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Abstract

Signal transduction, an essential cellular process, involves a series of organized

biochemical and biophysical reactions triggered by various stimuli, leading to the ef-

fective propagation of signals through intramolecular dynamics and inter-molecular

interactions. This thesis investigates the role of allosteric modulation and molecular

interactions in several representative examples of signal transduction processes, em-

ploying molecular dynamics (MD) simulations to unravel the intricate details of these

biological phenomena.

We have studied the role of metastable conformations in regulating biological func-

tions, specifically focusing on the phosphorylation mechanism of the Escherichia coli

toxin HipA protein. Through extensive MD simulations, the study reveals a multi-

minima “in-out” pathway that explains the solvent exposure of the autophosphory-

lation site Ser150. This insight into the transient exposure of buried residues during

phosphorylation provides a broader understanding of protein regulation.

We have explored the molecular mechanism of the “phosphorylation code,” investigat-

ing how phosphorylation affects the binding affinity of Rho-specific guanine nucleotide

dissociation inhibitors (RhoGDIs) to Rho family GTPases. The findings highlight the

significance of electrostatic interactions in signal propagation and allosteric responses,

offering a mechanistic model that underscores the role of specific electrostatic inter-

actions in the selective release of GTPase partners.

Our research has demonstrated the impact of protonation states on phosphorylation-

induced dissociation, utilizing constant pH MD simulations to demonstrate how phos-

phorylation alters the protonation of histidine residues. This change in protonation

state influences the dynamics of the Rac1-GDI complex, facilitating its dissociation.

The study emphasizes the importance of the N-terminal flexibility and changes in

hydrogen bonding patterns in allosteric signal propagation and complex dissociation.

We also present an innovative approach to inhibiting protein-protein interactions

(PPI) by leveraging the bidirectional nature of allostery. Using the PCSK9-LDLR
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interaction, responsible for hypercholesterolemia, as a model system, the research

identifies a distal loop whose conformational shifts correlate with binding affinity.

This bidirectional allosteric relationship suggests potential targets for allosteric in-

hibitors, providing a new strategy for drug development.

We have investigated the mechanism of substrate binding to acetylcholinesterase

(AChE), a key enzyme in Alzheimer’s disease. The study proposes a new set of residues

that better describe the opening of the AChE gorge, offering insights into how sub-

strates and ligands affect protein conformations. This understanding is crucial for

designing effective AChE inhibitors, which are essential for therapeutic applications.

Overall, our research advances the understanding of the regulatory mechanisms gov-

erning protein function, with significant implications for the rational design of drugs

targeting allosteric sites and protein-protein interactions. Through a combination of

computational methodologies, this work provides valuable insights into the dynamic

conformational changes and regulatory mechanisms that underpin various biological

processes.
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1
Introduction

“It is strange that only extraordinary men
make the discoveries, which later appear so
easy and simple”

Georg C. Lichtenberg

1.1 Signaling Processes in Biological Systems

Signal transduction is an intricate series of biochemical processes that take place

within cells in reaction to inputs from either the external environment or inside the

cell itself1. The primary messengers, often referred to as stimuli, may be either chem-

ical (such as metal ions, ligands, hormones, neurotransmitters, chemokines, paracrine

and autocrine substances) or physical (such as pressure, light, heat)2–6. The stimuli

trigger signaling pathways that initiate a series of closely regulated reactions, which

in turn affect important physiological activities such as gene expression, enzyme ac-

tivity, and cell division.
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Proteins are the fundamental components that control the cellular signaling. Receptor

proteins, often transmembrane proteins, facilitate the cellular recognition of signals

by binding to signaling molecules outside the cell and transmitting the signal in-

side. These receptors exhibit specificity towards certain chemicals, such as dopamine,

insulin, or nerve growth factors. The three primary categories receptors may be clas-

sified into are G-protein-coupled receptors, ion channel receptors, and enzyme-linked

receptors. These classifications pertain to the processes via which they convert ex-

ternal signals into internal ones: protein activity, ion channel opening, or enzyme

activation. Certain receptors are situated inside the cell or nucleus and have the abil-

ity to bind to substances such as gasses and steroid hormones that have the capability

to traverse the plasma membrane.

When receptor proteins receive a signal, they undergo conformational changes that

Figure 1.1: Structural Comparison of the MX Helix in 5-HT3 Receptor States. The figure illustrates

the different positions of the MX helix in the resting state (green, PDB ID: 6BE1) and the open state

(cyan, PDB ID: 6DG8) of the 5-HT3 receptor. The serotonin binding site is highlighted, showing

the conformational changes triggered by serotonin binding.

trigger a sequence of biochemical processes within the cell. For example, 5-HT3 recep-
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tors are members of the family of pentameric ligand-gated ion channels. Each subunit

has an extracellular, transmembrane, and intracellular domain7. The MX helix in 5-

HT3 receptors occupies distinct positions in the resting (green, PDB ID: 6BE18) and

open (cyan, PDB ID: 6DG89) states. The conformational state of the MX helix is

influenced by the presence or absence of the substrate, serotonin. This binding event

induces a conformational change in the MX helix, which in turn initiates downstream

signaling processes. The structural comparison is shown in Figure 1.1.

The ligand binding to receptor proteins give rise to intracellular signaling pathways

or signal transduction cascades. These pathways enhance the signal, generating nu-

merous intracellular signals for each receptor that is bound. Receptor activation may

result in the production of second messengers such as cAMP, cGMP, Ca2+ ions, IP3.

These second messengers and protein directed post translational modification like

phosphorylation or ubiquitination regulate intracellular signaling10.

1.2 Free Energy Landscapes: Understanding Pro-

tein Signaling

The concept of the free energy landscape has profoundly transformed our under-

standing of biomolecular functions. Rather than viewing proteins as static entities,

this concept emphasizes that proteins exist as dynamic ensembles of conformations.

This perspective is particularly useful for understanding protein signaling processes,

which are often considered in terms of free energy surfaces.

A free energy landscape is a multidimensional surface that maps the free energy of a

protein as a function of its conformational coordinates. The deepest minima on this

surface correspond to the protein’s most stable state, known as the “native conforma-

tion.” Local minima, on the other hand, represent metastable states that play critical

roles in protein function.

The dynamic nature of proteins allows them to respond to environmental changes

and interact with various partners, thus facilitating complex signaling processes. For
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instance, GTP-binding proteins (G-proteins) act as molecular switches, toggling be-

tween an active GTP-bound state and an inactive GDP-bound state. Similarly, post-

translational modifications, such as phosphorylation, can stabilize specific protein

conformations, thereby modulating the protein’s activity.

Determining an accurate free energy surface for a protein involves significant chal-

Figure 1.2: This diagram illustrates the free energy surface of a protein and how ligand binding

or post-translational modifications can alter this landscape. On the left, the protein in its free form

predominantly occupies a stable state (80%) with a smaller fraction in a metastable state (20%).

Upon ligand binding or post-translational modifications, shown in the right part of the diagram, the

distribution shifts, stabilizing a new conformational state. This modification results in the previous

metastable state becoming the new stable state (80%), while the former stable state now becomes

metastable (20%).

lenges, primarily in identifying a proper conformational coordinate and adequately

sampling the conformational space. The choice of conformational coordinate (X) is

crucial, as it must capture the relevant structural changes associated with the pro-

tein’s function. Inappropriate coordinates can lead to an incomplete or misleading

representation of the free energy landscape. Additionally, proper sampling of the

conformational space is essential to obtain a reliable free energy surface. Inadequate

sampling results in incorrect probability distributions, P(X), leading to erroneous cal-

culations of the free energy, G(X) = -RT lnP(X). Ensuring comprehensive sampling
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is difficult due to the vastness of the conformational space and the presence of high-

energy barriers between states. Methods for identifying appropriate conformational

coordinates and achieving proper sampling of the conformational space are detailed

in the methodology section.

These perturbations can alter the free energy landscape in two key ways: by preferen-

tially stabilizing a particular conformation or by altering the barrier heights between

conformational states. Stabilizing a specific conformation can shift the equilibrium

towards that state(Figure1.2), while changes in barrier heights influence the rates at

which the protein transitions between different states. Together, these effects impact

the protein’s function and the regulation of signaling pathways. Protein signaling

involves two key aspects:

• Intra-protein interactions (especially allostery)

• Inter-molecular interactions (protein-protein interaction and molecular recogni-

tion

In the subsequent sections we have discussed these in detail.

1.3 Intra-Protein Communication: Allostery

Allosteric regulation of proteins refers to the modulation of protein activity by a per-

turbation or stimulus at one site, known as the allosteric site, which then alters the

function or characteristics of another site located further away, called the orthosteric

site11. Allosteric perturbation might arise from several factors, including ligand bind-

ing, post-transcriptional modifications, and changes in pH and temperature12,13. The

field of allostery is becoming more and more popular. It is unsurprising as allostery

plays a crucial role in regulating cellular functions and serves as a mechanism by

which the environment influences function14.

5



Introduction

Different Models of Allostery

The historical evolution of this allostery began in 1904 when Christian Bohr made a

discovery known as the “Bohr effect.” He discovered that the affinity of hemoglobin for

binding oxygen is influenced by the presence of carbon dioxide and also by the pH of

the enviroment15. This discovery emphasized the allosteric property of hemoglobin, in

which the binding of one molecule affects the binding affinity of another molecule at a

separate location. Bohr’s finding was crucial, establishing the basis for comprehending

how proteins may alter their shape and function in reaction to various environmental

conditions. The Hill equation16 provides a mathematical framework to describe the

cooperative binding of ligands to a multi-subunit protein, such as hemoglobin. The

Hill equation is given by:

θ =
[L]n

Kd + [L]n
(1.1)

where θ is the fraction of occupied binding sites, [L] is the concentration of the ligand,

Kd is the dissociation constant, and n is the Hill coefficient, indicating the degree of

cooperativity.

The Hill coefficient, n, typically greater than 1 for hemoglobin, reflects positive coop-

erativity, meaning that the binding of one oxygen molecule increases the affinity for

subsequent oxygen molecules.

In the presence of higher concentrations of H+ ions and CO2, the affinity of hemoglobin

for oxygen decreases, which can be modeled by an increase in the effective Kd value

in the Hill equation. This shift explains how hemoglobin more readily releases oxygen

under conditions where tissues are more acidic and have higher levels of carbon diox-

ide, thus facilitating oxygen delivery to metabolically active tissues. After this several

models and equations have been developed to describe allosteric behavior, such as

the Adair equation17, and refinements by Irving Klotz18 and Linus Pauling19. These

models provide mathematical frameworks to understand cooperative binding and the

stepwise binding process, reflecting the intricacies of allosteric regulation. Despite be-

ing recognized long before the term “allosteric” was coined, it wasn’t until 1961 that

Jacques Monod and Francois Jacob introduced the term “allosteric inhibition”20.
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The MWC model, also known as the conformational selection model, was proposed

Figure 1.3: Schematic Representation of Conformational Selection (MWC Model) and Induced Fit

(KNF Model) Mechanisms.

by Jacques Monod, Jeffries Wyman, and Jean-Pierre Changeux in 196521. According

to the MWC or conformation selection model, an allosteric protein exists in equilib-

rium between a triangular (T) conformation and a square (S) conformation and can

shift between these two states upon ligand binding. The binding of a ligand to the

protein shifts the equilibrium towards the high-affinity S state, making the transition

more likely. The MWC model has been used to describe allostery in proteins such as

GroEL and CheY.

In contrast, the KNF model, also known as the induced fit model, was proposed by

Daniel Koshland and colleagues in 196622. According to this model ligand binding,

the protein undergoes a conformational change that reshapes the active site to better

fit the ligand. This conformational adjustment increases the binding affinity between

7



Introduction

the protein and the ligand. The binding event induces structural rearrangements in

the protein, optimizing interactions such as hydrogen bonds, hydrophobic contacts,

and van der Waals forces. The MWC and KNF models are not mutually exclusive; the

MWC model can be viewed as the “all-or-none” limiting case of the sequential model.

Both models are instrumental in understanding allosteric regulation in proteins and

enzymes23. The Schematic representation of MWC and KNF model is shown in Fig-

ure 1.3.

For over next twenty years conformational change has been regarded as a distinc-

tive feature in the idea of allostery. Then in 1984 Cooper et al.24 proposed the term

“dynamic allostery” challenging the notion that conformational change was the exclu-

sive hallmark of allostery. These scientists have conducted a remarkable study where

they establish a connection between thermal fluctuations and dynamic behavior us-

ing statistical mechanics. They highlighted the significance of conformational entropy

in allostery. Evidently, alterations in the dynamics associated with the conforma-

tional entropy that provide valuable insights into the free energy of protein-ligand

binding25–28. This concept demonstrates that allostery is a process driven by thermo-

dynamics, influenced by both changes in enthalpy and entropy.

In 1999, the Nussinov group introduced the “conformation selection and population

shift” model29–31, which broadened the understanding of allostery by including the

idea of multiple states instead of only two-state transitions. This model highlights

the collective aspect of allostery, in which proteins exist in a dynamic balance of

several structural states, and the binding of a ligand alters the distribution of these

states. Simultaneously, the Ranganathan group emphasized the energetic intercon-

nection among residues, revealing evolutionarily conserved residues that constitute

allosteric networks32,33. These observations provide a more detailed perspective on

the transmission of allosteric signals inside proteins. In 2004, the Nussinov group

proposed that all proteins have allosteric characteristics, expanding the range of al-

lostery in biological study25. In 2015, the Nussinov group reexamined the hypothesis

of “allostery without a conformational change” and stressed that the lack of visible

structural changes does not disprove the existence of conformational shifts. They at-
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tributed this to limitations in the technologies used for detection34.

The recent research conducted by Chakrabarty’s group has significantly enhanced the

understanding of dynamic allostery, namely in PDZ domain proteins, which are often

seen in signaling complexes35,36. In the past, allostery in PDZ domain was believed

to be caused by variations in entropy without any notable alterations in structure37.

Nevertheless, their investigation demonstrates that the internal redistribution and

rewiring of electrostatic contacts, particularly paired hydrogen-bonded interactions,

play a vital role in the allosteric response35. The researchers showed that extrinsic

perturbations, such as protonation, may greatly influence the conformational dynam-

ics of distal locations, while without changing the overall structure. They also showed

that the allosteric network for the PDZ2 domain protein consists of a group of residues

that react to various external perturbations by reorganizing hydrogen-bond networks

and redistributing electrostatic interaction energies36.

Methods for Detection of Allostery

Allostery has been extensively examined over a span of fifty years via a combination

of experimental and computational approaches.

Experimental Methods

X-ray crystallography is often used to get precise structural data both before and

after perturbation, hence uncovering conformational differences38–42. Nevertheless,

X-ray crystallography is limited in its ability to capture the dynamic character of

allostery since it only provides static snapshots and may be influenced by biases from

crystal packing. Time-resolved crystallography conducted using synchrotron sources

significantly increases our comprehension by uncovering structural changes that oc-

cur over time43. On the other hand, nuclear magnetic resonance (NMR) spectroscopy

provides a more dynamic perspective by recording temporary, less often occurring con-

formations. Nuclear magnetic resonance (NMR) techniques may effectively monitor

changes in protein structure by using additional markers44–50. Furthermore, fluores-
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cence resonance energy transfer (FRET)51 and hydrogen-deuterium exchange mass

spectrometry (HDXMS) are well-recognized techniques used to investigate allostery.

For example, Chandramohan et al. used HDXMS to identify deuterium substitution

for hydrogen atoms on the protein, which allows for the observation of conforma-

tional changes52. Double-mutant cycle analysis (DMC) is an experimental technique

used to determine the energetic interactions between residues, hence improving our

comprehension of allosteric networks53.

Computational Method

In addition to these experimental procedures, computational methods provide effec-

tive tools for investigating allostery. Residues that participate in functional and cor-

related movements have been effectively found by topological studies, such as graph

theory54, statistical coupling analysis32, and perturbation algorithms55. Methods such

as the CONTACT method56 and residue frustration analysis57,58, which includes the

“protein frustratometer” online service59, have demonstrated significant concurrence

with experimental results. This underscores the significance of steric interactions be-

tween different amino acids in the transmission of allosteric signals.

Molecular dynamics (MD) simulations produce comprehensive sets of molecular con-

formations, which may be used to analyze allosteric networks using techniques such as

normal mode analysis60–62, correlation matrices63–65, community-network analysis66,

mutual information67, and dynamical network analysis68–70.Study by Gerhard Stock’s

group used non-equilibrium molecular dynamics simulations to model the allosteric

communication pathway71. It has been demonstrated that the nonbonded interaction

energy can be used to find the allosteric pathway35,36,72,73. Coarse-grained simulations

have been demonstrated to be a highly effective tool for studying the allosteric behav-

ior of larger biological systems74. These MD-based techniques successfully reveal the

dynamic nature of allostery, pinpointing critical residues and pathways in proteins,

and facilitating the study of allosteric mechanisms across various biological systems.
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The Role of Allosteric Mutations in Disease and the Success

of Targeted Allosteric Drugs

Allosteric mutations can cause a range of disorders by interfering with the regu-

lar functioning of proteins and signaling networks. The majority of mutations that

cause diseases in proteins are located in regions of the protein other than the binding

sites75. These mutations can disrupt signaling through allosteric pathways, resulting

in disease either by changing the balance between active and inactive states76 or by

modifying the shape and dynamics of the binding site, or by eliminating or intro-

ducing sites for allosteric posttranslational modifications77. Furthermore, these mu-

tations have the ability to modify patterns of posttranslational modifications78.The

L834R (or L858R) mutation in EGFR, which occurs in 41% of lung cancer patients,

stabilizes the active αC-helix-in conformation through heterodimerization, even in

the absence of ligand-promoted dimerization79. Conversely, mutations like T790M

in EGFR, T315I in BCR-ABL, T334I in c-ABL, T341I in Src, T670I in KIT, and

T674I in PDGFRA stabilize the hydrophobic regulatory spine, thereby promoting

an active kinase conformation78. These examples illustrate the diverse mechanisms

through which allosteric mutations activate kinases.

Allosteric drugs, which bind away from the active site of a target protein, offer signif-

icant advantages, including high specificity and the ability to modulate rather than

completely inhibit protein activity80. These drugs can work alongside endogenous lig-

ands, allowing for fine-tuned regulation and reduced side effects. Examples include

benzodiazepines targeting the GABA receptor of GPCR81 and cinacalcet modulat-

ing the Ca2+-sensing receptor82. Despite their benefits, discovering and developing

allosteric drugs is challenging due to unknown binding sites and unpredictable mod-

ulatory effects. Additionally, allosteric drugs face issues like drug-resistant mutations

and variable patient responses due to genetic and metabolic differences83. Toxicity

and dosage requirements further complicate their development. Nonetheless, the rapid

expansion of allosteric modulators highlights their potential, particularly in overcom-

ing resistance to traditional orthosteric drugs, as demonstrated by advancements in
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treatments for conditions like cancer and HIV-180.

Although there are difficulties, researchers are actively studying allosteric inhibitors

to address the problem of resistance to competitive inhibitors. However, it is impor-

tant to note that allosteric inhibitors are not always more effective, as shown by the

case of rapamycin and mTOR regulation84.

1.4 Inter-Molecular Communication: Molecular

Recogniton

Molecular recognition is a fundamental principle in the fields of chemistry and biol-

ogy, including the precise interactions between two or more molecules via non-covalent

bonding. The subject of study has seen substantial development since the first investi-

gations conducted by scholars such as Lehn and Cram, who examined the interaction

between crown ethers and cations in organic solvents85–87. Understanding molecu-

lar recognition in biological systems such as protein-ligand, protein-protein, protein-

nuclic acid interactions which are essential for comprehending complex biological phe-

nomena. Molecular recognition depends on many non-covalent interactions, including

as hydrogen bonding, dipole-dipole interactions, induced dipole effects, cation-π in-

teractions, lone pair-π interactions, and van der Waals forces. The hydrophobic effects

are also important in driving the recognition processes between protein-ligand and

protein-protein. Although it is significant, the hydrophobic effect continues to be one

of the least understood phenomena in the field of molecular research. Each of these

interactions (forces) contributes to the overall free energy of the interaction, making

the prediction and mechanistic understanding of molecular recognition a complex but

essential challenge in chemistry and biology. In this work we are mainly interested in

protein-protein interactions.
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1.4.1 Protein-Protein Interaction

Proteins play a crucial role in carrying out many activities such as signaling and

enzyme activity. Due to their involvement in all these cellular activities, there have

been substantial endeavors to predict their functions based on sequences and struc-

tures88–90. One effective approach for predicting protein function is to identify their

binding partners, since protein-protein interactions play a crucial role in most bio-

logical functions. Comprehending these interactions aids in the delineation of cellular

pathways and their intricate interrelationships91–93. The dynamic regulation of pro-

teins may be deduced from their associations, since it is not possible for two protein

partners to bind concurrently at the same location. Identifying these interactions is

essential for functional genomics and drug development. An understanding of the

pathways by which interactions occur, including their structure, duration, and how

they change over time, might provide useful information for anticipating the potential

adverse effects of drugs. Forecasting protein associations is a difficult task because

of the wide range of interactions. Under particular circumstances, any two proteins

can interact with variable intensities, mostly due to the hydrophobic effect94,95, as

well as hydrogen bonds96 and electrostatic interactions97,98. The Gibbs free energy

of complex formation, as determined by the association (Ka) and dissociation (Kd)

constants, quantifies the stability of the interaction, with free energy changes (∆Ga)

varying from -6 to -19 kcal/mol. For predicting protein-protein interactions it is im-

portant to keep in mind the chemical aspects protein associations such as shape and

charge complementarity99,100. Proteins exhibit flexibility and exist as collections of

interchanging conformations, with both their backbones and side-chains in constant

motion. Native proteins often exist in several energy minima that are separated by

low barriers, indicating the presence of different conformational states and allosteric

influences25. However, it is important to note that seeing proteins as rigid structures

might be deceptive, particularly when it comes to hub proteins or those involved in

regulation, since various conformations may selectively interact with different part-

ners. A considerable proportion of cellular proteins exhibit a state of “natively dis-
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order,” indicating their instability in solution101,102 while yet retaining some residual

structure103–105. These disordered regions often make up distinct parts or domains of

the protein and have functions in regulating the cell cycle, transmitting signals, and

forming large molecular complexes. Although they are disordered individually, their

natural conformation becomes stable when they bind106. Disordered proteins main-

tain their overall structure when they attach to various partners, but there may be

variations in their local conformation, which makes it difficult to anticipate protein

interactions.

Different Types of Protein-Protein Interactions (PPIs)

Protein-protein interactions (PPIs) may be classified according to their binding affin-

ity107, which varies from brief interactions with weak binding affinity to very strong,

persistent interactions. Transient contacts, such as electron transfer complexes and

mono-ubiquitin-binding interactions, exhibit brief durations and possess affinities

within the high micromolar to millimolar range108,109. Conversely, very close contacts,

such as RNAse-inhibitor110 and protease-inhibitor complexes111, have half-lives that

span many days and affinities that are measured in sub-picomolar units. Although

they possess considerable strength, these interactions are classified as transitory be-

cause the proteins operate in both unbound and complexed states. Obligatory in-

teractions, which make up the bulk of protein-protein interactions (PPIs), include

oligomeric proteins that form permanent complexes, serving as the only stable struc-

ture inside the cell. Within E. coli, almost 75% of proteins exist as oligomers112, with

more than 50% forming either homo or hetero oligomers113. These complexes exhibit

greater stability against denaturation and have a reduced surface area exposed to

the solvent. Symmetric homo-oligomers are common, emphasizing the importance of

symmetry in evolution, since a single mutation may affect several subunits114. There

are notable differences in the composition of oligomeric protein interfaces between

obligatory and transitory interactions. Contacts between side chains of proteins are

the primary kind of contacts for protein-protein interactions, but these sidechain-
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sidechain contacts are less important for intra-protein interaction115. These dispar-

ities enable precise forecasting of the interaction category to which a binding site

belongs116. Recently, there have been published comprehensive reviews on multiple

PPI databases, and various tools.107,117,118

Regulation of Protein Association and Dissociation Rates

Protein binding affinity is determined by intricate interactions that are controlled

by individual residues, and it has important consequences for both the rates of as-

sociation and dissociation. At first, proteins come together to form an “encounter

complex”, which is mostly held together by long-distance electrostatic interactions.

The presence of charged residues located on the edge or immediately next to the

interface greatly increases the pace at which binding occurs. This is mainly due to

the electrostatic complementarity, which plays a major role in promoting quicker as-

sociation119,120. The association rate is influenced by structural rearrangement and

short-range interactions121. For dissociation breaking of these short range interacts

are essential122. The primary driving force behind faster association is electrostatic

interactions, whereas slower association is characterized by substantial structural re-

arrangements122. The design and prediction of these faster interactions are facilitated

by electrostatic complementarity, where charged residues located on or near the inter-

face have a crucial impact120,123,124. Nevertheless, it is more challenging to anticipate

the residues that dictate the dissociation rate, as dissociation entails the disruption of

connections occurring at close proximity. Mutations, particularly hot-spot mutations,

may significantly impact dissociation rates, leading to a decrease in binding affinity of

up to 4 orders of magnitude122. Advancements in computational design hold promise

for creating protein complexes with slower dissociation rates and improved affinity,

despite the challenges125,126.
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Features of Protein-Protein Interactions (PPIs)

PPI interfaces have different properties in comparison to the entire protein surface

and core. Research suggests that PPI interfaces have distinct amino acid composi-

tions, hydrophobicity, polarity, and charge. It is important to note that not all PPIs

(protein-protein interactions) exhibit the same characteristics. For instance, the inter-

actions involving RNAse inhibitors are distinct from those involving electron transfer

complexes or antibody-antigen contacts, particularly in terms of their interface fea-

tures. Some of the important features are:

• Permanent protein-protein interactions (PPIs) tend to cover greater surface

areas and possess higher hydrophobicity compared to transient PPIs127.

• Non-interacting surfaces are less hydrophobic than both transient and perma-

nent PPIs128.

• Interface residues often exhibit higher levels of evolutionary conservation, with

this phenomenon being more prominent in necessary contacts compared to tran-

sitory ones129.

• The majority of the binding energy is focused on certain residues known as

“hot-spots”130.

• Tryptophan, arginine, and tyrosine are more frequently found in PPI hot-spots

compared to other amino acids131,132.

• When hot-spot residues are mutated to alanine, there is a substantial decrease

in binding energy133.

Despite the diversity observed in protein complexes, these fundamental principles are

crucial for understanding the composition of protein-protein interactions (PPIs).
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Methods for PPI Detection

PPI detection utilizes a range of methodologies, which may be classified into in vitro,

in vivo, and in silico approaches.

In Vitro Methods

In vitro experiments allow for precise control over experimental settings, using tech-

niques like Tandem Affinity Purification-Mass Spectroscopy (TAP-MS)134,134 and

affinity chromatography135. Co-Immunoprecipitation(co-IP) validates interactions in

their original states using intact cellular extracts136. An exciting new tool for discov-

ering PPIs and other targeted biochemical reactions is the protein array137–139, which

allows for the simultaneous detection of several accessible components in a single ex-

periment. In proof-of-principle tests, Zhu et al. printed 5,800 pure yeast proteins onto

coated glass slides and found new proteins that interact with calmodulin and phos-

pholipids140. Protein-fragment complementation assays (PCAs) provide a simple and

direct method for detecting protein-protein interactions in living cells, multicellular

organisms, or in vitro, applicable to proteins of any molecular weight and expressed at

endogenous levels141. Phage display involves incorporating proteins into phage parti-

cles to find potential partners142. X-ray crystallography observes protein structures at

the atomic level143, while Nuclear Magnetic Resonance (NMR) spectroscopy discovers

PPIs by monitoring magnetically active nuclei in a powerful magnetic field144.

In Vivo Methods

In contrast, in vivo methods are performed within living organisms, offering a more ac-

curate representation of natural cellular environments. The Yeast Two-Hybrid (Y2H)

system is a widely used in vivo method that screens for interactions by using two

protein domains to activate a reporter gene145. Synthetic lethality identifies func-

tional interactions by creating gene mutations that are viable alone but lethal when

combined, revealing essential interaction networks146,147.
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In Silico Methods

Computational approaches, known as in silico methods, utilize biological data to pre-

dict protein-protein interactions (PPIs). These methods are extremely useful for man-

aging vast amounts of data and providing ideas that may be experimentally validated.

Sequence-based methods utilize orthologous sequences or conserved domains to fore-

cast interactions148, whereas structure-based methods deduce interactions based on

common structural characteristics149. Functional links may be inferred when genes are

positioned in close vicinity on a chromosome, which is a commonly employed strategy

for analyzing bacterial genomes150. Gene fusion predicts relationships by combining

single-domain proteins into multidomain proteins across several animals151,152. The In

Silico Two-Hybrid (I2H) technique relies on the assumption that interacting proteins

co-evolve153. Phylogenetic tree analysis use evolutionary histories to forecast interac-

tions by examining co-evolution154. Gene expression analysis can predict interactions

by detecting shared expression profiles, indicating that proteins from genes that are

co-expressed are likely to interact155.
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Advancements and Challenges in Targeting Protein-Protein

Interactions for Drug Discovery

The human proteome comprises around 20,000 proteins and a multitude of protein-

protein interactions (PPIs) that are essential for biological functions. Dysregulation

of these interactions can result in the development of different diseases156,157.

Current approaches for the discovery of PPI modulators involve various advanced

methodologies tailored to address the challenges posed by the unique interfaces of

protein-protein interactions (PPIs). Traditional medicinal chemistry techniques often

fall short because PPI interfaces tend to be flat and extensive, lacking the typical

binding pockets found in conventional drug targets158–160. To overcome these hurdles,

several strategies have been developed to identify potential modulators effectively.

High-throughput screening (HTS) is widely utilized to discover compounds targeting

PPI hot-spots160, although it requires a diverse compound library due to the specific

nature of PPI interfaces. HTS has been successful in identifying inhibitors for inter-

actions like MDM2/p53161–163. Fragment-based drug discovery (FBDD) is another

critical approach, leveraging the identification of small molecular fragments that can

be optimized and linked to form effective modulators164, with techniques like surface

plasmon resonance and X-ray crystallography aiding in validation165,166. FBDD

has shown success in discovering modulators for PPIs such as XIAP/caspase-9167

and Bcl-2/Bax168. Current structure-based design strategies for PPI modulators

include targeting hot-spots through bioisosterism and de novo design169, and using

peptidomimetic170 design to simulate key peptides’ secondary structures, particularly

the α-helix. Successful modulators like VHL/HIF1α171, c-Myc/Max172, Bcl-2/Bax173,

and MDM2/p53174 has been found. Virtual screening employs computational meth-

ods to screen compound libraries, focusing on both structure-based and ligand-based

approaches to identify hits. This method has proven effective in developing modula-

tors for interactions such as Ubc13/Uevl175. The discovery of PPI modulators also

explores the mechanisms of action, distinguishing between orthosteric inhibition,

where modulators bind directly at the PPI interface, and allosteric inhibition, where
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binding occurs at a non-interaction site, inducing conformational changes that affect

the interaction176,177. While most modulators are inhibitors, PPI stabilization, where

modulators enhance the interaction between proteins, is emerging as a promising

area178. The three main types of PPI modulators include small molecule modulators,

antibodies, and peptides, each with its advantages and challenges179. Small molecules

are suitable for tight, narrow interfaces but face pharmacokinetic issues due to

size and solubility169, while antibodies and peptides offer higher specificity and

affinity but peptide is susceptible to hydrolysis by various hydrolases in the body.

The continued advancement in structural biology and high-throughput screening

techniques holds promise for the future development of effective PPI modulators.

1.4.2 Protein-Ligand Interaction and Its Implications in

Drug Discovery

Protein-ligand interactions are fundamental to understanding protein functions

and optimizing drug design and development. Ligands are molecules that bind to

proteins with high specificity and affinity, forming complexes through noncovalent

bonds180. This binding mechanism, crucial for molecular recognition, drives many

cellular processes such as DNA replication and cellular signaling. Key to this

interaction is the specificity and affinity between the protein and ligand, akin to

a lock-and-key fit181, ensuring that only perfectly fitting molecules interact182.

The shape, size, and surface properties of both the protein and ligand must be

compatible to enable effective binding. These interactions are essential for a protein

to perform its function, such as enzyme catalysis or signaling. In drug discovery, this

principle is harnessed to design drugs that can selectively bind to target proteins

with high affinity, minimizing side effects and maximizing therapeutic efficacy181.

The most common types of interactions include hydrogen bonds, ionic interactions,

and hydrophobic interactions183. Hydrogen bonds involve electrostatic interactions

between a hydrogen-bond donor and acceptor, providing strength through close
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proximity of the atoms involved. Ionic interactions occur between oppositely charged

groups, while hydrophobic interactions involve non-polar groups of the ligand and

protein, crucial for the stability of the protein-ligand complex. The binding process

involves initial hydrogen bonding with water molecules, followed by the displacement

of these molecules as the ligand binds directly to the protein. This thermodynamic

process, governed by Gibbs free energy changes, determines the stability and binding

affinity of the complex. Understanding these interactions and the energetics behind

them enables the design of drugs with optimal binding properties, advancing the

field of drug discovery and the development of new therapeutic agents.

1.5 Systems Used for Studying Biomolecular Sig-

naling

In our work, we have tried to understand the role of allosteric modulation and molec-

ular interaction in signaling processes using MD simulations of different systems:

1. HipA Protein: A Bacterial Toxin

2. RhoGTPases: Siganling Proteins

3. PCSK9: A Potential Drug Target for Cardiovacular Disease

4. Acetylcholinesterase: A Known Drug Target for Alzheimer’s Disease

1.6 Overview of the Thesis

The thesis is divided into seven chapters described as follows

Chapter 1: Introduction

In this chapter, we introduce two major regulating factors of signal transduction:

Allostery and Molecular Recognition, with a particular emphasis on protein-protein
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interactions. This sets the stage for understanding the fundamental mechanisms un-

derlying the studies presented in the following chapters.

Chapter 2: Methods

Here, we describe the computational and experimental methods used throughout the

study. This includes detailed explanations of the molecular dynamics simulations,

thermodynamic analyses, and other techniques employed to investigate the biological

phenomena discussed in subsequent chapters.

Chapter 3: Role of Metastable Conformations in Regulating Biological

Functions

Bacterial persistence involves a subset of bacteria surviving antibiotic treatment

without acquiring genetic resistance, primarily through dormancy mechanisms of-

ten driven by toxin-antitoxin (TA) systems184. A key player in this phenomenon is

the HipBA type-II TA module, with the kinase HipA being crucial for the formation

of persister cells.185,186 HipA’s activity is tightly regulated by autophosphorylation at

the Ser150 residue, which is pivotal for its function. Autophosphorylation induces a

conformational change in HipA, inhibiting its interaction with glutamyl-tRNA syn-

thetase, leading to cell stasis and promoting persistence. This phosphorylation acts as

a biochemical switch, maintaining HipA in an inactive state crucial for its regulatory

role.

Several experimental studies have provided insights into the structural changes as-

sociated with Ser150 autophosphorylation187. These studies reveal that the Ser150

residue, initially buried in the inactive state of HipA, becomes exposed upon phos-

phorylation187,188. This exposure allows HipA to interact with its substrates and dy-

namically regulate its function, underscoring the critical role of Ser150 in HipA’s

regulatory mechanism.

This chapter addresses the intriguing question of how Ser150 is phosphorylated de-

spite being buried inside the protein core. Through molecular dynamics simulations,
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a multi-minima “in–out” pathway is uncovered, illustrating the gradual exposure of

Ser150 with a free energy difference of approximately 2–2.5 kcal/mol. These findings

provide valuable insights into phosphorylation events involving the transient exposure

of buried residues, applicable to protein systems beyond HipA.

Chapter 4: Understanding the Molecular Mechanism of the “Phosphory-

lation Code”

Rho GTPases, part of the Ras superfamily, regulate actin cytoskeleton dynamics

and various signal transduction pathways in eukaryotic cells189. Their dysregula-

tion is linked to cancer, neurological disorders, and bacterial infections190. These

GTPases cycle between active GTP-bound and inactive GDP-bound states191, con-

trolled by GTPase-activating proteins (GAPs), guanine nucleotide exchange factors

(GEFs), and guanine nucleotide dissociation inhibitors (GDIs)192. GAPs facilitate

GTP hydrolysis, converting Rho proteins to their inactive state, while GEFs pro-

mote nucleotide exchange, activating the GTPases. GDIs bind to GDP-bound Rho

GTPases, preventing their activation and regulating their localization. Phosphoryla-

tion of RhoGDI is crucial for the selective release of RhoGTPases by altering their

interactions with RhoGDIs. The “phosphorylation code” refers to the specific phos-

phorylation patterns on RhoGDIα, which determine its binding affinity to various

RhoGTPases (Rac1, RhoA and Cdc42), thereby selectively modulating their release

and activity193. This mechanism ensures precise control over RhoGTPase activity,

allowing for accurate spatial and temporal regulation of cellular signaling pathways.

In this chapter, we aim to understand the molecular mechanism behind the “phos-

phorylation code.” The chapter is divided into two sections.

Section 1 reveals the mechanism of selective release of RhoA from the RhoA-RhoGDI

complex. It highlights the role of electrostatic interactions in signal propagation from

the mutation site to distant sites. The proposed mechanistic model involves allosteric

responses, emphasizing the importance of specific electrostatic interactions in the

manifestation of the phosphorylation code.
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Section 2 elucidates the mechanism of selective release of Rac1 from the Rac1-RhoGDI

complex. It demonstrates the importance of histidine protonation states in the selec-

tive release of specific GTPases. Correctly assigning the protonation state of titrable

residues is crucial for understanding these systems.

Chapter 5: Leveraging the Bidirectional Nature of Allostery to Inhibit

Protein-Protein Interactions (PPIs)

Proprotein Convertase Subtilisin/Kexin type 9 (PCSK9) is prominently expressed in

the liver and small intestine, indicating its broad systemic implications194. Notably,

mutations in the PCSK9 gene have been linked to autosomal dominant hypercholes-

terolemia, a condition characterized by elevated low-density lipoprotein cholesterol

(LDL-c) levels and an increased risk of cardiovascular diseases195. PCSK9’s critical

role in regulating LDL-c levels makes it a promising target for cardiovascular disease

treatment. By binding to LDL receptors (LDLR), PCSK9 facilitates their degrada-

tion, thereby reducing the number of receptors available to clear LDL-c from circula-

tion196,197. Elevated LDL-c levels are a well-established risk factor for atherosclerosis,

leading to coronary artery disease and other cardiovascular conditions. Traditional

treatments like statins reduce cholesterol production but do not address LDLR reg-

ulation. PCSK9 inhibitors, however, increase LDLR expression on hepatocytes, en-

hancing LDL-c clearance and significantly lowering plasma LDL-c levels.198–200

PCSK9 is a 692-amino-acid protein consisting of three domains: the prodomain,

catalytic domain, and C-terminal Cys/His-rich domain201. The prodomain (residues

31–152) is crucial for PCSK9 folding and maturation, requiring autocatalytic cleavage

for the protein to be secreted. The catalytic domain (residues 153–421) is essential

for PCSK9’s interaction with LDLR, facilitating its degradation in lysosomes, thereby

reducing the number of receptors available to clear LDL-c from the bloodstream. The

C-terminal histidine-rich domain (CHRD, residues 453–692) enhances PCSK9’s sta-

bility and function.

This chapter focuses on developing an alternative strategy for inhibiting protein-
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protein interactions, using the PCSK9-LDLR interaction responsible for hypercholes-

terolemia as a model system. Extensive molecular dynamics simulations of both apo

and bound systems identify a distal loop that exists in different conformations in

the apo and bound states. This conformational shift correlates with binding affinity,

establishing a bidirectional allosteric relationship. Thermodynamic analysis suggests

that loop conformations predominant in the apo state of PCSK9 have lower LDLR

binding affinity, making them potential targets for allosteric inhibitors.

Chapter 6: Mechanism of Substrate Binding to Acetylcholinesterase Pro-

tein

Alzheimer’s disease (AD) is a progressive neurological disorder marked by cognitive

decline, memory loss, and behavioral changes, predominantly affecting individuals

aged 65 and older. A key theory underlying AD is the cholinergic hypothesis202, which

attributes cognitive impairment to a deficiency of the neurotransmitter acetylcholine

(ACh) in the brain. Acetylcholine is essential for learning and memory processes.

The enzyme acetylcholinesterase (AChE) hydrolyzes ACh into choline and acetate at

synaptic junctions, thereby terminating cholinergic neurotransmission203. By inhibit-

ing AChE activity, the availability of ACh at synapses is increased, which improves

cholinergic transmission and alleviates AD symptoms204.

Here, we study the mechanism of substrate binding to the acetylcholinesterase (AChE)

protein. The findings indicate that previously known gating residues do not fully de-

scribe the gorge opening motion of the AChE protein. We propose a set of residues

that better describe the opening of the gorge, enhancing our understanding of how

the presence of a substrate/ligand can affect protein conformations.

Chapter 7: Future Outlook

The final chapter concludes the thesis by highlighting the significant findings from

the molecular investigation of protein-protein interactions and allosteric regulation

processes. It discusses the implications of these findings in the field of drug design
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and outlines the challenges faced during the study, particularly regarding the selection

of reaction coordinates/collective variables (CVs) and sampling the conformational

space. The chapter also proposes future directions, including the application of ma-

chine learning techniques to address these challenges.
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[6] Cortese, B, Palamà, I. E, D’Amone, S, & Gigli, G. (2014) Influence of electrotaxis on cell

behaviour. Integr. Biol. 6, 817–830.

[7] Mocatta, J, Mesoy, S. M, Dougherty, D. A, & Lummis, S. C. R. (2022) 5-ht3 receptor mx

helix contributes to receptor function. ACS Chemical Neuroscience 13, 2338–2345.

[8] Basak, S, Gicheru, Y, Rao, S, Sansom, M. S. P, & Chakrapani, S. (2018) Cryo-em reveals two

distinct serotonin-bound conformations of full-length 5-ht3a receptor. Nature 563, 270–274.

[9] Hassaine, G, Deluz, C, Grasso, L, Wyss, R, Tol, M. B, Hovius, R, Graff, A, Stahlberg, H,

Tomizaki, T, Desmyter, A, Moreau, C, Li, X.-D, Poitevin, F, Vogel, H, & Nury, H. (2014)

X-ray structure of the mouse serotonin 5-ht3 receptor. Nature 512, 276–281.

[10] Lee, M. J & Yaffe, M. B. (2016) Protein regulation in signal transduction. Cold Spring Harbor

Perspectives in Biology 8, a005918.

[11] Liu, J & Nussinov, R. (2016) Allostery: An overview of its history, concepts, methods, and

applications. PLOS Computational Biology 12, e1004966.

27



Introduction
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2
Methodology

“A man who dares to waste one hour of
time has not discovered the value of life”

Charles Darwin

2.1 MD Simulation of Biological Systems and its

Historical Development

Biological macromolecules exhibit inherent dynamism, where internal motions and

subsequent conformational changes profoundly influence their functional behavior.

Achieving a comprehensive understanding of biological processes necessitates a thor-

ough grasp of the structure, dynamics, energetics, and function of these macro-

molecules. Conventional experimental techniques like Raman spectroscopy, NMR, and

X-ray crystallography have been extensively used to unravel the fundamental phys-

iological principles. However, these techniques, while valuable, often provide only a
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limited grasp of molecular interactions. To bridge the lack of understanding, it is nec-

essary to provide a detailed description at the atomistic level, utilizing ideas derived

from theoretical chemistry and statistical mechanics. Molecular Dynamics (MD) sim-

ulations are powerful computational tools used to study the physical movements of

atoms and molecules. From its inception, the approach has seen significant advances,

enabling thorough research of the dynamic behavior of proteins, nucleic acids, and

other complex systems. Historical milestones in MD simulations include the devel-

opment of the first algorithms for numerical integration of Newton’s equations of

motion and the creation of various force fields that accurately represent interatomic

interactions. This method allows for the visualization of processes like folding of pro-

teins, protein-drug interactions, and other functional dynamics that are frequently

unattainable by experimental methods. The primary methodology employed in this

thesis is MD simulation, which is utilized to thermodynamic and kinetic properties

of different protein systems.

Earliest computer simulation study, dating back to 19532, focused on computing the

thermodynamic features of liquids modeled as “hard sphere”. This groundbreaking

research established the fundamental principles that is now known as “Metropolis

Monte Carlo simulation.” Subsequently, the first molecular dynamics investigation,

conducted by Alder and Wainright, examined dynamic properties within a system

of hard spheres using Newton’s equations of motion3. A significant advancement oc-

curred in 1964 when Rahman pioneered the molecular dynamics simulation of liquid

Argon using a soft sphere (Lennard-Jones) potential4, marking a pivotal step toward

modern simulations. Building upon these foundational studies, rapid progress ensued

in modeling larger systems, including proteins. First MD simulation of a protein was

conducted in a vacuum in 1977 by McCammon and Karplus5. This Field has experi-

enced significant milestones and setbacks (Figure 2.1). In the 1980s, supercomputers

facilitated remarkable progress6,7. The 1990s brought further disappointments, par-

ticularly with unfulfilled biomedical expectations1, such as the slow translation of

human genome information into medical solutions8. Limitations in force fields and

conformational sampling further impeded practical applications.
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2.1 MD Simulation of Biological Systems and its Historical Development

Figure 2.1: Historical Development of MD Simulation. Reprinted from “Biomolecular modeling

thrives in the age of technology” by Tamar Schlick & Stephanie Portillo-Ledesma, 2021, Nature

Computational Science, 1(5), 321-331. Copyright©2021, Springer Nature America, Inc.1

However, this challenging period was succeeded by innovative approaches in both

software and hardware, which addressed many of these limitations. Over the past two

decades, the field has celebrated significant triumphs, including millisecond all-atom

simulations of protein folding9, insights into the mechanisms of large biomolecular

networks such as virus simulations10, and advancements in drug discovery, notably in

the search for COVID-19 treatments11. The foundational work of force-field pioneers

like Allinger, Lifson, Scheraga, and Kollman paved the way for these achievements.

The 2013 Nobel Prize in Chemistry, given to Martin Karplus, Michael Levitt, and

Arieh Warshel, highlighted the significance of computational techniques in the field

of biology. Today, experimentation and modeling are integral and complementary

components of a dynamic and successful scientific discipline.
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2.2 Basic Theory of MD Simulation

Using Newton’s equations of motion and classical mechanics, the positions and ve-

locities of the atoms in an N-particle system are determined by molecular dynamics

simulation:

Fi(t) = mir̈i(t) (2.1)

In this case, ri(t) is the atom’s position at time t, mi is its mass, and Fi is the force

on i-th atom at that moment. The potential energy function is used to compute the

force on atom i:

Fi(t) = −
∂V (ri)
∂ri

(2.2)

The system’s potential energy, denoted by V (ri), is determined by the atomic coor-

dinates of the N particles. Each atom’s position, velocity, and acceleration may be

found using this force calculation.

2.2.1 Integration Methods

Multiple algorithms can be employed to integrate Newton’s equations of motion in

molecular dynamics simulations. A robust molecular dynamics program necessitates

an effective integration algorithm that meets the following criteria:

1. Demands a minimal amount of cycles to compute forces every time step, result-

ing in computational efficiency and reduced memory use.

2. Must preserve both energy and momentum

3. Must exhibit time reversibility.

4. Should maintain the volume of the phase.

5. Demands more precision.

6. It is important for the system to remain stable and not generate any visual

distortions while using greater time intervals (∆t).
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2.2 Basic Theory of MD Simulation

Several integration methods are available, including the Verlet algorithm, Velocity-

Verlet algorithm, and Leap-Frog algorithm. For this study, we have utilized the Leap-

Frog algorithm due to its specific advantages.

Leap-Frog Integrator

The leap-frog method is developed from the Verlet algorithm, resulting in similar

trajectories. It is the integrator that is used most frequently. This algorithm calculates

the velocities at time steps that are halfway between two integers, and then uses these

velocities to determine the new places. The method may be expressed as follows:

v

(
t+
∆t
2

)
= v

(
t− ∆t
2

)
+ a(t)∆t

r(t+∆t) = r(t) + v
(
t+
∆t
2

)
∆t

(2.3)

This computation uses the position at time (r(t)) and the velocity at the previous

half time step (v(t−∆t/2)) to determine the velocity at the next half time step (v(t+
∆t/2)). Based on the provided information, it is feasible to ascertain the positions at

the subsequent integer time step (r(t+∆t)). Thus, the velocity exceeds the position

by half of the time step, and subsequently, the position overcomes the velocity to

identify the location at the full-time step.

Notable features: :

1. Velocities are precisely computed, improving velocity evaluation.

2. More computationally intensive compared to the Verlet algorithm.

2.2.2 Force Fields in Molecular Dynamics

A force field serves as a mathematical model that illustrates how the energy of a sys-

tem is influenced by the spatial arrangement of its components. It includes an analyti-

cal representation of the potential energy between atoms, denoted as U(r1, r2, . . . , rN),
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along with a set of parameters used in this representation. These parameters are typ-

ically derived from ab initio or semi-empirical quantum mechanical calculations, or

by fitting them to experimental data obtained through techniques such as X-ray, and

neutron diffraction, NMR, infrared, Raman spectroscopy.

In molecular dynamics simulations, the force field is vital as it allows for the

modeling of systems with thousands of atoms over microsecond timescales, which

would be computationally infeasible using direct ab initio methods. Essentially, a

force field describes the interactions among atoms and determines the system’s energy

based on their positions. The accuracy of these simulations is strongly dependent on

the chosen parameters and potential energy functions. A typical force field includes

components that account for both bonded (covalent) and non-bonded (non-covalent)

interactions. The potential energy V within a force field can be generally expressed

by a specific equation.

Figure 2.2: Schematic Representation of Bonded and Non-Bonded Interactions

A typical force field includes terms for both bonded (covalent) and non-bonded

(non-covalent) interactions. A general expression for the potential energy V in a force

field can be expressed as:
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2.2 Basic Theory of MD Simulation

V = Vbonds + Vangles + Vdihedral + Vimpropers + VLJ + VCoul (2.4)

Here, Vbonds describes the energy for the bond stretching, normally represented by

a harmonic potential:

Vbonds =
∑
bonds

1
2
kr(r − r0)2 (2.5)

In this equation, kr is the bond force constant and r0 is the equilibrium bond

length. This harmonic approximation assumes that bonds cannot break, limiting the

simulation of chemical reactions.

Similarly, the angle bending energy Vangles is often modeled by another harmonic

potential:

Vangles =
∑
angles

1
2
kθ(θ − θ0)2 (2.6)

where kθ is the angle force constant and θ0 is the equilibrium bond angle.

For molecules with more than four atoms, the dihedral or torsional energy Vdihedral

is included to account for rotations around bonds:

Vdihedral =
∑

dihedrals

Vn
2
[1 + cos(nφ− γ)] (2.7)

In this term, Vn is the barrier height, φ represents the dihedral angle, γ repre-

sents the phase factor, and n represents the multiplicity. The combination of these

terms allows for the construction of a dihedral potential with minima having different

depths.

Additionally, improper torsion potentials Vimpropers are included to ensure the pla-

narity of certain groups, such as sp2 hybridized carbons in carbonyl groups or aromatic

rings:

Vimpropers =
∑

impropers

kimp
2
(ω − ω0)2 (2.8)
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where kimp is the force constant for the improper torsion, and ω is the improper

angle deviation from planarity.

Non-bonded interactions include Van der Waals forces and electrostatic interac-

tions. The Van der Waals energy VLJ is typically modeled using the 12-6 Lennard-

Jones potential:

VLJ =
∑
i<j

4ϵij

(σij
rij

)12
−
(
σij
rij

)6 (2.9)

Here, ϵij represents the depth of the potential well, σij is the distance at which

the inter-particle potential is zero, and rij is the distance between particles i and j.

The Coulombic energy VCoul for electrostatic interactions is given by:

VCoul =
∑
i<j

qiqj
4πϵ0rij

(2.10)

where qi and qj are the partial charges on atoms i and j, ϵ0 is the permittivity of

free space, and rij is the distance between the charged particles.

The specific form and parameters of the potential function can vary among differ-

ent force fields, depending on the systems and properties used for their characteriza-

tion. In this study, various force fields such as AMBER99SB-ILDN12, AMBER14SB13,

and CHARMM36m14 have been employed for protein simulations, each selected based

on its suitability for different aspects of the research.

2.2.3 Technical Details

Periodic Boundary Conditions (PBC) and Minimum Image Convention

MD simulations are computational techniques used to investigate the thermodynamic

properties of large-scale systems by representing a limited number of particles, usually

ranging from hundreds to thousands. One significant challenge in these simulations

is the presence of surface effects, where particles at the boundaries of the simulation

box experience different forces compared to those in the bulk. This discrepancy arises

because a large fraction of particles lie on the surface, unlike in a real bulk system
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2.2 Basic Theory of MD Simulation

where the number of surface particles is negligible.

To address this, periodic boundary conditions (PBCs) are implemented. In PBCs, the

simulation box containing N particles is replicated infinitely in all directions, creating

a lattice of identical boxes. Each particle in the central simulation box interacts not

only with other particles within the same box but also with particles in the adjacent

periodic images of the box. This setup effectively removes the surface and edge effects

by making the simulation box “wall-less,” as any particle leaving the box on one side

re-enters from the opposite side. Thus, PBCs ensure a consistent number of particles

and density throughout the simulation, closely mimicking an infinite bulk system.

The use of periodic boundary conditions (PBCs) increses the number of interacting

particles since each particle within the box can interact with its periodic counterparts.

The minimum image convention (MIC) addresses this by ensuring that each particle

interacts only with the closest image of any other particle, thereby streamlining the

calculations.

Short Range and Long Range Interactions

To further reduce computational demands, interaction truncation is applied. Short-

range interactions, which decay rapidly with distance, are truncated beyond a cutoff

distance rc. The potential function U(r) is set to zero for r > rc, which simplifies the

calculations:

Utrunc(r) =


U(r) for r ¬ rc

0 for r > rc

(2.11)

This approach ensures that only interactions within the cutoff distance are considered.

To avoid discontinuities in the potential at rc, a shifted potential is often used:

Utrunc(r) =


U(r)− U(rc) for r ¬ rc

0 for r > rc

(2.12)

The cutoff distance rc must be less than half the box length to prevent a particle

from interacting with multiple images.
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Long-range interactions, such as electrostatic forces, pose a challenge in molecular

dynamics simulations because each particle interacts with all other particles in the

system, including their periodic images. These interactions decay slowly and cannot

be truncated like short-range interactions, as doing so would result in significant

errors.

Various methods have been developed to handle long-range interactions efficiently.

One common technique is the Ewald summation15, which decomposes the interaction

potential into short-range and long-range components. The total electrostatic poten-

tial energy V is calculated as a sum of contributions from real space, reciprocal space,

self-interaction corrections, and dipolar corrections:

V = Vreal + Vreciprocal + Vself + Vdipolar (2.13)

The real space contribution Vreal is computed by direct summation over the short-

range part of the potential, while the reciprocal space contribution Vreciprocal is evalu-

ated using Fourier transforms. The self-interaction term Vself corrects for the interac-

tion of a particle with its own periodic images, and the dipolar term Vdipolar accounts

for the interaction with an assumed uniform background charge.

Another efficient method is the Particle Mesh Ewald (PME) summation16, which

improves the computational cost of the reciprocal space calculations. PME uses a

mesh-based approach to interpolate charges onto a grid and employs Fast Fourier

Transform (FFT) to solve the Poisson equation. This method scales as O(N logN),
making it suitable for large systems.

In summary, long-range interactions require specialized techniques like Ewald summa-

tion and Particle Mesh Ewald to ensure accurate and efficient calculations in molecular

dynamics simulations.

Neighbour and Cell Lists

In molecular dynamics simulations, truncating interactions helps reduce computa-

tional load, but it still requires calculating distances between each atom and all others

to identify those within a cutoff radius. This results in a time complexity of N2, where
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2.2 Basic Theory of MD Simulation

N is the number of atoms. To accelerate computations, techniques like neighbor and

cell lists are employed.

The neighbor list method involves setting a cutoff radius rlist larger than the interac-

tion cutoff rc and maintaining a list of atoms within this radius. Interactions are then

computed only for atoms in this list, reducing unnecessary calculations and enhancing

overall efficiency. The list is updated periodically when atoms move beyond rlist− rc.
Alternatively, the cell list method is used for large atom counts and simulation boxes

much larger than the cutoff radius. Here, the box is divided into cells, each slightly

larger than rc. Initially, a list of atoms in each cell and neighboring cells is generated,

remaining unchanged unless the simulation domain alters. At each time step, inter-

actions for an atom are computed with those within its cell and neighboring cells,

ensuring efficiency with a scaling of N .

2.2.4 Thermodynamics Ensembles

Nevertheless, the majority of practical situations entail engagements with the en-

vironment and variations in energy, volume, or particle count. Molecular dynamics

simulations tackle this issue by employing two thermodynamic ensembles: the NVT

ensemble and the NPT ensemble. In the NVT ensemble, the temperature, particle

number, and volume are kept constant. In the NPT ensemble, the temperature, par-

ticle number, and pressure are maintained at a constant level, while allowing for

fluctuations in volume. In order to create such ensembles, the system is connected to

a thermostat or barostat, which are external baths that maintain a constant temper-

ature and pressure, respectively. The NVT ensemble was utilized to achieve temper-

ature equilibration, whereas the NPT ensemble was applied for all production runs

in this study.

Temperature Regulation Methods in Simulations (Thermostat)

The system’s temperature is associated with its kinetic energy as per the equipartition

theorem. There are several methods to maintain the temperature of the system:
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1. Velocity rescaling: involves modifying particle velocities to align with the

target temperature. The scaling factor, denoted by λ, is calculated as the ratio of

the intended temperature (TB) to the instantaneous temperature before scaling

(T (t)), as shown by the equation

λ =

√
TB
T (t)

(2.14)

2. Berendsen thermostat: The Berendsen thermostat17functions as an im-

proved version of velocity rescaling, utilizing a weak connection to an external

heat bath that is maintained at a certain target temperature (TB). This tech-

nique modifies Newton’s equations of motion by incorporating a pseudo friction

coefficient (γ(t)). The temperature scaling factor (λ) is calculated using the

equation:

λ =

√√√√ ∆t (TB)
1 + τ (⟨T ⟩ − 1)

(2.15)

In this context, ∆t represents the duration of each time step, whereas τ is the

coupling parameter that characterizes the interaction between the heat bath

and the system. In this thesis, we employed a modified Berendsen thermostat18,

which included an extra stochastic term to guarantee the proper formation of a

Canonical ensemble. The eq2.16 represents the rate of change of kinetic energy

(dK) as a function of time (t) and other variables. It may be expressed as

follows:

dK

dt
=
(K0 −K)

τT
+
2KK0dW
NfτT

(2.16)

The variables in the equation are defined as follows: K represents kinetic en-

ergy, Nf represents the number of degrees of freedom, dW represents a Wiener

process, and τT represents the temperature coupling time constant.

Other methods include the Anderson thermostat19, Nose-Hoover thermostat20,21,

among others, which provide alternative approaches to temperature regulation in

simulations. In this thesis, we have used Berendsen thermostat for temperature reg-

ulation.
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2.2 Basic Theory of MD Simulation

Pressure Regulation Methods in Simulations (Barostat)

Constant pressure simulations, similar to thermostats, involve linking the system to

a pressure bath maintained at a required pressure. This is accomplished by adjusting

the volume of the box. In NPT ensemble, the cell’s shape and size are modified to

maintain a steady pressure. The rate of pressure change over time is determined by

the following equation:

dP

dt
=
1
τp
(P0 − P ) (2.17)

λ = 1− κδt
τp
(P0 − P ) (2.18)

In this equation, κ represents the isothermal compressibility of the system.

κ = − 1
V

(
∂V

∂P

)
T

(2.19)

Therefore, at each iteration, the coordinates and dimensions of the box are modified

by a factor of λ in order to maintain the pressure at P0. The study utilized the

Parrinello-Rahman Pressure Coupling technique22. In contant pressure simulations,

the system can be connected to a pressure bath, similar to thermostats, in order to

regulate the required pressure by adjusting the volume of the simulation box. This

ensures consistent pressure inside the NPT ensemble. The rate of pressure change

over time is dictated by the isothermal compressibility of the system.

2.2.5 Steps of Running an MD Simulation

System Preparation

Initiating a simulation involves establishing the starting configuration of the system.

This can be achieved by utilizing pre-established structural models or by randomly

dispersing molecules within a simulation box that accurately mimics the volume of

the system. Proteins and nucleic acids, which are biological entities, can have their

atomic coordinates determined by studying three-dimensional structures obtained
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using techniques such as X-ray diffraction or NMR. Subsequently, a suitable force

field is chosen to allocate non-bonded and bonded characteristics to the atoms inside

the system, facilitating the calculation of potential energy at a later stage. To accu-

rately mimic biological conditions, the system (such as proteins or nucleic acids) is

submerged in water and ions are put into the simulation box.

Energy Minimization and Equilibration

Afterwards, the system is subjected to energy minimiation using techniques such as

steepest descent or conjugate gradient in order to address any atom overlaps and

steric stresses caused by atoms being positioned too near together. The atoms’ initial

velocities are allocated randomly from a Maxwellian distribution. Then, the resul-

tant velocities are adjusted to scale the average kinetic energy to the required value.

To address the potential deviation of the initial state from thermodynamic equilib-

rium, a two-step equilibration process is implemented. This procedure involves linking

the system to a thermostat and a barostat, which respectively regulate temperature

(NVT) and pressure (NPT). The purpose of this equilibration process is to bring the

system to a state of equilibrium. At times, some portions of the solute in the sys-

tem are held in place to help the solvent component reach equilibrium under specific

conditions.

Production Run

After achieving equilibrium, the system undergoes evolution within the conforma-

tional space during the production run. The time intervals used to calculate location

and velocities should be large enough to accommodate the fastest event in the simu-

lation, which takes around 2 femtoseconds. Additionally, the production run should

be of sufficient duration to enable thorough sampling of the phase space.
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2.2 Basic Theory of MD Simulation

2.2.6 Analysis of MD Trajectory

Data on the position and velocity of atoms is collected during the simulation run.

This data can then be used to compute various physical properties of the system. A

reaction coordinate, also known as an order parameter, is a parameter that represents

the progress of a transition between different states in a molecular system. It is a way

to describe the changes occurring during a conformational transition in a simplified

manner, often reducing a multi-dimensional problem to a lower dimension.

Traditional or Intution Based Order Parameters

Mass Weighted Root Mean Square Deviation (RMSD): Mass-weighted

RMSD is a metric that quantifies the average spatial separation between atoms in

aligned proteins, taking into account the masses of the atoms. It is characterized or

described as:

RMSD(t) =

√√√√∑Ni=1mi[rrefi − rsimi (t)]2∑N
i=1mi

(2.20)

where N is the number of atoms, mi is the mass of the i-th atom, rrefi is the position

of the i-th atom in the reference structure, and rsimi is the position of the i-th atom

in the simulated structure.

Mass weighted RMSD is used to quantify the similarity between protein structures,

accounting for the contribution of heavier atoms more significantly. It helps in compar-

ing the conformational changes of a protein over time or between different conditions

(e.g., bound vs. unbound states).

Root Mean Square Fluctuation (RMSF): RMSF quantifies the oscillation of

individual atoms relative to their mean location within a given time period. It is

defined as:

RMSFi =

√√√√ 1
T

T∑
t=1

(ri(t)− ⟨ri⟩)2 (2.21)

where T is the total number of time frames, ri(t) is the position of the i-th atom at

time t, and ⟨ri⟩ is the average position of the i-th atom.
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Usage:

RMSF provides insights into the flexibility and dynamic behavior of individual

residues in a protein. It is particularly useful for identifying regions with high or low

mobility, which can be important for understanding protein function and stability.

Radius of Gyration (Rg): The Radius of Gyration is a metric that quantifies the

degree of compactness in a protein structure. It is characterized or described as:

Rg =

√√√√ 1
N

N∑
i=1

(ri − rcm)2 (2.22)

The variables in the equation are defined as follows: N represents the total number

of atoms, ri represents the position of the i-th atom, and rcm represents the center of

mass of the protein.

Rg is used to assess the overall size and compactness of the protein structure. It helps

in understanding the folding and unfolding processes and comparing the structural

compactness between different states of the protein.

Hydrogen Bond Occupancy Analysis: A hydrogen bond is defined based on

specific geometric criteria:

• The donor and the acceptor atom distance must be (r ¬ 0.35 nm).

• A-D-H angle has a maximum value of 30 degrees A-D-H (α ¬ 30◦).

Hydrogen bond occupancy is the fraction of simulation time during which a par-

ticular hydrogen bond exists.

Hydrogen bond occupancy analysis helps in understanding the stability and interac-

tions within a protein or between proteins and other molecules. It provides insights

into key interactions that stabilize the protein structure or facilitate binding.

Coordination Number (CN): It is a measure of the number of number of contacts

i.e interactions between two groups of atoms, A and B. It is calculated using the

following formula:
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CN =
Na∑
i=1

Nb∑
j=1

(
1−

(
rij
d

)12)
(
1−

(
rij
d

)6) (2.23)

The variables i and j are used to indicate the atoms that have been chosen, whereas

the variables Na and Nb represent the number of atoms that belong to groups a and

b, respectively. It is the distance between the i-th and j-th atoms that is represented

by the symbol rij. In accordance with the predetermined criteria for hydrogen bond

lengths, the cutoff distance, which is designated by the letter d and is fixed at 3.0Å,

is a perfect match. In light of this, the CN provides a computation of the number of

hydrogen bonds that are formed between the atoms that are specified as being in the

indicated groups.

Dimensionality Reduction Techniques

PCA: Principal Component Analysis (PCA) is a widely used statistical technique

that aims to reduce the dimensionality of a dataset while preserving as much variance

as possible. It achieves this by transforming the original data into a new coordinate

system where the greatest variances by any projection of the data come to lie on

the first coordinates (called principal components), the second greatest variances on

the second coordinates, and so on. PCA is particularly useful in simplifying complex

datasets, identifying patterns, and highlighting differences and similarities within the

data.

Mathematically, PCA involves the following steps:

Given a dataset X consisting of T samples, each with N features:

X =
(
x1 x2 . . . xT

)
∈ RN×T (2.24)

where xt represents the feature vector at sample t.

The data is mean-centered by subtracting the mean of each feature across all

samples:

X̃ = X − µ, where µ =
1
T

T∑
t=1

xt (2.25)
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Compute the covariance matrix C:

C =
1
T
X̃X̃T

Solve the eigenvalue problem for the covariance matrix:

Cv⃗i = λiv⃗i (2.26)

where λi are the eigenvalues and v⃗i are the corresponding eigenvectors.

Sort the eigenvalues λi in descending order and reorder the eigenvectors v⃗i accord-

ingly. Select the top d eigenvectors corresponding to the largest d eigenvalues to form

the transformation matrix V :

V =
(
v⃗1 v⃗2 . . . v⃗d

)
(2.27)

Project the mean-centered data onto the selected eigenvectors to obtain the prin-

cipal components:

Y = V T X̃ (2.28)

where Y represents the principal components, capturing the most significant variances

in the system.

Key Points of PCA:

• PCA is a technique for reducing the dimensionality of a dataset while retaining

the most important variance.

• It identifies patterns in the data by transforming the original variables into a

new set of orthogonal variables (principal components).

• PCA helps in visualizing and understanding complex datasets by highlighting

the most significant directions of variance.

• It is computationally efficient and widely used in data analysis and preprocess-

ing, particularly in large datasets.

• PCA is applicable in various fields, including molecular dynamics, image pro-

cessing, and finance, where dimensionality reduction and pattern recognition

are essential.
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TICA Time-lagged Independent Component Analysis (tICA)23–25 is a statistical

technique designed to identify and analyze the slow collective motions in time-series

data. It is particularly useful in the context of molecular dynamics simulations, where

understanding these slow dynamics can reveal important insights into the conforma-

tional changes and functional mechanisms of biomolecules. By focusing on the slowest

motions, tICA helps in reducing the dimensionality of complex datasets, making it

easier to identify and interpret significant dynamical processes.

Mathematically, tICA involves the following steps:

Given time-series data X consisting of T frames, each with N features:

X =
(
x1 x2 . . . xT

)
∈ RN×T (2.29)

where xt represents the feature vector at time t.

The data is mean-centered by subtracting the mean of each feature across all time

frames:

X̃ = X − µ, where µ =
1
T

T∑
t=1

xt (2.30)

Compute the instantaneous covariance matrix C0 and the time-lagged covariance

matrix Cτ :

C0 =
1

T − τ

T−τ∑
t=1

x̃tx̃
T
t (2.31)

Cτ =
1

T − τ

T−τ∑
t=1

x̃tx̃
T
t+τ (2.32)

where τ is the chosen time lag. Solve the generalized eigenvalue problem for the

covariance matrices:

Cτ v⃗i = λiC0v⃗i (2.33)

where λi are the eigenvalues and v⃗i are the corresponding eigenvectors.

Sort the eigenvalues λi in descending order and reorder the eigenvectors v⃗i accord-

ingly. Select the top d eigenvectors corresponding to the largest d eigenvalues to form

the transformation matrix V :

V =
(
v⃗1 v⃗2 . . . v⃗d

)
(2.34)
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Project the mean-centered data onto the selected eigenvectors to obtain the tICA

components:

Y = V T X̃ (2.35)

where Y represents the tICA components, capturing the slow collective motions in

the system.

Key Points of tICA:

• tICA reduces the dimensionality of complex datasets, focusing on the most

significant slow dynamics.

• The method helps in identifying and characterizing the slow transitions and

conformational changes in molecular systems.

• By isolating the slowest collective motions, tICA makes it easier to interpret

the underlying processes within the dataset.

• tICA is particularly useful in molecular dynamics simulations and other time-

series data analyses where slow dynamics play a crucial role.

• The method is computationally efficient, making it suitable for analyzing large

datasets typical in molecular dynamics studies.

2.2.7 Residue and Pairwise Change in Electrostatic Interac-

tion:

The change in electrostatic interaction energy (∆⟨Ei⟩) is a measure of how the elec-
trostatic interactions between residues are altered due to a structural change, such as

mutation of ligand binding. This is particularly useful for detecting subtle structural

changes and long-range allosteric effects in proteins.

∆⟨Ei⟩ = ⟨EBi ⟩ − ⟨EAi ⟩ (2.36)

where ⟨EBi ⟩ and ⟨EAi ⟩ represent the average nonbonded interaction energy of the i-th
residue with its environment (protein, water, and ions) for unperturbed system (wild
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type or apo type) and perturbed system (mutated type or ligand bound type) respec-

tively. It is pivotal in understanding the propagation of the energetic perturbation.

Similarly, for residue pairs:

∆⟨Eij⟩ = ⟨EBij ⟩ − ⟨EAij⟩ (2.37)

where ⟨EBij ⟩ and ⟨EAij⟩ represent the average pairwise electrostatic interaction energy
of the i-th residue with j-th residue for unperturbed system (wild type or apo type)

and perturbed system (mutated type or ligand bound type) respectively.

This analysis helps to understand how local perturbations, such as mutation or ligand

binding, affect the overall electrostatic environment of the protein and propagate

through the structure. By comparing the electrostatic interaction energies in different

states, one can identify which residues are most affected by the perturbation and how

the signal transmits to distant parts of the protein, potentially influencing protein-

protein interactions (PPI).

2.2.8 Binding Energy Calculation Using MM/PBSA

Method:

The binding free energy of a complex can be estimated using the following equation:

∆Gbind = ⟨GCom⟩ − ⟨GRec⟩ − ⟨GLig⟩ (2.38)

where each of the term is defined as :

⟨Gx⟩ = ⟨EMM⟩ − ⟨GSol⟩ − ⟨TS⟩ (2.39)

The binding energy can also be expressed as:

∆Gbind = ∆H − T∆S (2.40)

where ∆H represents the enthalpy of binding and -T∆S accounts for the conforma-

tional entropy change upon ligand binding. When the entropic term is neglected, the
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Figure 2.3: Thermodynamic Cycle Used to Calculate Binding Free Energy Using MM-PBSA

resulting value is the effective free energy, which is typically sufficient for compar-

ing relative binding free energies of related ligands. The enthalpy change (∆H) is

decomposed into:

∆H = ∆EMM +∆GSol (2.41)

where,

∆EMM = ∆EEle +∆Evdw (2.42)

The solvation free energy (∆GSol) is given by:

∆GSol = ∆GPolar +∆GNon-Polar = ∆GPB +∆GNon-Polar (2.43)

For the non-polar component:

∆GNon-Polar = NPTENSION ×∆SASA+NPOFFSET (2.44)

or,
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∆GNon-Polar = ∆Gdisp +∆GCavity

= ∆Gdisp + CAV ITYTENSION ×∆SASA+ CAV ITYOFFSET
(2.45)

In the equations provided,∆EMM corresponds to the alterations in molecular me-

chanical energy that occur in the gas phase. It consists of different components, the

electrostatic interaction (∆GEle) ,and the van der Waals interaction (∆GvdW). The

solvation energy (∆GSol) is determined differently based on the method used. While

the Poisson-Boltzmann(PB) model estimate only the polar component. The non-polar

component is often directly proportional to the solvent accessible surface area (SASA),

using a proportionality constant determined from experimental data on tiny non-polar

compounds. Alternatively, contemporary techniques divide non-polar solvation free

energy into two components: cavity and dispersion. The cavity term is determined

using SASA, while the dispersion term is calculated using surface-integration meth-

ods. We have not yet computed the entropic contribution to the binding energy in

our works.

2.3 Free Energy Calculation

The underlying free energy landscape plays a vital role in driving biophysical and bio-

chemical processes, like protein-protein interaction, allostery, molecular recognition

and folding of protein. In order to comprehend these mechanisms at the molecular

level, it is necessary to elucidate these processes in the context of thermodynamics.

Statistical mechanics is essential in this context as it offers a probability distribution

that links the microstates of a system to macroscopic thermodynamic variables such

as free energy, temperature, and density. Free energy is a fundamental thermody-

namic property that is used to describe the tendency of a chemical process to occur

spontaneously and to determine the equilibrium state of a system. The free energy of

a system is commonly represented by either the Helmholtz or Gibbs free energy. The

Helmholtz free energy in a canonical ensemble may be determined using statistical
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mechanics, and it is represented by the partition function Q.

A = −kBT lnQ(N, V, T ) (2.46)

Similarly, in an isothermal-isobaric ensemble, the Gibbs free energy can be described

as:

G = −kBT lnZ(N,P, T ) (2.47)

The partition function Q(N,V,T) for an N-particle system in a canonical ensemble is

defined as:

Q(N, V, T ) =
1

hNN !

∫ ∫
e
−H(p,r)
kBT d3p d3r (2.48)

Here, r and p are 3N-dimensional vectors representing the coordinates and momenta

of all particles in the system. Processes like enzyme-catalyzed transformations or

protein folding occur in high-dimensional phase spaces with numerous degrees of

freedom, leading to complex energy landscapes. In practical biochemical systems, the

presence of solvent molecules, ions, and other substrates leads to the development of

low-energy states on the free energy surface, which are filled with different conforma-

tions. Consequently, free energy calculations are frequently conducted using a series

of coordinates that describe the advancement of a chemical process, referred to as

collective variables(CV) or reaction coordinates(RC). These functions are commonly

determined by the Cartesian coordinates of atoms in the system. The selection of

reaction coordinates is contingent upon the particular reaction under investigation.

In a bond-dissociation process, the bond length between the atoms serves as a mea-

sure to define the advancement of the reaction. Protein folding and unfolding may be

analyzed by employing several measures, such as dihedral angles (φ, ψ), radius of gy-

ration (Rg) root-mean-square deviation (RMSD), and the number of native contacts

(NC).

2.3.1 Potential of Mean Force

Although theoretically, the precise free energy of a system may be computed using

the partition function, in reality, it becomes difficult for systems with significant free
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energy barriers. Once an appropriate reaction coordinate is determined, a free energy

profile may be created by averaging across the remaining degrees of freedom. The

expression provided yields the potential of mean force (PMF):

A(X) = −kBT ln
(∫

δ(f(rN)−X) exp
(
−U(r

N)
kBT

)
drN

)
(2.49)

The symbol δ(f(rN)–X) represents the Dirac delta function applied to the reaction

coordinate X, which relates to the location coordinates of all particles (rN). This

equation calculates the diminished amount of energy that is available during a reac-

tion, while considering all other factors and variables. The probability distribution of

the response coordinate may also be determined by utilizing the average distribution

function.

A(X) = −kBT lnP (X) + c (2.50)

P(X) represents the probability distribution for the reaction coordinate X. This

method has been effectively utilized to compute the changes in free energy in various

processes like ligand binding, protein folding.26–28

2.3.2 Sampling of Rare Event

Biomolecular processes, such as protein folding/unfolding, signaling, and ligand bind-

ing/unbinding, typically occur over timescales ranging from milliseconds to hours.

However, these events are beyond the scope of unbiased all-atom molecular dynamics

(MD) simulations, which currently reach microsecond timescales. To capture these

rare events, various enhanced sampling techniques have been developed, including

Metadynamics29,Umbrella Sampling30, and Steered Molecular Dynamics31. These

methods apply a bias to the system, which encourages movement along a chosen

reaction coordinate x, such as RMSD, Native Contacts, or protein-ligand distance.

Umbrella Sampling

Umbrella sampling is a method used to address the issue of sampling by adding a

biased potential. This potential enhances the chances of exploring stable states that
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Figure 2.4: Diagram depicting the umbrella sampling technique. The red dashed lines correspond

to the harmonic bias potentials that are introduced into the system Hamiltonian at various places

(windows) along the collective variable (CV) space. Reprinted from “Chapter Four - Enhanced

sampling and free energy calculations for protein simulations” by Qinghua Liao, 2020,Progress in

Molecular Biology and Translational Science32

are separated by large free energy barriers30,33. The approach computes the Potential

of Mean Force (PMF) along a selected response coordinate by including a bias, usually

in the form of a harmonic potential, represented as:

W (X) =
1
2
k(X −X0)2 (2.51)

In this context, k represents the strength of the harmonic constraint applied to the

collective variable (CV), whereas X0 denotes the equilibrium state inside each win-

dow. The harmonic constraint is utilized to ensure that the system remains in close

proximity to the equilibrium state. The whole potential thus becomes:

U(r) = U0(r) +W (X) (2.52)
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In order to select the equilibrium value of the bias potential, the CV is designed in

such a way that it allows for the selection of a set of intermediate points between

the respective end states. Sampling inside each window or umbrella will result in a

probability distribution that is skewed towards each individual point. Subsequently,

the mean value of quantity F for an impartial trajectory is obtained using ensemble

averaging.

⟨F ⟩ = ⟨Fe
βU0⟩W

⟨eβU0⟩W
(2.53)

where ⟨·⟩W indicates sampling under the biased potential. Umbrella sampling in-
volves simulations at multiple windows, generating several PMFs along the reaction

coordinate.

To combine these simulations and generate a complete PMF, the Weighted His-

togram Analysis Method (WHAM) is commonly used34,35. The accuracy of umbrella

sampling relies on sufficient overlap between windows and the proper choice of biased

potential. This technique has been widely used to study large conformational changes

in proteins, such as misfolding, ligand binding events, and ion transport through

channels.36–39

Metadynamics

Metadynamics is a sophisticated sampling technique used for rebuilding the free en-

ergy surface as a function of chosen reaction coordinate (RC)29,40. In contrust with

umbrella sampling, which applies a static bias, metadynamics dynamically accelerates

the sampling of infrequent events by introducing a time-dependent repulsive bias that

propels the system out of local minima41.

At any given time t, the bias potential is the cumulative sum of repulsive Gaussians

placed along the trajectory:

V (X, t) =
∑
ti<t

w exp
(
−(X −X(ti))

2

2σ2

)
(2.54)

Here, X(t) represents the value of the reaction coordinate at time t, σ is the width

of the Gaussian, and w is its height. This bias potential prevents the system from re-

maining in low free energy states for too long. To ensure the system has time to relax
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Figure 2.5: An illustrative depiction of metadynamics in the form of a cartoon. Metadynamics

simulations include the deposition of gaussian form biases along specified coordinates, often known

as collective variables (CVs).

to the nearest local minimum before another Gaussian is added, the interval between

successive hill additions (deposition frequency) must be chosen carefully. Proper ad-

justment of the Gaussian parameters—width, height, and deposition frequency—is

crucial for an accurate and efficient reconstruction of the free energy surface. Incor-

rect parameter settings can either lead to significant errors (if hills are too large or

added too frequently) or increased computational cost (if hills are too small or added

too infrequently).

The principle of metadynamics is that by progressively adding enough Gaussian

hills over a long period, the bias potential approximates the unbiased energy land-

scape:

F (X) = −V (X, t→∞) + c (2.55)

where c is a constant.

To overcome the convergence limitations of early metadynamics, well-tempered

metadynamics was developed. In this method, the bias potential is defined as:

V (X, t) =
1
∆T
ln
(
1 +
∆T
kBT

N(X, t)
)

(2.56)

where N(X, t) is the histogram of the collective variable X, and ∆T is a parame-
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ter controlling the extent of exploration away from the lowest energy states. This

approach allows for a gradual reduction in the Gaussian deposition rate over time,

thereby preventing overfilling of the free energy landscape.

The free energy surface (FES) can be estimated as:

F (X) = −T +∆T
∆T

V (X, t→∞) + c (2.57)

Metadynamics has proven effective in exploring reaction pathways, identifying

metastable states, and reconstructing free energy landscapes without prior knowl-

edge42–45.

Steered Molecular Dynamics (SMD)

Steered Molecular Dynamics (SMD) was first introduced by Klaus Schulten and col-

leagues in 199746. This approach takes inspiration from atomic force microscopy

(AFM) investigations, where a mechanical probe is employed to collect force-extension

data from different structures, such as biomolecules. Although AFM yielded signifi-

cant insights into the structure-function correlations of several systems, it could not

completely illuminate the atomic-level processes and interactions47. Steered molecular

dynamics (SMD) simulations have demonstrated their reliability in offering compre-

hensive understanding of the connections between the structure and function of large

molecular complexes, including protein-ligand interactions. This makes them a valu-

able tool that complements experimental data. In simulations using the SMD method,

a specific atom is linked to a fake atom by a virtual spring. The dummy atom is dis-

placed at a consistent speed, and the force exerted between the SMD atom and the

dummy atom is quantified using the subsequent equations:

F = −∇U (2.58)

U =
1
2
k [vt− (r− r0) · n]2 (2.59)

The variables in the equation are as follows: U represents the potential energy, k

represents the spring constant, v represents the pulling velocity, t represents time,r
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represents the current location of the SMD atom, r0 represents the initial position

of the SMD atom, and n represents the direction of pulling. The work done along a

trajectory can be approximated by:

W0→t = −kv
∫ t
0
(r − (r0 + vt)) dt (2.60)

As per the second law of thermodynamics, the average work performed on the system

is either more than or equal to the difference in free energy between the starting and

end states. This can be stated as:

∆G ¬ W (2.61)

The overbar is the average value obtained from a collection of measurements of WW.

The principle of equality remains valid when the procedure is conducted at an indef-

initely slow pace. In 1997, Christopher Jarzynski developed an equation that estab-

lishes a connection between non-equilibrium processes occurring between two states

and the difference in equilibrium free energy between those states.48. This relationship

is expressed as:

⟨exp(−βW )⟩ = exp(−β∆G) (2.62)

or equivalently,

∆G = −β−1 ln ⟨exp(−βW )⟩ (2.63)

where (β = 1/(kBT )).

2.4 Markov State Models (MSM)

Zwanzig’s 1983 paper examines the random walk of a dynamical system through a

sequence of states, focusing on short memory approximations.49 He observes that if

these states are selected “sensibly” and the dynamics they represent are “sufficiently

complex,” the system will lack memory of how it arrived at its present state. Un-

der these conditions, Zwanzig notes, there is a “remarkably simple way to estimate
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the transition rates between cells.”49 The approach for predicting transition rates

has developed into the discipline of kinetic analysis, which is frequently referred to

as Markov state models (MSMs). The MSM framework, when integrated with ad-

vancements in molecular dynamics (MD) simulations, has evolved into a complex

and statistically rigorous collection of tools for studying the temporal development

of a system. Crucially, the process of choosing states no longer depends on personal

experience and intuition, due to the methodological progress made in the subject. As

a result, the larger scientific community now has access to the whole capabilities of

MSM approaches, which are a well established collection of procedures. A Markov

State Model (MSM) provides a framework based on the master equation, enabling

a comprehensive description of a system’s dynamics. The master equation approach

has wide-ranging applications across various scientific disciplines, as detailed in refer-

ence. In the context of MSMs, this method is employed to model dynamical systems

typically assumed to be in thermodynamic equilibrium. The MSM is represented by

an n × n square matrix, known as the transition probability matrix, where the sys-
tem’s entire configuration space is divided into n discrete states. By identifying these

states, we can monitor the system’s dynamical progression (e.g., in molecular dynam-

ics simulations) by recording the state it occupies at intervals of τ , known as the

lag time. For the lag time τ to be considered Markovian, the system must exhibit

“memorylessness,” meaning the probability of transitioning from state x to state y is

independent of the system’s history before entering state x.

The transition probabilities offer kinetic understanding and delineate potential

routes between any two states.The need for the system to be in thermodynamic equi-

librium implies that all transitions occur with equal probability in both the forward

and backward directions, resulting in symmetry about an equilibrium distribution. In

addition, the system must exhibit ergodicity, meaning that any state may be reached

from any other state given enough time, and aperiodicity, meaning that all initial con-

figurations of the system will ultimately converge to the same equilibrium distribution.

These conditions enable additional study of the system by use of the eigendecompo-

sition of the transition matrix. The process of decomposition results in a collection of
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eigenvectors and their corresponding eigenvalues. The eigenvectors provide an approx-

imation of the eigenfunctions of the transfer operator, which is a continuous integral

operator that is approximated by the transition probability matrix. By analyzing

the characteristics of the transition matrix, we may deduce certain important factors

related to the eigenvalues and eigenvectors:

1. Each eigenvalue’s corresponding eigenvector has n elements, each linked to one

of the n states, illustrating the states’ contributions to the process identified by

that eigenvalue.

2. The eigenvalue with the greatest magnitude is 1, and its related eigenfunction

indicates the state of equilibrium.

3. All eigenvalues, except for one, have absolute values that are smaller than 1. This

suggests that the processes either decay to equilibrium (for positive eigenvalues)

or fluctuate (for negative eigenvalues). However, the negative eigenvalues are

usually not relevant for analytical purposes.

4. The lag time τ can be used to transform positive eigenvalues into physically

significant timeframes.

The ultimate goal is to select n states that effectively capture the system’s dy-

namics and choose a lag time τ that is sufficiently long to ensure Markovian prop-

erties while still being short enough to resolve the system’s dynamics. When this is

achieved, the MSM provides extensive and valuable information about the system,

derived solely from its transition matrix.

2.4.1 Workflow for Building MSM

Here we present the typical work flow for building MSMs for protein systems Fig-

ure 2.6.
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Step 1: Featurization of the data

Step 2: Dimensionality Reduction

Step 3: Clustering of the data to build the microstates

Step 4: Estimation of the Transition Matrix

Step 5: Assessment of the Markov Property:

Step 6: Coarse Grain the Model

Figure 2.6: Workflow for Building Markov State Models (MSMs)

Feature Selection

Feature selection is crucial in Markov state modeling to accurately represent the essen-

tial dynamics of biomolecular processes. By choosing appropriate input coordinates

or properties, such as backbone dihedral angles and tertiary connections, we can ef-

fectively capture the structural and dynamic traits of the system. These features help

differentiate between structural states, elucidate energy distributions, and track slow

motions vital for understanding complex biological mechanisms like protein folding.

For instance, if we focus on the movement of a specific loop, we might select important

Cα-Cα distances or dihedral angles as features.

Automated methods for identifying significant features include RF-tICA and Mo-

SAIC. MoSAIC constructs a correlation matrix measuring the correlation between

each pair of Cα-Cα distances. By analyzing this matrix, we can exclude movements
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with weak or no correlation, refining the feature set50. RF-tICA uses Random Forest

machine learning to identify critical residue pairs sensitive to ligand binding, aiding

in the characterization of protein-ligand interactions. This supervised classification

approach enhances our understanding and analysis of key features related to these

interactions51.

Dimensionality Reduction

Once features are selected, the next step is to reduce the dimensionality of the data

to capture the essential dynamics while discarding noise and irrelevant information.

Several methods are commonly used for this purpose, including Principal Component

Analysis (PCA), Time-lagged Independent Component Analysis (TICA), dihedral

PCA (dPCA), and Kernel Time-lagged Independent Component Analysis (Kernel

TiCA). The basic theory of TICA and PCA is mentioned in the section 4.8

Clustering for Building Microstates:

Clustering is a crucial step in constructing a Markov State Model (MSM), as it in-

volves grouping similar conformations or states of a molecular system into discrete

microstates. Several clustering methods can be employed, each with its strengths and

suitable applications:

• k-means Clustering: This method partitions the data into k clusters by min-

imizing the variance within each cluster. It is computationally efficient and

straightforward but requires the number of clusters to be specified beforehand.

• Hierarchical Clustering: This approach builds a hierarchy of clusters by ei-

ther agglomerative (bottom-up) or divisive (top-down) strategies. It is flexible

and does not require a predefined number of clusters but can be computationally

intensive for large datasets.

• Density-Based Spatial Clustering of Applications with Noise (DB-

SCAN): This method identifies clusters based on the density of data points,
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allowing it to find arbitrarily shaped clusters and handle noise effectively. It

does not require specifying the number of clusters but depends on the choice of

density parameters.

Estimation of the Transition Matrix

In theory, estimating a transition matrix involves straightforward counting. First,

data is assigned to clusters, labeled from 0 to n − 1. Each trajectory is then seen
as a series of microstate assignments, allowing the construction of a transition count

matrix C, where Cij represents the number of transitions from state i to state j. With

infinite data, the transition probability matrix T can be estimated using:

Tij(τ) =
Cij∑
k Cik

(2.64)

where τ is the lag time. However, finite data complicates this process due to sampling

limitations and microstate definition imperfections.

Counting Transitions

Various approaches exist for counting transitions. One must choose a lag time that

satisfies the Markov assumption, often requiring estimation at multiple lag times.

Ideally, with abundant data, transitions at intervals of τ can be observed, counting

transitions as σ(0)→ σ(τ), σ(τ)→ σ(2τ), and so forth. In practice, a sliding window

approach, sampling at intervals ∆ where ∆ < τ , provides more precise estimates:

σ(0)→ σ(τ), σ(∆)→ σ(∆ + τ), σ(2∆)→ σ(2∆ + τ), . . . (2.65)

This method reduces model uncertainty but may underestimate errors.

Detailed Balance and Prior

Ensuring detailed balance, or microscopic reversibility, is crucial. Each transition from

state i to j must be balanced by a transition from j to i. Poorly sampled states can
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disrupt this balance. A common method to enforce detailed balance is averaging

transitions:

Ĉij(τ) =
Cij + Cji
2

(2.66)

For limited data, this approach biases the transition matrix towards initial conditions.

Maximum likelihood methods for reversible matrices can be powerful but often fail

with limited data, emphasizing poorly sampled states.

Ergodicity

A valid MSM must be ergodic, meaning the network of states is fully connected.

Disconnected components may arise from insufficient sampling. Solutions include dis-

carding smaller components or collecting more data to ensure complete connectivity.

Assessment of the Markov Property Using Implied Timescales:

To evaluate how well the transition matrix adheres to the Markov property, we ex-

amined implied timescales (ITS) across various MSM lag times. The ITS of the prop-

agator is defined such that:

tj = −
τ

ln(λj)
(2.67)

remains consistent regardless of the chosen lag time τ . According to equation

(3.3), implied timescales should be independent of the lag time at which the MSM

is constructed. Given that the transition matrix approximates the transfer operator,

the ITS of the estimated transition matrix should follow this property.

We tested this by estimating transition matrices at different lag times τMSM and

comparing their implied timescales. The Markov property is considered satisfied once

the ITS as a function of τMSM converge. Therefore, the chosen MSM lag time τMSM

must be sufficiently large to ensure the Markov property is met, yet as short as possible

to maintain computational efficiency.
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Additionally, the first and longest implied timescale is typically underestimated.

This means that a larger initial timescale indicates a better MSM. Thus, an MSM with

converged and substantial implied timescales will best satisfy the Markov property.

Coarse-Graining the Model:

Coarse-graining microstate models by merging rapidly mixing microstates into larger

macrostates offers several benefits. It is often possible to create mesoscale models

that retain the quantitative predictive power of the original microstate models while

being significantly more compact. Additionally, these simplified models are easier

to understand, which helps in developing intuition about the system and generat-

ing hypotheses, even if they lose some quantitative precision. The primary questions

in constructing these coarse-grained models are determining which microstates to

combine and deciding on the number of macrostates to form. Several methods have

been developed to address these questions, including Perron Cluster Cluster Analy-

sis (PCCA), its more robust version PCCA+, Super-level-set hierarchical clustering

(SHC), and the Bayesian agglomerative clustering engine (BACE).
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3
Role of Low Populated Metastable

Protein Conformations in

Regulation of Biological Function

“Nothing in life is to be feared; it is only to
be understood.”

Marie Curie

3.1 Introduction

Toxin-antitoxin (TA) modules are genetic elements widely present in bacterial

genomes1. These modules assist bacteria in surviving various stress conditions, in-

cluding those induced by antibiotics.The HipBA system, along with its homologs, is

an example of type II TA modules found in numerous bacteria and archaea2. In this

system, the antitoxin HipB neutralizes the toxin HipA and also binds to four operator
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regions upstream, acting as a regulator of the HipBA operon3. Under stressful con-

ditions, HipA dissociates from the HipBA complex and phosphorylates a conserved

serine residue in glutamyl-tRNA synthetase (GluRS)4,5. This phosphorylation event

renders GluRS unable to charge tRNAGlu,leading to the accumulation of uncharged

tRNAGlu in the cell. This accumulation activates RelA to synthesize (p)ppGpp, trig-

gering a stringent response that results in dormancy and persistence. When stress con-

ditions subside, the toxin HipA needs to be inactivated, which occurs either through

its binding with HipB or via autophosphorylation6.

In Escherichia coli (E. coli), the autophosphorylation site of HipA is Ser150, located

within an ATP-binding “P-loop” (151VAGAQEKT; Figure 6.5), which is typically

buried inside the protein core7. Upon phosphorylation, the P-loop is expelled from

the core [Figure 6.5 (a)], positioning the phosphate group of pSer150 to partially

occupy the γ-phosphate site of ATP in the HipA structure. This positions the side

chain of pSer150 to interact with Asp309, the proposed catalytic base8. Thus, HipA

autophosphorylation acts as an intramolecular “pseudo-product” inhibitor. A similar

P-loop expulsion is observed in the phosphorylated state of HipA from Shewanella

oneidensis, where Ser147 undergoes phosphorylation9.

For E. coli HipA to undergo phosphorylation, the Ser150-containing P-loop must tran-

sition from an “in-state” to an “out-state” [Figure 6.5 (b)]. This transition implies

that the equilibrium between these states, although heavily favoring the “in-state,”

allows for some degree of “out-state” presence. Phosphorylation occurs exclusively

in the “out-state” (where Ser150 is exposed), thus shifting the equilibrium towards

this state. However, experimental or computational evidence for the existence of an

“out-state” in unphosphorylated HipA is currently lacking.

The identification of minor conformations in equilibrium with a protein’s native state

can be indirectly achieved by lowering the free energy of these minor states through

the use of chaotropic agents like urea and extrapolating back to no-urea conditions us-

ing linear free energy relationships10. Such minor conformations might include stable

intermediates, such as the molten globule11, which exhibit slight tertiary structural

differences but significantly looser tertiary/quaternary contacts , similar to the pro-
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posed HipA “out-state”.

Computational techniques are crucial for identifying metastable states of HipA. While

unbiased molecular dynamics (MD) simulations effectively explore structural fluctu-

ations around a protein’s native state, metastable states located far from the native

conformation can be identified using appropriate sampling methods. This can be

achieved by employing biased MD simulation techniques, such as steered MD12.

In this study, we identify the metastable states of HipA using computational meth-

ods. Through multiple MD simulations, we pinpoint intermediates along the P-loop

ejection pathway of HipA that are solvent-exposed and phosphorylation-compliant.

The discovery of a phosphorylation-competent metastable state suggests a mechanism

for autophosphorylation: the metastable state of HipA, characterized by an ejected

P-loop with solvent-exposed S150, is the phosphorylation target. Phosphorylation

reduces the population of this metastable state, thereby shifting the equilibrium (na-

tively folded state ↔ metastable state) towards the right, ultimately leading to the
phosphorylation of the entire natively folded HipA population. This model aligns

with mechanisms proposed in recent studies on the phosphorylation of buried amino

acids13–15. The results presented in this chapter, were previously published in Pandey

et al, (2023), Biochemistry, 62(5), 989

3.2 Computational Details

System Preparation

We utilized the crystal structures of wild-type (WT) and serine-phosphorylated (SP)

HipA proteins (PDB ID: 3DNU and 3TPE, respectively) to perform our modeling

and simulation studies. The primary distinction between these two conformations

lies in the position of the P-loop: in the WT structure, the P-loop is buried within

the protein core, whereas in the SP structure, the loop is exposed outwardly [see

Figure 6.5 (a)]. To investigate whether the exposed loop conformation can also occur

in the WT, we mutated the phosphorylated serine (pS150) back to a normal serine
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residue in the phosphorylated HipA structure. Consequently, we prepared the WT

system in two extreme conformations: the buried P-loop from the WT structure

and the exposed P-loop from the phosphorylated structure. These conformations are

referred to as Conf-WT and Conf-SP, respectively. Missing residues in the crystal

structures were modeled using Pdbfixer software16. Additionally, the Asp309 residue

in the WT structure (PDB ID: 3DNU) was originally mutated to Gln and was reverted

to Asp, while in the SP structure (PDB ID: 3TPE), Arg243 was modified to Glu.

Steered MD Simulation

We employed the Steered MD (SMD) technique to generate intermediate structures

between Conf-WT and Conf-SP. The root mean square deviation (RMSD) relative

to the target structure was used as the pulling coordinate for SMD. The pulling

force constant was varied between 15,000 and 25,000 kJ mol–1 nm–2 depending on the

conformational space region being sampled. SMD simulations were conducted using

the PLUMED code (version 2.0.2)17 implemented in AMBER18 .

Unbiased MD Simulation

Representative configurations were extracted from the SMD path connecting Conf-

WT and Conf-SP. Subsequently, 25 unbiased MD trajectories (each 500 ns) were

generated around this pathway, resulting in a cumulative 12.5 µs of trajectories cov-

ering the entire conformational space. MD simulations were carried out using the

AMBER package18 with the amber14sb force field19 . All structures were solvated

using the TIP3P water model20 and simulated under periodic boundary conditions.

Energy minimization was performed using the steepest descent algorithm. The sim-

ulations were run in the NPT ensemble using a modified Berendsen thermostat21 at

300 K and the Parrinello–Rahman barostat22 at 1 bar pressure. Long-range electro-

static interactions were calculated with the particle mesh Ewald summation method23

, employing a grid spacing of 0.16 nm and fourth-order cubic interpolation. A cutoff

distance of 1 nm was used for short-range electrostatic and van der Waals interactions,
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with an integration time step set to 2 fs.

3.3 Results and Discussion

Figure 3.1: (a) Superimposed loop conformations in HipA with Ser150 in an unphosphorylated state

(pink; Conf-WT; PDB ID: 3DNU) and a phosphorylated state (blue; Conf-SP; PDB ID: 3TPE). In

Conf-WT, S150 establishes hydrogen bonds with L64 and V98, while in Conf-SP, S150 forms a

hydrogen bond with D309. (b) Schematic diagram of our hypothesis.

3.3.1 MD Simulations of P-Loop Buried and Exposed HipA

In Figure 6.5 (a), the crystal structure depicts the wild-type (WT) configuration

(pink) and the phosphorylated state with S150 (Serine 150) phosphorylation (blue).

In the WT structure, the S150 residue is buried within the protein core, while in the

phosphorylated system, the P-loop is exposed. This raises a fundamental question:

how does the S150 residue undergo phosphorylation when it is situated in a buried

state? Our proposed hypothesis, illustrated in Figure 6.5 (b), posits the existence of
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at least one exposed conformation of the P-loop that is amenable to phosphorylation.

We prepared the WT system in both WT and SP conformation, which we call Conf-

WT and Conf-SP respectively. Then we have performed 2 microsecond long normal

md simulation both from Conf-WT and Conf-SP. Despite the extensive simulations,

no significant conformational changes were observed, suggesting that both states rep-

resent distinct minima separated by a large energy barrier. Subsequently, biased MD

simulations were performed along the P-loop ejection pathway.

3.3.2 MD Simulations Along the P-Loop Ejection Pathway

To characterize the transition pathway between Conf-WT and Conf-SP, we performed

Steered Molecular Dynamics (SMD) using rmsd values relative to target structures as

the pulling coordinate [Figure 6.19 (a)]. The initial and final structures of the SMD

run matched well with the corresponding crystal structures [Figure 6.19 (b)]. Since

SMD primarily involves linear pulling, it does not necessarily represent the minimum

free energy pathway connecting the two states.

We extracted several intermediate conformations from the SMD trajectory at in-

tervals and used them as starting points for 25 independent unbiased MD simulations,

each 500 ns long, resulting in a cumulative trajectory of 12.5 µs. This extensive trajec-

tory covers a significant region of conformational space [Figure 6.19 (c)], with initial

configurations marked by cyan dots and the overall spread shown by black dots in

the conformational space defined by RMSD-WT and RMSD-SP.

3.3.3 Principal Component Analysis (PCA)

Although rmsd was used as the pulling coordinate to generate intermediate loop con-

formations, it may not be the most suitable metric for characterizing conformational

states due to its inherent degeneracy at large values. PCA, which reduces the dimen-

sionality of the conformational space and yields collective variables called principal

components (PCs), offers a more realistic reaction coordinate. We performed PCA on

the protein’s backbone atoms, excluding overall translational and rotational motion,
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Figure 3.2: (a) Conformations generated along the SMD pathway from Conf-WT to Conf-SP,

projected on the 2D space defined by RMSD relative to the WT structure (X-axis) and the SP

structure (Y-axis). (b) Superposition of protein structures before and after the SMD run: original

crystal structures (post-modeling) are shown in red (WT) and blue (SP), while the initial and final

structures from the SMD run are depicted in pink and sky blue, respectively. (c) Conformational

sampling in the combined unbiased MD runs initiated from the configurations obtained from the

SMD trajectory: cyan dots represent the starting structures for the individual unbiased simulations.

using the cumulative 12.5 µs trajectory.

The first two principal components (PC1 and PC2), accounting for 48.6% and

7.4% of total mean square fluctuation respectively, describe the conformational space

explored by the P-loop. Residue-wise RMSF for PC1 and PC2 [Figure 4.8(a)] indicates

that both components peak around the P-loop region, with PC1 peaking at residue
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Figure 3.3: (a) Residue-wise root mean square fluctuations (RMSF) corresponding to the first

two principal components (PC1 and PC2). The RMSF for PC1 is offset by 0.4 nm for clarity. (b)

Porcupine plot visualizing the eigenvectors corresponding to PC1. (c) Porcupine plot visualizing the

eigenvectors corresponding to PC2.

144 and PC2 peaking at residues 137 and 146. This suggests that the structural

variation is concentrated around the loop. Visualizing the eigenvectors for PC1 and

PC2 with “porcupine plots” [Figure 4.8 (b,c)], we observe that PC1 corresponds to a

downward movement of the P-loop, while PC2 reflects a sideways movement of the

loop and the 180-195 region.
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Figure 3.4: Set of Cα-Cα distances used as features. Red lines indicate the selected Cα-Cα distances.

The P-loop is shown in blue. Blue spheres represent residues within the P-loop, while green spheres

represent residues in the rest of the protein.

3.3.4 Free Energy Surface from a Markov State Model

Using the PyEMMA software, we performed MSM analysis to compute the free en-

ergy landscape projected on the principal components. We identified contacts between

the P-loop and the rest of the protein based on Cα atom distances within 6Å, which

formed the feature set for building the MSM (Figure 6.7). PCA reduced the dimen-

sionality of these distances, projecting on the top two principal components [Figure 3.5
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Figure 3.5: (a) PCA probability density plot. (b) K-means cluster centers displayed on the PC1-

PC2 conformational space.

Figure 3.6: Lag Time selection for MSM. Implied relaxation time scales for the first ten eigenvalues

calculated from the transition matrix at different lag times. All relaxation time scales become ap-

proximately constant beyond step 50. A lag time of 50 steps (i.e. 5 ns) was used to build the MSM.

(a)]. K-means clustering with 100 centers [Figure 3.5(b)] and implied timescale anal-

ysis (Figure 3.6) indicated that the system behaved in a Markovian manner after 5 ns

(50 steps). We used the Perron-cluster cluster analysis (PCCA++) method to group

microstates into four macrostates [Figure 3.7 (a)]. The free energy surface (FES) was

derived from the stationary probability distribution of each macrostate.The MSM was

validated using the CK-test shown in Figure 3.7 (b).
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Figure 3.7: The microstates were grouped by the PCCA++ method into four metastable states,

with macrostates colored as 1 (red), 2 (blue), 3 (green), and 4 (cyan). Validation of the MSM was

performed using the Chapman-Kolmogorov (CK) test, comparing MSM predictions (black line) with

observed trajectories (blue dotted line).

Figure 3.8: (a) Free energy surface (FES) of the P-loop conformation projected onto the PC1 and

PC2 space, computed using the set of loop-protein Cα–Cα distances utilized in building the MSM.

(b) Solvent exposure of the S150 residue visualized on the same FES (panel A), with the color bar

indicating the average number of water molecules within a 0.6 nm distance of S150. Pink and red

stars mark the positions of Conf-WT and Conf-SP, respectively.

The FES on the (PC1, PC2) space [Figure 6.13 (a)] reveals multiple minima along

the pathway connecting the two end states. The conformational change primarily
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Residue Pairs A (%) B (%) C (%) D (%)

L64-S150 64.69 0.0 0.0 0

E92-R148 43.31 0.0 0.0 0

R78-M140 37.72 0.0 0.0 0

S150-K157 0.0 31.67 0.0 0

E127-R148 0.0 47.11 0.0 0

R148-T158 0.0 28.16 0.0 0

K157-D332 0.0 34.15 0.0 27.15

R74-E156 0.0 0.0 56.89 66.47

R148-D270 0.0 0.0 73.65 0

R78-D135 0.0 0.0 29.34 0

D135-R188 0.0 0.0 0.0 43.31

S150-D309 0.0 0.0 0.0 35.53

Table 3.1: Average Hydrogen Bond Occupancy (Percentage) for clusters (A-D) (as shown in Fig-

ure 3.9)

occurs along PC1 in a monotonous manner, with higher PC1 values indicating a

more ejected P-loop. In contrast, the pathway involving PC2 is non-monotonous,

initially increasing and then decreasing back to the starting value along the P-loop

ejection pathway. Thus, PC1 captures the P-loop ejection coordinate, while PC2 acts

as a trigger or bottleneck for this process, similar to PC1/PC2 roles in βT7 loop

dynamics in tubulin.

Four major clusters of minima (or metastable states) on the FES are marked

as A, B, C, and D in Figure 6.13 (a). Cluster A represents the global minimum

corresponding to the native buried conformation of the P-loop (Conf-WT), with other

metastable states being more solvent-exposed. To characterize these states in terms

of solvent exposure, we computed the average number of water molecules around the

S150 residue, which needs to be solvent-exposed for phosphorylation. Figure 6.13 (b)

shows the correlation between structural transition and solvent exposure along the

pathway. Cluster C shows the highest solvation of S150, followed by Cluster D.
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Figure 3.9: Loop conformation in the four clusters from panel (a): cluster-A (pink), cluster-B

(purple), cluster-C (lime), and cluster-D (blue). (b) Specific contact patterns in representative loop

conformations from clusters A–D.

3.3.5 Specific Interactions Along the P-Loop Ejection Path-

way

Figure 3.9 (a) illustrates the structural ensemble of the P-loop in various metastable

states (clusters A-D), highlighting the diverse loop structures depending on the state.

To understand the molecular stability of these conformations, we analyzed hydrogen

bond occupancy between P-loop residues and the rest of the protein. Distinct sets

of contacts, consisting of hydrogen bonds and salt bridges, stabilize each metastable

loop conformation [Figure 3.9 (b) and Table 3.1]. These interactions include L64-
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S150, E92-R148, and R78-M140 in cluster A; S150-K157, E127-R148, R148-T158,

and K157-D332 in cluster B; R74-E156, R148-D270, and R78-D135 in cluster C;

and K157-D332, R74-E156, D135-R188, and S150-D309 in cluster D. These results

elucidate the specific interactions necessary for the transition from Conf-WT to Conf-

SP across metastable states.

Crystal structures indicate that the P-loop buried state (Conf-WT) is stabilized

by a hydrogen bond between Ser150 and Leu64. In the phosphorylated state with

the P-loop exposed (Conf-SP), Ser150 forms a hydrogen bond with Asp309. We pro-

jected the combined trajectory on the conformational space defined by the minimum

distances between (i) Ser150 and Leu64, and (ii) Ser150 and Asp309. This projection

[Figure 3.9 (c)] clearly shows the heterogeneity and spread in the conformational space

during the transition from Conf-WT to Conf-SP, with high-density regions indicating

locally metastable states.

Our computational analyses confirm the presence of several low-lying metastable

conformational states of the P-loop, which are significantly solvent-exposed and

phosphorylation-competent. We elucidated the molecular interactions stabilizing

these states, consistent with experimental findings that the WT system can exist

in one or more metastable, solvent-exposed phosphorylation-competent states.

3.4 Summary

In summary, our computational analyses have unveiled multiple low-lying metastable

states of the P-loop in the HipA protein. These states exhibit significant solvent

exposure and are competent for phosphorylation. By examining the molecular details

of specific contacts and interactions, we gained insights into how these metastable

states are stabilized. These findings are in agreement with experimental observations,

reinforcing the existence of one or more metastable, solvent-exposed, phosphorylation-

competent states in the wild-type (WT) system.

Our results suggest that transient surface exposure could be a generalized mech-

anism for the phosphorylation of buried residues in proteins. This mechanism not
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only enhances our understanding of the phosphorylation dynamics of HipA but also

contributes to the growing body of evidence supporting the prevalence of such mech-

anisms across diverse proteins.

By elucidating the intricate details of P-loop dynamics and the transient exposure

of Ser150, our study bridges the gap between static crystal structures and dynamic

protein behavior. This work establishes a foundation for further exploration of phos-

phorylation mechanisms within the context of protein dynamics, providing a critical

link to understanding how transient conformational states can facilitate regulatory

processes in proteins.
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4
Molecular Mechanism of

Dissociation of RhoA GTPase by

Phosphorylation of Ser34 of RhoGDI

“The best way to have a good idea is to
have lots of ideas.”

Linus Pauling

4.1 Introduction

Rho GTPases, including RhoA, Rac1, and Cdc42, are pivotal members of the Ras su-

perfamily of signaling G-proteins, crucially involved in various cellular processes such

as actin dynamics, cell adhesion, and gene transcription1–5. These proteins share

structural features in their G-domains, notably the switch I and switch II regions

facilitating nucleotide exchange6–8. Functioning as molecular switches, they regulate
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cellular activities by toggling between an active GTP-bound state and an inactive

GDP-bound state8,9. Upon activation, Rho GTPases interact with downstream effec-

tors, orchestrating processes like cytoskeletal rearrangement and gene expression. The

intricate interplay between effectors and Rho GTPases has been elucidated through

structural and mutational analyses10,11.

The Rho family GTPase signaling cycle is tightly regulated by three major pro-

teins: GTPase activating protein, guanine nucleotide exchange factor (GEF), and

Rho-specific guanine nucleotide dissociation inhibitor (RhoGDI)10. GTPase activat-

ing protein promotes GTP hydrolysis, terminating the signaling cascade, while GEF

activates monomeric Rho GTPases by facilitating GDP release and GTP binding11–15.

RhoGDI, on the other hand, maintains Rho GTPases in an inactive state by isolating

them from the membrane, where they exert their functions.

RhoGDIs exert critical control over Rho family GTPases16, acting as “invisible

hand” modulating their activation state within the cell17. They form complexes with

prenylated Rho GTPases, regulating their cytoplasmic pool18–20. Structural studies

have delineated two key interaction regions between RhoA and RhoGDI21–23:(a) the

N-terminal region of RhoGDI, adopting a helix-turn-helix motif, interacts with switch

I and II regions of RhoA, inhibiting GDP dissociation; and (b) the C-terminal region,

folding into a β sandwich structure, interacts with the prenyl moiety of RhoA.

PTM Site Kinase Effect

Ser34 PKCα Promotes Dissociation of RhoA

Ser96 PKCα Promotes Dissociation of RhoA

Ser101 PKA1 Promotes Dissociation of Rac1

Ser174 PKA1 Promotes Dissociation of Rac1

Tyr156 FER Promotes Dissociation of Rac1

Table 4.1: Summary of the phosphorylation code based on available experimental data, indicating

the phosphorylation or post-translational modification (PTM) site and their respective effects on

specific Rho GTPases

Activation of RhoGTPases requrir release of RhoGTPase from the complex24 and
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Figure 4.1: Crystal structure of the RhoA-RhoGDI complex depicted with RhoA (residues 1–190)

in cyan and RhoGDI (residues 1–204) in pink. The polybasic region (PBR) of RhoA is highlighted in

blue. The sites of phosphorylation (Ser34, Ser101, and Ser174), GDP, and the geranylgeranyl (GG)

moiety are illustrated in stick representation. Additionally, Mg2+ is denoted as a green sphere.

the phosphorylation of RhoGDI emerges as a crucial posttranslational modification

facilitating the dissociation of Rho GTPases from the complex25–27. Phosphoryla-

tion events at specific residues, such as Ser34 for RhoA28,Ser96 for RhoA29 and

Ser101/Ser174 for Rac124,26, lead to selective release of the respective GTPases, sug-

gesting the existence of an “unique phosphorylation code” governing their dissocia-

tion. The details about specificity is given in Table 4.1. It is speculated that phos-

phorylation of Ser34 disrupts its interaction with Arg68 of RhoA (or Arg66 for Rac1

or Cdc42), resulting in dissociation30–32. However, as this residue is conserved across

most GTPases, the precise mechanism underlying this specificity remains unclear.

However, the exact molecular mechanism underlying this specificity remains unclear.

Numerous NMR investigations have demonstrated that two N-terminal segments of
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RhoGDI (residues 9–20 and 36–58) exhibit considerable disorder in the absence of

Rho GTPases33–36. Specifically, residues 36–58 of the N-terminal region adopts an

HTH conformation upon interaction with Rho GTPases, a configuration stabilized

by the establishment of multiple hydrogen bonds involving conserved residues from

switch I (Thr37 and Val38) of RhoA (Thr35 and Val36 for Rac1 and Cdc42) and

RhoGDI (Asp45 and Ser47)37. The former N-terminal region (residues 9–20) can

adopt either helical or random coil conformations38. Recent crystallographic data in-

dicate a helical structure (residues 10–15) in RhoA (PDB: 4F38)39 and Cdc42 (PDB:

1DOA)22, whereas for Rac1, it remains in a random coil conformation (PDB: 1HH4)23.

This chapter delves into the molecular mechanisms underlying the phosphorylation-

induced dissociation of Rho GTPases from RhoGDIs.

In this study, we utilize atomistic molecular dynamics (MD) simulations spanning

several microseconds to probe the conformational dynamics and energetics of the

RhoA-RhoGDI complex in both its wild-type (WT) form and two distinct phospho-

rylated states of RhoGDI. Our primary objective is to ascertain the existence of a

phosphorylation code by demonstrating that phosphorylation at the RhoA-specific

site, Ser34, diminishes the binding energy between RhoA and RhoGDI, unlike phos-

phorylation at the Rac1-specific sites, Ser101/Ser174. Subsequently, we conduct a

comprehensive examination of the structural and energetic aspects to delineate the

mechanistic pathway through which RhoA-specific phosphorylation allosterically in-

fluences a remote site, leading to a reduction in binding affinity. Ultimately, our aim

is to uncover the underlying molecular thermodynamic basis for the specificity of the

phosphorylation code governing the RhoA-RhoGDI interaction. The results presented

in this chapter, were previously publised in Sinha et al Biophysical Journal, (2023),

123(1), 57
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4.2 Computational Details

Modeling and Simulation

For modeling and simulation, we utilized the crystal structure of the RhoA-RhoGDI

complex (PDB: 4F38) (Figure 4.1). The GNP molecule present in the crystal structure

was replaced with GDP using the PyMOL program40. The pdbfixer utility of the

OpenMM package41 was employed to model the missing residues and atoms. The

PyTMs plugin of PyMOL was utilized to prepare the phosphorylated system. Three

different systems were constructed for our study: (1) WT: RhoA-GDP in complex

with WT RhoGDI, (2) SP34: RhoA-GDP in complex with phosphorylated Ser34

(pS34) RhoGDI, and (3) SP101/174: RhoA-GDP in complex with phosphorylated

Ser101/Ser174 (pS101/pS174) RhoGDI.

Figure 4.2: Plot illustrating the proportion of deprotonated histidine residues against varying pH

levels. At a pH of 7, only His105 retains notable protonation, while all other histidine residues remain

deprotonated.
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Constant pH MD

A 20 ns constant pH MD simulation of the WT RhoA-RhoGDI complex was per-

formed to determine the protonation states of His amino acids. The constant pH

MD simulations were conducted using Amber18 software42 with the amber14sb force

field43. The titration graph is shown in the supporting material (Figure 4.2). Only

His105 remained protonated at pH 7; therefore, His105 was kept in the protonated

state for all systems.

MD Simulations

Four independent 1 µs long MD simulations were performed for each of the three sys-

tems using GROMACS 2019.6 software44. The CHARMM all-atom force field (version

36m) was employed, along with the TIP3P water model45,46. Energy minimization of

the solvated proteins was achieved using the steepest descent algorithm. A modified

Berendsen thermostat47 and Parrinello-Rahman barostat48 were utilized in an NPT

ensemble at 300 K and 1 bar, respectively. Long-range electrostatic interactions were

computed using the particle mesh Ewald summation method49 with a grid spacing

of 0.16 nm and fourth-order cubic interpolation. The cutoff distance for short-range

electrostatic and van der Waals interactions was set to 1 nm. All covalent bonds were

constrained using the LINCS algorithm50, and a time step of 2 fs was employed. 0.15

M salt concentration was used to mimic the actual system.

Electrostatic Interaction Energy Calculations:

Phosphorylation introduces an additional negative charge to the system. To inves-

tigate how this perturbation affects structural modifications at a distant site, we

computed the perturbation/change in the average interaction energy for each residue

upon phosphorylation. Pairwise changes in interaction energy and H-bond occupancy

were analyzed to elucidate how the signal propagates from the site of phosphorylation

to the protein-protein interaction (PPI) interface.
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Binding Energy Calculations:

The binding energy between RhoA and RhoGDI was calculated using the

molecular mechanics Poisson-Boltzmann surface area (MM-PBSA) method51. The

gmx MMPBSA software was employed to calculate the binding energy52.

Principal-Component Analysis:

Principal-component analysis (PCA) was performed on backbone coordinates of a

combined initial 1 µs trajectory to visualize and interpret the conformational land-

scape sampled by the proteins.

4.3 Results and Discussion

4.3.1 MM-PBSA Analysis of Binding Energy between RhoA

and RhoGDI Proteins

Drawing from the concept of a phosphorylation code as discussed earlier, we com-

pared the binding energy between RhoA and RhoGDI across three distinct systems:

1) WT: RhoA-GDP in complex with WT RhoGDI, 2) SP34: RhoA-GDP in com-

plex with phosphorylated Ser34 (pS34) RhoGDI, and 3) SP101/174: RhoA-GDP in

complex with phosphorylated Ser101/Ser174 (pS101/pS174) RhoGDI. Upon RhoA-

specific phosphorylation (SP34 system), we anticipated a weakening of the RhoA-

RhoGDI interaction, contrasting with the lack of impact observed for Rac1-specific

phosphorylation (SP101/174 system). A decrease in binding affinity (indicated by

less negative values of the binding energy) suggests a diminished interaction between

RhoA and RhoGDI. Figure 4.3(a) illustrates the probability distribution of binding

energy for the different systems. With Ser34 phosphorylation, the distribution shifts

towards more positive values, signifying a weakened protein-protein interaction (PPI),

whereas for Ser101/Ser174 phosphorylation, the binding energy distribution remains

comparable to the WT type system. Decomposing the binding energy residue-wise
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for the WT system reveals two primary binding regions [Figure 4.3(b)]: 1) switch II

of RhoA and HTH motif of RhoGDI, and 2) polybasic region (PBR) of RhoA and

N-terminal region (residues 9–25) of RhoGDI. Mapping the residues on the struc-

ture indicates that these major binding regions contain more residues with favorable

contributions to binding energy compared to those with unfavorable contributions

[Figure 4.3 (b and c)]. Figure 4.4 depicts the residue-wise change in binding energy

Figure 4.3: (a) Comparative analysis of the binding energy distribution among the WT, SP34, and

SP101/174 systems for the RhoA-RhoGDI complex using MM-PBSA. (b) Decomposition of binding

energy at the residue level within the WT system for both RhoA and RhoGDI proteins. (c) Struc-

tural representation of the WT system highlighting residues contributing favorably (∆Gbinding < 0)

and unfavorably (∆Gbinding > 0) to the binding energy. Residues with favorable contributions are

depicted in blue, while those with unfavorable contributions are depicted in red.
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Figure 4.4: (a) Analysis of residue-wise contributions to the change in binding energy for the SP34

and SP101/174 systems. Significant changes are observed primarily in the polybasic region (PBR) of

RhoA and the N-terminal region of RhoGDI, along with alterations near the switch regions of RhoA

and the HTH region of RhoGDI. (b) Representation of the PBR/N-terminal region interaction in

the RhoA-RhoGDI complex, with each residue color-coded based on its contribution. Residues S101

and S174 are depicted in stick representation. The weakening of the interaction between the PBR

and N-terminal is more pronounced in the SP34 system, while the strengthening of the interaction

between the N-terminal and C-terminal is more notable in the SP101/174 system.

for the phosphorylated systems. Notably, the interaction between the PBR and the

N-terminal region weakens in both SP34 and SP101/174 phosphorylation scenarios

[Figure 4.4 (b)], with the weakening more pronounced for SP34 phosphorylation. For

the SP101/174 system, this weakening is compensated by more negative contribu-

tions from phosphorylated Ser residues (pS101 and pS174), maintaining the binding

energy almost unchanged. This observation corroborates previous experimental find-
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ings28 and reinforces the notion of a phosphorylation code. Our hypothesis posits

Figure 4.5: Comparison of the total number of contacts between RhoA and RhoGDI across different

phosphorylation states. The analysis indicates a reduction in the total number of RhoA-RhoGDI

contacts for the SP34 system compared to the WT, whereas the SP101/174 phosphorylation state

shows a marginal increase in these contacts.

that SP101/174 phosphorylation strengthens the interaction between the positively

charged PBR of RhoA and the C-terminal region of RhoGDI. To validate this, we

quantified the total number of contacts between RhoA and RhoGDI for the WT,

SP34, and SP101/174 systems (Figure 4.5). The data reveal a decrease in contacts

between RhoA and RhoGDI for the SP34 system, but not for the SP101/174 system.

Subsequently, the number of contacts and the short-range interaction energy between

PBR/N-terminal, PBR/C-terminal, and N-terminal/C-terminal were determined. Re-

sults indicate a decrease in both contacts and interaction energy between PBR and

the N-terminal region for both phosphorylation scenarios, with a more significant

decrease observed in the SP34 system. Conversely, the number of PBR/C-terminal

contacts and interaction energy increase for both phosphorylation scenarios, with a

more pronounced increase in SP101/174 phosphorylation, in line with our initial hy-

pothesis.
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Figure 4.6: (a) Comparison of the number of contacts and (b) the interaction energy among

the PBR/N-terminal, PBR/C-terminal, and N-terminal/C-terminal regions for the WT, SP34, and

SP101/174 systems.

Having established that phosphorylation at Ser34 reduces the RhoA-RhoGDI interac-

tion, subsequent sections will focus on unraveling the molecular mechanism underlying

this effect in the SP34 system.

4.3.2 Structural Changes due to Ser34 Phosphorylation:

The anticipated reduction in binding affinity between RhoA and RhoGDI post-

phosphorylation suggests accompanying structural alterations affecting the protein-

protein interaction (PPI) interface. Root mean-square deviation (RMSD) computa-

tions for both RhoA and RhoGDI, referenced to the crystal structure, were conducted

to monitor any such structural deviations. While RhoA’s RMSD remains relatively
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Figure 4.7: (a) Time series of RMSD with respect to the crystal structure for both WT (black)

and four independent simulations for the SP34 system (pink, red, blue, and cyan) separately for

the RhoA and RhoGDI proteins. Error bars represent the standard deviation computed from four

independent trajectories. (b) Residue-wise RMSF for RhoA and RhoGDI separately for the WT

and SP34 systems. Error bars denote the standard deviation computed from four independent tra-

jectories. (c) Superimposed structures of the N-terminal region for the WT (pink) and SP34 (blue)

systems.

stable, significant changes are observed for RhoGDI, noted across four independent

simulations of the SP34 system [Figure 4.7(a)]. Visual inspection reveals three no-

table structural changes post-phosphorylation: 1) melting of the N-terminal helix,

2) conformational alteration of the N-terminal loop, and 3) outward movement of

RhoA’s geranylgeranyl group from RhoGDI’s hydrophobic cavity. Residue-wise root

mean-square fluctuation (RMSF) comparisons between WT and phosphorylated (SP)

systems elucidated notable changes primarily in RhoA’s polybasic region (PBR) and
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RhoGDI’s N-terminal region, alongside minor variations in RhoA’s switch I and switch

II loops [Figure 4.7(b, c)].

Figure 4.8: Principal-component analysis (PCA) results. (a) Distribution plots of PC1 and PC2 for

the WT and SP34 systems. Projection of the eigenvectors of (b) PC1 and (c) PC2 onto the protein

structure of the RhoA-RhoGDI complex. (d) Projection of the first two principal components, PC1

and PC2, for the WT and SP34 systems.

To comprehensively characterize phosphorylation-induced conformational ensem-

ble modulation and dynamics, principal-component analysis (PCA) was performed on

combined WT and SP34 trajectories. PC1 and PC2 captured the major differences

in protein conformation, with PC1 illustrating an outward movement of RhoGDI’s

N-terminal region and subsequent PBR displacement, while PC2 depicted an up-

ward shift in RhoGDI’s C-terminal β sandwich (Figure 4.8). PC2 also showcased the
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Figure 4.9: Time series plots of PC1 and PC2 for the WT and SP34 systems across all independent

simulations. Panels (a) and (b) depict PC1 and PC2 for the WT and SP34, respectively. Minimal

fluctuations in both PC1 and PC2 are observed in the WT system, indicating a well-equilibrated

simulation. Conversely, the SP34 system displays substantial variations in both PC1 and PC2,

implying significant conformational changes and suggesting that these simulations are in a non-

equilibrium state.

N-terminus of RhoGDI moving towards the C-terminal β sandwich. These dynamic

modes reflect significant conformational changes, particularly evident in the SP34

system, as depicted by minimal fluctuations in WT simulations but substantial vari-

ations in both PC1 and PC2 for SP34 (Figure 4.9). These findings suggest that while

WT simulations reached equilibrium, SP34 simulations remained in a nonequilibrium

state.

Two major structural rearrangements upon phosphorylation were observed: 1)

RhoA’s N-terminal region moving away from RhoGDI’s PBR, and 2) loosening

of RhoA’s geranylgeranyl hydrophobic tail from RhoGDI’s cavity. Monitoring the

number of contacts between these regions revealed a decrease in contacts between
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Figure 4.10: Coordination number (CN) analysis. (a) Time series of CNs between the N-terminal

region of RhoGDI and RhoA PBR (upper panel), and between the N-terminal and C-terminal

regions of RhoGDI (lower panel). (b) Snapshot illustrating the movement of the N-terminal region

of RhoGDI away from RhoA PBR. (c) Time series of the distance (left panel) and probability

distribution of the distance (right panel) between the last carbon atom of the geranylgeranyl group

and the center of mass (COM) of the hydrophobic cavity. (d) Snapshot highlighting the outward

movement of the geranylgeranyl group, with WT depicted in sky blue and SP34 in salmon.

RhoGDI’s N-terminal region and RhoA’s PBR, alongside an increase in contacts

between RhoGDI’s N-terminal and C-terminal regions in the phosphorylated SP34

system [Figure 4.10(a)]. This suggests movement of RhoGDI’s N-terminal region away

from the PBR but towards its C-terminal region [Figure 4.10(b)], leading to decreased

RhoA-RhoGDI interaction and specific RhoA release from RhoGDI. Similarly, calcu-

lations of the geranylgeranyl tail’s distance from RhoGDI’s hydrophobic cavity indi-

cated an increased distance post-phosphorylation, suggesting a tendency for RhoA’s

geranylgeranyl group to exit RhoGDI’s hydrophobic cavity [Figure 4.10(c,d)].
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Mechanism of Ser34 Phosphorylation

Figure 4.11: (a) Residue-specific alteration in interaction energy (∆⟨Ei⟩) depicted for RhoA and
RhoGDI. (b) Each residue’s Cα atom depicted on the protein structure, with sphere size reflecting

the absolute value of ∆⟨Ei⟩ and sphere color indicating the direction of the energy change. Blue and
red signify negative and positive energy changes, respectively, with the most pronounced alteration

occurring at the phosphorylation site.

4.3.3 Propagation of Signal and Mechanism of Dissociation:

The introduction of extra negative charges through phosphorylation initiates a local

perturbation within the electrostatic interaction network. This redistribution of elec-

trostatic interactions, involving the rewiring of hydrogen bonds and salt bridges, akin

to a domino effect, can serve as a dominant mechanism of allostery, as previously

demonstrated53–55. Additionally, electrostatic interaction serves as a sensitive indica-

tor of even subtle conformational changes, thus warranting the tracking of residue-wise

changes in average interaction energy to comprehend how the energetic perturbation

emanating from the phosphorylation site propagates to the protein-protein interac-

tion (PPI) interface, weakening it. This change in residue-wise average interaction

energy

∆⟨Ei⟩ = ⟨ESPi ⟩ − ⟨EWTi ⟩ (4.1)

120



4.3 Results and Discussion

where ⟨ESPi ⟩ and ⟨EWTi ⟩ represent the average nonbonded interaction energy of the
i-th residue with its environment (protein, water, and ions) for wild type and ser34

phosphorylated system respectively. It is pivotal in understanding the propagation

of the energetic perturbation. As anticipated, the most substantial change occurs at

the phosphorylation site, namely Ser34. Notably, significant alterations in interaction

energy are observed near the polybasic region (PBR) and N-terminal regions, crucial

for stabilizing the PPI [Figure 4.11(a)]. Visualizing these residues with notable in-

teraction energy perturbation underscores the dramatic long-range (allosteric) effect

caused by phosphorylation, leading to substantial structural and energetic rearrange-

ments in the PBR and N-terminal region [Figure 4.11(b)]. The subsequent inquiry

delves into understanding how the energetic perturbation initiated by Ser34 phospho-

rylation propagates over a considerable distance (­3.5 nm) from the phosphorylation
site to RhoA’s PBR. To trace this propagation pathway, an examination of the under-

Figure 4.12: Mechanistic picture of signal propagation from the site of phosphorylation (SP34)

to PBR in terms of change in residue pairwise average interaction energy (∆⟨∆Eij⟩) for (a) the
HTH region, (b) the C-terminal β sandwich, and (c) the N-terminal region of RhoGDI. Blue and

red lines indicate the residue pairs where the interaction becomes stronger (∆⟨Eij⟩ < 0) and weaker
(∆⟨Eij⟩ > 0), respectively, upon phosphorylation.

lying interaction energy network’s rewiring is undertaken. This involves computing

the residue pairwise average interaction energy and its change upon phosphorylation:

∆⟨Eij⟩ = ⟨ESPij ⟩ − ⟨EWTij ⟩ (4.2)
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The resultant network of residue pairs with significant changes in average interac-

tion energy illustrates the propagation of perturbation, facilitating the visualization

of molecular events and local rearrangements connecting the phosphorylation site

(Ser34) to the distal PBR. Upon phosphorylation at Ser34, a negative charge is intro-

duced at pS34, forming a salt bridge with Arg120 of RhoGDI. Subsequently, Arg68

of RhoA, previously favorably interacting with Glu37, forms an intermolecular hy-

drogen bond with Asp185 of RhoGDI. This leads to increased flexibility of RhoGDI’s

N-terminal region, causing the N-terminal region to move towards the C-terminal

region of RhoGDI. Concurrently, the PBR detaches from the N-terminal region and

establishes new contacts with the C-terminal region. Notably, the hydrogen bond be-

tween CYSG190RhoA and Lys167RhoGDI , crucial for the geranylgeranyl group’s release

from the hydrophobic cavity, breaks upon phosphorylation. Eij values for the pairs

involved in the allosteric pathway are given in Table 6.9 and the distance distribution

of these pairs for WT and SP systems are given in Figure 4.13

Additionally, the formation of a stronger interaction between Ser188RhoA and

Glu163RhoGDI post-phosphorylation suggests an intermediate state towards the

eventual dissociation of the RhoA-RhoGDI complex. This result is in agree-

ment with the fact that phosphorylation of Ser188RhoA stabilizes the RhoA-

RhoGDI complex56.These mechanistic insights underscore the intricate interplay of

phosphorylation-induced changes and their profound effects on the stability and dy-

namics of the RhoA-RhoGDI complex.

4.4 Conclusion

This study elucidates the existence of a “phosphorylation code” governing the selec-

tive dissociation of the RhoA-RhoGDI complex. Through extensive microsecond-long

MD simulation trajectories, we present a comprehensive microscopic and mechanistic

understanding of the initial phases of phosphorylation. Our findings reveal structural

alterations, particularly the weakening of the protein-protein interaction (PPI), occur-

ring specifically upon phosphorylation at the RhoA-specific site (Ser34). MM-PBSA
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Residue Pairs
⟨EWTij ⟩

(kcal/mol)

⟨ESPij ⟩

(kcal/mol)

∆⟨Eij⟩ = ⟨ESPij ⟩ − ⟨EWTij ⟩

(kcal/mol)

S34RhoGDI -R120RhoGDI 0.9 -115.8 -116.7

E22RhoGDI -K127RhoGDI -24.1 -75.0 -50.9

K186RhoA-E109RhoGDI -11.8 -50.9 -39.1

E22RhoGDI -K186RhoGDI -12.0 -41.1 -29.1

R68RhoA-R185RhoGDI -70.2 -97.5 -27.3

H105RhoA-E22RhoGDI -18.3 -44.6 -26.3

E17RhoGDI -K141RhoGDI -46.3 -62.6 -16.3

E17RhoGDI -K138RhoGDI -21.9 -36.5 -14.5

S188RhoA-E164RhoGDI 1.2 -3.7 -4.9

E19RhoGDI -R180RhoGDI -11.4 -15.9 -4.5

D65RhoA-K33RhoGDI -63.9 -67.5 -3.6

R68RhoA-E337RhoGDI -26.4 -22.5 3.9

V64RhoGDI -R120RhoGDI -30.1 -23.3 6.8

R68RhoA-K33RhoGDI 18.2 25.0 6.8

K186RhoA-E163RhoGDI -38.0 -31.0 7.0

CYSG190RhoA-K167RhoGDI -42.0 -34.1 7.9

R182RhoA-D21RhoGDI -16.4 -7.4 9.0

D65RhoA-E37RhoGDI 28.7 38.1 9.4

K187RhoA-E17RhoGDI -36.6 -24.9 11.7

K186RhoA-E19RhoGDI -24.6 -8.0 16.6

R185RhoA-E21RhoGDI -36.6 -17.5 19.1

R185RhoA-D22RhoGDI -40.1 -12.9 27.2

K104RhoA-E21RhoGDI -46.4 -17.9 28.5

K186RhoA-E20RhoGDI -55.3 -5.5 49.8

Table 4.2: ∆⟨Eij⟩ values representing the interaction energy changes for all residue pairs involved
in the allosteric network. All values are reported in kcal/mol
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Mechanism of Ser34 Phosphorylation

Figure 4.13: Distribution of minimum distances between residues involved in the signal propagation

network for three distinct systems: WT, SP34, and SP101/174. RhoA residues are depicted in blue,

while RhoGDI residues are represented in orange.

binding energy calculations unequivocally demonstrate a significant decrease in PPI

strength following phosphorylation at Ser34, contrasting with the minor impact ob-

served for phosphorylation at Ser101/Ser174, presumed to release Rac1 instead of

RhoA.

The robust binding between RhoA and RhoGDI primarily arises from the strong in-

teraction between the negatively charged N-terminal region of RhoGDI and the pos-

itively charged polybasic region (PBR) of RhoA. Phosphorylation at Ser34 weakens

the interaction between the helix-turn-helix (HTH) region of RhoGDI and the switch

region of RhoA, thereby enhancing flexibility in the N-terminal loop, which subse-

quently moves away from the PBR. Major structural changes include the displacement

of the N-terminal region of RhoGDI from the PBR of RhoA towards its C-terminal

region, along with the extrication of the geranylgeranyl group from RhoGDI’s hy-
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drophobic cavity.

We utilize perturbations in residue-wise (and pairwise) interaction energy as indica-

tors of the structural rearrangements responsible for propagating the energetic pertur-

bation induced by phosphorylation. Our proposed mechanistic model delineates the

propagation of the distant signal from the phosphorylation site to the PBR and buried

geranylgeranyl group through the rearrangement and rewiring of hydrogen bonds and

salt bridges (charge-charge interactions). This underscores the pivotal role of local and

specific electrostatic interactions in driving the observed allosteric response.
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5
Role of Protonation State of

Histidine in Phosphorylation

Induced Dissociation of Rac1

“Shall I refuse my dinner because I do not
fully understand the process of digestion?”

Oliver Heaviside

5.1 Introduction

Despite belonging to the same family, RhoA and Rac1 exhibit distinct functional and

structural characteristics that underpin their specific roles in cellular processes. RhoA

is primarily involved in the formation of stress fibers and focal adhesions, contribut-

ing to cell contraction and motility1,2. Rac1, in contrast, regulates the formation of

lamellipodia and membrane ruffles, promoting cell spreading and migration3,4. Our
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findings, as illustrated in Figure 5.1, indicate that the major differences in sequence

and structure between RhoA and Rac1 are located in the switch I (SW-1) and poly-

basic region (PBR). The SW-1 region is crucial for interaction with GEFs and GAPs,

while the PBR influences membrane association and subcellular localization. These

structural differences result in distinct interaction profiles with regulatory proteinslike

RhoGDI and effectors, thereby driving specific cellular outcomes for RhoA and Rac1.

In the previous chapter, we detailed the regulatory mechanisms of Rho GTPases by

RhoGDI, emphasizing the role of the “phosphorylation code” in modulating their

interactions and activity. We think this minor difference in sequence and structure

play a major role in specificity of the “phosphorylation code.”

This study investigates the impact of phosphorylation on the Rac1-RhoGDI complex,

focusing on the role of histidine protonation states. Using constant pH molecular dy-

namics (CpHMD) simulations, the research explored how phosphorylation at Ser101

and Ser174 in RhoGDI alters the protonation states of key histidine residues. These

changes were linked to structural disruptions and increased flexibility in the Rac1-

RhoGDI complex. The histidine residues, particularly HIS23 and HIS189, showed sig-

nificant changes in protonation states due to phosphorylation, impacting the stability

and binding affinity of the complex. Unbiased molecular dynamics (MD) simulations,

incorporating corrected protonation states, revealed increased dynamic behavior in

the phosphorylated state, particularly in the N-terminal region of RhoGDI and the

SW-1 region of Rac1. Binding energy calculations confirmed that this increased flexi-

bility reduces the binding energy between Rac1 and RhoGDI, thereby facilitating dis-

sociation. Overall, this study highlights the critical role of histidine protonation states

in phosphorylation-induced dissociation of the Rac1-RhoGDI complex, advancing our

understanding about the regulatory mechanism of the “phosphorylation code”.
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5.2 Methodology

Structural Modeling and Simulation Preparation

The crystal structure of the Rac1-RhoGDI complex (PDB ID: 1HH4) was used as

the basis for modeling and simulation (Figure 5.2). Missing residues and atoms were

modeled using the pdbfixer utility of the OpenMM package5. The phosphorylated

system was prepared using the PyTMs plugin of PyMOL6. Two different systems

were constructed for this study:

1. WT: Rac1-GDP in complex with RhoGDI.

2. SP: Rac1-GDP in complex with phosphorylated Ser101 (pSer101) and Ser174

(pSer174) in RhoGDI.

Constant pH MD Simulations

To determine the protonation states of titratable residues (ASP, GLU, ARG, LYS, and

HIS), we performed 1000 ns constant pH molecular dynamics (CpHMD) simulations

for both WT and SP systems. The multisite representation was used to model the

protonation states of these residues:

• Two λ-coordinates for ASP and GLU residues.

• Three λ-coordinates for the three protonation states of the imidazole side chain

in HIS residues.

The CpHMD simulations were conducted using GROMACS software7 with the

Charmm36m force field and TIP3P water model8,9. The protonation states of ASP,

GLU, ARG, and LYS residues remained unchanged upon phosphorylation, while HIS

residues exhibited significant changes.
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Unbiased Molecular Dynamics Simulations

Five independent 1 µs long MD simulations were conducted for each system, uti-

lizing corrected protonation states from the CpHMD simulations. These simulations

employed GROMACS 2022.510 software with the updated CHARMM all-atom force

field (version 36m) and the TIP3P water model8,9. The protocol included energy min-

imization of the solvated proteins using the steepest descent algorithm, followed by

production runs in the NPT ensemble with a modified Berendsen thermostat11 at

300 K and a Parrinello-Rahman barostat12 at 1 bar. Long-range electrostatic inter-

actions were computed using the Particle Mesh Ewald summation13 method with a

grid spacing of 0.16 nm and fourth-order cubic interpolation. A cutoff distance of 1

nm was applied for short-range electrostatic and van der Waals interactions, and all

covalent bonds were constrained using the LINCS algorithm14.

Binding Energy Calculations

The binding energy between Rac1 and RhoGDI was calculated using the molec-

ular mechanics Poisson-Boltzmann surface area (MM-PBSA) method15. The

gmx MMPBSA software16 was used for this purpose. Detailed methodology for MM-

PBSA calculations is provided in the methodology chapter.

5.3 Results and Discussions

5.3.1 Impact of Phosphorylation of Protonation State of His-

tidine

To understand the impact of phosphorylation on the protonation states of histidine

residues within the Rac1-RhoGDI complex, we performed 1 µs constant pH molecular

dynamics (CpHMD) simulations. Histidine residues can exist in three protonation

states: (i) both δ and ϵ nitrogens are protonated (λ1), (ii) δ nitrogen is protonated

(λ2), and (iii) ϵ nitrogen is protonated (λ3).
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Figure 5.1: (a) Sequence alignment between RhoA and Rac1. Conserved residues are highlighted

in blue, with notable differences in the Switch 1 (SW-1) and Polybasic Region (PBR) circled. (b)

Superimposed crystal structure of RhoA (cyan) and Rac1 (green), showing structural dissimilarities

in the SW-1 and PBR regions. These regions are crucial for interactions with the RhoGDI protein

and may contribute to the specificity of the phosphorylation code.

Figure 5.3 (a) shows the population distribution of these states for both the wild-type

(WT) and the phosphorylated (SP) systems. The data indicate that phosphorylation

significantly alters the protonation distribution, particularly for HIS23 and H189

of RhoGDI. In the phosphorylated system (SP), HIS23 and H189 predominantly

remain in the λ1 state, where both δ and ϵ nitrogens are protonated. In contrast,

in the WT system, HIS23 mainly exists in the λ2 state (δ protonated), and HIS189

predominantly adopts the λ3 state (ϵ protonated).

These findings suggest that phosphorylation induces a shift in the protonation

state equilibrium of specific histidine residues. This shift could be attributed to the

electrostatic and structural changes induced by the addition of phosphate groups,

which may alter the local environment and the pKa values of these histidine residues.
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Figure 5.2: Crystal structure of the Rac1-RhoGDI complex (PDB ID: 1HH4). Rac1 (residues

1–189) is shown in lime and RhoGDI (residues 1–204) in pink. The phosphorylation sites (Ser101

and Ser174), GDP, and the geranylgeranyl (GG) moiety are depicted in stick representation. Mg2+

is illustrated as a green sphere. Important regions such as PBR (Rac1), N–terminal, C–terminal,

and HTH (GDI) are highlighted.
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Figure 5.3: Histidine can remain in three different protonation states: (i) both δ and ϵ nitrogens

are protonated (represented by λ1), (ii) δ nitrogen is protonated (represented by λ2), and (iii) ϵ

nitrogen is protonated (represented by λ3). (a) Population distribution of these states for both

WT and SP systems. The distribution plot shows that phosphorylation changes the population

distribution of the different histidine protonation states, particularly for HIS23 and H189 of RhoGDI.

In the phosphorylated system, both HIS23 and H189 remain in λ1 (i.e., both δ and ϵ nitrogens

are protonated), whereas in the WT system, HIS23 remains δ protonated and HIS189 remains ϵ

protonated. (b) Positions of the HIS residues on the protein surface. The phosphorylated residues

and HIS23 and H189 residues are highlighted. Rac1 is shown in lime and RhoGDI in pink.

We have performed multiple simulations (five independent simulation each of

which is 1µs long) for both WT and phosphorylated (SP) systems with corrected

protonation states obtained from constant pH molecular dynamics simulations. The

resulting data were analyzed to elucidate the molecular mechanisms underlying

dissociation.
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Figure 5.4: Root Mean Square Deviation (RMSD) analyses for five independent runs. For SP the

RMSD is slightly higher indicating less structural stabilization.

Figure 5.5: (a) Cluster analysis of WT and SP systems. The y-axis represents the cluster ID, and

the x-axis represents the frames. Each frame corresponds to 1 ns. For the WT system (blue), there

is only one major cluster, indicating structural stability. For the SP system (red), three major clus-

ters are observed, indicating greater structural variability upon phosphorylation. (b) Superimposed

structures of the WT major cluster (blue) and the top three clusters for the SP system (cyan, pink,

yellow), illustrating the structural disruption caused by phosphorylation.
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5.3.2 Phosphorylation-Induced Structural and Dynamical

Changes in the Rac1-RhoGDI Complex

To evaluate the structural stability of the Rac1-RhoGDI complex, root mean square

deviation (RMSD) analyses were performed on both WT and phosphorylated (SP)

systems. Figure 5.4 illustrates the RMSD fluctuations across five independent runs.

The WT system exhibits smaller fluctuations compared to the SP system, indicating

a higher structural stability in the absence of phosphorylation.

The clustering analysis of the WT and SP systems, as shown in Figure 5.5 a, reveals

significant differences in their structural stability. Using 1000 frames (saved at 1 ns

intervals) from each of the five independent simulations, and an RMSD cut-off of 0.2

nm, we observed distinct clustering patterns. For WT system there is only one ma-

jor cluster throughout the simulation, indicating a stable structure. In contrast, the

SP system exhibits three major clusters, suggesting that phosphorylation introduces

significant structural variability.

This observation aligns with the RMSD analysis, where the SP system demonstrated

larger RMSD fluctuations compared to the WT system(Figure 5.4). These findings

suggest that phosphorylation at Ser101 and Ser174 significantly disrupts the struc-

tural integrity of the Rac1-GDI complex, leading to increased conformational diver-

sity.

The superimposed structures [Figure 5.5 (b)] further illustrate the extent of this dis-

ruption. The WT major cluster (blue) maintains a relatively consistent conformation,

while the top three clusters of the SP system (cyan, pink, yellow) show considerable

deviation. This structural disruption likely contributes to the observed decrease in

binding energy and the increased flexibility of the N-terminal of GDI, facilitating dis-

sociation. To understand how phosphorylation alters the dynamics of the Rac1-GDI

complex, we calculated the residue-wise change in RMSF. The analysis, shown in

Figure 5.6 (a), indicates that phosphorylation significantly increases the overall flex-
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Figure 5.6: (a) RMSF analysis for Rac1 (left) and GDI (right) in WT (blue) and SP (red) sys-

tems. The y-axis represents RMSF (nm) and the x-axis represents residue number. Phosphorylation

increases the flexibility of residues, particularly in the N-terminal region of RhoGDI (residues 1-30)

and the SW-1 region of Rac1 (residues 20-40). (b) The protein structure colored based on ∆RMSF

(∆RMSF = RMSFSP - RMSFWT ). Red indicates an increase in flexibility (∆RMSF > 0), and blue

indicates increased rigidity (∆RMSF < 0).

ibility of the system. This increase in flexibility is most prominent in the N-terminal

region of RhoGDI (residues 1-30) and the SW-1 region of Rac1 (residues 20-40).

In Figure 5.6 (b), the protein structure is colored according to ∆RMSF values. Red

regions, indicating positive ∆RMSF values, show increased flexibility, while blue re-

gions, indicating negative ∆RMSF values, show increased rigidity after phosphoryla-

tion. The overall trend suggests that phosphorylation causes a general increase in the

dynamic behavior of the Rac1-GDI complex.
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The observed increase in flexibility, particularly in critical regions such as the N-

terminal of RhoGDI and SW-1 of Rac1, may facilitate the dissociation of the complex.

This increased flexibility could be attributed to changes in the electrostatic network

of the system induced by phosphorylation. Such changes likely alter the protonation

states of histidine residues, further contributing to the dissociation.

Figure 5.7: (a) Binding energy (–∆Gbinding) for five independent simulations of WT (left) and

SP (right) systems. Phosphorylation significantly decreases binding energy. (b) Distribution of the

number of contacts between Rac1 and GDI, showing fewer contacts in the SP system. (c) Hydrogen

bond occupancy change (∆HB). Red lines indicate decreased occupancy, and blue lines indicate

increased occupancy after phosphorylation.
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5.3.3 Changes in Binding Energy and Interactions between

Rac1 and GDI

To determine whether phosphorylation affects the binding energy between Rac1 and

GDI, we calculated the binding energy for both WT and SP systems using the molec-

ular mechanics Poisson-Boltzmann surface area (MM-PBSA) method. Figure 5.7 (a)

shows the binding energy for five independent simulations, revealing a significant

decrease in binding energy upon phosphorylation. This decrease is supported by Fig-

ure 5.7 (b), which shows a reduction in the number of contacts between Rac1 and

GDI in the SP system compared to the WT system.

Hydrogen bond analysis further elucidates the mechanism behind this decreased bind-

ing energy. Figure 5.7 (c) shows the change in hydrogen bond occupancy (∆HB) be-

tween Rac1 and GDI, with red lines indicating decreased occupancy and blue lines

indicating increased occupancy after phosphorylation. The significant reduction in hy-

drogen bonds in the phosphorylated system suggests that these weakened interactions

contribute to the decreased binding energy.

Figure 6.7 represents all the Rac1-GDI contacts that form during simulations,

illustrating the extensive network of interactions that stabilize the complex. These

contacts shown in this figure were used as features for the TICA analysis. The blue

spheres represent the Cα atoms of residues that form contacts, with the red lines

indicating the contacts.

To further characterize the conformational changes induced by phosphorylation, we

performed time-lagged independent component analysis (TICA) using various Cα-Cα

distances within the Rac1-GDI complex that form contacts during the simulations.

The free energy surfaces along the two slowest components (IC-1 and IC-2) are pre-

sented in Figure 6.13 (a).

The WT system predominantly resides in a single free energy minimum (1), indicat-

ing a stable conformational state. In contrast, the SP system exhibits a more diverse

conformational landscape, populating three distinct minima (1, 2, and 3). This high-

lights the increased conformational flexibility introduced by phosphorylation.
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Figure 5.8: The figure illustrates the contacts formed between Rac1 (green) and GDI (pink) during

the simulation. The blue spheres represent the Cα atoms of the residues involved in these contacts.

All the Cα-Cα distances depicted are used as a feature set for performing time-lagged independent

component analysis (TICA). The red lines denote the interactions, highlighting the extensive network

of contacts that stabilize the Rac1-GDI complex.

To understand the structural differences between these minima, we extracted repre-

sentative snapshots from each of the three minima for the SP system and compared

them with the WT structure. Figure 6.13 (b) shows these structural snapshots, with

green, cyan, and magenta representing the structures from minima 1, 2, and 3, re-
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Figure 5.9: (a) Free energy surfaces along the first two slowest components (IC-1 and IC-2) for

WT and SP systems. The energy is color-coded from low (blue) to high (red). The WT system

predominantly occupies a single minima (1), while the SP system populates three distinct minima

(1, 2, 3). (b) Structural snapshot showing structural variation in the switch (SW1, SW2) region and

HTH region. (c) Snapshot showing structural variation near the N-terminal region.

spectively. The WT system’s structure aligns closely with minima 1 of the SP system,

indicating that the unphosphorylated complex is more structurally constrained.

Significant structural deviations are observed in the SP system, particularly in the

SW1 and SW2 regions of Rac1, and the N-terminal region of GDI. In minima 2 and 3,

the SW1 region moves away from the HTH region, and the N-terminal region of GDI

shifts away from the PBR region. These movements are indicative of the destabilizing

effects of phosphorylation.

The increased flexibility and structural deviations observed in the SP system correlate
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with the reduced binding energy between Rac1 and GDI. The displacement of key

regions involved in protein-protein interactions likely contributes to the decrease in

binding affinity, as observed in the binding energy calculations and contact analyses.

5.4 Conclusion

This study provides detailed insights into the molecular mechanisms governing the

phosphorylation-induced dissociation of Rac1 from RhoGDI. Through extensive con-

stant pH molecular dynamics (CpHMD) simulations, we elucidated how phosphoryla-

tion at Ser101 and Ser174 of RhoGDI influences the protonation states of key histidine

residues and subsequently affects the structural integrity of the Rac1-RhoGDI com-

plex.

Our findings demonstrate that phosphorylation significantly alters the protonation

states of histidine residues, particularly HIS23 and HIS189, which leads to substantial

conformational changes and increased flexibility within the complex. These structural

perturbations, especially in the N-terminal region of RhoGDI and the SW-1 region

of Rac1, contribute to a decrease in binding affinity between Rac1 and RhoGDI.

The binding energy calculations using the MM-PBSA method corroborated that

phosphorylation-induced changes reduce the binding energy, thus facilitating the re-

lease of Rac1 from RhoGDI. This work underscores the critical role of histidine pro-

tonation states in mediating the effects of phosphorylation on protein-protein inter-

actions.

By providing a comprehensive understanding of the structural and thermodynamic

consequences of phosphorylation in the Rac1-RhoGDI complex, this research advances

our knowledge of the regulatory mechanisms involved in Rac1 signaling. These insights

pave the way for developing therapeutic strategies aimed at modulating Rac1 activity,

with significant implications for diseases involving aberrant Rac1 signaling pathways,

such as cancer and other pathological conditions.
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6
Leveraging Bidirectional Nature of

Allostery for Drug Discovery

“Science is the poetry of reality.”

Richard Dawkins

6.1 Introduction

Proteins serve as essential components of biological processes, orchestrating intri-

cate pathways crucial for sustaining life. With a vast array of proteins controlling

diverse physiological functions, protein-protein interactions (PPIs) play a pivotal role

in governing these processes. Nevertheless, disruptions in PPIs are associated with

various health conditions, highlighting the significance of regulating their dynamics

and kinetics for therapeutic interventions1–5. Targeting protein-protein interactions

(PPIs) is challenging because their large interfaces often lack clearly defined binding

sites, making it difficult to identify small-molecule inhibitors. While biologics and
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peptidomimetics offer alternatives, the pursuit of orally-administrable small-molecule

inhibitors persists. An emerging strategy involves designing allosteric inhibitors that

bind distant sites on proteins, altering PPI affinity. These allosteric sites may exist

as stable cavities or transient “cryptic sites”, necessitating computational approaches

for their identification6. Allosteric modulation of PPIs represents a novel avenue in

drug discovery7–12. However, there are many challenges, such as uncertainty about

how the allosteric site connects to the functional site and the “cryptic” nature of

some sites. Computational methods, such as molecular dynamics simulations, aid in

predicting these sites by exploring conformational states and identifying druggable

cavities8,13–17. This study proposes a conceptual framework leveraging thermodynamic

principles to identify allosteric/cryptic sites8,18,19. Additionally, proof-of-concept re-

sults demonstrate allosteric modulation of a promising drug target for hypercholes-

terolemia and cardiovascular diseases. Cardiovascular diseases remain a leading global

cause of mortality, often attributed to atherosclerosis. Hypercholesterolemia, charac-

terized by elevated LDL-c levels, exacerbates atherosclerosis risk. PCSK9 has emerged

as a therapeutic target for hypercholesterolemia, with PCSK9-LDLR interactions

contributing to LDLR degradation20–24. Targeting PCSK9 or blocking its interac-

tions with LDLR are primary therapeutic goals25–32.While monoclonal antibodies

show promise33, orally-administrable small-molecule therapeutics offer accessibility,

albeit facing challenges due to the large (­ 500Å2) and featureless (flat) binding sur-
face of PCSK9-LDLR PPIs. Recent studies report success in allosterically disrupting

PCSK9-LDLR PPIs, identifying druggable binding sites distant from the interaction

surface31,34,35. This study emphasizes the structural plasticity of specific PCSK9 loop

regions as potential drug-binding sites, aiming to disrupt PCSK9-LDLR interactions

effectively using simple thermodynamic principles.
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6.2 Theoretical Background

Bidirectional Nature of Allostery: Interplay Between Conformational and

Binding Free Energy

First, we will define the thermodynamic principles that underpin the bidirectional

nature of allostery and explore how they can be utilized to locate allosteric hotspots

or hidden sites. At its core, this concept suggests that when a substrate or ligand

binds at the orthosteric site and induces a conformational change at a distant loca-

tion on the protein, that distant site must be allosterically linked to the orthosteric

site. Consequently, these distinct conformations at the distant site are expected to

exhibit different binding affinities for the substrate at the orthosteric site due to the

thermodynamic constraints we’ll discuss below. Presented in Figure 6.1 is a schematic

representation of this concept in a thermodynamic cycle. We posit that the allosteric

site can have two distinct conformations (e.g., square: S and triangular: T). The differ-

Figure 6.1: A thermodynamic cycle illustrating the substrate (red triangle) binding process to a

protein (blue): The protein possesses a distal allosteric site on its left side, capable of adopting two

distinct conformations: square (S) and triangular (T). The S and T conformations predominate in

the ligand (red triangle) bound and apo states, respectively. The horizontal arrows depict the binding

free energy when the allosteric site is in the “S” (∆GSb ) or “T” (∆G
T
b ) conformation. Vertical arrows

represent the change in conformational free energy transitioning from “S” to “T” state in the absence

(∆GS→Tapo ) and presence (∆G
S→T
holo ) of the bound substrate.

ence in free energy between these conformations, and thus their relative populations,
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hinges on the ligand binding status, represented by ∆GS→Tholo and ∆G
S→T
apo , which de-

note the free energy differences between the S and T states for the holo (ligand-bound)

and apo (ligand-free) states, respectively. Additionally, the ligand binding free energy

is influenced by the conformational state of the allosteric site, expressed as ∆GSb and

∆GTb for the S and T states, respectively. This yields the following relation:

∆GTb = ∆G
S
b + (∆G

S→T
holo −∆GS→Tapo ) (6.1)

It’s crucial to recognize that if the T conformation is more stable in the apo state

than in the bound state, ensuring that ∆GS→Tholo > ∆GS→Tapo , then ∆G
T
b > ∆GSb .

Consequently, the substrate’s binding affinity will be reduced for the T conformation,

which is more stable in the apo state. The conformational transition from S to T may

or may not coincide with a well-defined structural change at the orthosteric binding

site. The decrease in binding affinity may arise from either structural modifications

or dynamical change (dynamic allostery) at the orthosteric site. Importantly, the

thermodynamic cycle guarantees that a change in conformational free energy at

the allosteric site due to ligand binding suggests a corresponding difference in

binding energy, irrespective of our understanding of the precise mechanism behind

the change in binding energy. Therefore, we can confidently devise the subsequent

general approach to anticipate or recognize allosteric hotspots across various systems,

encompassing challenging protein-protein interactions (PPIs). We execute standard

molecular dynamics (MD) simulations, potentially alongside certain enhanced

sampling techniques (e.g TMD, Metadynamics) for both the “apo” and “holo”

protein states. Subsequently, a comparison of the conformational ensembles between

these two sets is conducted. Any noteworthy conformational change observed at

a distant location are recognised as potential allosteric sites. Conformations or

clusters distinctively prevalent or more abundant in the “apo” system are presumed

to exhibit reduced binding affinity for the substrate at the orthosteric site. An

inhibitor could be developed to stabilize these “apo”-specific conformations, even

in the presence of the substrate (in the “bound” system), thereby diminishing the

substrate’s binding affinity. While this discourse focuses solely on the conformational
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variations (free energy) at the distant site, we will later demonstrate in this chapter

that this approach remains effective even in the presence of any designed allosteric

inhibitor.

6.3 Computational Methodology

Details of System Preparation and Simulation

We utilized the crystal structure of PCSK9 with PDB ID 4NE9 as the basis for

conducting molecular dynamics (MD) simulations. This structure comprises two

PCSK9 molecules: one interacting with the EGF-A domain of LDLR and the other

existing in the apo state. A list of missing residues in the crystal structure is provided

in Table 6.1, which were modeled using the Modeller software36. Specifically, for

the bound system, the loop 211–222 was modeled, and an ensemble of generated

conformations is depicted in Figure 6.2, demonstrating the existence of multiple pos-

sible loop conformations. Two representative conformations, namely Conf-A-model

and Conf-B-model, were selected for further simulations (Figure 6.3). Validation of

these structures was conducted using the ERRAT score37, with both Conf-A-model

and Conf-B-model exhibiting scores exceeding 70, indicating high-quality models

suitable for subsequent MD simulations (Table 6.2)38. Additionally, validation via

the Ramachandran plot revealed that over 90% of residues remained in the most

favorable regions (Figure 6.4), analyzed using the PROCHECK program39. MD

simulations were performed using GROMACS 2019.640 with proteins modeled

using the Amber99sb-ildn force field41. The structures were solvated using the

TIP3P water model42 under periodic boundary conditions. Energy minimization of

solvated proteins was achieved using the steepest descent algorithm. NPT ensemble

simulations were conducted at 300 K using a velocity rescaling thermostat43 and

Parrinello–Rahman barostat44 at 1 bar, with a salt concentration of 0.15 M. Long-

range electrostatic interactions were calculated using the particle mesh Ewald (PME)
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Missing Residues in

Apo Structure

Missing Residues in

Bound Structure

169-177 169-175

- 213-218

447-453 450-453

573-574 573-574

660-670 660-670

Table 6.1: Missing Residues in the Apo and Bound Structures of Crystal Structure (PDB ID:

4NE9)

Model Structure ERRAT Score

Conf-A-Model 71.51

Conf-B-Model 76.03

Table 6.2: ERRAT scores for Conf-A and Conf-B model structures

summation method45, with a cutoff distance of 1 nm for short-range electrostatic

and van der Waals interaction. Covalent bonds were constrained using the LINCS

algorithm46, and an integration time step of 2 fs was utilized. Our study employed

various types of MD simulation trajectories with distinct objectives. Initially, we ran

three replicas of 1–2 µs long trajectories for three systems: apo (without LDLR),

bound (with LDLR), and bound structure after removing the LDLR domain from

the structure, initializing the apo system in the bound conformation of PCSK9.

Conformational clustering of these trajectories revealed significant differences in the

loop 211–222 region, which serves as the primary focus of this study. We designate

the loop conformation characteristics of the apo and bound states as “Conf-A” and

“Conf-B”, respectively. Furthermore, we demonstrate that even after removing the

ligand starting at the “Conf-B” conformation, PCSK9 remains in this metastable

state during our simulation time. Consequently, biased sampling is necessary to

generate intermediate conformations between Conf-A and Conf-B for constructing

free energy surfaces through Markov State Model.
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Figure 6.2: The Modeller software was employed to model the missing residues of the 211-222 loop.

This loop is capable of adopting multiple conformations, as observed in our MD simulation results.

The structures of Conf-A and Conf-B, utilized in subsequent MD simulations, are depicted in cyan

and magenta, respectively.

Sampling the Conformational Space using Targeted Molecular Dynamics

(TMD)

Targeted Molecular Dynamics (TMD) simulations, a variant of steered MD, utilize

the root-mean-square deviation (RMSD) from a reference structure as a collective

variable. In this context, TMD was employed to generate intermediary structures

between Conf-A and Conf-B, and vice versa. The pulling was executed using

the RMSD relative to the target structure as the reaction coordinate, with the

pulling force constant adjusted from 10,000 to 18,000 kJ/mol·nm². A total of 23

structures were collected along the TMD trajectory, depicted in Figure 6.8, to initiate

multiple replicas of standard MD trajectories for sampling the intermediate con-

formational space, essential for subsequent Markov State Model (MSM) construction.
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Figure 6.3: The superimposed structures depict modelled loop conformations resembling Conf-A

(blue) and Conf-B (pink). The model conformations of Conf-A and Conf-B are illustrated in cyan

and magenta, respectively.

Binding Energy Calculation Using Constant Velocity Steered Molecular

Dynamics (SMD)

Constant Velocity Steered Molecular Dynamics (SMD) simulations were conducted to

compute binding free energy for each metastable state identified from the MSM anal-

ysis of the bound system (Conf-A, IM-1, IM-2, Conf-B). From each metastable state,

five snapshots were selected to perform constant velocity Steered MD simulations.

The reaction coordinate used for pulling was the center of mass distance (d) between

the EGF-A domain of LDLR and the “interacting region” of PCSK9, illustrated in

Figure 6.19. PCSK9 residues within 6 Å of the EGF-A domain of LDLR during MD

simulation were deemed part of the “interacting region”.This region contains follow-

ing residues S153, I154, P155, W156, L158, H193, R194, E195, D224, S225, R237,

D238, A239, D367, I369, G370, S372, D374, C375, S376, T377, C378, F379, V380,

S381, Q382. A pulling force constant of 5000 kJ/mol·nm² was applied, with a pulling
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Figure 6.4: Validation of Conf-A and Conf-B model structures using Ramachandran plot : A high-

quality model is characterized by over 90% of residues falling within the most favorable regions.

Both Conf-A and Conf-B exhibit over 90% residues in the most favorable region, indicating their

structural integrity. This validation was conducted using the PROCHECK program.

velocity set at 0.0006 Å/ps. Each of these SMD simulations was 40 ns long. The

binding energy was computed using the Jarzynski equality47,48:

∆G = −β−1 ln⟨exp−βW ⟩ (6.2)

where W represents the cumulative change in Hamiltonian over time, and β = 1/kT .

Both TMD and SMD simulations were conducted using the PLUMED code (ver.

2.0.2)49 integrated into GROMACS.

Markov State Model

PyEMMA 2.5 software50 was used to build the Markov State Model (MSM). As

customary, a substantial number of relatively short trajectories (1 µs) encompassing

the entire conformational space of interest were essential for MSM construction,

linking the conformational substates. From diverse positions in the 2D RMSD space

(depicted in Figure 6.8), 23 conformations each for the apo and bound systems
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were gathered. One-microsecond trajectories were initiated from each of these

conformations, ensuring that the cumulative trajectories (totaling 23 µs for each

system) continuously covered the conformational space between Conf-A and Conf-B,

as portrayed in Figure 6.8.

To distinguish between the two extreme conformations (Conf-A and Conf-B), 12

loop-protein Cα-Cα distances were employed as the input feature set for MSM

construction. The Cα-Cα distance distributions for these residue pairs are illustrated

in Figure 6.7. Time-Lagged Independent Component Analysis (TICA)51–53 was

utilized for dimensionality reduction with a lag time of 10 ns (Figure 6.9, upper

panel). Subsequently, these lower-dimensional data were discretized using the

k-means clustering algorithm into 250 clusters. Based on the implied time scale

(relaxation time scale) plot, a lag time of 25 ns was considered for building the final

MSM, which reached a plateau at approximately 25 ns (Figure 6.9, lower panel).

Moreover, the time scale plot indicated that three processes were slower than 400

ns for both the apo and bound systems (Figure 6.10, upper panel). Hence, the

PCCA++ algorithm was employed to coarse-grain the MSM into 4 metastable

states (Figure 6.10, lower panel). For Markov model estimation, a connected data

set is indispensable. In Figure 6.11, the transition probability matrix among various

microstates for both the apo and bound systems is illustrated, indicating the

acquisition of a connected data set for both systems. Finally, the model was validated

using the Chapman–Kolmogorov (CK) test (Figure 6.12).

6.3.1 Binding Energy Calculation Using MM-PBSA

One hundred snapshots were obtained for each metastable state from the MSM of

the bound state (Figure 6.17). The binding energy between PCSK9 and LDLR was

assessed for these metastable states utilizing the MM-PBSA method54.GMXPBSA55

software was employed for this purpose.
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6.4 Results and Discussion

6.4.1 Binding of LDLR Causes Significant Structural Change

in a Distant Loop of PCSK9

PCSK9 is a protein with multiple domains [see Figure 6.5(a)], including a pro-

domain (residue 61–152), catalytic domain (residue 153–451), and C-terminal domain

(residue 452–682). The catalytic domain primarily interacts with the EGF-A domain

of LDLR. The crystal structure utilized in this investigation (PDB ID: 4NE9)

encompasses two configurations: (i) PCSK9 bound to the EGF-A domain of LDLR

and (ii) the apo form. Following the modeling of the absent residues (as listed in

Table 6.1) of the protein and aligning the EGF-A bound and apo structures of

PCSK9, it was observed that the loop 211–222 exhibited a substantial difference

in conformation between these two states. In Figure 6.5(b), these contrasting

conformations are labeled as Conf-A (apo) and Conf-B (bound). To validate that

this notable change in loop conformation is not an artifact of homology modeling, we

conducted a 2 µs long unbiased molecular dynamics (MD) simulation starting from

the respective crystal structures. Additionally, we carried out two independent replica

simulations for the same systems. Furthermore, to ascertain whether the EGF-A

bound conformation is indeed stable in nature, we removed the EGF-A domain

from the bound structure to generate the “apo” state in the originally “bound”

conformation (apo state with the loop in Conf-B conformation). Intriguingly, across

all three types of trajectories, the loop conformation did not transition between

the conformational states, indicating that these are indeed distinct and kinetically

resolved at a microsecond time scale. Pairwise hydrogen bond occupancies for

these three major clusters are detailed in Table 6.3. The metastability of the loop

arises from these specific interactions.Representative structures from the most

populated clusters obtained from the apo and bound trajectories are displayed in

Figure 6.5(b), where Conf-A and Conf-B represent the conformations in the “apo”

and “bound” states, respectively. In Figure 6.5(c), we illustrate the distinct set of
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Residue Pairs
Apo in

Conf-A (%)

Bound in

Conf-B(%)

Apo in

Conf-B (%)

E211-R251 63 0 0

E211-R218 79 0 0

E206-R215 59 0 0

R218-D224 60 0 0

D224-R251 29 0 0

E211-C255 31 6 8

E210-K258 45 0 0

E195-A239 2 91 86

E211-R215 30 90 83

E195-D238 3 87 93

D212-Q256 16 75 90

D212-T214 41 91 2

S188-D224 80 0 0

E211-Q256 1 50 12

Table 6.3: Hydrogen bond occupancy between residue pairs in the three most populated clusters

derived from three independent MD trajectories for three distinct systems: (i) Apo (Conf-A in the

apo state), (ii) Bound (Conf-B in the bound state), and (iii) Apo form achieved by eliminating

LDLR (Conf-B in the apo state).
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specific interactions (salt bridges and hydrogen bonds) accountable for stabilizing

these two distinct conformations. To delineate the conformational space of the loop

Figure 6.5: (a) Crystal structure of PCSK9 in complex with the EGF-A domain of LDLR (PDB

ID: 4NE9): Pro-domain (residues 61–152) shown in silver, Catalytic domain (residues 153–451) in

green, C-terminal domain (residues 452–682) in brown, and the EGF-A domain of LDLR in blue.

(b) Superposition of representative conformations of loop 211–222 from the most populated clusters

extracted from the apo (Conf-A; depicted in ice blue) and EGF-A bound (Conf-B; depicted in pink)

trajectories. (c) Visualization of specific interactions (salt bridges and hydrogen bonds) responsible

for stabilizing the conformations (Conf-A and Conf-B).

sampled in the MD trajectories, we conducted principal component analysis (PCA).

The figure depicts projections of all replica trajectories for all three systems (apo,
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EGF-A bound, and starting from the bound conformation after removing the EGF-A

domain) onto the first two principal components (PC1 and PC2). It is evident that

the conformational space sampled in the “apo” and “bound” states is disparate

and widely separated. Remarkably, even after deletion of the EGF-A domain, the

Figure 6.6: Principal Component Analysis (PCA) was employed to characterize the conformational

space explored by the loop 211-222 in single MD trajectories for each system. Trajectories projected

on the top two PCs (PC1 and PC2) include: (i) apo system (dark blue dots), (ii) bound system

(salmon dots), and (iii) apo system in Conf-B (light blue dots) obtained after removing the EGF-A

domain from the bound structure.

loop conformation remains close to the Conf-B state throughout the simulation

(1–2 µs), without transitioning to the Conf-A conformation, which represents the

ground/native state for the apo form. This clearly suggests that the loop 211–222
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may exist in at least two distinct conformations separated by a considerable free

energy barrier, and binding with EGF-A induces a shift in the population of the

conformational space. The free energy barrier between these conformational states

must be substantial enough to ensure that the time scale of interconversion would be

at least several microseconds, as indicated by the unbiased MD simulations.

6.4.2 Constructing a Markov State Model (MSM) of the Al-

losteric Site

Based on the aforementioned observations, it can be inferred that the binding of EGF-

A is intricately linked to the conformation of a distal site (211–222) through allosteric

coupling. However, to assess the comparative stability of the distinct conformational

states of the loop in the presence and absence of the EGF-A domain, it is necessary

to evaluate the underlying conformational free energy landscape. Given the inher-

ent “disorder” in the loop region, defining an appropriate collective variable (CV) to

characterize the sampled conformational space of the loop poses a challenge. In this

study, a specific set of Cα-Cα distances (refer to Figure 6.7) was employed as the

feature set to construct a Markov State Model (MSM) of the conformational states.

MSM has been effectively utilized by various research groups to investigate confor-

mational shifts and allosteric effects56,57. The Time-Lagged Independent Component

(TIC) projections were utilized to identify the slowest-relaxing collective degrees of

freedom for delineating the macrostates and computing the free energy surfaces. The

MSM was constructed using 23 independent trajectories (each 1 µs in duration) gen-

erated between the extreme structures: Conf-A and Conf-B. Initial configurations for

the intermediate structures were generated through targeted MD simulations (refer

to Figure 6.8). Further details regarding the construction and validation of the MSM

are provided in Figure 6.9-Figure 6.12.

LDLR Binding Influences the Conformational Landscape of Loop 211–222. Fig-

ure 6.13 (a) and Figure 6.13 (b) depict the conformational free energy landscapes for
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Figure 6.7: Comparison of probability distributions of the Cα-Cα distances for a selection of residue

pairs exhibiting notable distinctions between the Conf-A and Conf-B ensembles. These distances ef-

fectively discriminate between the diverse conformational states explored by the loop. Consequently,

this set of Cα−Cα distances served as input features for constructing the Markov State Model
(MSM).

the apo (without EGF-A) and bound (with EGF-A) systems, respectively, projected

onto the first two TIC vectors (IC1 and IC2). Notably, both systems exhibit multiple

intermediate conformational states. While Conf-A and Conf-B represent the global

minima for the apo and bound systems, respectively, the relative stability of specific

conformational states undergoes a notable shift upon LDLR binding. The distribu-

tion of each metastable conformation is detailed in Table 6.4 (for the Apo system)

and Table 6.5 (for the bound system). This suggests a conformational selection model

of allostery, wherein various conformational states may coexist in dynamic equilib-

rium, and ligand binding may induce a shift in the conformational landscape. The
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Figure 6.8: (a) and (b) depict the final TMD structure overlaid on the reference structures derived

from the alternate starting point. Conf-A is represented in light blue, Conf-B in pink, and the TMD

structure in silver. (c) and (d) illustrate conformations sampled along the TMD path for the apo and

bound scenarios, respectively. (e) and (f) display the entirety of the conformational space explored

in the combined 23 microseconds of trajectory data utilized for constructing the MSM. The initial

conformations are denoted by black dots.

computed free energy landscapes affirm that EGF-A binding significantly modifies

the conformational landscape/population of distal loop 211–222. In the “bound” sys-

tem, while Conf-B represents the global minimum as anticipated, there are multiple

metastable minima corresponding to different macrostates: IM-1, IM-2, and Conf-A

[Figure 6.13 (b)]. These metastable states are accessible to loops 211–222 even in

the presence of the EGF-A domain, as depicted in Figure 6.14, indicating kinetically

resolved conformational diversity. The transitions between these conformations occur

on a microsecond time scale, elucidating why the loop persists in the Conf-B configu-

ration even after the deletion of the EGF-A domain of LDLR. Moreover, Figure 6.15

illustrates that the center of mass (COM) distance between the 211–222 loop and

the EGF-A domain of LDLR exceeds 2 nm, suggesting significant spatial separation.

Nonetheless, interactions between the loop and LDLR are facilitated by side chains in

both Conf-A and Conf-B. In Conf-B, the R218 residue interacts with the S13 residue

165



Leveraging Bidirectional Nature of Allostery for Drug Discovery

Figure 6.9: (a) and (b) display the 2D-probability density plots of the independent components

IC1 and IC2 for the apo and bound systems, respectively. (c) and (d) illustrate the top five slowest

implied timescales plotted against the lag time. The Markov State Model was constructed using a

lag time of 25 ns.

of the EGF-A domain of LDLR, while in Conf-A, the Q219 residue interacts with the

L26 residue of the EGF-A domain of LDLR (Figure 6.16). Specific interactions (hy-

drogen bonds and salt bridges) stabilizing these intermediate conformational states

(Conf-A, IM-1, IM-2, and Conf-B) are given in Table 6.6. This suggests that these

metastable conformational states could serve as potential targets in the design of

PCSK9 inhibitors.

6.4.3 The Two-Way Influence of Allostery Connects the

Binding Affinity to Conformational Preference at the

Allosteric Site

Thus far, we have established that EGF-A binding dynamically alters the conforma-

tional free energy landscape of a remote loop, which may exist in various distinct,
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Figure 6.10: (a) and (b) display the timescales of the initial ten slow processes. We have selected the

first three slow processes (comprising 4 states) for coarse-graining the Markov State Model (MSM).

In (c) and (d), the four metastable states are depicted on the free energy surface for the apo and

bound systems, respectively.

Figure 6.11: Visualization of the transition probability matrix created with Gephi software, em-

phasizing the conformational shifts among the diverse metastable states for the apo (left) and bound

(right) systems. Conf-A and Conf-B are depicted in blue and pink, respectively, while the interme-

diate states are represented in green and cyan.

stable, and dynamically resolved conformational states. As illustrated in the thermo-

dynamic cycle in Figure 6.1, the reverse scenario must also hold true. In other words,
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Figure 6.12: Validation of the Markov State Model (MSM) using the Chapman-Kolmogorov (CK)

test. The plot illustrates the MSM data (black line) alongside the observed trajectory (blue dotted

line).

if we can manipulate or adjust the conformation of this loop region, it would recip-

rocally modulate the binding affinity of the ligand (EGF-A) in a reversible manner,

which aligns with our therapeutic objective.

Applying the concepts depicted in Figure 6.1 to this specific PCSK9 system, we can

infer that since the Conf-A conformation exhibits higher stability compared to Conf-B

in the apo state, this loop conformation should correspond to a lower PCSK9–LDLR

binding affinity. In simpler terms, any loop conformations that are more prevalent

in the apo state compared to the EGF-A bound state should exhibit reduced EGF-

A binding affinity. Consequently, if we can stabilize these loop conformations using

small molecules (inhibitors), our therapeutic objective would be fulfilled. To verify

168



6.4 Results and Discussion

Figure 6.13: (top) Reweighted free energy landscapes derived from the Markov State Model (MSM)

projected onto the slowest time-lagged independent components (TIC) IC1 and IC2 for (a) the apo

system and (b) the bound system. (bottom) Transition probabilities between distinct metastable

conformations for both apo and bound systems. Conf-A and Conf-B are depicted in blue and pink,

respectively, while intermediate states are represented in green and cyan.

our hypothesis, we computed the binding energy between PCSK9 and EGF-A using

the MM/PBSA method for various conformations of the loop 211–222. It’s important

to note that the MM/PBSA method is suitable for assessing the relative scoring of

binding affinity, rather than providing a precise measurement of absolute binding free

energy. In this context, our objective is to establish the relative ranking of protein

conformations based on their binding affinity rather than obtaining a quantitative
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State Population (%) Free Energy (G/KT)

Conf-A 4 2.73

IM′-1 14 1.41

IM′-2 24 0.91

Conf-B 58 0.00

Table 6.4: Population distribution and relative free energy for each macrostate derived from the

Markov State Model (MSM) for the apo system.

State Population (%) Free Energy (G/KT)

Conf-A 13 1.32

IM-1 14 1.22

IM-2 26 0.58

Conf-B 47 0.00

Table 6.5: Population distribution and relative free energy for each macrostate derived from the

Markov State Model (MSM) for the bound system.

estimate of absolute binding free energy. For this purpose, we gathered a hundred

structures for the macrostate of the MSM for the bound system (Figure 6.17) and

analyzed the distribution of binding energy for these macrostates individually [Fig-

ure 6.18 (a)].

Interestingly, the distribution of binding energy for different conformational states

demonstrates a systematic trend with the loop conformation following the sequence:

Conf-A < IM-1 < IM-2 < Conf-B, mirroring the stability order of these conforma-

tions in the apo form. It’s worth noting that while the apo system doesn’t precisely

feature IM-1 and IM-2 metastable states, it does include IM′-1 and IM′-2 states, which

closely resemble the IM-1 and IM-2 states observed in the bound system. This consis-

tency aligns with the predictions of the thermodynamic cycle presented in Figure 6.1,

suggesting that conformations more predominantly populated in the “apo” ensemble

compared to the “bound” ensemble should exhibit lower binding affinity for the sub-

strate (LDLR). To validate the MM/PBSA binding energy values, we assessed the
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Residue Pairs
Conf-A

(%)

IM-1

(%)

IM-2

(%)

Conf-B

(%)

E211-R251 91 97 7 0

E211-C255 42 66 19 5

E206-R215 54 28 0 0

D224-R251 27 21 68 2

E210-K258 60 41 6 1

D192-R218 56 0.0 0 0

R218-S373 49 0.0 0 0

E211-R218 20 0 0 0

S188-D224 0 74 25 25

E211-R215

(SideChain-SideChain)
11 22 69 95

E211-Q256 0.0 2 24 51

D175-S178 0.0 0 5 32

E211-G213 10.0 0 0 33

F216-Q219 20.0 1 7 63

G1-S153 20.0 1 7 67

T214-R215 1.0 12 3 49

K222-H226 0.0 8 0 50

H226-Q382 4.0 5 10 62

D212-Q256 3.0 1 47 89

Table 6.6: Hydrogen bonds essential for stabilizing each metastable conformational macrostate as

identified by the Markov state model (MSM) in the bound system. Analysis performed using 100

snapshots from each metastable minimum, as depicted in Figure 6.17.
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Figure 6.14: Configurations of the loop corresponding to each metastable state derived from the

Markov State Model (MSM) for (a) Apo and (b) Bound systems. Conf-A and Conf-B are represented

in blue and pink, respectively. The intermediate states are depicted in green (IM-1 and IM′-1) and

cyan (IM-2 and IM′-2).

PCSK9–LDLR binding energy for two known point mutations: A443T and D374Y.

The A443T mutation, where the A443 residue is distant from the EGF-A binding

site, and the D374Y mutation, known to enhance LDLR binding affinity, serve as ref-

erence points. Our MM/PBSA results corroborate these experimental findings, with

the A443T mutation showing nearly consistent binding energy (–67.9 ± 2.2 kcal/mol

compared to –69.8 ± 2.5 kcal/mol for Conf-B), while the D374Y mutation exhibits

a significant increase (–100.9 ± 2.9 kcal/mol) in binding affinity between PCSK9

and the EGF-A domain of LDLR. Another gain-of-function mutation, F216L, also

shows minimal impact on binding energy, reducing Furin/PC5/6A dependent cleav-

age and enhancing the functional PCSK9 level58. The average binding energy values

are summarized in Table 6.7. Additionally, we employed steered molecular dynamics

to compute the binding energy between PCSK9 and the EGF-A domain of LDLR.

The average work profile for each of the metastable conformations obtained from the

bound state MSM is depicted in Figure 6.19, and the corresponding binding energy

values are listed in Table 6.8. The work required to detach LDLR from the PCSK9
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System Binding Energy (kcal/mol)

Conf-A -21.1 ± 3.2

IM-1 -22.7 ± 2.0

IM-2 -43.8 ± 3.4

Conf-B -69.8 ± 2.5

A443T (Loss of Function) -67.9 ± 2.2

D374Y (Gain of Function) -100.9 ± 2.9

Table 6.7: Average binding energies between PCSK9 and the EGF-A domain of LDLR calculated

using MM/PBSA methodology, including binding energies for two specific known mutations.

System Binding Energy (kcal/mol)

Conf-A -28.1 ± 1.1

IM-1 -35.4 ± 1.0

IM-2 -41.1 ± 1.0

Conf-B -47.1 ± 1.0

Table 6.8: Binding energy between PCSK9 and LDLR computed using Jarzynski equality.
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Figure 6.15: Distribution of center-of-mass (COM) to center-of-mass distance between the 211-222

loop and the EGF-A domain of LDLR. Additionally, the distance distributions for the Conf-A and

Conf-B sub-ensembles are depicted.

binding site follows the order Conf-B > IM-2 > IM-1 > Conf-A Figure 6.20. This

suggests that the most energy is needed to detach LDLR from the Conf-B configura-

tion, while the least effort is required to detach LDLR from the Conf-A. The binding

free energy estimated using Jarzynski equality (Table 6.8) aligns precisely with the

trend obtained from MM/PBSA calculation.

In this study, our aim is to provide a qualitative proof-of-concept demonstration

that validates the thermodynamic cycle proposed in Figure 6.1. Given the thermo-

dynamic principles outlined earlier, we can confidently assert that the loop confor-

mations predominant in the apo form correlate with lower LDLR binding energy

and thus can potentially serve as promising targets for inhibitor design. Furthermore,

our study underscores the intriguing possibility that even seemingly “structure-less”

or disordered loops can exhibit well-defined and distinct conformational states with

varying degrees of allosteric influence59. Moreover, these specific loop conformations
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Figure 6.16: Distribution of the minimum distance between the loop 211-222 and the EGF-A

domain of LDLR. The minimum distance distributions for the Conf-A and Conf-B sub-ensembles

are presented. This illustrates the loop’s interactions with the EGF-A domain of LDLR. In Conf-B,

residue R218 interacts with residue S13 of LDLR, while in Conf-A, residue Q219 interacts with

residue L26 of LDLR.

display unique thermodynamic properties concerning their structure and interactions

with the remainder of the protein. Each of these conformational states is stabilized by

a specific set of interactions that vary across the conformational states. These interac-

tions play a crucial role in establishing the kinetic barrier to interconversion between

them. The stability or prolonged lifespan of these states renders them suitable as

targets for therapeutic intervention.

6.4.4 Allosteric Influence Evidenced by Redistribution of

Specific Interactions

To delve deeper into the molecular mechanisms underlying the allosteric interplay

between loop 211–222 and the EGF-A binding region of PCSK9, we revisited our

previous approach where we demonstrated the sensitivity of nonbonded interaction

energy to subtle conformational changes59,60. Building upon this concept, we con-

structed a network to depict the perturbation in average residue-pairwise nonbonded
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Figure 6.17: Frames representative of each minimum used for the calculation of binding energy

using MM/PBSA. The structures corresponding to Conf-A, IM-1, IM-2, and Conf-B are depicted in

cadet blue, green, blue, and pink colors, respectively.

interaction energy, expressed as ∆Eij = ⟨Eij⟩Conf-B − ⟨Eij⟩Conf-A, where ⟨Eij⟩Conf-B
and ⟨Eij⟩Conf-A represent the average nonbonded interaction energy between the i-th
and j-th residues of Conf-B and Conf-A configurations respectively. The connectivity

pattern between residue pairs with substantial absolute values of ∆Eij is visualized

in Figure 6.18(b), with detailed values provided in Table 6.9. A detailed examina-

tion of the ∆Eij values reveals a localized reconfiguration of electrostatic interactions

resulting from the reorganization of pairwise specific interactions. This redistribu-

tion spans from the LDLR binding site to the allosteric site of loop 211–222. Spe-

cific structural changes between the apo and bound conformations are highlighted

in Figure 6.21. For instance, in Conf-A, residue S153 forms a favorable interaction

with D169, absent in Conf-B, while the interaction between S153 and D7 (from the
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Figure 6.18: (a) Distributions of MM/PBSA binding energies for the PCSK9-LDLR complex struc-

tures extracted from each macrostate of MSM (representing minima in the bound system’s free energy

surface). The average binding energy sequence is as follows Conf-A < IM-1 < IM-2 < Conf-B.(b)

Visualization of energy redistribution between Conf-A and Conf-B indicated by the alteration in av-

erage residue pairwise nonbonded interaction energy: ⟨∆Eij⟩ = ⟨Eij⟩Conf-B − ⟨Eij⟩Conf-A. Solid and
dashed lines denote negative and positive ⟨∆Eij⟩ values, respectively. Line colors indicate ⟨∆Eij⟩
magnitude: (i) black: |⟨∆Eij⟩| > 20, (ii) cyan: 20 > |⟨∆Eij⟩| > 10, (iii) magenta: 10 > |⟨∆Eij⟩| > 1.
Residues engaged in this network are represented as blue spheres.

EGF-A domain of LDLR) strengthens significantly in Conf-B, correlating with the

enhanced PCSK9–LDLR binding affinity in Conf-B. Likewise, residue R218 in the

loop forms a robust salt bridge with E366 in Conf-B (absent in Conf-A), whereas

it interacts with D192 in Conf-A. Figure 6.22 illustrates this phenomenon through

the probability distribution of the minimum distance between these residue pairs.

Our findings further substantiate the notion of conformational rearrangement and

alteration of local electrostatic interactions leading to long-range allosteric effects.

Notably, the disruption of one set of favorable interactions in Conf-A is compensated

by the formation of a different set of interactions in Conf-B. Consequently, multiple

conformational states accessible within a similar energy range emerge due to this local

cancellation or redistribution of interaction energies. This substantial conformational

entropy associated with loop conformations appears pivotal for the conformational

selection mode of allostery, as proposed earlier61,62. The significance of conforma-
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Figure 6.19: Constant velocity pulling is conducted along the distance (d) between the center of

mass (COM) of LDLR (depicted in blue) and the COM of the interacting region of PCSK9 (depicted

in red). The 211-222 loop is illustrated in magenta.

tional entropy and the ensemble nature in allosteric regulation has been underscored

in previous literature11,63–65.

6.5 Conclusion

To conclude, this article has introduced a general framework for identifying potential

allosteric sites capable of modulating protein-protein interactions (PPIs), including

binding and cryptic sites. The method involves comparing the conformational pro-

files of the target protein in its ligand-bound and apo states to identify significant

conformational changes. If such distinctive conformations are identified and their ther-

modynamic properties are confirmed, they can serve as targets for virtual screening

or structure-based drug discovery.

Figure 6.23 expands upon the thermodynamic cycle outlined in Figure 6.1 by incor-

porating the binding affinity of the allosteric inhibitor. The inhibitor is expected to ex-
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Residue Pairs ⟨E⟩Conf−A ⟨E⟩Conf−A ∆E = ⟨E⟩Conf−B − ⟨E⟩Conf−A
E211-R215 -45.7 -89.9 -44.2

K222-D186 -11.2 -43.7 -32.5

D212-K258 -14.1 -40.6 -26.5

R218-D367 -4.1 -23.2 -19.1

R218-E366 -2.3 -14.9 -12.6

K222-H226 0.7 -11.5 -12.2

D212-Q256 -1.7 -9.3 -7.6

S153-N3 -5.7 -8.5 -2.8

D18-R194 -79.0 -81.7 -2.7

S153-D18 -17.5 -20.0 -2.5

D18-R237 -23.0 -25.0 -2.0

S153-D7 -39.6 -40.6 -1.0

R167-D367 -7.6 -5.6 2.0

R167-E366 -7.5 -5.3 2.2

N3-D238 -11.0 -7.3 3.7

S153-D169 -20.1 -10.9 9.2

S153-E170 -20.0 -8.6 11.4

E210-K258 -76.7 -28.1 48.6

E206-R215 -63.6 -14.9 48.7

R218-D192 -59.3 -3.8 55.5

E211-R251 -87.7 -26.9 60.8

Table 6.9: Change in the average pairwise interaction energy between Conf-A and Conf-B states.
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Figure 6.20: The work needed to separate LDLR from the complex. The black line indicates

the average work, while the blue shaded area represents the standard deviation. Both the mean

and standard deviation are computed across five independent steered molecular dynamics (SMD)

simulations. The work required to detach LDLR from the complex follows the sequence Conf-A <

IM-1 < IM-2 < Conf-B

hibit higher binding affinity for apo-specific conformations compared to bound-specific

conformations. According to this cycle, the equation ∆GIb,S−∆G0b,S = ∆Gholob,I −∆G
apo
b,I

is established, implying that ∆Gholob,I > ∆Gapob,I would lead to ∆G
I
b,S > ∆G

0
b and S.

In other words, if the inhibitor (I) binds with higher affinity to the apo conforma-

tion than the bound conformation, it suggests lower substrate (S) binding affinity in

the presence of the inhibitor. Our future investigations will involve identifying small

molecule inhibitors to stabilize apo-specific conformations. It’s worth noting that this

bidirectional aspect of allostery has been discussed previously in various contexts.

180



6.5 Conclusion

Figure 6.21: Significant structural interaction variations are depicted between Conf-A (left panel)

and Conf-B (right panel) across distinct regions: (a) in proximity to the 211-222 loop, (b) in the

intermediate region bridging the 211-222 loop and the LDLR binding site, and (c) in the vicinity of

the LDLR binding site.

In this study, we have employed and confirmed this strategy by pinpointing a

distant loop segment (residues 211–222) within PCSK9 capable of influencing the

PCSK9–LDLR interaction via reorganization and adjustment of the hydrogen-bonded

connections. Our upcoming research endeavors will concentrate on identifying appro-

priate inhibitors designed to stabilize specific loop configurations exhibiting reduced
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Figure 6.22: Distribution of population regarding the minimum distance between significant residue

pairs: (a) S153-N3 (where N3 represents the N-terminus of the EGF-A domain of LDLR), (b) S153-

D169, (c) R218-E366, and (d) D192-R218.

binding affinity with LDLR, such as Conf-A, IM-1, among others. Furthermore, we

plan to extend this methodology to investigate other clinically significant protein-

protein interactions for potential allosteric drug development. Notably, our findings

challenge conventional assumptions by revealing that even seemingly disordered loops

can exhibit identifiable structures and undergo transitions to stable conformational

states, underscoring the need for exploring such phenomena in future drug discovery

initiatives.
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6.5 Conclusion

Figure 6.23: Representation of the thermodynamic cycle elucidating the operation of an allosteric

inhibitor. The inhibitor’s binding affinity must vary contingent upon whether the receptor is in its

“apo” (∆Gb,Iapo) or “holo” (∆G
b,I
holo) state. ∆G

I
b,S and ∆G

0
b,S represent the substrate binding affinity

in the absence and presence of the allosteric inhibitor.
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7
Mechanism of Substrate Binding to

Human Acetylcholinesterase Protein

“If I have seen further it is by standing on
the shoulders of Giants.”

Isaac Newton

7.1 Introduction

Alzheimer’s disease (AD) is a progressive neurological disorder characterized by cog-

nitive decline, memory loss, and behavioral changes. It is the most common cause of

dementia in individuals aged 65 and older, imposing a significant burden on patients,

families, and healthcare systems worldwide. AD is marked by the accumulation of

amyloid-beta (Aβ) plaques and neurofibrillary tangles composed of hyperphospho-

rylated tau protein, leading to neuronal death and brain atrophy1. Multiple factors,

including genetics, environment, and lifestyle choices, contribute to the development
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of AD. Despite extensive research, there is currently no cure, and treatments mainly

focus on symptom relief and slowing disease progression.

The cholinergic hypothesis of AD, formulated in the 1970s2, suggests that cognitive

impairment in AD results from a deficiency of the neurotransmitter acetylcholine

(ACh) in the brain. Declining levels of ACh are associated with the cognitive ab-

normalities seen in AD patients, as ACh is essential for learning and memory3,4.

Acetylcholinesterase (AChE) is the enzyme responsible for hydrolyzing ACh into

choline and acetate, thus terminating cholinergic neurotransmission between neu-

rons5. Consequently, AChE is a key pharmacological target for AD; inhibiting its

activity increases synaptic ACh levels, thereby enhancing cholinergic transmission

and alleviating symptoms6.

Structural studies of AChE have greatly enhanced our understanding of its function.

Figure 7.1: Crystal structure of AChE enzyme (PDB ID: 6O4W): The residues of the catalytic triad

(S203, E334, and H447) and selected residues of the peripheral anionic site (PAS) (Y72, Y124, and

W286) are highlighted in stick representation. The omega loop is shown in blue color and backdoor

region is shown as cyan surface.
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AChE contains a deep and narrow gorge, approximately 20 Å in depth, lined with

aromatic residues that create a hydrophobic environment conducive to ACh bind-

ing7. The enzyme’s active site, or catalytic active site (CAS), includes a glutamic

acid residue (E334) and a serine residue (S203) that are crucial for ACh hydrolysis.

Additionally, AChE has peripheral anionic sites (PAS), which are important for sub-

strate binding and enzyme inhibition.8

AChE inhibitors work by targeting the enzyme’s catalytic triad, resulting in the in-

activation of AChE9. The enzyme’s ability to catalyze the breaking of ACh molecules

to acetate and choline is significantly influenced by these conformational changes of

AChE enzyme, which control substrate entry and product release. Product removal

from AChE’s active site is challenging due to the narrow, deep gorge. Studies in-

dicate that products are released via specific exit paths without hindering incoming

substrates10. The preferred route, known as the “back door,” is located approximately

14Å from CAS and 180° from the gorge mouth11. Alternative routes include the “side

door,” involving residues Asp74, Leu76, Met85, and Asn87 from the omega loop, and

the exit site formed by sidechains in the 286-298 loop, opposite the catalytic site from

the omega loop.

The narrowest part of the gorge cross-section is narrower than the diameter of choline,

allowing only a single water molecule to pass through12. However, AChE undergoes

“breathing motions” to expand the gorge width, facilitating catalytic activity13. Pre-

vious research highlights the importance of the “bottleneck” area in regulating the

gorge access13 of AChE. In human AChE, the open-closed transition is associated with

changes in the distance between Tyr124 and Tyr3418. Recent studies have shown that

residues Tyr133, Tyr337, and Tyr124 in the “bottleneck” area significantly influence

substrate flow into the catalytic site14. Additionally, research on AChE inhibition by

soman has revealed that residues Tyr72, Tyr124, Phe295, and Tyr341 obstruct the

soman adduct from entering the gorge, even in the “open” state15 where the distance

between Tyr124 and Tyr338 is also correlated with the gorge radius.

In this study, we examined two previously described markers of gorge opening for the

human AChE (hAChE) protein: the distance between Tyr124 and Tyr341, and the
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distance between Tyr124 and Phe338. Our findings suggest that these distances do

not completely represent gorge opening motion. Instead, we identified that a group

of residues inside the gorge collectively regulates the gorge opening motion, and spe-

cific residue paris are not enough to describe the gorge opening process. Our results

also indicate that the tendency for gorge opening increases in the presence of the

ACh substrate, suggesting a conformational selection mechanism. This study pro-

vides new insights into the dynamic regulation of AChE’s active site and proposes a

novel mechanism underlying its catalytic efficiency.

7.2 Computational Details

The crystal structure of human acetylcholinesterase (AChE) was obtained from the

Protein Data Bank (PDB ID: 6O4W16). The HIS447 residue was kept in its depro-

tonated state. For simulations involving AChE and acetylcholine (ACh), five ACh

substrate molecules were randomly inserted into the protein solution. Parameters for

the ACh substrate were generated using the CGenFF webserver17.

We conducted five independent molecular dynamics (MD) simulations for the AChE-

ACh system: four simulations of 1µs each and one simulation of 500 ns. For compari-

son, four independent simulations were performed for the apo system each of which is

200 ns long. All simulations were executed using GROMACS 2019.618 software with

the CHARMM all-atom force field (version 36m) and the TIP3P water model19,20.

The solvated systems were neutralized with counterions to achieve a salt concentra-

tion of 0.15 M, reflecting physiological conditions. Energy minimization was carried

out using the steepest descent algorithm.

During the production runs, a modified Berendsen (V-rescale) thermostat21 main-

tained the temperature at 300 K, and a Parrinello-Rahman barostat22 maintained

the pressure at 1 bar in the NPT ensemble. Periodic boundary conditions were ap-

plied throughout all simulations. Long-range electrostatic interactions were calculated

using the Particle Mesh Ewald (PME) method23 with a grid spacing of 0.16 nm and

fourth-order cubic interpolation. Short-range electrostatic and van der Waals (vdW)
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interactions were computed with a cutoff distance of 1 nm. The LINCS algorithm24

was used to constrain all covalent bonds, and the integration time step was set to 2

fs to accurately capture the system dynamics.

7.3 Results and Discussions

7.3.1 Analysis of Specific Distances as Descriptors of Gorge

Opening

Earlier work by Silva et al.8 has suggested that the distance between Tyr124 and

Tyr341 is useful for distinguishing between the “open” and “closed” states of the

gorge, while Bennion et al15. have indicated that the distance between Tyr124 and

Phe338 serves the same purpose. We intend to test this hypothesisin our work in

systematic manner. First, we calculated the distances between (i) Y124-Y341 and

(ii) Y124-F338, and plotted the distributions in Figure 7.2(a) and (b). The resulting

plots exhibit distinct bimodal distributions, with two prominent peaks indicating the

presence of both “open” and “closed” conformations. To visually confirm these find-

ings, representative snapshots of the hAChE enzyme in both the “open” and “closed”

states are shown in Figure 7.2(c) and (d). These snapshots illustrate the structural

differences between the two states. However, an important question remains: do these

observed “open” and “closed” states genuinely represent the opening and closing mo-

tion of the gorge? While the distance distributions clearly distinguish between two

conformations.

The analysis of the Y124-Y341 minimum distance across five independent

molecular dynamics simulations revealed a two-state behavior. However, the critical

question was whether these states accurately represented the “open” and “closed”

states of the acetylcholinesterase (AChE) gorge. To investigate this, we calculated

the Y124-Y341 minimum distance for five independent runs, represented by the red

solid line. The magenta line indicates the reference value, above which the gorge is

considered “open” and below which it is “closed”. We also plotted the minimum
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Figure 7.2: (a) and (b) Distribution plots for the distances between residues Y124-Y341 and Y124-

F338, which describe the gorge opening motion of the hAChE enzyme. The plots show two distinct

peaks, indicating the presence of both “open” and “closed” conformations. (c) and (d) Representa-

tive snapshots of the hAChE enzyme in its “open” and “closed” states, illustrating the structural

differences corresponding to the two peaks observed in the distribution plots.

distance between the acetylcholine (ACh) molecule and the catalytic active site

(CAS) of AChE, shown as the blue solid line. The green dotted line represents

the threshold for ACh binding to the CAS; distances above this line indicate an

“unbound” state, while those below indicate a “bound” state.

For run 1, the Y124-Y341 distance indicated an “open” state at around 180 ns and

620 ns. At approximately 180 ns, although the cavity was open, the ligand did not

bind to the CAS despite being in close proximity. This suggests that the Y124-Y341

distance alone cannot adequately describe the cavity opening event.
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Figure 7.3: Analysis of Y124-Y341 minimum distance across 5 runs (red solid line) with the ref-

erence value (magenta line) distinguishing “open” and “closed” states. Blue solid line shows the

minimum distance between ACh and the CAS site of AChE, with green dotted line indicating

bound/unbound state. At 180 ns and 620 ns (run 1), Y124-Y341 was “open”, but ligand binding

only occurred at 620 ns. Snapshots at 180 ns (green) and 620 ns (magenta) reveal different extents

of cavity opening, indicating Y124-Y341 distance alone does not represent gorge opening.

To further elucidate this, we took snapshots from 180 ns (green) and 620 ns

(magenta), both having the same Y124-Y341 minimum distance. The snapshots

revealed that the cavity opening at 180 ns was significantly smaller than at 620

ns. This observation indicates that the Y124-Y341 distance does not sufficiently

represent the gorge opening.

These findings underscore the complexity of the gorge opening mechanism in

AChE and suggest that additional structural parameters need to be considered to
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accurately describe this process. Here we focus on identifying other critical residues

and conformational changes that contribute to the gorge dynamics and ligand

binding in AChE.

Figure 7.4: (a) Analysis of Y124-F338 minimum distance across five simulation runs (red solid line)

with the reference value (magenta line) distinguishing “open” and “closed” states. The blue solid

line shows the minimum distance between ACh and the CAS site of AChE, with the green dotted

line indicating the bound/unbound state. (b) Comparison of cavity size from two structures with

same Tyr124-F338 minimum distance value, it shows that the cavity size is much smaller in the one

structure (green) than other (magenta), indicating that the Tyr124-Phe338 distance alone does not

represent the gorge opening.

We analyzed the Y124-F338 minimum distance across five simulation runs,

as shown by the red solid lines in Figure 7.4(a). The reference value, indicated
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by the magenta line, helps distinguish between the “open” and “closed” states

of the enzyme. Additionally, the blue solid line represents the minimum distance

between ACh and the CAS site of AChE, with the green dotted line marking the

bound/unbound state.

Notably, in Run-2, the Y124-F338 distance remains relatively constant throughout

the simulation. To further investigate this, we compared the cavity size of two

structures from Run-2: one from the initial part of the simulation and one from the

later part, where the Y124-F338 distance is the same. As shown in Figure 7.4(b),

the initial structure (green) has a much smaller cavity size compared to the later

structure (magenta), which is in an open conformation.

This observation indicates that the Y124-F338 distance alone does not fully represent

the gorge opening of the enzyme. While the distance measurements provide insights

into the conformational states of the enzyme, they may not capture the complete

picture of the dynamic opening and closing motions of the gorge.

Cavity Residues

THR83, TRP86, TYR121 LEU227, TYR337, PHE338, TYR448, TYR449

Table 7.1: List of Cavity Residues

7.3.2 Indentification of New Structural Metric of Gorge

Opening

As previously discussed, the Y124-F338 and Y124-Y341 distances alone do not fully

explain the opening of the gorge. To identify which residues play crucial roles in the

gorge opening, we analyzed five independent simulations to determine which residues

form contacts with the ACh molecule when it binds to the CAS site. These residues

are referred to as “cavity residues.”

Figure 7.5(a) shows the cavity residues (highlighted in blue and list of residues are

shown in Table 7.1), situated at the bottleneck region of the gorge. This positioning
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Figure 7.5: (a) Representation of “cavity residues” (shown in sticks representations) situated at

the bottleneck region of the gorge (shown as blue surface) in the hAChE enzyme, which play a

critical role in gorge opening. (b) Analysis of the radius of gyration (Rg) of cavity residues (red solid

line) across five simulation runs with the reference value (magenta line) distinguishing “open” and

“closed” states. The blue solid line indicates the minimum distance between ACh and the CAS site

of AChE, with the green dotted line marking the bound/unbound state.

suggests that these residues may significantly influence the gorge opening motion. To

test this hypothesis, we calculated the radius of gyration (Rg) of these cavity residues

across the five simulation runs. Figure 7.5(b) illustrates the Rg of cavity residues

(red solid line) compared with the reference value (magenta line) distinguishing the

“open” and “closed” states. The blue solid line represents the minimum distance

between ACh and the CAS site of AChE, with the green dotted line indicating the

bound/unbound state.
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The results show that in each independent simulation, ACh only enters the CAS

when the cavity residues are in the “open” state. For instance, in Run-1, around 180

ns, ACh approaches the CAS, but it cannot enter the gorge as the cavity residues

are in the “closed” state. Later, when the cavity residues transition to the “open”

state, ACh successfully enters the gorge.

Thus, it can be inferred that the identified cavity residues provide a more accurate

description of the gorge opening motion compared to the previously analyzed

distances between Y124-F338 and Y124-Y341. Our analysis has established

Figure 7.6: Comparison of the distribution of Rg of cavity residues for the Apo system (without

substrate) and the system with ACh. The distributions indicate that both “open” and “closed”

states exist in the presence and absence of ACh. However, the Apo system predominantly populates

the “closed” conformation, while the presence of ACh significantly increases the population of the

“open” conformation, suggesting a conformational selection mechanism for ligand binding.

that the hAChE enzyme’s gorge can exist in two distinct conformations: “open”

and “closed.” The postulated cavity residues accurately describe these conformations.
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7.3.3 Conformational Selection Model of Substrate Entry in

AChE

An important question arises: does the “open” conformation occur only in the pres-

ence of a substrate or ligand, or does the substrate binding affect the protein’s overall

conformation? To address this, we compared the distribution of the radius of gyration

of the cavity residues in both the Apo system (without substrate) and the system with

the ACh molecule.The results indicate that both “open” and “closed” conformations

are present in the absence (Apo system) and presence of ACh. However, there is a

notable difference in the population distribution of these states. In the Apo system,

the “closed” conformation is predominantly populated, suggesting that the enzyme

tends to remain in a closed state when the substrate is absent. Conversely, in the

presence of the ACh molecule, there is a significant increase in the population of the

“open” conformation. The increased population of the “open” conformation in the

presence of ACh suggests a conformational selection mechanism for ligand binding.

In this model, the enzyme exists in equilibrium between “open” and “closed” states,

but the ligand preferentially binds to and stabilizes the “open” conformation. This

stabilization shifts the equilibrium towards the “open” state, increasing its popula-

tion.

We performed Principal Component Analysis (PCA) using the coordinates of the

cavity residues as input features. The analysis revealed that the first principal com-

ponent (PC1) motion was highly correlated with the radius of gyration of the cavity

residues, with a correlation coefficient(ρ) of approximately 0.6. To interpret the PC1

motion, we projected the PC1-eigenvectors onto the protein coordinates (Figure 7.7

a). This projection clearly indicates that the PC1 motion represents the opening of

the gorge.

To further illustrate this, we examined two snapshots: one from the “open” state (Fig-

ure 7.7 b) and one from the “closed” state (Figure 7.7). In the “open” state snapshot,

the substrate can directly enter the gorge and interact with the catalytic active site

(CAS). Conversely, in the “closed” conformation, the substrate is obstructed by some
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Figure 7.7: a) Projection of the PC1-eigenvectors onto the protein coordinates, illustrating the

PC1 motion representing the opening of the gorge. b) Snapshot of the enzyme in the “open” state,

where the substrate can directly enter the gorge and interact with the catalytic active site (CAS).

(c) Snapshot of the enzyme in the “closed” state, where the substrate is blocked by some cavity

residues and cannot enter the gorge to bind with the CAS.

cavity residues, preventing it from entering the gorge and binding with the CAS.

7.4 Conclusions

In this study, we investigated the dynamic mechanisms regulating the gorge opening

motion of the human acetylcholinesterase (hAChE) enzyme. Our findings challenge

the traditional markers used to describe gorge opening, specifically the distances be-

tween residues Y124-Y341 and Y124-F338. Through extensive molecular dynamics
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simulations and principal component analysis, we identified a set of ”cavity residues”

that provide a more accurate description of the enzyme’s conformational states.

Our analysis revealed that these cavity residues significantly influence the gorge open-

ing motion. The radius of gyration (Rg) of these residues showed a clear distinction

between the “open” and “closed” conformations of the enzyme. Notably, the presence

of the acetylcholine (ACh) substrate increased the population of the “open” state,

suggesting a conformational selection mechanism where the substrate preferentially

binds to and stabilizes the open conformation of the enzyme.

The principal component analysis further supported our findings, indicating that the

primary mode of motion (PC1) corresponds to the opening of the gorge. This motion

was highly correlated with the radius of gyration of the cavity residues. Snapshots

from our simulations illustrated that in the open state, the substrate can enter the

gorge and interact with the catalytic active site (CAS), while in the closed state, the

substrate is obstructed from binding to the CAS.

Our study enhances the understanding of the structural dynamics of hAChE and

proposes a novel perspective on the enzyme’s catalytic efficiency. By identifying crit-

ical residues involved in gorge opening, our findings provide valuable insights for the

development of more effective acetylcholinesterase inhibitors, which are essential for

the treatment of Alzheimer’s disease.
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8
Summary and Future Outlook of the

Thesis

“You cannot teach a man anything; you
can only help him discover it in himself”

Galileo

This thesis provides a comprehensive exploration of the molecular mechanisms

underpinning protein-protein interactions and allosteric regulation, with significant

implications for drug design. The research is segmented into four primary studies,

each contributing unique insights into the field. In chapter 3 we focus on the

phosphorylation mechanism of the Escherichia coli toxin HipA, specifically the

autophosphorylation of Ser150. Through extensive molecular dynamics simulations

and detailed structural analysis, the study reveals a complex multi-minima pathway

for the autophosphorylation process. This pathway elucidates how buried residues

can transiently become exposed, allowing phosphorylation to occur. This study

challenges the traditional view of proteins having a single functionally important

structure by highlighting the role of metastable and excited conformations in the
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functional regulation of HipA. Understanding this intricate process provides a new

perspective on how bacterial toxins are regulated, which could inform the develop-

ment of novel antibacterial therapies targeting similar phosphorylation-dependent

processes in pathogenic bacteria. In chapter 4 we explore the molecular mechanisms

underlying the regulation of Rho GTPase interactions by phosphorylation, focusing

on the dissociation processes of RhoA and Rac1 from RhoGDI complexes.

For RhoA, phosphorylation at Ser34 on RhoGDI induces significant structural

changes that weaken the binding between RhoA and RhoGDI. These changes include

alterations in the N-terminal region of RhoGDI and the polybasic region of RhoA,

leading to the destabilization of the complex. The findings support the concept of a

“phosphorylation code,” where specific phosphorylation sites cause distinct structural

and energetic responses, ultimately regulating the selective release of GTPases. This

enhanced understanding of the regulatory mechanisms controlling RhoA-RhoGDI

interactions provides valuable insights for potential therapeutic strategies targeting

diseases involving dysregulated Rho GTPase signaling.

For Rac1, the research highlights the role of histidine protonation states in the

phosphorylation-induced dissociation of the Rac1-RhoGDI complex. Phosphorylation

at Ser101 and Ser174 on RhoGDI significantly shifts the protonation states of key

histidine residues, leading to conformational changes and increased flexibility that

reduce the binding affinity between Rac1 and RhoGDI. These changes disrupt

critical interactions and the local electrostatic environment, contributing to complex

destabilization. This study elucidates the intricate regulatory mechanisms by which

phosphorylation and protonation states govern protein-protein interactions in Rac1

signaling, offering insights into therapeutic strategies for diseases characterized by

aberrant Rac1 activity.

The research advances our understanding of the “phosphorylation code” and its

implications for cellular signaling and disease, providing a foundation for the

development of targeted therapeutic interventions.

In chapter 5 we propose a conceptual thermodynamic framework to identify al-
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losteric and cryptic sites. The framework is based on the bidirectional nature of al-

lostery, where binding at one site induces conformational changes at a distant site.

We use this frame work to inhibit the PCSK9-LDLR interaction which is a promising

therapeutic approach for hypercholesterolemia. The results indicate that binding of

LDLR induces significant structural changes in the distal loop of PCSK9, with distinct

conformational states (Conf-A and Conf-B) representing the apo and bound states,

respectively. The study demonstrates that stabilizing specific loop conformations can

effectively reduce the binding affinity of LDLR, supporting the potential of allosteric

inhibition. The binding energy calculations using the MM-PBSA method and steered

molecular dynamics (SMD) simulations confirm the reduced binding affinity in “apo”

specific conformation validating our thermodynamic framework.

The proof-of-concept results for PCSK9-LDLR interactions demonstrate the feasi-

bility of this approach in drug discovery. Future research will focus on identifying

small molecule inhibitors to stabilize specific loop conformations and extending this

methodology to other clinically significant PPIs.

In Chapter 6, we have conducted a comprehensive study on the substrate (acetyl-

choline, ACh) binding process of human acetylcholinesterase (hAChE). hAChE fea-

tures two structurally significant regions: the catalytic active site (CAS) and the

peripheral anionic site (PAS). This chapter elucidates the roles of these sites in the

substrate binding process. Our investigation reveals that previously utilized distances

(Y124-Y341 and Y124-F338) to describe the gorge opening motion are inadequate in

capturing the true dynamic ”breathing” motion of the gorge.

In Chapter 6, we have conducted a comprehensive study on the substrate (acetyl-

choline, ACh) binding process of human acetylcholinesterase (hAChE). hAChE fea-

tures two structurally significant regions: the catalytic active site (CAS) and the

peripheral anionic site (PAS). This chapter elucidates the roles of these sites in the

substrate binding process. Our investigation reveals that previously utilized distances

(Y124-Y341 and Y124-F338) to describe the gorge opening motion are inadequate in

capturing the true dynamic “breathing” motion of the gorge.

These insights provide a refined understanding of the structural dynamics and func-
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tional mechanisms of hAChE, offering potential avenues for the development of more

effective therapeutic interventions targeting this enzyme.

A significant challenge we encountered throughout these studies was identifying an

appropriate reaction coordinate capable of capturing biologically significant phenom-

ena in complex biological systems. Traditional reaction coordinates, while effective for

simpler systems, often fail to account for the intricacies inherent in more complex bi-

ological processes. As the complexity of biological systems increases, these traditional

methods may not adequately represent the dynamic changes and intricate behaviors

of molecules.

To address these challenges, researchers have increasingly turned to dimensionality

reduction techniques such as Principal Component Analysis (PCA) and Time-Lagged

Independent Component Analysis (TICA). These methods help identify proper re-

action coordinates by reducing the dimensionality of the data, highlighting the most

relevant features. However, these techniques are inherently linear transformations,

which may not effectively capture the non-linear dynamics present in many biological

systems.

In recent years, machine learning, particularly autoencoder-based approaches, has

emerged as a promising tool for identifying suitable reaction coordinates in complex

biological processes.

Autoencoders are particularly beneficial in molecular simulations because they can

capture non-linear relationships and complex patterns within the data. By training

an autoencoder on simulation data, the latent space can be interpreted as a non-

linear reaction coordinate that captures the essential dynamics of the system. This

approach can provide a more accurate and comprehensive understanding of molecular

processes, especially those not well-described by linear methods.

In future research, we aim to leverage autoencoder-based techniques to identify proper

reaction coordinates for understanding complex biological processes. By integrating

these advanced machine learning methods, we hope to gain deeper insights into the

dynamic behaviors of biomolecules, paving the way for more accurate modeling and

potentially novel therapeutic strategies. This approach represents a significant step
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forward in the study of complex biological systems, offering the potential to overcome

the limitations of traditional and linear dimensionality reduction techniques.
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