M systems exhibited reduced anti-correlated motions compared to the
other systems, as indicated by a reduction in the low and light blue regions. While the
correlation pattern for specific residue pairs was broadly maintained, slight changes in

the degree of correlation were present.
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correlation is represented using a color scale shown alongside.

To further explore inter-residue network formation across all systems, structure
network analysis was performed using webPSN v2.0 [221], which integrates protein
structure networks (PSNs) with elastic network model-based normal mode analysis
(ENM-NMA). A summary of the network parameters is provided in Table 7.1, while
Figure 7.9 illustrates the hubs and communities identified in the protein structure
graphs (PSGs). The strongest community C1 was formed in the N-lobe of the JNK1
kinase domain (Figure 7.9). The differences in the parameter values reported in Table
7.1 indicate that structural network alterations occurred across the systems.
Interestingly, the JNK1 and JNK1-A systems exhibited the same number of hubs and
communities, however, JNK1-A showed a decrease in other parameters, including the

number of links, hub-mediated links, and the number of nodes and links involved in
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communities. The JNK1-M system, on the other hand, exhibited a higher number of
linked nodes, total links, hubs, and hub-mediated links. In contrast, the JNK1-A-M
complex, where both ATP and MKK?7 were bound, showed a marked reduction in
several parameters, including the total number of hubs and communities. Overall, these
findings suggest that ligand binding, particularly the simultaneous presence of ATP

and MKK7, impacts the protein’s structural network, resulting in altered connectivity.

Hub Hub Hub Hub Community
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Figure 7.9: Visual representation of hubs and their connections derived from protein
structure network (PSN) analysis. Average interaction strength and community

rankings are indicated using color codes.
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Table 7.1: Overview of network analysis results for the four examined systems.

Network Properties JNK1 JNK1-A | JNK1-M | JNK1-A-M
No. of linked nodes 318 317 338 332
No. of links 373 366 392 360
No. of hubs 47 47 56 39
No. of links mediated by 189 182 210 151
hubs
No. of communities 11 11 12 6
No. of nodes involved in 73 63 70 48
communities
No. of links involved in 102 84 95 65
communities

7.3.8. Interactions Profile of Complex Systems

We conducted binding free energy calculations, along with residue-level
decomposition and hydrogen bond analysis for ATP and the MKK?7 docking domain
interacting with JNK1. Table 7.2 presents the average total binding free energy
between ATP and JNK1, in JINK1-A and JNK1-A-M systems. Distinct binding energy
profiles were observed through MM/PBSA energy calculations for the two systems.
Interestingly, while ATP-bound JNKI1 exhibited a AGpina of —4.31 kcal/mol, the
additional binding of MKK?7 significantly enhanced ATP affinity towards JNKI,
resulting in a AGpina 0f -12.67 kcal/mol for the JNK1-A-M complex. This observation
aligns with the known signaling relationship, where JNK1 functions downstream of
MKK?7. The binding of MKK7 activates JNK 1, providing a rational explanation for the
increased ATP binding affinity upon MKK?7 association. The primary contributor to
the increased binding affinity appears to be the interplay between favorable
electrostatic interactions and unfavorable polar solvation energy. In the JNKI1-A
system, the net polar contribution (AEew.c + AGpor) Was slightly unfavorable at 3.51
kcal/mol. In contrast, the corresponding value in the INK1-A-M complex was —12.67

kcal/mol, indicating a substantially more favorable net polar contribution to ATP
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binding. These results demonstrate that MKK7 binding alters the
electrostatic environment of JNKI1, leading to increased ATP affinity and possibly

promoting its activation.

Table 7.2: Binding free energy calculation using MM/PBSA with component-wise
energy decomposition (in kcal/mol). Enthalpy and entropy value represent the average

of three simulation runs. the standard errors of the mean are included in parentheses.

Systems | AEuww | AEce AG ol AGnp “TAS | AGsina
INKI-A | 2548 | -12743 | 13094 | -426 21.92 -4.31
(0.09) (0.44) (0.39) 0.00) | (1.61) | (1.72)

INK-A-M | 2359 | -161.64 | 150.18 431 2669 | -12.67
(ATP) (0.09) (0.44) (0.37) 0.00) | (1.30) | (1.42)

Furthermore, to gain deeper insights, residue-wise decomposition of total binding free
energy was performed, and those contributing below -1.00 kcal/mol are shown in
Figure 7.10(C). Each bar reflects the contribution of individual residues to the stability
of the respective complexes. In the INK1-ATP complex, Aspl151, Gln-37, Asnl14,
Gly35, Serl55, Ala36, Lys55, and Leul68 show the most favorable energy
contributions, highlighting their importance in ATP binding. In the JNK1-MKK?7
complex, residues like Glu329, Trp324, Cys163, Aspl162, Argl27, Serl61, Metl51,
and Tyr130 show significant contributions, reflecting their involvement in the protein-
protein interface. The MKK7 residues involved in interactions include Pro39, Pro41,
Arg40, Leud3, GIn44, Leud5, Pro46, and Leu47. In addition, 2D interaction plots were
generated to visualize various hydrogen bonds and hydrophobic interactions, as
depicted in Figure 7.10(A-B). The frequency of hydrogen bonding by important
residues in JNK1-ATP and JNK1-MKK?7 complexes is depicted in Figure 7.10(D).
The key contributor to hydrogen bonding between JNK and ATP was Ser155, with
over 60% occupancy, whereas Ser161 and Argl27 were the most significant in the
JNK-MKK?7 interaction, showing approximately 50-70% occupancy of hydrogen
bonds. Overall, the interaction analysis of JNK1 with ATP and MKK?7, along with the

244



identification of key residues involved, provides valuable functional insights that could

inform therapeutic strategies targeting these sites.
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Figure 7.10: Interaction profile, per-residue free energy contribution and formation of

hydrogen bonds.
7.4. Conclusions

This study offers a comprehensive investigation of the structural dynamics and
conformational plasticity of INK1 under various molecular conditions using extensive
Gaussian accelerated molecular dynamics (GaMD) simulations. Through a detailed
structural comparison between the apo form of JNKI1 and its ligand-bound
counterparts, including ATP-Mg?" alone, MKK?7 alone, and the combination of both
we have elucidated how each ligand individually and synergistically alters the kinase's
conformational landscape and functional dynamics. The RMSD-based analysis
revealed that ATP binding confers considerable structural stability, particularly to

motifs like the P-loop and aC-helix, while the MKK7 interaction contributes localized
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stabilization mainly within the activation segment, highlighting distinct stabilizing
effects imparted by each binding partners. Our analysis of the hydrophobic spines
revealed that both the regulatory (R-spine) and catalytic (C-spine) residues consistently
retain their conserved alignment across all simulated systems, suggesting that the
structural integrity of the kinase core is preserved irrespective of ligand binding or
docking partner association. Salt-bridge analysis revealed that the interaction between
Lys55 and Glu73 remains consistently stable across all systems, serving as a key
structural anchor. In contrast, the salt bridge involving Asp169 displayed significant
variability, suggesting its dynamic nature may be crucial for modulating activation
loop movements during transitions between active and inactive-like conformations.
Analysis of the free energy landscapes revealed that ATP binding imposes
conformational restriction on the P-loop, supporting its structural role in catalytic site
stabilization and its potential impact on the coordination of ligand entry or release.
Additionally, analysis of the binding free energy between ATP and JNKI1 in both
JNK1-A and JNK1-A-M systems demonstrated enhanced ATP affinity in the presence
of MKK?7, attributed to an improved net polar energy component. Residue-wise energy
decomposition further revealed that distinct JNK1 residues are involved in binding,
emphasizing the specificity of their interaction interfaces. These findings enhance our
understanding of the structure-function relationship of JNKI1 and its interaction
mechanism with MKK7. We anticipate that the insights gained from this study will
support the development of novel inhibitors against JNK1.
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Chapter 8

Conclusions and Future Perspective

8.1. Overall Conclusions

In this doctoral dissertation, I have described an in-depth computational investigation
of the conformational dynamics and inhibition mechanisms of key kinases involved in
the DLK-JNK signaling pathway, a cascade known to mediate stress responses and
neurodegeneration. The primary aim of this thesis has been to elucidate the structural
and mechanistic features of DLK, MKK7, and JNK isoforms, and to identify potential
therapeutic strategies for modulating their activity through structure-based drug
discovery. The study integrates molecular docking, molecular dynamics (MD)
simulations, free energy calculations, and enhanced sampling techniques to gain

mechanistic insights and guide to study conformational dynamics and inhibitor design.

The first segment of this thesis explored the DLK kinase as a promising therapeutic
target for neurodegenerative diseases. Considering the crucial role of DLK in initiating
sustained JNK activation after cellular stress and its role in axonal degeneration, the
study focused on screening phytochemicals from the SWRT formulation of Ayurvedic
medication, typically prescribed for neurological diseases. Through an extensive
virtual screening combined with post-docking MD simulations, four phytocompounds
were identified that possess favourable ADMET characteristics and high affinity
towards the ATP-binding pocket of DLK. The four identified lead compounds are
sourced from different plants, specifically Anethum sowa, Acorus calamus, Zingiber
officinale, and Syzygium aromaticum. By narrowing down the essential
phytoconstituents of this ancient formulation, this study may contribute to the design
of potent inhibitors through lead optimization against DLK. This study identified key
phytochemicals of SWRT formulations and characterized their binding interactions
with DLK. To the best of our knowledge, this is one of the first studies to provide
molecular insight into the potential of Ayurvedic compounds for DLK-targeted

neurodegenerative therapy.
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After recognizing the neuroprotective effects of SWRT through DLK inhibition, we
directed our efforts toward identifying new ATP-competitive inhibitors targeting DLK.
Hence, the second study expanded the drug discovery framework by targeting the
ATP-binding site of DLK. The lack of FDA-approved drugs targeting DLK, highlights
the necessity for the development of potent inhibitors to address neurological
pathologies. Therefore, the design of targeted therapies that are both potent and
selective, while avoiding cytotoxic effects, has attracted considerable attention. The
second part of the thesis focuses on the conventional systematic approach of high-
throughput virtual screening of natural product libraries (NPAtlas) and FDA-approved
compounds (MedChemExpress), followed by molecular dynamics simulations
integrated with free energy calculations. We carried out virtual screening of natural
products and FDA-approved drugs in combination with pharmacokinetic and
pharmacological profiling, followed by unbiased molecular dynamics simulations to
evaluate the stability of the complexes. We have also evaluated the ADMET properties
of the selected compounds. We have also explored the conformational dynamics of the
kinase upon inhibitor binding. Finally, we identified two compounds from the NPAtlas
database exhibiting favorable ADMET profiles, along with two FDA-approved drugs,
danthron and dithranol, showing blood-brain barrier (BBB) permeability based on
virtual screening and subjected to MD simulation. Binding free energy estimates using
MM-PBSA revealed higher affinity for CID139591660, dithranol, and danthron
compared to the control compound sunitinib, whereas CID156581477 exhibited
reduced affinity. Furthermore, employing the deep learning-based DeL A Drug server,
we identified an analogue of CID156581477 (CID156581477-ANLG) with higher
affinity compared to both the parent compound and the control. Based on MM-PBSA
and hydrogen bonding results, the inhibitor affinities followed the order:
CID139591660 > dithranol > CID156581477-ANLG > danthron > sunitinib >
CID156581477. Thus, four compounds were found to exhibit greater affinity than the
control compound, sunitinib. However, further molecular and pharmacokinetic studies

are required to test the selectivity and affinity in vitro and in vivo.

The third part of the thesis focused on MKK?7 kinase, the immediate downstream
effector of DLK and a dual-specificity kinase central to JNK activation. Using both
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type I, type II, and allosteric inhibitors, we systematically investigated the
conformational transitions and stability of MKK7 through Gaussian accelerated MD
(GaMD) simulations. We observed that the inactive state is characterized by a closed
A-loop, outward displacement of the aC-helix, disruption of the hallmark salt bridge,
and misalignment of the hydrophobic spines. Notably, the type II inhibitors promoted
a more stable inactive conformation of MKK7 by enlarging the ATP-binding cleft and
disrupting key catalytic residues. Finally, we computed the binding free energy and
compared the binding configurations using the MM/PBSA approach. According to the
binding free energy calculations, type II inhibitors show the highest affinity, followed
by N-terminal allosteric inhibitors and type I inhibitors. These structural and energetic
analyses could serve as a foundation for developing more effective type I/II and N-
terminal allosteric inhibitors, with significant implications for treating MKK7-related

diseases.

In addition, we have also explored the comparative structural dynamics and energetic
characteristics of the three JNK isoforms JNK1, JNK2, and JNK3 bound with the
inhibitor SP600125 in both phosphorylated and unphosphorylated forms. Investigating
the structural behaviour of these isoforms in phosphorylation states is crucial for
understanding their functional variety and regulatory mechanisms. We observe that the
structural integrity of isoforms remains largely conserved, but phosphorylation leads
to conformational changes in the activation loop and some other key regions, affecting
accessibility, flexibility, and compactness. The phosphorylation affects the 33-Lys and
aC-helix-Glu salt bridge in JNK1 and JNK3, while JNK2 remains unchanged, and no
isoform exhibits a stable 3-Lys and DFG-Asp salt bridge interaction. Finally, we
computed the binding free energy and compared the binding configurations using the
MM-PBSA approach. The results suggest that SP600125 shows significant affinity for
all JNK isoforms. Overall, our findings offer valuable insights into the structural and
conformational dynamics of JNK isoforms in complex with a competitive inhibitor,

revealing fundamental challenges in isoform-specific drug discovery.

Finally, we have investigated the JNK1 dynamics in complex with ATP and MKK?7.

Here, we primarily focused on the conformational dynamics of JNK1 in its apo form,

251



ATP-bound state, MKK7-bound complex, and the dual ATP-MKK?7 bound state, along
with their associated binding free energy calculations. The GaMD studies revealed
conformational variability among the different states. The binding of ATP resulted in
a restricted mobility of the P-loop, leading to a rigid free energy landscape in terms of
its up and down motion towards the conserved HRD-motif. The activation segment
adopted a range of conformations, including states where the loop shifted toward the
aC-helix. Throughout all systems, the alignment of the hydrophobic spine architecture
remained consistently intact. The salt bridge between B3-Lys55 and Aspl169 of the
DFG-motif alternated between formed and broken states. In contrast, the key
interaction between B3-Lys55 and aC-helix-Glu73 remained mostly intact across
systems, except in the ATP-MKK?7 bound complexes, where an additional prominent
broken conformation was also observed. Furthermore, the binding mechanism,
residue-specific energy contributions, and interaction profiles were thoroughly
analysed. Overall, the study provides critical mechanistic insights into JNKI in
complex with MKK7 and ATP-bound states, emphasizing how binding influences their

dynamic behaviour and interaction patterns.

Collectively, this thesis offers a comprehensive computational framework to
understand the DLK-MKK7-JNK signaling axis at an atomistic level. Each chapter
contributes new insights ranging from natural product-based inhibition, structure-
function relationships, protein-protein interactions, and isoform-specific modulation to
kinase conformational dynamics, which are critical for guiding future targeted drug
development. The strategies and findings reported here hold translational potential and

serve as a foundation for future experimental validations and clinical exploration.
8.2. Outlook and Future Directions

In this thesis, I have explored the conformational dynamics and molecular mechanisms
of inhibition within the DLK-JNK signaling pathway, which plays a crucial role in
neuronal stress response, axonal degeneration, and neuroinflammation. Using
multiscale simulation techniques including molecular docking, classical and enhanced
sampling molecular dynamics, and free energy calculations, I have investigated the

mechanistic landscape of kinase regulation and inhibition, offering new perspectives
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for structure-based drug discovery. This work presents the comprehensive
computational attempts to investigate the structural and conformational plasticity and

inhibition mechanisms of the DLK-MKK7-JNK cascade across multiple levels.

Despite the significance of DLK in mediating pathological signaling in neurological
diseases, there is currently no FDA-approved drug targeting DLK. Moreover, its C-
helix displays a highly distorted conformation, distinct from canonical kinase
structures. This unusual conformation not only challenges conventional drug design
approaches but also opens up a novel opportunity to investigate the structural
determinants behind this distortion and its functional implications in kinase
regulations. Also, a critical gap in our knowledge is the lack of experimentally
validated phosphorylation sites in human DLK, which limits our ability to accurately
model its active or inactive forms. Future studies, integrating phosphorylation and
mass spectrometry data with computational modeling, will be essential to bridge this
gap and to explore DLK’s regulation at the post-translational level. Additionally,
opportunities exist in predicting novel allosteric sites and identifying inhibitors capable

of inhibiting them, offering a valuable perspective for drug discovery against DLK.

In the case of JNK isoforms, the high sequence similarity among JNK1, JNK2, and
JNK3 presents a significant challenge for selective drug development. We observed
that phosphorylation induces subtle but important conformational differences among
1soforms, yet creating highly selective inhibitors for each isoform is still a significant
challenge. Achieving high selectivity among these isoforms is a key future goal, which
will require the integration of long-timescale simulations, isoform-specific structural
data, and advanced machine-learning-based binding prediction models. Future studies
could focus on predicting allosteric pockets in JNK isoforms and MKK4 along with
identifying inhibitors targeting these pockets as a promising strategy. As illustrated in
Figure 8.1, we present the future scope of work on the DLK-JNK signaling pathway,

detailing the possible analyses for each kinase.
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Figure 8.1: Illustration of the DLK—JNK signaling pathway, showing the wide range
of research possibilities at each kinase level. These include phosphorylation analysis,
mapping of allosteric pockets, studying structural changes, and the search for novel

inhibitors.

Additionally, while my work focused on the ATP-binding pockets and allosteric sites
of individual kinases, future researchers may benefit from expanding the scope to
include protein-protein interactions, such as the DLK-MKK?7 and MKK7- with
individual JNK isoform complexes, which are central to the functionality of signaling.
Targeting these interfaces could offer a new layer of selectivity beyond what is
achievable through ATP-competitive and other allosteric inhibitors. Therefore, our
study would be a great starting point for further novel drug development and

conformational study of the DLK-JNK signaling pathway.
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Appendix A

Table A1: The ADMET analysis of all four selected leads.

Properties Lead-1 Lead-2 Lead-3 Lead-4
Physiochemical and other properties
Molecular 492.389 | 330.29 374.433 484.366
weight (Da)
Volume 445.387 | 323.279 388.945 430.778
Density 1.105 1.021 0.962 1.124
nHA 13 7 6 14
nHD 7 4 3 9
nRot 5 6 10 7
nRing 4 2 2 3
MaxRing 10 6 6 6
nHet 13 7 6 14
fChar 0 0 0 0
nRig 25 15 13 20
Flexibility 0.2 0.4 0.769 0.35
Stereo Centers 5 0 1 5
TPSA 216.58 124.29 96.22 243.9
logS -4.164 -2.821 -3.236 -1.96
logP 0.667 2.089 1.829 -0.295
logD 1.001 1.813 2.263 0.119
Ti2 0.918 0.956 0.934 0.967
MDCK 1.8e-05 | 1.4e-05 1.5e-05 2.6e-05
permeability
Pgp-inhibitor 0.0 0.006 0.039 0.005
Pgp-substrate 0.729 0.006 0.994 0.032
Toxicity Evaluation
hERG Blockers 0.006 0.011 0.086 0.029
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H-HT 0.207 0.141 0.395 0.037
DILI 0.098 0.936 0.045 0.954
AMES Toxicity 0.366 0.072 0.224 0.076
Rat Oral Acute 0.063 0.518 0.018 0.007
Toxicity
FDAMDD 0.009 0.031 0.897 0.003
Skin Sensiti 0.029 0.956 0.429 0.919
zation
Carcinogen city 0.041 0.197 0.043 0.008
Eye corrosion 0.003 0.016 0.004 0.003
Eye Irritation 0.01 0.925 0.155 0.258
Respiratory 0.029 0.042 0.058 0.011
Toxicity

Volume: Van der Waals volume. Density: MW/Volume. nHA: Number of hydrogen
bond acceptors; optimal: 0~12. nHD: Number of hydrogen bond donors; optimal:0~7.
nRot: Number of rotatable bonds; optimal:0~11. nRing: Number of rings;
optimal:0~6. MaxRing: Number of atoms in the biggest ring; optimal: 0~18. nHet:
Number of heteroatoms; optimal:1~15. fChar: Formal charge; optimal:-4~4. nRig:
Number of rigid bonds; optimal:0~30. Flexibility: nRot/nRig. Stereo centers:
Optimal < 2. TPSA: Topological polar surface area; optimal:0~140. logS: Log of the
aqueous solubility; optimal:-4~0.5 log mol/L.

logP: Log of the octanol/water partition coefficient; optimal:0~3. logD: logP at
physiological pH 7.4; optimal: 1~3. T1.2: The output value is the probability of having
a long half-life; long half-life: > 3 h. MDCK permeability: low: < 2 x 10 cm/s;
medium: 2-20 x 10 cm/s; high: >20 x 10 cm/s. Pgp-inhibitor/substrate: The output
value is the probability of being Pgp-inhibitor or Pgp-substrate.

The toxicity results indicate the probability of the ligand being active/toxic in the
corresponding analyses: selection of drugs with less toxicity/adverse effects: 0-0.3;

excellent; 0.3-0.7: medium; 0.7-1.0: poor.
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Table A2: List of leads along with their compound ID and SMILES

Leads | Compound ID | SMILES
Lead-1 | CID5491630 COC1=C(C=CC(=C1)C2=C(C(=0)C3=C(C=C(C=C302)
0)0)OCAC(C(C(C(04)C(=0)0)0)0)0)O
Lead-2 | CID16066851 | C1=CC(=C(C=C1C=CC(=0)OCC(=0)C2=CC(=C(C=C2
)0)0)0)O
Lead-3 | CID5318039 COC1=C(C=CC(=C1)CCC(CC(=0O)cc2=CC(=C(Cc=C2
)0)0C)0)0
Lead-4 | CID471118 C1=C(C=C(C(=C10)0)0)C(=0)OC2C(C(OC(C20C(=0
)C3=CC(=C(C(=C3)0)0)0)0)C0O)0O
Table A3: Tanimoto Coefficient for Molecule Structure Similarity Measurement.
System Lead-1 Lead-2 Lead-3 Lead-4 sunitinib
Lead-1 1.0 0.18 0.19 0.21 0.14
Lead-2 0.18 1.0 0.24 0.20 0.12
Lead-3 0.19 0.24 1.0 0.17 0.12
Lead-4 0.21 0.20 0.17 1.0 0.10
sunitinib 0.14 0.12 0.12 0.10 1.0
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Table A4: Residual decomposition of the binding free energy in kcal/mol between the
DLK and Different Ligand Molecules. Binding free energy with values <—1.0 kcal/mol

are listed here.

Residue AEvaw AEelec AGpol AGnp AGbind
Lead-1
VAL-139 -1.69 -0.40 0.43 0 -1.66
LEU-243 -1.85 0.13 0.20 0 -1.52
GLU-191 -0.06 -3.42 2.33 0 -1.15
PHE-192 -1.62 -0.86 1.49 0 -1.00
Lead-2
ASP-254 1.07 -13.75 10.46 0.01 -2.21
LEU-243 -1.62 -0.13 0.27 0 -1.48
PHE-192 -1.62 -1.12 1.30 0 -1.44
LEU-141 -1.20 -0.11 0.18 0 -1.13
Lead-3
PHE-192 -1.74 -2.11 1.46 0 -2.38
CYS-193 -1.0 -3.53 2.81 0 -1.71
VAL-139 -1.36 -0.13 0.14 0 -1.36
LEU-141 -1.43 0.27 -0.01 0 -1.17
ALA-150 -1.11 -0.16 0.20 0 -1.03
Lead-4
ASP-236 0.82 -8.36 5.17 0 -2.37
VAL-139 -1.87 -0.20 0.20 0 -1.87
LEU-243 -1.35 -0.01 0.25 0 -1.11

260



Table AS: Main hydrogen bond interactions formed by DLK with leads and the

corresponding average distance, angle, and percentage of occupancy determined using

the trajectories of production simulations. Hydrogen bonds with more than 10%

occupancy are listed here.

System Acceptor Donor Distance | Angle | Occupancy
Lead-1
Lig@O5 Ser253@0OG 2.84 155.92 18.32
Lig@wO4 Cys193@N 2.92 158.87 13.11
Glul91@O Lig@O3 2.75 152.61 70.39
Runl Asp254@OD1 Lig@O8 2.67 158.33 24.85
Asp254@0OD2 Lig@O8 2.67 157.90 20.74
Ser133@O Lig@O13 2.75 152.71 10.00
Lig@O5 Ser253@0OG 2.83 156.70 24.26
Lig@wO4 Cys193@N 2.92 159.57 10.46
Glul91@O Lig@O3 2.74 152.91 81.68
Run-2 Asp254@0OD2 Lig@O8 2.65 161.52 25.30
Ser133@O Lig@O13 2.71 162.93 20.27
Asp254@OD1 Lig@O8 2.66 159.34 15.98
Lead-2
Lig@O7 Cys193@H 2.87 159.76 59.14
Lig@O6 Ser253@HG 2.76 156.44 36.33
Asp254@0OD2 Lig@O6 2.65 159.65 39.04
Run-1 Asp254@OD1 Lig@O6 2.65 159.52 37.42
Asp254@0OD2 Lig@O5 2.70 161.94 33.35
Asp254@OD1 Lig@OS5 2.70 161.68 32.11
Lig@O7 Cys193@N 2.87 158.89 52.76
Lig@O5 Ser253@0OG 2.79 152.90 20.68
Asp254@0OD2 Lig@O5 2.68 160.01 47.50
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Run-2 Asp254@0OD2 Lig@O6 2.66 161.27 46.69
Asp254@OD1 Lig@O6 2.67 161.34 45.28
Asp254@OD1 Lig@O5 2.69 160.26 38.12

Lead-3
Lig@O5 Cys193@N 2.89 153.54 51.59
Run-1 Glul91@O Lig@O3 2.71 155.93 86.35
Cys193@O Lig@O5 2.84 144.35 28.29
Ser133@O Lig@O6 2.79 148.31 12.23
Lig@O5 Cys193@N 2.88 151.24 57.24
Run-2 Glul91@O Lig@O3 2.73 154.71 86.63
Cys193@O Lig@O5 2.84 145.30 38.27
Lead-4
Asp236@OD1 Lig@02 2.61 164.48 45.01
Gly134@O Lig@O13 2.71 162.06 41.07
Cys193@O LigwO12 2.74 162.71 40.41

Run-1 Asp236@OD1 Lig@Ol1 2.62 165.02 35.60

Asp236@OD1 Lig@O3 2.61 164.77 16.84

Cys193@O Lig@O3 2.70 147.56 15.36
Asp254@0OD2 Lig@wO12 2.66 162.74 14.84
Lig@O6 Ser253@HG 2.81 153.26 14.48
Lig@Ol11 GIn197@N 291 156.76 13.81
Lig@wO12 Ser253@0OG 2.84 156.52 11.37
Cys193@O Lig@O3 2.72 152.19 70.04
Asp236@0OD2 Lig@O12 2.64 164.12 39.71

Run-2 Asp254@OD1 Lig@wO12 2.64 164.07 35.26
Asp254@OD1 Lig@O13 2.70 153.83 35.02
Asp254@0OD2 Lig@O13 2.70 154.75 32.44
Glu200@OELl Lig@O10 2.61 165.73 14.32
Glu200@OE1 Lig@O11 2.61 165.43 13.13
Glu200@OE2 Lig@O10 2.61 165.77 12.39
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Figure A1l: Time evolution of (A) root-mean-square deviation (RMSD) of backbone

atoms of DLK, (B) ligand RMSD, (C) Solvent accessible surface area (SASA) of DLK,

and (D) Radius of gyration of DLK.
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Appendix B

Table B1: The drug-likeliness properties calculated using the SwissADME webserver.

The properties are calculated for two new identified compounds, control, and few

reported DLK inhibitors.
Compounds | Molecular Molecular No. of No. of Molar
CID formula weight (Da) | H-bond | H-bond | Refractivity
acceptors | donors
156581477 | C17H240 | 292.37 g/mol 4 3 82.64
4
139591660 | C18H260 | 306.40 g/mol 4 3 87.29
4
Sunitinib | C22H27F | 398.47 g/mol 4 3 116.31
N402
GNE-3511 | C23H26F | 440.49 g/mol 7 1 123.36
2N60
GDC-0134 | C19H20F | 440.39 g/mol 9 1 109.46
4N602
DN1289 441.38 g/mol 10 1 107.26
C18H19F
4N702
IACS- CI16HI3F | 426.29 g/mol 11 2 83.91
52825 TN402

Molecular weight range: 150-500 g/mol

No. of H-bond donors: <5

No. of H-bond acceptor: <10

Molecular refractivity: 40-130
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Table B2: The Pharmacokinetics properties predicted using SwissADME webserver.

The properties are calculated for two new identified compounds, control, and few

reported DLK inhibitors.
Comp | GI BBB P-gp | CYPIA | CYP2C1 | CYP2C | CYP2D | CYP3 | LogKk,
ounds | absor | permea | substrat 2 9 9 6 A4
CID | ption nt e inhibito | inhibitor | inhibito | inhibito | inhibit
r r r or
15658 | High Yes No No No No Yes No -6.49
1477 cm/s
13959 | High Yes No No No No Yes No -6.15
1660 cm/s
Suniti | High Yes Yes No Yes No Yes Yes -6.86
nib cm/s
GNE- | High Yes Yes No No Yes Yes Yes -6.69
3511 cm/s
GDC- | High No No No No No Yes Yes -6.88
0134 cm/s
DN12 | High No Yes No No No Yes Yes -7.38
&9 cm/s
[ACS- | High No Yes No No No Yes Yes -7.21
52825 cm/s
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Table B3: Toxicity prediction of the compounds using pkCSM webserver. Toxicity

prediction is essential to ensure that selected compounds are safe for human use and

reduce the risk of failure of compounds in later stages of drug development. The

properties are predicted for two new identified compounds, control, and few reported

DLK inhibitors.
Model name | CID1 | CID1 | Sunitini | GNE- | CDC- | DN128 | IACS Unit
56581 | 39591 b 3511 | 0134 9 -
477 660 52825
AMES No No No No No No No Categorical
toxicity (Yes/No)
Max. 0.402 | -0.103 | -0.291 |-0.935|-0.579 | -0.014 | 0.409 Numeric
tolerated dose (log
(human) mg/kg/day)
hERG 1 No No No No No No No Categorical
inhibitor (Yes/No)
hERG 11 No No Yes Yes No No No Categorical
inhibitor (Yes/No)
Oral Rat 232 | 212 2.327 3.082 | 2.595 2.69 2.29 Numeric
Acute (mol/kg)
Toxicity
(LD50)
Oral Rat 1.63 1.73 0.926 |-0.191 | 1.14 0.62 0.988 Numeric
Chronic (log
Toxicity mg/kg bw/
(LOAEL) day)
Hepatotoxicit | No No Yes Yes Yes Yes Yes | Categorical
y (Yes/No)
Skin No No No No No No No Categorical
Sensitisation (Yes/No)
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T.Pyriformis | 1.027 | 0.858 0.648 0.325 | 0.288 | 0.286 | 0.285 Numeric
toxicity (logug/L)
Minnow 1.261 | 1.115 3.811 1.916 | 2.279 | 2.752 | 2.312 Numeric
toxicity (log mM)

Table B4: Residual decomposition of free energy between the DLK and inhibitors

molecules. Residues contributing Energy greater than -1 kcal/mol are listed here. All

values are in kcal/mol.

DLK-inhibitor Residue AEvaw AEelec AGpol AGhnp AGtotal
complex

DLK/Sunitinib Vall31 -3.09 -4.93 542 0 -2.60
Leu243 -1.77 0.54 -0.21 0 -1.44
Vall39 -1.42 -0.27 0.49 0 -1.20
DLK/Dithranol Glul91 0.74 -6.32 2.63 0 -2.95
Phe192 -1.26 -2.14 1.46 0 -1.94
Leu243 -1.78 -0.42 0.47 0 -1.73
Leul4l -1.49 -0.28 0.31 0 -1.46
Cys193 -0.92 -2.00 1.86 0 -1.06
Alal50 -1.07 -0.05 0.10 0 -1.02
DLK/danthron Glul9l 0.71 -7.32 3.17 0 -3.44
Phe192 -1.14 -1.96 1.44 0 -1.66
Leu243 -1.81 -0.23 0.41 0 -1.63
Leul4l -1.36 -0.12 0.19 0 -1.29
Vall31 -1.26 -0.31 0.53 0 -1.04
Cys193 -0.98 -2.21 2.15 0 -1.04
DLK/CID1395916 Glul191 0.16 -5.12 2.73 0 -2.23
60 Leu243 -2.31 -0.17 0.32 0 -2.16
Vall39 -1.78 0.03 0.31 0 -1.44
Lys152 -0.59 -6.71 5.87 0 -1.43
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Table BS: List of CID156581477 analogues with their docking score, blood-brain
barrier penetration (BBB) ability, and SMILES. The BBB prediction was done using

the SwissADME webserver.

Sl. no SMILE ID Docking | MI. weight |BBB-penetration
score
1 N(O)C(C)(O)CCcleee(O)c2c1CCCC20 -11.51 267.15 No
2 |CCCCC=CCclcce(0)c2c1C(CC(O)C(C)O)C| -11.51 318.20 Yes

Table B6: Binding free energy components for DLK with two inhibitors complexes

calculated using the MM-PBSA scheme. All values are in kcal/mol.

DLK/ligand complex AEvaw | AEelec | AGpo | AGup -TAS AGbind
CID156581477-ANLG -38.61 | -24.57 | 33.84 | -3.86 21.58 -11.62
(0.06) | (0.13) | (0.08) | (0.00) (0.72) (0.74)

CID156581477 -33.09 | -30.86 | 40.09 | -3.61 21.38 -6.09
(0.05) | (0.12) | (0.08) | (0.00) (0.80) (0.88)

268




(A)

(B)

Figure B1: Visual representation of two compounds (A) CID156581477 (B)
CID139591660 using the BOILED-egg model of the SwissADME webserver. Both
compounds are a part of yellow Egan eggs, indicating a higher possibility of blood-
brain barrier (BBB) permeability.
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Figure BS: Calculation of wvarious torsion angles’ probability density for

CID156581477 conducted using the molecular dynamics trajectory.
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Figure B6: Calculation of various torsion angles’ probability density for

CID139591660 conducted using the molecular dynamics trajectory.
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Appendix C

Table C1: Average Root-mean-square deviation (RMSD) for each GaMD production

simulation. The standard deviation values are reported in parentheses.

Systems Runl Run2 Run3 Run4
(RMSD (A)) | (RMSD (A)) | (RMSD (A)) | (RMSD (A))
Apo 3.51 2.95 2.60 2.46
(0.41) (0.35) (0.29) (0.25)
T1-1 2.71 2.78 2.69 2.62
(0.31) (0.29) (0.18) (0.19)
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T2-1 2.94 3.19 2.98 3.25
(0.25) (0.25) (0.18) (0.25)

A-1 3.55 3.69 3.51 3.52
(0.27) (0.27) (0.31) (0.22)

Table C2: Number of nodes, links, and hubs involved in the formation of various

communities, identified through the protein structure network (PSN) analysis.

Communities Apo T1-1 T2-1 A-1
11 nodes 30 nodes 13 nodes 18 nodes
Community-1 16 links 44 links 24 links 26 links
6 hubs 17 hubs 10 hubs 8 hubs
9 nodes 10 nodes 9 nodes 14 nodes
Community-2 11 links 13 links 11 links 21 links
2 hubs 3 hubs 4 hubs 8 hubs
6 nodes 3 nodes 9 nodes 5 nodes
Community-3 9 links 3 links 11 links 9 links
2 hubs 1 hubs 4 hubs 4 hubs
4 nodes 3 nodes 7 nodes 4 nodes
Community-4 6 links 3 links 9 links 5 links
2 hubs 1 hubs 2 hubs 1 hubs
4 nodes 3 nodes 6 nodes 4 nodes
Community-5 5 links 3 links 7 links 5 links
0 hubs 1 hubs 3 hubs 2 hubs
4 nodes 3 nodes 6 nodes 4 nodes
Community-6 5 links 3 links 8 links 5 links
0 hubs 0 hubs 2 hubs 1 hubs
3 nodes 3 nodes 4 nodes 3 nodes
Community-7 3 links 3 links 5 links 3 links
0 hubs 2 hubs 0 hubs 1 hubs
3 nodes 3 nodes 3 nodes

275



Community-8 3 links 3 links 3 links
2 hubs 1 hubs 2 hubs

3 nodes 3 nodes 3 nodes

Community-9 3 links 3 links 3 links
2 hubs 0 hubs 1 hubs

3 nodes 3 nodes 3 nodes

Community-10 3 links 3 links 3 links
2 hubs 2 hubs 2 hubs

3 nodes 3 nodes

Community-11 3 links 3 links
1 hubs 1 hubs

3 nodes

Community-12 3 links
1 hubs

3 nodes

Community-13 3 links
1 hubs

Table C3: Comparison of network properties between the T1-I and T2-I systems.

Network Properties T1-1 T2-1
Number of Linked Nodes 273 274
Number of Specific Nodes 10 11
(3.66%) (4.01%)
Number of Shared Nodes 263 263
(96.34%) (95.99%)
Number of Links 301 308
Number of Specific Links 73 80
(24.25%) (25.97%)
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Number of Shared Links 228 228
(75.75%) (74.03%)
Number of Hubs 35 39
Number of Specific Hubs 15 19
(42.86%) (48.72%)
Number of Shared Hubs 20 20
(57.14%) (51.28%)
Average % shared Neighbours (Jaccard) 62.71
Average % shared Neighbours (Otsuka) 69.82
Average % shared Neighbours 78.79
(Overlap Coefficient)
Average % shared Cliques (K3-6) 56.82
Graphlets Similarity 66.61

Table C4: Comparison of network properties between the T1-I and A-I systems.

Network Properties T1-1 A-1
Number of Linked Nodes 273 280
Number of Specific Nodes 9 16
(3.30%) (5.71%)
Number of Shared Nodes 264 264
(96.70%) (94.29%)
Number of Links 301 316
Number of Specific Links 90 105
(29.90%) (33.23%)
Number of Shared Links 211 211
(70.10%) (66.77%)
Number of Hubs 35 43
Number of Specific Hubs 17 25
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(48.57%) (58.14%)
Number of Shared Hubs 18 18

(51.43%) (41.86%)
Average % shared Neighbours (Jaccard) 55.23
Average % shared Neighbours (Otsuka) 63.97
Average % shared Neighbours 73.64

(Overlap Coefficient)

Average % shared Cliques (K3-6) 55.10
Graphlets Similarity 65.30
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simulations.
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Figure C2: Probability density analysis depicting the solvent accessible surface area
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(C) the Type I inhibitor binding pocket for Apo and T1-I, and (D) the Type II inhibitor
binding pocket for Apo and T2-I systems.
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Figure C4: The backbone RMSD of the activation segment represented via a
probability density graph. Several structures corresponding to the peaks are
highlighted, depicting the backbone and side-chain orientations of the loop and the
DFG motif, respectively.

281



1e5

24
(A) —8— Apo
211 —— T1-I
—— T2-1
18 1 —o— A-l
15
@
V12
s
9.
6_
3.
0 . . . - .
0 2 4 6 8 10 12
Number of Clusters
50 50
404 (B) APO C2 40- (C) T1-1
0,
30- 94'6,.2.,/ ) 30- 3
204 AL 20- (14.97%) Cl1
(48.18%)
10 10-
S o ¢ O o i
a & » o
_104 (52.28%), T -104 2
20 " (23.10%) 15D C2
. 0,
s sl (36.85%)
-40- -40-
'50 T T T T T T T T T '50 T T T T T T T T T
-50 -40 -30 -20 -10 O 10 20 30 40 50 -50 -40 -30 -20 -10 O 10 20 30 40 50
PC1 PC1
50 60
a0 (D) T2-1 , C2 50 (E) A-l Cc3
.y L (28.00%) 404 (13.93%)
20- C1 ‘ 5 30 .
104 (46.95%) - <3 0|
8 . (25.05%) oy 10
o 3 o 0
-10 e
-20- i
207 (40.05%)
-304 -30 C1
-40- -40- (46.02%)
'50 T T T T T T T T T '50 T T T T T T T T T
-50 -40 -30 -20 -10 O 10 20 30 40 50 -50 -40 -30 -20 -10 O 10 20 30 40 50

PC1 PC1
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IC2

Figure C13: The MD trajectory frames projected onto the two slowest ICs, represented as

free energy surface (FES).
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Appendix D

Table D1: Number of nodes, links, and hubs involved in the formation of various

communities, identified through the protein structure network (PSN) analysis.

Communities | JNK1-p | JNKl1-u | JNK2-p | JNK2- | JNK3-p | JNK3-u
u

18 nodes | 16 nodes | 9nodes | 9 nodes | 20 nodes | 21 nodes

Community-1 | 27 links | 22 links | 14 links | 14 links | 30 links | 33 links
9 hubs 7 hubs 4hubs | Shubs | 10 hubs | 11 hubs

13 nodes | 11 nodes | 6 nodes | 8 nodes | 16 nodes | 20 nodes

Community-2 | 20 links | 16 links 9 links | 12 links | 24 links | 29 links
9 hubs 6 hubs 3 hubs 6 hubs | 12 hubs | 12 hubs

Snodes | 6nodes | 6nodes | 8 nodes | 3 nodes | 4 nodes

Community-3 | 6 links 7 links 9 links | 11 links | 3 links 5 links
1 hubs 5 hubs 5hubs | 5hubs 1 hubs 0 hubs

5nodes | 4nodes | Snodes | 7nodes | 3nodes | 3 nodes

Community-4 | 9 links 6 links 6 links | 11 links | 3 links 3 links
4 hubs 2 hubs 2hubs | 4hubs | 2 hubs 1 hubs

3nodes | 3nodes | 4nodes | 6 nodes | 3nodes | 3 nodes

Community-5 | 3 links 3 links 5 links 8 links 3 links 3 links
1 hubs 1 hubs 0 hubs | 4 hubs 1 hubs 1 hubs

3nodes | 3nodes | 4nodes | 6 nodes | 3nodes | 3 nodes

Community-6 | 3 links 3 links 5links | 8 links 3 links 3 links
1 hubs 3 hubs 0 hubs 1 hubs 0 hubs 1 hubs

3 nodes 3nodes | 3nodes | 3nodes | 3 nodes

Community-7 | 3 links 3links | 3links | 3 links 3 links
2 hubs 0 hubs | Ohubs | O hubs 0 hubs
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3 nodes 3 nodes | 3 nodes

Community-8 | 3 links 3 links | 3 links
1 hubs 1 hubs 1 hubs
3 nodes 3 nodes | 3 nodes
Community-9 | 3 links 3 links | 3 links
0 hubs 2 hubs 1 hubs
3 nodes 3 nodes | 3 nodes
Community- 3 links 3 links | 3 links

10 1 hubs 1 hubs 2

hubs

3 nodes | 3 nodes
Community- 3 links | 3 links
11 2 hubs 2 hubs
3 nodes | 3 nodes
Community- 3 links | 3 links
12 1 hubs 0 hubs
3 nodes | 3 nodes
Community- 3 links | 3 links
13 1 hubs 1 hubs

Table D2: Comparison of network properties between the JNKI1-p and JNKI1-u

systems.

Network Properties JNK1-p JNK1-u

Number of Linked Nodes 330 329

Number of Specific Nodes 8 7

(2.42%) (2.13%)

Number of Shared Nodes 322 322
(97.58%) (97.87%)

Number of Links 354 367
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Number of Specific Links 59 72
(16.67%) (19.62%)
Number of Shared Links 295 295
(83.33%) (80.38%)
Number of Hubs 37 44
Number of Specific Hubs 10 17
(27.03%) (38.64%)
Number of Shared Hubs 27 27
(72.97%) (61.36%)
Average % shared Neighbours (Jaccard) 72.84
Average % shared Neighbours (Otsuka) 79.93
Average % shared Neighbours 87.80
(Overlap Coefficient)
Average % shared Cliques (K3-6) 72.64
Graphlets Similarity 60.27

systems.

Table D3: Comparison of network properties between the JNK2-p and JNK2-u

Network Properties JNK2-p JNK2-u

Number of Linked Nodes 323 327

Number of Specific Nodes 4 8

(1.24%) (2.45%)

Number of Shared Nodes 319 319
(98.76%) (97.55%)

Number of Links 362 350

Number of Specific Links 57 45
(15.75%) (12.86%)

Number of Shared Links 305 305
(84.25%) (87.14%)
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Number of Hubs 44 36
Number of Specific Hubs 15 7
(34.09%) (19.44%)
Number of Shared Hubs 29 29
(65.91%) (80.56%)
Average % shared Neighbours (Jaccard) 77.40
Average % shared Neighbours (Otsuka) 83.24
Average % shared Neighbours 90.08
(Overlap Coefficient)
Average % shared Cliques (K3-6) 87.18
Graphlets Similarity 66.02

Table D4: Comparison of network properties between the JNK3-p and JNK3-u

systems.

Network Properties JNK3-p JNK3-u
Number of Linked Nodes 327 324
Number of Specific Nodes 9 6
(2.75%) (1.85%)
Number of Shared Nodes 318 318
(97.25%) (98.15%)
Number of Links 368 358
Number of Specific Links 59 49
(16.03%) (13.69%)
Number of Shared Links 309 309
(83.97%) (86.31%)
Number of Hubs 44 41
Number of Specific Hubs 10 7
(22.73%) (17.07%)
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Number of Shared Hubs 34 34
(77.27%) (82.93%)

Average % shared Neighbours (Jaccard) 75.47

Average % shared Neighbours (Otsuka) 81.52

Average % shared Neighbours 88.26
(Overlap Coefficient)

Average % shared Cliques (K3-6) 87.14

Graphlets Similarity 64.44

Table D5: Residual decomposition of the binding free energy in kcal/mol between
JNK1/2/3 and SP600125. Binding free energy with values less then -1.0 kcal/mol are
listed here.

Residue Evaw Eelec Ghpol Ghp Gitotal
(kcal/mol) | (kcal/mol) | (kcal/mol) | (kcal/mol) (kcal/mol)
JNK1-p
GLU 109 0.11 -6.01 3.54 0 -2.35
VAL 158 -1.63 -0.27 0.28 0 -1.61
LEU 110 -1.10 -1.05 0.89 0 -1.26
ILE 32 -1.90 -0.63 1.34 0 -1.19
LEU 168 -1.25 -0.21 0.34 0 -1.12
VAL 40 -1.32 -0.09 0.29 0 -1.12
LYS 55 -0.39 0.53 0.99 0 1.13
JNK1-u
GLU 109 0.11 -6.03 3.72 0 -2.19
VAL 158 -1.59 -0.25 0.24 0 -1.59
LEU 110 -1.11 -1.02 0.88 0 -1.25
LEU 168 -1.23 -0.22 0.37 0 -1.08
VAL 40 -1.24 -0.09 0.28 0 -1.05
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LYS 55 -0.34 0.59 0.86 0 1.10
JNK2-p
GLU 109 0.16 -6.17 3.59 0 2.41
VAL 158 | -1.58 -0.26 0.26 0 -1.57
LEU 110 | -1.17 -1.09 0.87 0 -1.38
ILE 32 -1.98 -0.52 1.26 0 123
LEU 168 1.22 -0.27 0.41 0 -1.08
LYS 55 -0.39 0.40 1.46 0 1.48
JNK2-u
GLU 109 0.10 -6.09 3.60 0 -2.39
VAL 158 | -1.61 -0.25 0.27 0 -1.59
LEU 110 | -1.13 -1.04 0.84 0 -1.33
LEU 168 122 -0.22 0.34 0 -1.10
ILE 32 -1.75 -0.34 1.00 0 -1.09
VAL 40 123 -0.082 0.27 0 -1.03
LYS 55 -0.44 0.50 1.40 0 1.46
JNK3-p
GLU 147 0.08 -5.93 3.57 0 2.27
VAL 196 | -1.62 -0.27 0.29 0 -1.60
LEU 148 -1.08 -1.01 0.84 0 125
ILE 70 -1.93 -0.46 1.27 0 112
VAL 78 -1.26 -0.06 0.22 0 -1.10
LEU206 | -l1.14 -0.19 0.29 0 -1.05
JNK3-u
GLU 147 0.14 -6.08 3.75 0 2.18
VAL 196 | -1.62 -0.26 0.25 0 -1.63
LEU 148 -1.06 -0.98 0.78 0 -1.26
LEU206 | -1.20 -0.19 0.27 0 112
VAL 78 -1.39 -0.13 0.33 0 -1.19
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Figure D1: Time evolution of root-mean-square deviation (RMSD) of backbone atoms
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Figure D2: (A) Measurement of the COM distance between the ligand and amino acid
residues located within 5A. (B) The probability distribution of ligand RMSD.
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Figure D3: (A) A within-cluster sum of squares plot illustrating the four systems based
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PCA, with elbow points identifying the optimal cluster count. (B)-(G) Clustered
scattered plots based on PC1 vs. PC2, displaying population percentages (rounded to
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Figure D4: (A) A within-cluster sum of squares plot illustrating the four systems based
on K-means clustering, using the first and second principal modes (dPC1 and dPC2)
from dPCA of the activation segment, with elbow points identifying the optimal cluster
count. (B)-(G) Clustered scattered plots based on dPC1 vs. dPC2, displaying
population percentages (rounded to two decimal places) for each respective cluster.

The black dots represent the centroids of the clusters.

299




ALA
N ASN
%7 114 113

[ vaL
0
LY / / LEU
Gy 38— 168 ASN 32
114

[ »
‘;';“ / \ VAL U, S
J \ 1% L
oW \
1 y MET

148 ~—= 149 GLN ASN
155 ey 152

JNK3-P JNK3-U

Figure DS: 2D ligand interaction diagrams for phosphorylated and unphosphorylated
JNK isoforms generated using Schrodinger. Key interacting residues, hydrogen bonds,
and hydrophobic interactions are highlighted to compare ligand binding differences
across JNK1, INK2, and JNK3.

300



Appendix E

5
— Runl
(A) JNK1 — 2
~— Run3
DS’: 4 —— Run 4
o
= 31
o
4]
5
82
-
o
[1°]
o
1_
0 T T T T T T T
0 0.5 1 1.5 2 2.5 3 3.5 4
Time (us)
5
— Runl
(B) INK1-A — fun2
~ Run3
g 4 —— Run 4
2
s 37
o
)
]
227
3
[}
©
m
1.
0 T T T T T T T
0 0.5 1 1.5 2 2.5 3 3.5 4
Time (us)
5
—— Runl
(C) JNK1-M — fun2
Run 3
E 41 — Run4
@
s 37
o
]
c
82
=
1%
©
o
1.
0 T T T T T T T
] 0.5 1 1.5 2 2.5 3 3.5 4
Time (us)
5
— Runl
(D) JNK1-A-M — fun2
a4 Run 3
< — Run4
a
s 37
o
]
S
22
3
(")
m
m
1_
0 T T T T T T T
0 0.5 1 1.5 2 2.5 3 35 4
Time (us)

Figure E1: Time evolution of backbone RMSD in four systems from 1 us MD replicas.
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