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ABSTRACT

Contrary to the traditional structure-function paradigm for proteins, intrinsically disor-

dered proteins (IDPs) and regions (IDRs) are highly disordered sequences that lack a fixed

crystal structure yet perform various biological activities such as cell signaling, regulation,

and recognition. The interactions of these disordered regions with water molecules are es-

sential in the conformational distribution. Hence, exploring their solvation thermodynamics

is crucial for understanding their functions, which are challenging to study experimentally.

In this thesis, classical Molecular Dynamics (MD), 3D-Two Phase Thermodynamics (3D-

2PT), and umbrella sampling have been employed to gain insights into the behaviors of

intrinsically disordered proteins (IDPs) and water.

In the first project, local and total solvation thermodynamics around the K-18 domain

of the intrinsically disordered protein Tau were compared, and simulated with four pairs

of modified and standard force fields. In empirical force fields, an imbalance between

intramolecular protein interactions and protein-water interactions often leads to collapsed

IDP structures in simulations. To counter this, various methods have been devised to refine

protein-water interaction models. This research applied both standard and adapted force

fields in simulations, scrutinizing the effects of each adjustment on solvation free energy.

In the second project, theMD-based 3D-2PT analysis was utilized to examine variations

in local entropy and number density of bulk water in response to an electric field, focusing

on the vicinity of reference water molecules.

In the third project, various peptide sequences were examined to quantify the free en-

ergy involved when specific sequences, known as alpha-MoRFs (alpha-Molecular Recogni-

tion Features), transition from intrinsically disordered states to structured secondary motifs

like the alpha-helix. The low folding free energy penalty of these sequences can be ex-

ploited to design peptide-based or small-molecule drugs. Upon binding to alpha-MoRFs,

these drugs can stabilize the helix structure through a binding-induced folding mechanism.
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Alpha-MoRFs were juxtaposed with entirely disordered sequences from known proteins,

with findings benchmarked against leading structure prediction models. Additionally, the

binding free energies of various alpha-MoRFs in their folded conformation were assessed

to discern if experimental binding free energies reflect the separate contributions of folding

and binding, as obtained from umbrella sampling simulations.
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Chapter 1

INTRINSICALLY DISORDERED PROTEINS AND SOLVATION

THERMODYNAMICS

1.1 Intrinsically Disordered Proteins/Regions

Proteins are essential biomolecules that play critical roles in various biological pro-

cesses. They are the foundation of life, giving structure to cells and organs and facilitating

communication between various parts of the body. Until the dawn of the 21st century, it

was widely believed that proteins could only perform their biological functions when prop-

erly folded into specific structures [6]. This notion was grounded in the central dogma of

molecular biology [7, 8], which posits that DNA encodes genetic information, which is

then transcribed into messenger RNA and translated into an amino acid sequence. This se-

quence is thought to fold into a functional protein. The biophysical mechanisms that dictate

the folding of an amino acid sequence into a precise three-dimensional protein structure re-

main incompletely understood [6]. For over a century, the conventional understanding of

protein structure has been widely accepted in the scientific community. Despite this estab-

lished paradigm, the modern era of protein science, particularly during the genomic era that

began at the end of the 20th century, has revealed the existence of intrinsically dynamic,

flexible, and biologically active proteins. With access to complete genome sequences [9],

scientists observed that some amino acid sequences did not conform to the expectation of

folding into globular protein structures [10]. Concurrently, experimental research started

to identify examples of essential proteins and domains that were partially structured or en-

tirely disordered in solution but still retained their biological functionality [9]. As a result,
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the term ”intrinsically disordered proteins” was introduced at the turn of the century [10].

The significant hypothesis put forward was that intrinsically disordered proteins (IDPs) are

not rare exceptions but rather a distinct and extensive class of proteins [10]. The contem-

porary understanding of disorder encompasses protein regions or entire proteins that, while

biologically active, exhibit dynamic flexibility in their conformational ensembles at the sec-

ondary and/or tertiary structure levels [11–13]. Numerous proteins, alongside IDPs, possess

significant intrinsically disordered regions (IDRs) within their structured domains, crucial

for their biological roles [14, 15]. IDPs and intrinsically disordered protein regions (ID-

PRs or IDRs) exist as dynamic ensembles, often likened to ”protein clouds,” in which the

positions of atoms and backbone Ramachandran angles fluctuate significantly over time,

without settling into specific equilibrium values [16–18]. IDPs are characterized by a dis-

tinctive amino acid composition, with a notable bias towards a greater fraction of polar and

charged residues and a relatively lower presence of hydrophobic and aromatic residues [18–

20]. The DisProt database, which continuously updates its collection of identified IDPs and

IDPRs, currently houses about 2,900 unambiguous IDPs and approximately 6,560 IDPRs,

reflecting the growing recognition of these protein types [21].

1.2 Functions of IDPs/IDRs

By the mid-1990s, both experimental studies on regulatory proteins and bioinformatics

analyses of newly available genome sequences revealed that disordered regions are preva-

lent in eukaryotic proteins, highlighting the abundance and functional importance of IDPs

in these organisms [22, 23]. In reality, about 33% of the eukaryotic proteome and 40% of

the human proteome are thought to be disordered or to possess extensive disordered regions

(more than 100 residues), with a larger proportion featuring disordered segments of up to

30 residues [24–28]. It is common to find intrinsically disordered regions (IDRs) exceed-

ing 50 amino acids in length within functional proteins [29]. The presence of functional
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intrinsically disordered proteins (IDPs), like polypeptide hormones, has been recognized

for years, and IDPs have been identified in intact cells using nuclear magnetic resonance

(NMR) experiments [30]. Functions of IDPs encompass the regulation of transcription

and translation [31], cellular signal transduction [23],molecular recognition[32], storage of

small molecules, protein phosphorylation, and the regulation of self-assembly processes,

such as in ribosomes and bacterial flagella [33]. IDRs can act as molecular chaperones for

RNA and other proteins. Their function involves binding to either misfolded or properly

folded proteins or RNA molecules [34]. This binding capability is related to their role as

recognition elements and their potential to unfold or loosen intermediates that are kinetically

trapped in the folding process. The biological function of certain intrinsically disordered

proteins (IDPs) and intrinsically disordered regions (IDRs) is associated with folding or

partial folding, particularly upon binding to precise targets [35, 36]. However, it has been

observed that even fully unfolded IDPs can form high-affinity complexes with their binding

partners [37].

1.3 Importance of IDP/IDR Solvation Effects

IDPs/IDRs are implicated in various diseases, including cancer, amyloidosis, and neu-

rodegenerative disorders [38–43]. To understand the pathological behavior of IDPs, such

as the propensity for liquid-liquid phase separation [44–47], dysregulated binding [23], or

aggregation [39], it is essential to explore the relationship between their sequence, func-

tion, and characteristic features. To understand this relationship, it is essential to determine

how the conformational ensembles of intrinsically disordered proteins in solution are af-

fected by their interactions with the surrounding molecular environment. In principle, the

exploration of the structural and dynamic properties of conformational ensembles in IDPs

can be characterized through techniques such as small-angle X-ray scattering (SAXS), nu-

clear magnetic resonance (NMR), and Förster resonance energy transfer (FRET) experi-
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ments [48–50]. Concurrently, atomistic molecular dynamics (MD) simulations provide a

crucial tool for gaining a detailed microscopic insight into these properties [51–53]. Stan-

dard empirical force field models used in molecular dynamics (MD) simulations often in-

accurately predict overly compact conformations for solvated intrinsically disordered pro-

teins (IDPs) [51, 52, 54]. To address this issue, IDP-specific protein force field parameters

have been developed [55]. These parameters adjust the weighting of dihedral angles in

the simulation, modifying the predicted conformational ensembles of IDPs to better align

with experimental observations. The limitations of standard force field simulations in accu-

rately describing intrinsically disordered proteins (IDPs) are often attributed to an imbalance

between non-covalent intraprotein interactions, which favor compact states, and protein-

solvent interactions, which favor extended conformations with larger solvent-accessible

surface areas [51, 52, 54]. This is shown in Fig. 1.1

Figure 1.1: Extended and collapsed forms of the K-18 Tau IDP from its ensemble of con-
formations generated by a 100 ns atomistic, classical MD simulation with Amber03ws-
TIP4P/2005 combination of force field-water model. A is the extended state while B is the
compact or collapsed structure

To design new force fields with enhanced protein-water interactions, or to distinguish
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between them (discussed in Ch. 5), it is essential to address the topic of structure of water,

water models and hydration/solvention thermodynamics in the following sections.

1.4 Structure of Water

Being vital for life, water is essential for the structural integrity, dynamic behavior, en-

ergetic stability, and overall functionality of biomolecules. Its structure is determined by the

sp3 hybridized oxygen atoms, creating a tetrahedral coordination geometry. This config-

uration allows for the preferred coordination with four other water molecules, a character-

istic observed in both the solid and liquid phases of water [56]. Hydrogen bonds between

water molecules create a 3D network structure responsible for water’s unique properties,

including its density maximum at 4◦C [56]. In ice, this network is tetrahedral, similar to

diamond, but in liquid water, higher temperatures cause some hydrogen bonds to break,

disrupting the perfect tetrahedral arrangement. Numerous experiments over the past few

decades have used hydrogen/deuterium substitution and neutron diffraction to study wa-

ter’s structure [57]. Combined with X-ray diffraction data, these methods have provided a

more precise characterization of water, revealing a hydrogen bond length of 2.8 Å in liquid

water [58]. The strength of these bonds is 20-25 kJ/mol, with a lifetime of about 1 ps [56].

Soper et al. [57] utilized data from diffraction experiments on liquid water to develop

empirical potentials, enabling detailed computer simulations to further investigate water

properties. Throughout the years, numerous water models have been created for molecular

dynamics simulations, where each individual water molecule can be depicted as either rigid

or flexible.

Rigid water models used typically include TIP3P (transferable intermolecular potential

3P) [59], SPC (simple point charge) [60], and SPC/E (extended simple point charge) [61].

These models employ the SHAKE constraint algorithm [62–64] to maintain fixed OH and

HH bond lengths, ensuring a constant HOH angle. The GROMACS software package [65],
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which employs the SETTLE algorithm [63] for analytically solving constraints in water

molecules, was used for all simulations. The rigid water models utilized lack bonded po-

tentials and are defined solely by non-bonded pair potentials, comprising Lennard-Jones

(LJ) and Coulombic terms. These water models are characterized by non-bonded pair po-

tentials consisting of Lennard-Jones (LJ) and Coulombic terms, as detailed in Eq. 1.1. Each

model has three interaction sites, mirroring the three atoms of a water molecule, with the

oxygen atom’s site having additional LJ parameters alongside a point charge that is common

to all sites. The primary distinctions between the models are their geometrical configura-

tions and their specific LJ and electrostatic parameters, which are unique to each model.

[64] The potential for these models is given by [59]:

Ecd =

on c∑
i

on d∑
j

qiq je2

rij
+

A
r12

oo
+

B
r6

oo
(1.1)

The equation involves partial charges qi and q j, representing the charge on each atom

or interaction site. The term rij denotes the distance between any two atoms or charged

sites. Additionally, A and B are parameters in the Lennard-Jones potential, and roo sig-

nifies the distance between oxygen atom sites. Apart from the SPC model, which adopts

the ideal tetrahedral HOH angle of 109.5° instead of the actual 104.5°, the rigid structure

of these models closely mirrors the geometry of a real water molecule. Additionally, the

SPC/E model introduces a polarization correction to the potential energy function outlined

in Eq. 1.1:

Epol =
1
2

∑
i

(µ − µ0)2

αi
(1.2)

In this equation, µ represents the electric dipole moment of the effectively polarized water

molecule, µ0 is an isolated water molecule’s dipole moment, and αi is the isotropic polar-

izability constant. The modification in the SPC/E model leads to better predictions for the

density and diffusion constant of liquid water at room temperature and ambient pressure (1

bar) compared to the SPC model. In much of my research, I utilized 3-point water mod-
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els like TIP3P and TIPS3P [66], the latter being used alongside the CHARMM36 force

field [67], as well as 4-point water models such as TIP4P/2005 [68] and their modifica-

tions, which will be discussed in more detail shortly. TIPS3P is a slight modification of the

standard TIP3P, with the addition of Lennard-Jones sites on the hydrogen atoms in addition

to the oxygen atom. There exists a flexible variant of the SPC model, which was developed

by Toukan et al [69]. It permits anharmonic stretching of OH bonds. This model is noted

for providing the most accurate representation of water’s density and dielectric permittivity

among non-polarizable three-point water models [70].

Figure 1.2: Depiction of three main types of rigid water model structures. The oxygen
atoms are colored red, and the hydrogen atoms are white. In the 4-point models, the offset
partial charge on oxygen, denoted as M, is colored orange. The lone pairs in the 5-point
model, referred to as LPs, are colored cyan.

Here in Fig. 1.2, all standard rigid water models are represented. The three-site water

models are the most commonly used, but there are also models with four, five, or six inter-

action sites initially developed to explore water/ice systems [71]. The first four-site model

was the Bernal–Fowler model introduced in 1933 [72]. However, the TIP4P model [59]
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and its variants, such as TIP4P-D [73] and TIP4P/2005 [68], are more frequently used in

popular force fields like AMBER [74–77].

Similar to 3-point water model TIP3P, TIP4P is rigid, with the addition of an extra site,

often called the ”M site” or ”dummy site,” to represent the negative charge distribution near

the oxygen atom (Fig. 1.2). This model maintains three physical sites for the two hydrogen

atoms and the oxygen atom, but the negative charge (electrostatic point) is positioned on the

dummy atomM along the bisector of the HOH angle, slightly distant from the oxygen atom.

The M site’s inclusion is intended to more accurately reflect the tetrahedral arrangement of

water molecules in ice and liquid water. The TIP4P model was reparametrized to align with

modern molecular dynamics settings and better replicate experimental properties, leading

to the development of the TIP4P/2005 variant. This rigid four-site model, with three fixed

point charges and one Lennard-Jones center on the O atom, offers enhanced accuracy in rep-

resenting thermodynamic properties, phase diagrams, melting and vaporization properties,

dielectric constant, pair distribution function, and self-diffusion coefficient. [68].

The TIP4P-D model, developed by Piana et al. [73], is a rigid four-site water model that

builds on the geometry of the TIP4P/2005 model. It enhances the dispersion coefficient C6

of the oxygen atom by 50%. This adjustment considerably enhances the alignment between

simulations of intrinsically disordered proteins and experimental findings [78].

The TIP5P model [79] enhances the representation of water’s charge distribution by

including two sites for the lone pairs of electrons on the oxygen atom. This five-site model

aims to more accurately depict hydrogen bonding and angular distribution in liquid water.

Compared to earlier models, TIP5P improves the geometry of the water dimer, provides

a more ”tetrahedral” water structure, and better matches experimental data, including the

temperature of maximal density of water.
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1.5 Hydration / Solvation Thermodynamics

Water plays a critical role in biomolecular reactions, acting as both a solvent and a

participant in biochemical processes [80]. Its unique properties, such as high polarity, the

ability to form hydrogen bonds, and a high dielectric constant, make it an ideal medium

for the solvation and interaction of biomolecules. Water facilitates the folding of proteins

into their functional three-dimensional structures, stabilizes the structures of nucleic acids,

and participates directly in the catalysis of enzymatic reactions. Additionally, water’s abil-

ity to act as both an acid and a base enables it to participate in proton transfer reactions,

which are fundamental to many biochemical processes. By mediating interactions between

biomolecules, water significantly influences the specificity and efficiency of biochemical

reactions, playing a key role in sustaining life.

A significant part of my thesis utilizes the 2PT formalism [81, 82], which is outlined

in section 3.3, and its grid-based extension, 3D-2PT [83]. These methods leverage infor-

mation about intermolecular vibrations of water molecules to estimate entropies and ulti-

mately assist in calculating the solvation free energy of proteins (Ch. 5). The hydrophobic

or hydrophilic nature of a solute influences the H-bond network of water, in terms of its

structure and dynamics. The most noticeable changes in liquid water’s structure occur in

the area closest to the solute, termed the first hydration shell.

Atomistic simulations can offer valuable insights into key biological processes [84],

such as drug development [85, 86], protein-protein interactions [87], and protein fold-

ing [88]. These processes occur in water, making hydrophobic and hydrophilic interactions

crucial in solvation free energy. Understanding water’s role in binding processes is gain-

ing importance in drug design and protein research [89–93]. However, modeling water’s

influence around a binding site on ligand affinity is challenging. Water can moderate at-

tractive interactions or form repulsive barriers, depending on the solvation preferences of
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the binding interface or ligand [94].

Water molecules surrounding a biomolecule can be classified into three distinct groups:

a) Internal water, which is integrated into the structure of the biomolecule (e.g., forming

water bridges), b) Hydration water, which temporarily resides in the hydration shell around

a solute molecule, and c) Bulk water, which is situated at a marked distance (usually about

10 Å) from the solute molecule and remains unaffected by it. [95].

Figure 1.3: The solvation free energy, denoted as ∆Gsolv, represents the change in free
energy when a particle is moved from a vacuum (as shown in the left box) to a solvent
environment (as depicted in the right box).

Hydration water is distinct from internal water in that it surrounds and interacts with

solvable molecules like proteins but is not part of their molecular structure. It can diffuse

more easily than internal water and often exchanges places with bulk water and occasionally

with internal water. Although not as free as bulk water, hydration water’s interactions with

the solute make it crucial in biological processes such as protein folding[96–98].

The solvation free energy is the change in free energy associated with transferring a so-

lute from its standard state in an ideal gas or vacuum to a solution, as illustrated in Fig. 1.3.

Solute-solvent interactions are quantified by the solvation free energy, and changes in these

interactions during a process involving solvated molecules result in solvent-mediated inter-
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actions. It consists of enthalpic and entropic contributions from solute-solvent interactions

(hydration water) and additional solvent reorganization terms. However, according to Ben-

Naim’s cancellation theorem (Fig. 1.4), these solvent reorganization terms counterbalance

each other and do not affect the total solvation free energy [1].

Figure 1.4: Solvation Free Energy Decomposition into Solute-Solvent and Solvent-Solvent
Interaction Contributions. Ben-Naim’s Cancellation Theorem [1] proves mathematically
that enthalpic and entropic terms from solvent-solvent interactions cancel each other out,
enabling the calculation of ∆Gsolv based solely on solute-solvent interactions. Image cour-
tesy M. Heyden.

The free energy, being a state function, facilitates the use of thermodynamic cycles to

describe solvent-mediated interactions in biological processes like protein-ligand binding.

The solvation free energy of binding can be determined by contrasting the free energies of

binding in vacuum and solvent, or by comparing the solvation free energies of the complex
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with those of the individual binding partners. This can be depicted in Fig. 1.5.

Figure 1.5: By comparing the binding free energies in vacuum and solvent, or by comparing
the solvation free energies of the complex and individual binding partners, the thermody-
namic cycle allows for the quantification of solvent-mediated interactions.

My first two research work chapters (Ch. 5 and Ch. 6) extensively use this Cancellation

Theorem of Ben-Naim [1, 99] (Fig. 1.4) together with the 3D-2PT formalism [83]. Using

intrinsically disordered proteins (IDPs) (Ch. 5) as a solute, these are applied to calculate

solvation free energy, arising solely from protein-water enthalpic and entropic terms. For

the second work (Ch. 6), it is used to compute the water entropy of bulk water in present of

different strengths of electric fields. Hence, solvation analysis is extremely significant in

studying biomolecular interactions and is one of the central themes of my thesis.
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Chapter 2

MOLECULAR DYNAMICS AND UMBRELLA SAMPLING SIMULATIONS

2.1 Introduction

Computer simulations have become an indispensable tool across various domains of the

physical sciences. Theoretical models are the basis of these simulations. The outcomes of

a simulation can be utilized to evaluate the underlying theory and to compare with experi-

mental data, thereby testing the validity of the model. An effective model can provide deep

insights into the chemical process being simulated, offering details on atomic interactions

across different lengths, and time scales that might be challenging or even impossible to ob-

tain through experimental methods. Moreover, simulations offer the flexibility to explore

a wide range of temperature and pressure conditions, including extreme environments that

would be difficult to replicate in a laboratory setting.

Proteins are composed of anywhere from several dozen to several hundred amino acid

residues, resulting in structures that contain thousands of atoms and exhibit a wide range

of dynamics. These dynamics span from bond vibrations occurring on the femtosecond

timescale to large-scale conformational changes that can take place over microseconds or

even longer periods. Molecular Dynamics (MD) simulations represent one of the few es-

tablished simulation techniques capable of handling the extensive system size and intricate

complexity of protein structures while also capturing the relevant timescales. This section

briefly outlines the foundational principles and approximations underlyingMD simulations,

with a focus on Classical MD simulations. It specifically addresses those aspects of MD

simulations that were particularly relevant to this thesis, without aiming for an exhaustive

overview. In addition, we explore the subject of enhanced sampling techniques, with a par-
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ticular emphasis on umbrella sampling, which is employed in one of the research topics

discussed in this thesis.

Classical Molecular Dynamics (MD) simulations utilize Newton’s equations of motion

to model the behavior of molecular systems computationally. The inception of molecular

dynamics calculations can be traced back to the late 1950s, with thework ofAlder et al. [100],

who conducted simulations on simple gases represented as hard spheres. A pivotal mo-

ment in the evolution of MD came in the late 1970s with the publication of ”Dynamics

of folded proteins” by McCammon et al. [101], which marked a significant step forward

in the application of MD to the study of biological molecules. With the progression of

technology, Molecular Dynamics (MD) has grown in significance, offering the capability

to dynamically simulate larger systems over continually extending timescales, thanks to

improvements in computational capabilities. Contemporary simulations are now able to

routinely capture the dynamics of systems comprising 105 to 106 atoms over timescales

of microseconds. Furthermore, advancements in specialized hardware have extended the

reach of MD simulations to cover timescales as long as milliseconds[102–105]. The pro-

ficiency of contemporary MD simulations in modeling the dynamics of large atomic as-

semblies has rendered them a crucial computational instrument that augments experimental

studies in biomolecular systems. Molecular Dynamics (MD) simulations are capable of

capturing various key biomolecular phenomena such as ligand binding, protein folding,

and conformational changes in proteins. These simulations compute the trajectories of in-

teracting atoms and molecules by numerically solving Newton’s equations of motion. The

forces and potential energies between particles are determined using empirical potentials,

commonly referred to as force fields. Given that an analytical solution is unattainable for

systems with more than three interacting particles, MD simulations employ a numerical in-

tegration scheme to solve the equations of motion for systems comprising several million

interacting atoms. The time step chosen for this numerical integration is typically on the
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order of femtoseconds (10−15 seconds), which is sufficient to capture the fastest molecular

vibrations. However, since many biological processes occur over timescales of nanosec-

onds or longer, the number of iterations (simulated time steps) needed to adequately sample

these processes often exceeds millions or even billions.

Figure 2.1: The potential of Molecular Dynamics to simulate systems from the minute to
the vast, up to 106 atoms: (A) An individual molecule, (B) A protein molecule, (C) A frag-
ment of a cell membrane, and (D) A multi-protein assembly. Image Courtesy: M. Heyden.

The accumulation of errors from a large number of discrete integration steps, which

aim to approximate the true solution, can lead to significant deviations, such as in the con-

servation of energy in micro-canonical (NVE = constant number of particles, constant vol-

ume, constant energy) ensembles. However, for most practical uses of MD simulations in

canonical (NVT = constant number of particles, constant volume, constant temperature) en-

sembles, these cumulative integration errors are dampened by the simulated heat exchange
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with an infinite heat bath. This damping is effective as long as the cumulative error over

time (drift of the corresponding conserved quantity) remains small compared to the thermal

fluctuations.

In designing Molecular Dynamics (MD) simulations, carefully considering the simula-

tion box size is essential to avoid artifacts from boundary conditions. Periodic boundary

conditions (PBC) are commonly used to mimic an infinite system by repeating the simula-

tion box in all directions. However, only the properties of the original box are tracked. PBC

permits particles to move freely, with particles that ”exit” the box reentering on the opposite

side. The minimum image convention, employed alongside PBC, ensures that interactions

are limited to the closest images of the particles. While PBC eliminates interfaces with a

vacuum, insufficient box size can lead to artifacts, as it may amplify correlations between

particles due to their periodic images. Additionally, selecting appropriate input parame-

ters, like the integration timestep and total simulation duration, is crucial for achieving a

balance between accuracy and computational efficiency. The integration timestep, which

is the time interval between consecutive updates of potential energies and, notably, forces,

must be sufficiently short to accurately capture the system’s fastest (highest frequency)

vibrations. Consequently, timesteps in MD simulations typically fall in the femtosecond

(fs) range. However, some tools, such as the SHAKE [62] or LINCS [106] constraint

algorithms, can fix bond lengths and/or angles, thereby reducing the degrees of freedom

associated with high-frequency vibrations. This reduction permits the use of larger integra-

tion timesteps, such as 2 fs, in all-atom MD simulations. Moreover, the implementation

of multiple timestep algorithms, like the reversible reference system propagator algorithms

(RESPA) [107], can further enhance simulation speed by updating forces from different

components of the potential energy at varying intervals. Running a longer simulation in-

creases the computational cost. Currently, the total length of simulation trajectories can ex-

tend up to hundreds of milliseconds on specializedmolecular dynamics supercomputers like
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Anton 3 [104, 105, 108]. Regardless of the computational platform used—be it a personal

computer, a computer cluster, or a specialized supercomputer—parallelization algorithms

are employed to distribute the computational load across multiple CPUs or GPUs simultane-

ously. The primary computational challenge in MD simulations lies in the time-consuming

evaluation of non-bonded Lennard-Jones and electrostatic potentials. Since Lennard-Jones

potentials diminish with distance, a cutoff can be implemented for interactions beyond a

certain range without introducing significant errors. Analytical corrections can then be ap-

plied to adjust for truncation errors [109] in the system’s energy and pressure.

In contrast, electrostatic interactions are long-ranged, making a simple distance cut-off

generally impractical. Instead, the particle mesh Ewald method (PME) [110] is often em-

ployed as one of the most common algorithms to incorporate long-ranged electrostatic inter-

actions with minimal computational costs. InMD simulations involving solvents, the repre-

sentation of the solvent can be explicit, with the simulation of individual solvent molecules,

or implicit, using a continuum solvation model. Explicit solvent models, though computa-

tionally intensive, usually incorporate a significant number of solvent molecules that play

a role in force evaluations. Water is often the solvent of choice, and a variety of water

models, as outlined in Chapter 1, may be selected depending on the specific system and

properties under investigation. On the contrary, implicit solvation models do not account

for individual solvent particles; rather, they model the solvent as a uniformmedium through

a mean-field approach.

For all the research projects mentioned in this thesis, explicit water has been used. The

previous chapter (Ch. 1) covers it in detail.

2.2 Approximation I: Born-Oppenheimer Approximation

Classical MD simulation involves three main approximations. The first one is the Born-

Oppenheimer Approximation. The dynamics of a system is governed by the time-dependent
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Schrödinger equation.

HΨ = iℏ
∂Ψ

∂t
(2.1)

where H represents the Hamiltonian, which is the sum of the potential and kinetic en-

ergy,Ψ is the complete wave function of the system, and ℏ is the reduced Planck’s constant,

given by ℏ = h/2π, where h is Planck’s constant. The total wave function includes all par-

ticles in the system, meaning it’s a function of the coordinates and momenta of both nuclei

and electrons. Since electrons have a much lower mass and, consequently, a much higher

velocity compared to nuclei, they are often considered to instantaneously adjust to nuclear

motion. Hence, in the Born-Oppenheimer approximation [111, 112], the total wave func-

tion, Ψtot, is divided into the nuclear wave function, ψn, and the electronic wave function,

ψe,

Ψtot(R, r) = ψn(R) ψe(r|R) (2.2)

where R and r are the coordinates and momenta of the nuclei and electrons, respectively.

Hence, the electronic wave function ψe is dependent on the position of the nuclei in a para-

metric manner, without being influenced by their dynamics. Due to this approximation,

Eq. 2.2 splits into two separate equations: a time-dependent Schrödinger equation govern-

ing the motion of the nuclei, and a time-independent Schrödinger equation describing the

electronic dynamics.

2.3 Approximation II: Force Fields

2.3.1 Definition of a Force Field

The Born-Oppenheimer approximation facilitates treating the electronic wave function

of a system purely based on the nuclear coordinates. Within this approximation, electronic

energies are determined by solving the time-independent Schrödinger equation for elec-

trons. However, for proteins with their extensive number of electrons, this approach is
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impractical. As a result, an alternative approximation is adopted, which involves using

a classical force field to calculate the system’s potential energy based on nuclear posi-

tions. This force field is tailored to align with the quantum-mechanical ground state en-

ergy and is built on a fundamental ’ball-and-spring’ model for atoms linked by bonds [113,

114]. Detailed overview and recent developments in this field, have been reviewed by

Jørgensen et al. [115].

A molecular mechanics force field is a mathematical model or formulation that ex-

presses a molecular system’s potential energy in terms of the positions of its particles. This

model provides a simplified, empirical representation of the system’s potential energy, us-

ing a parameterized analytic formula that is easy to calculate. Instead of delving into the

physical details of the electronic properties and degrees of freedom, which would require

quantummechanical analysis, the force field captures the electronic energy of the molecules

implicitly. Therefore, the interactions between particles and the energies within molecules

are described in a purely phenomenological fashion [116, 117]. The parameters of a force

field can be derived either from theoretical methods, such as ab-initio or semi-empirical

quantum mechanical calculations, or by fitting to experimental data, such as neutron, X-

ray, electron diffraction, NMR, and various spectroscopies like infrared, Raman, and neu-

tron spectroscopy [118]. In a typical force field, molecules are modeled as atoms linked

by spring-like harmonic oscillators, adhering to a fixed molecular topology that encom-

passes bonds, bond angles, and proper and improper dihedrals. The harmonic oscillator

model for chemical bonds prevents the breaking of bonds, as the potential energy of the

oscillator becomes infinite with increasing atom separation. To improve upon this model,

Morse oscillators can be used to replace the parabolic potential, allowing for the possibility

of breaking chemical bonds between particles given sufficient energy. Nonetheless, reac-

tive force fields that permit a changeable molecular topology, like ReaxFF [119], are not

frequently used in biomolecular systems.
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The expression for potential energy in a force field can be segmented into contributions

from bonded interactions and non-bonded interactions.

U(r) = Ubonded(r) + Unon−bonded(r) (2.3)

2.3.2 Bonded Interactions

Bonded interactions are those that rely on intramolecular degrees of freedom, such as

bond lengths, angles between chemical bonds, dihedral angles between chemical bonds sep-

arated by a linking bond, and the deviation from optimal geometries in and out of the plane,

which can be characterized by improper dihedral angles [116]. The total of all intramolec-

ular interactions then constitutes the bonded contribution to the potential energy:

Ubonded(r) =
∑
bonds

kbond
i (ri − r0)2 +

∑
angles

kangle
i (θi − θ0)2

+
∑

dihedrals

kdihe
i [1 + cos(niϕi + δi)]

+
∑

improper

kimp
i

2
(ξi − ξ0)2 (2.4)

Here, k represents a force constant, r denotes particle coordinates, θ symbolizes bond

angles, ϕ signifies dihedral angles, and ξ represents improper dihedral angles. The periodic

dihedral potential includes a multiplicity factor n and a phase constant δ. In Eq. 2.4, the

stretching of bonds is depicted as a simple harmonic oscillator that regulates the length of

covalent bonds. As previously noted, the potentials in this model rely on empirical param-

eters, including parameters like the equilibrium bond length (r0) of chemical bonds, which

can be obtained frommethods such as X-ray diffraction or vibrational spectroscopy. Simul-

taneously, the spring constant may be determined from infrared or Raman spectra [118].

Although the harmonic potential may not be an ideal approximation due to its implication

that bonds cannot break, it often serves as a reasonable compromise between computational
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expense and accuracy. Angle potentials are typically represented as harmonic; however,

two additional expressions can be utilized. One is a trigonometric potential, and the other

is the Urey-Bradley potential
∑

kUB
i (si − s0)2, where s represents the distance between the

two outer atoms forming the angle [118]. For more complex molecules, dihedral potentials,

which represent torsional rotation around the central bond, must be included. The energy

barriers for dihedral rotations are usually low enough to permit conformational transitions

at room temperature, making accurate parameterization of dihedral potentials essential for

replicating the conformational dynamics in complex molecules, including biopolymers like

proteins and nucleic acids [118]. Dihedral potentials are often expressed using cosine func-

tions, where a combination of multiple terms allows for the creation of periodic potentials

with multiple distinct minima. The parameters for dihedral potentials are typically derived

from ab initio calculations using potential energy scans along the corresponding dihedral

angle. The final term in Eq. 2.4 accounts for so-called improper dihedral angles, which help

maintain the planarity of certain groups whose description described by the dihedral term

isn’t possible. It represents the potential for particles moving in and out of the plane, with

ξ denoting the improper angle that measures deviation from planar geometry.

2.3.3 Non-bonded Interactions

Apart from bonded-interactions, the non-bonded interactions account for all interac-

tions between atoms within the same molecule that are separated by three or more chemical

bonds, as well as interactions between atoms of different molecules. Interactions between

atoms separated by one or two bonds (1-2 and 1-3 pairs) are excluded because their inter-

action is already encapsulated within bonded potential terms. Atoms separated by three

bonds can still partake in non-bonded intramolecular interactions, but these are typically

addressed as a distinct case using scaling factors [120]. In many empirical force fields,

non-bonded potentials are formulated as the sum of pairwise additive Lennard-Jones and
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electrostatic potentials. The electrostatic potentials are modeled using Coulomb’s law, de-

scribing interactions between empirical point charges located either on individual atoms or

specific dummy sites defined by the internal coordinates of each molecule, such as in the

TIP4P [68] and TIP5P [121] water models.

Unon−bonded(r) =
∑

i

∑
i, j

4ϵi j

(σi j

ri j

)12

−
(
σi j

ri j

)6 + 1
4πϵ0

∑
i

∑
i, j

qiq j

ri j
(2.5)

where ϵi j represents the well depth of the Lennard-Jones potential between atoms i and j,

σi j is the distance at which the potential energy is zero, qi is the fixed partial charge of atom

i, and ϵ0 is the permittivity of the vacuum. As depicted in Eq. 2.5, individual interactions are

expressed as an aggregate of pairwise additive potentials for all interacting particles in the

given system. The Lennard-Jones potential uses a term inversely proportional to the twelfth

power of the distance ( 1
r12 ) i.e. Pauli repulsion term to approximate repulsive interactions,

chosen mainly for computational efficiency. On the other hand, the 1
r6 term represents the

attractive interactions, aligning with the expected behavior of London dispersion forces.

The parameters σi j and ϵi j, which denote the zero-energy distance and potential well depth

respectively between atoms i and j, can be individually defined in the force field for each

atom pair. However, to simplify, many force fields assign individual atomic parameters (σi

and ϵi) and use rules for combining them. Typically, the geometric mean, ϵi j = (ϵiϵ j)2, is

used for combining ε values, while the arithmetic mean, σi j =
1
2 (σi + σ j), is used for σ

values. The choice of combining rule varies with the force field. In my research, I utilized

the Amber and CHARMM force fields, both of which adopt the arithmetic mean for σi j

and geometric mean for ϵi j.

The second term in Eq. 2.5 represents the electrostatic potential, reflecting the Coulomb

interaction between atoms carrying a non-zero partial charge [116].

Partial charges q are typically determined by fitting the electrostatic potential around a

molecule tomatch the potential obtained from ab initio electronic structure calculations [118].
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For small molecules, adjustments can be made to partial atomic charges alongside other pa-

rameters to fit experimental data predicted from simulations of the molecule in its liquid

state. This fitting process is commonly employed in force field models for water (such as

TIP3P, SPC, SPC/E, TIP4P, and TIP5P) and other solvent molecules. The calculation of

non-bonded interactions in the force field is computationally intensive because it involves

evaluating all pairwise interactions in the system. This becomes especially challenging for

large systems, leading to the adoption of various methods to reduce computational costs.

The Lennard-Jones term in Eq. 2.5, used to represent van der Waals (vdW) interactions,

is effective only over short ranges. Consequently, interactions between atoms separated

by considerable distances have a negligible impact on the overall potential. This feature

enables the establishment of a cutoff distance rvdW, which requires careful ascertainment to

avoid excluding relevant interactions [122]. Interactions between atoms beyond this cutoff

distance are disregarded. There can be slight artificial discontinuities in the potential energy

at the cutoff point. To circumvent this issue, the interaction energy can be gradually reduced

near the cutoff distance rvdW through sigmoidal functions that ensure a smooth transition

from the residual interaction energy near rvdW to zero as the distance increases, instead of

a sharp cutoff [122]. This gradual reduction technique near the actual cutoff distance is

utilized for larger systems. For smaller systems, where the cutoff distance exceeds half the

box size, the cutoff distance needs to be adjusted to prevent self-interaction between atoms

and their periodic images [123].

The second part of Equation 2.5 outlines the electrostatic forces at play between atomic

pairs, which extend significantly further than van der Waals forces. To address the calcu-

lation of long-range electrostatic contributions, the Ewald summation technique is used,

which breaks down the interactions into short-range and long-range components [124]. By

using the convergence function φ(r), the original aggregate can be divided into two distinct
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sums, allowing the potential to be expressed accordingly.

Un =
1
2

∑
l

N∑
i j

Bi j

|ri j + l|n

=
1
2

∑
l

N∑
i j

Bi jϕ(ri j)
|ri j + l|n +

1
2

∑
l

N∑
i j

Bi j[1 − ϕ(ri j)]
|ri j + l|n (2.6)

In the above equation, n specifies the power to which the potential is raised, B serves

as the scaling factor for the potential, ri j are the minimum distances between atoms, and l

are the lattice vectors [124]. The initial part of Eq. 2.6 targets short-range interactions and

is fairly straightforward to evaluate. However, the following term necessitates a Fourier

transform for its calculation. The convergence function’s values are expected to be smooth

for shorter ri j values and should swiftly decline to zero as ri j increases [124]. The Ewald

summation approach is highly efficient when the charge distribution is initially projected

onto a discrete grid in real space, enabling the use of three-dimensional fast Fourier trans-

form (FFT) algorithms [116]. FFTW is one such algorithm utilized for conversion into and

out of reciprocal space [125]. This approach is adopted in the particle mesh Ewald (PME)

algorithm [126], which has been applied to all the MD simulations in this body of work.

PME refines the efficiency of the reciprocal sum by interpolating charges onto a grid rather

than tallying wave vectors directly. A Fourier transform through a 3D FFT algorithm then

computes the reciprocal energy term by a single summation over the k-space grid. The in-

verse 3D FFT computes the potential at these grid points and, with interpolation factors,

facilitates the calculation of forces on individual atoms [109]. For medium to large-sized

systems, PME is markedly more efficient than traditional Ewald summation, with compu-

tational complexity scaling as N log(N). In contrast, for smaller systems, the preparatory

steps of grid setup and Fourier transformation in PME may consume more computational

time than a simple Ewald summation.
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2.4 Approximation III: Classical Dynamics for Nuclei

2.4.1 Newton’s Equations of Motion

The complex size of proteins and large biomolecules precludes solving the time-dependent

Schrödinger equation for nuclear motion. Consequently, as a third approximation, the dy-

namics of the nuclei are described classically using Newton’s second law. Hence, classical

molecular dynamics (MD) simulations rely on Newton’s equations of motion to model a

system of N interacting particles, necessitating numerical solutions since analytical ones

are not feasible for systems with three or more interacting particles.

−∇iU(r(t)) = mi
d2ri

d2t
, or (2.7)

Fi = mi ai (2.8)

where ∇i represents the gradient
(

∂
∂ri,x

, ∂
∂ri,y

, ∂
∂ri,z

)
[116].

In Equation 2.4, the force experienced by atom i is represented as the negative gradi-

ent of the potential energy concerning the atom’s coordinates. These equations are solved

numerically for every atom using discrete time steps, typically on the order of femtosec-

onds. During the simulation, the system’s progress is tracked, with the positions of the

atoms recorded at every nth step. This process creates a trajectory, r(t), which maps out the

changes in the system’s coordinates as a function of time. To initiate any MD simulation,

it is crucial to have the initial coordinates and velocities of each atom at time t = 0. These

initial velocities can be randomly assigned in accordance with the Maxwell-Boltzmann ve-

locity distribution, which governs the distribution of speeds for particles in a gas.

p(vi) =
√

mi

2πkBT
exp

(
−

miv2
i

2kBT

)
(2.9)

here, kB is the Boltzmann’s constant. To begin MD simulations, the initial parameters

outlined earlier are essential for numerical integration methods. With each new time step
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∆t, the method updates the coordinates and velocities based on the previously determined

set, using the forces calculated for that step. One of the most straightforward numerical

integration techniques employed is the Euler algorithm.

r (t + ∆t) = r (t) + v (t)∆t +
f (t)
2m
∆t2

v(t + ∆t) = v(t) +
f (t)
m
∆t (2.10)

In this equation, r(t) denotes the coordinates of atoms at time t, v(t) represents the veloc-

ity at time t, f is the force, m is the particle mass, and ∆t is the time step. However, the Euler

algorithm, described in Eq. 2.10, suffers from not being time-reversible and introduces lo-

cal truncation errors of order (∆t2) and global errors of order (∆t) [127]. To overcome

these limitations, MD simulations commonly employ the velocity-Verlet and leap-frog al-

gorithms. These methods strike a balance between Euler’s simplicity and the precision of

higher-order techniques. A crucial difference between Euler’s method and these two algo-

rithms is their second-order accuracy, making them symplectic [128] and time-reversible.

The velocity-Verlet and leap-frog methods, although they treat velocities in slightly varied

manners, are algebraically similar. In the velocity-Verlet algorithm, coordinates and veloci-

ties are updated simultaneously, leading to enhanced local errors at each time step compared

to Euler’s method, with errors of order (∆t4) for coordinates and (∆t2) for velocities. As for

global errors, both coordinates and velocities in the velocity-Verlet algorithm exhibit errors

of order (∆t2) [127]. Expressing the velocity - Verlet algorithm as:

r (t + ∆t) = r (t) + v (t)∆t +
f (t)
2m
∆t2

v(t + ∆t) = v(t) +
f (t) + f (t + ∆t)

2m
∆t (2.11)

In contrast to the velocity-Verlet algorithm, the leap-frog algorithm staggers the up-

dates of coordinates and velocities by a half-time step, as demonstrated in the subsequent

expression.
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The leap-frog algorithm is represented as:

v
(
t +
∆t
2

)
= v

(
t − ∆t

2

)
+

f (t)
m
∆t (2.12)

r (t + ∆t) = r (t) + v
(
t +
∆t
2

)
∆t (2.13)

In reviewing Eq. 2.11 and Eq. 2.13, it may not be immediately obvious that the velocity-

Verlet and leap-frog algorithms are equivalent, given their distinct approaches to updating

coordinates and velocities. Additionally, while the velocity-Verlet algorithm requires initial

coordinates and velocities to begin a new simulation, the leap-frog algorithm necessitates

the calculation of velocities at ∆t
2 for initialization. This can be achieved by reversing Eu-

ler’s method with ∆t
2 = −

1
2 . Such an adjustment allows for a reformulation of the leap-frog

method that facilitates the simultaneous evaluation of positions and velocities. In my re-

search, all simulations were conducted using the leap-frog integrator, as implemented in the

GROMACS software package [109].

The force is a critical component that must be evaluated both rapidly and precisely.

Errors in the coordinates, obtained during the numerical integration of the equations of

motion, can particularly impact the repulsive components of Lennard-Jones interactions,

which scale with
(

1
r12

)
, resulting in forces that scale with

(
1

r13

)
. The same issue appears

with strong covalent bonds possessing large force constants, as minor errors in integrating

coordinates can result in substantial forces if bond constraints are not applied. If the time

step is too large to accurately capture these interactions and movements, it can lead to the

artificial generation of potential energy. This increase in potential energy often arises from

fast particles being too close to the steep rise of a repulsive potential term, which may sub-

sequently transform into kinetic energy during the simulation, amplifying the error in up-

dating positions and velocities. Fast stretching vibrations of OH or CH bonds, with a period

of about 10 fs, are particularly sensitive to this issue. To resolve these vibrations accurately,

it is advised to use a time step of 0.5 fs or smaller. Specialized constraint algorithms, like
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LINCS, which reset bonds to their equilibrium lengths following an unconstrained update,

effectively eliminate these degrees of freedom from the simulation, thereby enabling larger

time steps. However, in scenarios where the time step is too large, such as in extended

simulations within a microcanonical NVE ensemble, significant errors in total energy can

accumulate due to the artificial generation of potential energy, unless corrective measures

for energy are involved.

2.5 Temperature and Pressure Coupling

2.5.1 Temperature Coupling

Newton’s equations of motion, typically in the NVE (constant number of particles, con-

stant volume, constant energy) ensemble. However, the canonical (NVT) ensemble [77],

where particle count, volume, and temperature are kept constant, is more commonly used in

various applications. To maintain a constant temperature during simulations, several tem-

perature control algorithms are employed. In this thesis, all simulations were carried out

using the GROMACS software package, where I utilized the Berendsen [129] and Nosé-

Hoover [130] temperature control schemes. Maintaining temperature in simulations offers

additional advantages, such as eliminating total energy drifts caused by force truncation

and integration errors [109]. This helps prevent the artificial accumulation or build-up of

energy due to the imperfect methods described in previous sections. In the simulations,

temperature regulation is accomplished by linking the simulated system to an external heat

bath through the use of thermostats. Within this thesis, two distinct temperature control

strategies were implemented. The first is the Berendsen algorithm, which facilitates weak

temperature coupling to an external bath. It operates by adjusting the atomic velocities to

rectify any discrepancies between the system’s temperature and the target temperature T0,
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as per the algorithm described below:

∂T
∂t
=

T0 − T
τT

(2.14)

This suggests that any deviation in temperature decays exponentially with a time con-

stant τT [109]. The Berendsen thermostat’s advantage lies in its ability to adjust the coupling

strength according to the user’s needs. However, it does not produce a proper canonical en-

semble as it dampens fluctuations in kinetic energy [131]. The error associated with this

thermostat scales with 1
N , meaning that most ensemble averages will not be significantly

impacted for sufficiently large systems. Nonetheless, the kinetic energy distribution will

remain inaccurate. For system equilibration, the Berendsen thermostat is commonly used

due to its rapid and effective temperature adjustment. After achieving equilibration, it is

suggested to transition from the Berendsen to a thermostat such as Nosé-Hoover, which

can accurately produce a canonical ensemble. The Nosé-Hoover thermostat adds an extra

degree of freedom through a unique equation of motion, in which a friction coefficient ξ(t)

influences the atomic velocities vi(t) and is linked to the system being simulated.

mi
d2ri

dt2 = −∇iU(r(t)) − ξ(t)dri

dt
(2.15)

The friction constant ξ(t) is determined by the difference between the current tempera-

ture and the target temperature T0, and it follows its distinct equation of motion:

ξ(t) =
1
Q

(T − T0) (2.16)

Here, Q represents a mass parameter that is inversely proportional to the square of the

oscillation frequency [116]. As illustrated in Eq. 2.15, the Nosé-Hoover thermostat facil-

itates an oscillatory exchange of kinetic energy between the simulated system and the heat

bath. Consequently, the temperature oscillates around the reference temperature, ultimately

producing a correct canonical ensemble in this scenario.
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2.5.2 Pressure Coupling

Just as with temperature coupling, the system can be coupled to a pressure bath. During

simulations using GROMACS, I employed the Berendsen barostat for the equilibration of

the NPT (constant number of particles, constant pressure, constant temperature) ensemble.

This barostat is highly effective in relaxing the system, much like the Berendsen thermostat.

It modifies the coordinates and box vectors at every step, leading to a first-order kinetic

relaxation of the pressure towards a target reference pressure P0 [132].

∂P
∂t
=

P0 − P
τp

(2.17)

While the Berendsen barostat is effective for the equilibration phase, it should be avoided

for production simulations as it does not accurately probe the true NPT ensemble, owing to

its quelling of pressure fluctuations.

For constant pressure, the extended ensemble is implemented via the Parrinello-Rahman

method, similar to the Nosé-Hoover approach, which also follows its specific equation of

motion. In this barostat, the matrix b, representing the box vectors, is governed by the

matrix equation of motion [133, 134]:

d2b
dt2 = VW−1b′−1(P − P0) (2.18)

In this expression, V denotes the volume of the simulation box, while P and P0 are

the matrices of the current and reference pressures, respectively. The term W−1 represents

the inverse of a mass parameter that dictates the coupling strength and characterizes the

box’s deformability. The strength of the coupling is influenced by the dimensions of the

simulation box L, the isothermal compressibilities β, and the pressure-time constant τp.(
W−1

)
i j
=

4π2βi j

3τ2
pL

(2.19)

If the initial pressure in the simulation is significantly off from equilibrium, the Parrinello-

Rahman barostat can lead to large oscillations in the box, potentially causing the simulation
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to fail. As previously mentioned, it’s more effective to first employ the weak-coupling

method to attain the desired pressure and then switch to the Parrinello-Rahman barostat to

accurately maintain a true NPT ensemble.

2.6 Enhanced Sampling Methods

Classical molecular dynamics (MD) simulations are a powerful tool for studying the

dynamics of physical, chemical and biochemical systems at the atomic level [135–138].

However, they often face limitations when it comes to sampling long timescale events,

such as protein folding, conformational changes in large biomolecules, or rare events like

chemical reactions. These processes can occur on timescales much longer than those ac-

cessible by standard MD simulations, which typically span nanoseconds to microseconds.

To overcome these limitations, enhanced sampling techniques [139–142] have been devel-

oped to accelerate the exploration of the conformational space and access longer timescale

events.

Generally, these methods fall into two categories: one category utilizes bias potentials

along specific collective variables (CVs) of the system (termed as CV-based methods),

whereas the methods in the other category operate without the need for predefined CVs

(referred to as CV-free methods).

CV-based sampling methods significantly enhance the convergence of free energy cal-

culations when the collective variables (CVs) are appropriately chosen. Techniques such

as Umbrella Sampling (US) [143, 144], Metadynamics (MetaD) [139, 145, 146], Steered

Molecular Dynamics (SMD) [147], Adaptive Biasing Force (ABF) [148], Conformational

Flooding [149], the String Method [150], and Temperature Accelerated Molecular Dynam-

ics (TAMD) [151] are commonly used methods in this category of enhanced sampling.

However, identifying suitable CVs for many systems can be a challenging task.

In cases where selecting suitable CVs is challenging, CV-free sampling methods prove
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beneficial as they enable the exploration of biomolecular configurations without the need

for prior knowledge of the system. These methods are particularly useful for investigating

potential structural transition pathways in biomolecules and identifying unknown interme-

diate states. Notable methods in this second class of sampling techniques include Replica

Exchange (RE) [152] or Parallel Tempering (PT), Self-Guided Molecular Langevin Dy-

namics (SGLD) [153, 154], and Accelerated Molecular Dynamics (aMD) [155]. For more

complex or larger systems, employing a combination of enhanced sampling methods, such

as Replica Exchange Umbrella Sampling (REUS) [156, 157] or Bias-Exchange Metady-

namics (BE-MetaD) [158], can provide a robust approach for efficiently sampling confor-

mational transitions.

A few of the common techniques are discussed here. One of the common approaches,

developed by Parinello et al., is metadynamics [139, 145, 146], which introduces a history-

dependent biasing potential to discourage the system from revisiting previously explored

regions of the phase space.

Another popular method is replica exchange molecular dynamics (REMD) [152], where

multiple replicas of the system are simulated at different temperatures, allowing for ex-

changes between replicas and facilitating the sampling of high-energy states.

Temperature-accelerated molecular dynamics (TAMD) [151] and accelerated molecular

dynamics (aMD) [155] are techniques that modify the potential energy surface to lower

energy barriers and speed up the sampling process. These methods are particularly useful

for studying processes with high activation barriers.

Umbrella sampling [143, 144] is a technique that focuses on sampling specific regions

of the reaction coordinate by applying a biasing potential. It is often used to calculate free

energy profiles of chemical reactions or conformational changes. In umbrella sampling,

the reaction coordinate is divided into overlapping windows, and separate simulations are

performed for each window. The resulting data are then combined to reconstruct the free
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energy landscape.

Overall, enhanced sampling techniques provide a way to study processes that are oth-

erwise inaccessible to classical MD simulations, offering insights into the mechanisms of

complex chemical and biochemical phenomena.

In the following discussion, I will concentrate on the CV-based technique of umbrella

sampling, which I utilized in Chapter 7 for calculating the folding and binding free energies

of disordered proteins.

2.6.1 Umbrella Sampling

Umbrella sampling is an equilibrium-enhanced sampling technique used to calculate the

free energy profile along one or more reaction coordinates, or collective variables (CVs).

Developed by Torrie and Valleau [143] in 1977, this method facilitates the sampling of

conformational dynamics along selected CVs, allowing for the determination of relative

free energies of various states along the reaction coordinates. A reaction coordinate (ξ)

is commonly a single variable, characterized as a continuous parameter based on atomic

coordinates. It streamlines the description of a high-dimensional system by minimizing the

dimensionality of its parameters, offering a more manageable representation of the system’s

behavior.

The selection of a collective variable is crucial for differentiating between distinct states

and calculating their free energy differences by biasing the system along the reaction coor-

dinate. It is a critical step in accurately capturing the system’s behavior and ensuring that

the free energy landscape is well-sampled. This approach is particularly effective in sur-

mounting energy barriers that are often encountered in free energy calculations, making it

a widely favored method for exploring complex energy landscapes and understanding the

thermodynamics of various processes.

A schematic representation of umbrella sampling is illustrated in Fig. 2.2. In this ap-
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proach, a series of independent windows are employed along a selected collective variable

(CV) to model the transition of conformation within the system. Each window focuses on

a specific region of the CV, allowing for detailed sampling of the energy landscape and

facilitating the reconstruction of the free energy profile associated with the conformational

transition.

Figure 2.2: The potential of mean force is determined with the help of a series of overlap-
ping umbrella potential windows along the chosen collective variable ξ. Image courtesy.
Liao et al. [2]

In umbrella sampling, each window is centered at a specific value of the collective

variable (CV). To facilitate sampling at that point, a simple harmonic bias potential, ωi(ξ),

is added to each window. The strength of this bias potential is determined by its force

constant, k. This biasing helps overcome energy barriers and enhances the exploration of the

conformational space around the targeted CV value. In some instances [144], an adaptive

bias function can also be employed to dynamically adjust the biasing potential based on the

sampling progress, further improving the efficiency of the sampling process.

34



When incorporating a bias potential ωi(ξ) that depends on the reaction coordinate into

the system within a specific window, the total biased energy can be represented as follows:

Eb = Eu + ωi(ξ) (2.20)

In this expression, i denotes the ith window in the umbrella sampling system. The sub-

scripts u and b indicate unbiased and biased simulations, respectively. For this discussion,

we are using E as the notation for the potential energy of the system, which is equivalent to

other common notations such as V or U. The harmonic bias potential added to this system

is depicted as:

ωi(ξ) =
1
2

k(ξ − ξi)2 (2.21)

In this context, ξi serves as the reference coordinate point for a single umbrella window.

During the simulation, if the system deviates from the reaction coordinate, the added bias

potential exerts a force that nudges the system back towards the mean position, ensuring

that the sampling remains focused around the intended region of the reaction coordinate.

To determine the unbiased free energy from the biased simulations, it is essential to obtain

the unbiased distribution of the reaction coordinate. This involves correcting for the bias

introduced by the umbrella sampling potential, allowing for the reconstruction of the true

free energy landscape along the reaction coordinate.

In the canonical ensemble (NVT), the Helmholtz free energy can be calculated from the

probability distribution as follows:

Au(ξ) = −kBT lnPu(ξ) = −1
β

lnPu(ξ) (2.22)

For isothermal-isobaric ensemble (NPT), the Gibbs free energy is estimated from:

Gu(ξ) = −kBT lnPu(ξ) = −1
β

lnPu(ξ) (2.23)

The probability distribution along the reaction coordinate, ξ, is determined by integrat-

ing out all degrees of freedom except for ξ in the Boltzmann distribution. This process
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involves averaging over all possible configurations of the system at each point along the

reaction coordinate. By doing so, we capture the probability of the system being in a par-

ticular state for each value of ξ. This integration step is crucial as it enables us to derive the

probability distribution along the reaction coordinate, providing insights into the relative

populations of different states and the free energy landscape associated with the coordinate:

Pu(ξ) =

∫
δ[ξ(r) − ξ] e−βEu(r) dNr∫

e−βEu(r) dNr
(2.24)

In the expression, dNr represents the fraction of elements or points in the phase space,

which encompasses both the configuration space and momentum space. The term dξ sig-

nifies an interval along the reaction coordinate ξ. The Kronecker delta is utilized to denote

the specific instances where the reaction coordinate of a particular configuration falls within

the interval dξ. Hence the Kronecker delta is employed to represent δ[ξ(r) − ξ] = 1 when

ξ(r) = ξ, and δ[ξ(r) − ξ] = 0 when ξ(r) , ξ.

This delta function ensures that only those configurations contributing to the probabil-

ity distribution within the specified interval of the reaction coordinate are counted. This

approach allows for a precise calculation of the probability distribution by considering the

contributions from different regions of the phase space along the reaction coordinate.

To determine the unbiased free energyGu(ξ), we must first calculate the unbiased prob-

ability distribution Pu(ξ). However, what we obtain directly from our umbrella sampling

(US) simulation is the biased probability distribution Pb(ξ). This biased distribution reflects

the influence of the added biasing potentials in each umbrella sampling window. To extract

meaningful thermodynamic information, we need to correct for this bias and recover the

true, unbiased probability distribution of the system along the reaction coordinate ξ. This

unbiased distribution is essential for accurately computing the free energy landscape and

understanding the thermodynamics of the system under study.

To establish a relationship between the biased probability distribution Pb(ξ) and the
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unbiased probability distribution Pu(ξ), we can compute Pb(ξ) in a manner similar to Pu(ξ)

by incorporating the bias potentialω(ξ) from Eq. 2.21 into Eq. 2.24. This involves adjusting

the probability distribution to account for the biasing effects introduced during the umbrella

sampling simulation. By correctly incorporating the bias potential, we can derive the biased

probability distribution from the simulation data, which can then be used to recover the

unbiased probability distribution and, subsequently, the unbiased free energy profile.

Pb(ξ) =

∫
δ[ξ(r) − ξ] e−β[Eu(r)+ω(ξ(r))] dNr∫

e−β[Eu(r)+ω(ξ(r))] dNr
(2.25)

or,

Pb(ξ) =

∫
δ[ξ(r) − ξ] e−βEu(r) e−βω(ξ(r)) dNr∫

e−β[Eu(r)+ω(ξ(r))] dNr
(2.26)

Given that the bias potential solely depends on the reaction coordinate ξ, we can rewrite

Eq. 2.26 to reflect this dependence and simplify the expression for the biased probability

distribution. This modification allows us to explicitly incorporate the effect of the bias

potential on the probability distribution along the reaction coordinate.

Pb(ξ) =
e−βω(ξ)

∫
δ[ξ(r) − ξ] e−βEu(r) dNr∫

e−β[Eu(r)+ω(ξ(r))] dNr
(2.27)

By utilizing Equations 2.24 and 2.27, we can calculate the ratio of the unbiased prob-

ability distribution Pu(ξ) to the biased probability distribution Pb(ξ) i.e. Pu(ξ)/Pb(ξ) as

follows:
Pu(ξ)
Pb(ξ)

=

∫
δ[ξ(r) − ξ] e−βEu(r) dNr

∫
e−β[Eu(r)+ω(ξ(r))] dNr∫

e−βEu(r) dNr e−βω(ξ)
∫
δ[ξ(r) − ξ] e−βEu(r) dNr

(2.28)

After canceling out two similar terms from numerator and denominator, we have:

Pu(ξ)
Pb(ξ)

= eβω(ξ)

∫
e−β[Eu(r)+ω(ξ(r))] dNr∫

e−βEu(r) dNr
(2.29)

or,

Pu(ξ) = Pb(ξ) eβω(ξ)

∫
e−βω(ξ(r)) e−βEu(r) dNr∫

e−βEu(r) dNr
(2.30)
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In Eq. 2.30, we represent the unbiased probability distribution Pu(ξ) in terms of the

biased distribution Pb(ξ) Here, the ensemble average of e−βω(ξ(r)) = A represents the average

value of the exponential of the negative bias potential energy, weighted by the Boltzmann

factor, over all possible configurations of the system. This quantity is a crucial component

in reweighting the biased probability distribution to obtain the unbiased distribution.

< A > =

∫
A(r) e−βEu(r) dNr∫

e−βEu(r) dNr
(2.31)

Substituting Eq. 2.31 to Eq. 2.30, we can rewrite Eq. 2.30 as:

Pu(ξ) = Pb(ξ) eβω(ξ) < e−βω(ξ) > (2.32)

So, this equation 2.32 essentially states that the unbiased probability distribution can be

obtained by reweighting the biased probability distribution with the exponential of the bias

potential and normalizing by the ensemble average of the exponential of the negative bias

potential. This reweighting procedure corrects for the bias introduced during the simulation

and recovers the true free energy landscape of the system.

By substituting Eq. 2.32 into Eq. 3.27, we can derive the unbiased free energy as

follows:

Gu(ξ) = −1
β

lnPu(ξ) = −1
β

ln[Pb(ξ) eβω(ξ) < e−βω(ξ) >] (2.33)

or,

Gu(ξ) = −1
β

lnPb(ξ) − 1
β

lneβω(ξ) − 1
β

ln < e−βω(ξ) > (2.34)

or by further simplification, we obtain,

Gu(ξ) = −1
β

lnPb(ξ) − ω(ξ) − 1
β

ln < e−βω(ξ) > (2.35)

In this expression, we define the term 1
β

ln eβω(ξ) as ω(ξ) which is the bias potential ap-

plied during the simulation. The biased free energy is denoted as Gb(ξ) = −kBT ln Pb(ξ),
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and the term −kBT ln⟨e−βω(ξ)⟩ represents the reweighting factor F required to adjust for the

bias introduced by the umbrella sampling potential. By incorporating these definitions, we

can rewrite the final expression as follows:

Gu(ξ) = Gb(ξ) − ω(ξ) + F (2.36)

Therefore, Equation 2.36 provides a method for calculating the unbiased free energy

of the reaction, Gu(ξ), using the biased probability distribution Pb(ξ) acquired from um-

brella sampling simulations. The calculation of Gu(ξ) also involves considering the artifi-

cial bias potential ω(ξ) applied during the simulations and the factor F, which accounts for

the reweighting necessary to correct for the bias. This approach enables the extraction of

accurate thermodynamic information from simulations that have been artificially biased to

enhance sampling efficiency.

Now, we can apply Equation 2.36 to each window, denoted by the index i, in the um-

brella sampling simulation. By doing so, we can calculate the free energy Gu
i (ξ) for each

individual window. This approach allows us to obtain a set of free energy values corre-

sponding to the different segments of the reaction coordinate covered by each window.

By piecing together these individual free energy values, we can construct the overall free

energy profile along the reaction coordinate, providing a detailed understanding of the ther-

modynamic landscape of the system under study.

Gu
i (ξ) = Gb

i (ξ) − ωi(ξ) + Fi (2.37)

To derive the global unbiased free energy profileGu(ξ) by combining the individual free

energy values Gu
i (ξ) from each window, it is necessary to calculate the reweighting factor

Fi for each window. This factor is crucial for accurately integrating the contributions from

each window to construct the overall free energy landscape.

39



2.6.2 Weighted Histogram Analysis Method (WHAM)

Various methods exist for calculating the reweighting factor Fi and the potential of mean

forceGu(ξ), but the Weighted Histogram Analysis Method (WHAM) [159–161] is the most

commonly used approach. WHAM is specifically designed to amalgamate the results from

different windows in umbrella sampling simulations. Its primary objective is to minimize

the statistical error in the unbiased probability distribution Pu(ξ) by optimally combining

the biased probability distributions from each window. This process ensures a more accu-

rate and reliable reconstruction of the free energy landscape across the entire range of the

reaction coordinate.

From the definition of Fi in Eq. 2.35:

Fi = −
1
β

ln < e−βω(ξ) >

or,−βFi = ln < e−βω(ξ) >

(2.38)

e−βFi = < e−βω(ξ) >

=

∫
e−βω(ξ) e−βEu

i dξ∫
e−βEu

i dξ

=

∫
Pu(ξ) e−βω(ξ) dξ

(2.39)

Equation 2.39 reaches its final form when the definition of the ensemble average is ap-

plied. This involves integrating over all possible configurations of the system, weighted by

their Boltzmann factors, to obtain a statistically meaningful average value for the quantity

of interest. By incorporating the ensemble average, the equation becomes a comprehensive

representation that accounts for the contributions of all relevant states in the system.

The global unbiased probability distribution Pu(ξ) is calculated as a weighted average

of the probability distributions from each individual window in the umbrella sampling sim-
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ulation. This weighted average takes into account the contributions of each window to

the overall distribution, ensuring that the final Pu(ξ) accurately reflects the thermodynamic

properties of the system across the entire range of the reaction coordinate.

Pu(ξ) =
Nwindows∑

i

pi(ξ) Pu
i (ξ) (2.40)

The weights pi are chosen to minimize the statistical error of the unbiased probability

distribution Pu(ξ). By carefully selecting these weights, the combined probability distri-

bution from all windows can be optimized to provide the most accurate representation of

the system’s thermodynamic behavior along the reaction coordinate. This optimization is

crucial for ensuring that the final free energy profile is as precise as possible.

∂σ2(Pu(ξ))
∂pi

= 0 (2.41)

under the second applied normalizing condition of:

Pu(ξ) =
Nwindows∑

i

pi(ξ) = 1 (2.42)

Combining Eq. 2.41 and 2.42 leads to[159]:

pi =
ai∑Nwindows

j a j(ξ)
(2.43)

Each of these individual weighting factors ai(ξ) are expressed as follows:

ai(ξ) = Ni e−βωi(ξ)+βFi (2.44)

TheWeightedHistogramAnalysisMethod (WHAM) operates by determining the reweight-

ing factor Fi, which is essential for computing the unbiased free energy. In this process,

ai(ξ) is a weighting factor for each window i at a particular value of the reaction coordinate
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ξ, and Ni represents the total number of steps sampled for each window i. The primary ob-

jective is to calculate the unbiased probability distribution Pu(ξ), which can be formulated

as a linear combination of the probability distributions from each of the umbrella sampling

windows, as depicted in Equation 2.40).

To achieve this, the weights in Equation 2.40 are computed using Equations 2.43 and

2.44, with the aim of minimizing the statistical error in the unbiased probability distribution.

These weights play a crucial role in accurately combining the biased probability distribu-

tions from different windows into a coherent global distribution.

The iterative nature of the WHAM algorithm requires solving the equations repeatedly

until the results converge to a stable solution. This iterative process ensures that the final

unbiased free energy profile is both accurate and reliable, providing valuable insights into

the thermodynamic properties of the system under study.
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Chapter 3

3D-2PT

3.1 Introduction

In solutions, molecular interactions are driven by solvation free energies, which play

a critical role in determining the conformational stability of biomolecules and the forma-

tion of complexes. These energies are central to solvent-mediated interactions, such as

the hydrogen bonding, and hydrophobic effect in water. Nevertheless, accurately capturing

solvation free energies, especially in aqueous environments, poses a considerable challenge

in computer simulations when the solvent is not explicitly represented. To enhance exist-

ing models, a detailed understanding of the microscopic interactions between the solute

and solvent is required, which is often not readily available from experimental data. This

emphasizes the importance of employing advanced computational approaches to accurately

model the complex interactions involved in solvation processes and their impact on molecu-

lar systems. In recent years, computational tools have been developed to derive insights into

solvation free energies and solute-solvent interactions from simulations involving explicit

solvents. These tools encompass spatial decompositions of solvation enthalpy and entropy,

which hold the potential to enhance our theoretical comprehension of solvation thermo-

dynamics. Several computational techniques have been developed to provide a detailed

spatial understanding of solvent thermodynamics. These include inhomogeneous solvation

theory (IST) [162, 163] and its three-dimensional (3D) grid-based variant (GIST) [164–

166], Two-phase thermodynamics (2PT) [81, 82] and its spatially resolved counterpart,

3D-2PT [167, 168], and cell theory [169, 170] and grid cell theory (GCT) [171]. More-

over, multiscale cell correlation (MCC) [172–174] combines information across various
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scales to offer a comprehensive view of solvent thermodynamics. In the course of my re-

search, I have employed the 3D-2PT method to examine the spatially resolved solvation

thermodynamics around flexible, unstructured proteins (IDPs) and to analyze the solvation

environment of bulk water in the presence of different strengths of electric fields. In this

section, we will delve into the methodologies behind the 3D-2PT technique.

3.2 Vibrational Densities of States (VDoS)

Classical Molecular Dynamics (MD) simulations, which utilize Newtonian mechanics

to depict the system, enable the computation of diverse time correlation functions and their

corresponding spectral densities. These computations are derived from trajectories gener-

ated byMD simulations and can be associated with various dynamical events [175]. The ve-

locities of watermolecules obtained fromMolecular Dynamics (MD) simulations are instru-

mental in calculating the vibrational density of states (VDoS). This data is critical for under-

standing the properties of water molecules that are dynamically coupled with biomolecules,

such as proteins. The analysis of water velocities near the surface of a biomolecule and in

the bulk region provides insights into the behavior of these coupled water molecules. Such

water molecules play a pivotal role in influencing the structure, dynamics, and function of

the associated proteins.

The examination of the water’s vibrational density of states (VDoS) can offer an es-

timate of the system’s thermodynamic properties [176], such as entropy. This renders

the VDoS a potent instrument for investigating the thermodynamics of biological systems

through Molecular Dynamics (MD) simulations. The vibrational density of states (VDoS)

of water can be calculated by applying the Fourier transform to the velocity autocorrelation

function (VACF) of water molecules, denoted as (Cv):

Cv(τ) = ⟨vi(t + τ) vi(τ)⟩ (3.1)
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where vi represents the velocity vector of atom i of a water molecule at time t. In Eq. 3.1,

the angular brackets denote the process of averaging across all atoms of a given type in the

system and over different initial reference times t. This equation is the conventional method

for calculating the vibrational density of states (VDoS) [175]. By performing a Fourier

transform on the velocity autocorrelation function (VACF), we can derive the VDoS:

VDoS i(ν) =
2

kBT

∫ ∞

−∞
ei 2π ν τmiCv(τ) dτ (3.2)

In this expression, kB represents Boltzmann’s constant, and T denotes the temperature

of the system. The mass of atom i, represented bymi, serves as a weighting factor in Eq. 3.2.

This equation provides a description of how the kinetic energy associated with the normal

modes is distributed across different frequencies in the frequency domain [3]. Additionally,

the prefactor 2
kBT plays a crucial role in converting the classical system into the VDoS. This

conversion allows the VDoS to be used as a tool to represent the distribution of degrees

of freedom across various vibrational frequencies, offering a deeper understanding of the

system’s vibrational properties. For unconstrained molecules, properties obtained from the

VDoS can be easily separated into atomic contributions. This is possible because the over-

all VDoS is derived from the sum of the spectral densities of individual atoms [177]. For

an unconstrained bulk water molecule, the total VDoS, as depicted in Eq. 3.2, is typically

determined by aggregating the average contributions of the velocities of oxygen and hy-

drogen atoms. Regardless, in scenarios where simulated water molecules have constrained

bond lengths and angles, as in the TIP3P or TIP4P/2005 water models used in this the-

sis’s research projects, (except for the second work in Ch. 6 where 3D-2PT was modified

to include the vibrational component as flexible TIP4P/2005 water was used. [178]) it is

not feasible to accurately calculate the total VDoS as separate average contributions from

the velocities of oxygen and hydrogen atoms. To capture the contributions to the VDoS,

one can alternatively analyze the translational and rotational degrees of freedom of a water
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molecule, as well as intramolecular vibrations, if present. The general case with trans-

lational and rotational degrees of freedom is illustrated in Fig. 3.1, B. The translational

degrees are linked to the velocity of the water molecule’s center of mass, while the rota-

tional degrees are connected to the angular velocities ωk
rot around the three distinct axes.

The mass of the water molecule is used for the translational contributions, and the moments

of inertia, Ik, are employed for the rotational contributions around each axis.

Figure 3.1: Vibrational Density of States (VDoS) of BulkWater Decomposed intoDifferent
Contributions: A) The blue line represents the VDoS of a water molecule, while the red and
green lines illustrate the contributions of oxygen and hydrogen atoms to the VDoS of a water
molecule, respectively. B) The blue line indicates the VDoS of a water molecule, while the
red and green lines depict the translational and rotational contributions to the VDoS of a
water molecule, respectively. Image courtesy V. Pattni. [3]
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In the upcoming sections of this chapter, we will discuss a method known as the two-

phase thermodynamics (2PT) method [81, 82], along with its spatially resolved extension.

This approach enables us to apply the 2PT formalism to water molecules distributed on a

three-dimensional grid of voxels centered around a solute. This technique is instrumental in

analyzing the thermodynamic properties associated with the process of solvation. Specifi-

cally, we will explore the 3D-2PTmethod developed by Persson et al. [83], which provides

a detailed understanding of solvation thermodynamics. From the VDoS, it is possible to de-

rive the system’s total number of degrees of freedom. By integrating the area under the blue

curve in Fig. ??, the total degrees of freedom for a water molecule can be determined. Ad-

ditionally, the integration of the red and green curves separately yields the translational and

rotational degrees of freedom, respectively, each amounting to 3 [83]. It is important to note

that when the VDoS is normalized, the total degrees of freedom for water remain constant,

whether the water molecule is situated in the bulk or within the first hydration shell [175].

The vibrational density of states (VDoS) at zero frequency is directly associated with the

self-diffusion coefficient D in pure fluids. The diffusion coefficient D can be determined

from the velocity autocorrelation function using the following expression:

D =
1
3

∫ ∞

0
Cv(t)dt =

1
6

∫ ∞

−∞
Cv(t)dt =

1
6mN

∫ ∞

−∞
Cv(t)dt (3.3)

In this equation, m represents the mass of the particles, and N is the total number of

particles. When zero frequency is substituted into Equation 3.2, the resulting expression

becomes:

VDoS (0) =
2

kBT

∫ ∞

−∞
Cv(t)dt =

12mND
kBT

D =
VDoS (0)kBT

12mN
(3.4)

where the expression for diffusivity is:

47



D =
VDoS (0)kBT

12mN
(3.5)

The diffusivity of water molecules in bulk is greater than the ones interacting with a

solute. This is indicated by the diffusion coefficient D. This suggests that the vibrational

density of states (VDoS) at zero frequency for hydration water is lower than that of bulk

water [179]. The property of the vibrational density of states (VDoS) enables the calcula-

tion of the total VDoS by incorporating the translational and rotational contributions from

constrained molecules. This allows for the determination of the diffusion coefficient D for

individual atoms. Additionally, the ability to differentiate between contributions to the to-

tal VDoS provides a systematic way to dissect thermodynamic properties such as entropy.

This approach affords a more detailed and powerful tool for molecular analysis compared

to earlier methods [177].

3.3 Two-Phase Thermodynamics Model

Developed by Lin et al. [81, 82], the Two-Phase Thermodynamics Model (2PT) lever-

ages the VDoS of a liquid to determine molecular entropy S . The model is termed ”two-

phase thermodynamics” because it employs a dual-phase approach to describe the VDoS

of liquids, which can be challenging to compute quantitatively. This approach consists

of a gas-like phase with diffusional dynamics and a solid-like phase with harmonic vibra-

tions. Additionally, the computation of the total VDoS is segmented into translational and

rotational degrees of freedom, as previously discussed, providing a more nuanced under-

standing of the system’s thermodynamic behavior. The translational motion of water is

characterized by the center of mass velocity of the molecule, denoted as vcom, while the

rotational motion is described by angular velocities ωk
rot around the three distinct rotational

axes of a water molecule, each with their corresponding moments of inertia, Ik [83]. This
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leads to the following equations:

VDoS trans(ν) =
2

kBT

∫ ∞

−∞
ei 2π ν τmw⟨vcom(t)vcom(t + τ)⟩t dτ (3.6)

VDoS rot(ν) =
2

kBT

∫ ∞

−∞
ei 2π ν τ

3∑
k=1

Ik⟨ωk
rot(t)ω

k
rot(t + τ)⟩t dτ (3.7)

If the water vibrations are allowed by making the bonds flexible, then a third vibrational

term appears in the VDoS calculations (Chapter 6). The vibrational motion of water is

characterized by time-derivative of (intramolecular) vibrational coordinate qv with reduced

mass µv [178]. The additional VDoS equation Ivib or VDoS vib(ν) will be described as:

Ivib (ν) = VDoS vib(ν) =
2

kBT

∫ +∞

−∞
ei2πντ

3∑
v=1

µv⟨q̇v (t) q̇v (t + τ)⟩ dτ (3.8)

In the Two-Phase ThermodynamicsModel (2PT), the gas-like component represents the

slow diffusive degrees of freedom. For translational motion, this is modeled using a hard

sphere (HS) fluid model, while for rotational motion, a combination of a hard sphere fluid

and rigid rotor (RR) model is used. Conversely, the solid-like components are applied to

the fast vibrational degrees of freedom, allowing the vibrational density of states (VDoS)

contributions from both translational and rotational degrees of freedom to be depicted by

continuous spectra of harmonic oscillators (HO). This approach provides a detailed and

nuanced understanding of the dynamic properties of liquids.

The entropy and partition functions for the slow diffusive anharmonic degrees of free-

dom in a liquid can be characterized using analytical expressions derived from the hard

sphere (HS) fluid model, with the rigid rotor model applied for rotational degrees of free-

dom. Conversely, the fast vibrational degrees of freedom are handled within the context of

classical or quantum harmonic oscillators (HOs), with the quantum HO being the default

choice in the 3D-2PT model. The total entropy S of the liquid is then determined by sum-

ming up the contributions from these different components, as expressed in the following

49



equation:

S
kB
=

1
kB

(S HS
trans + S HO

trans + S HS
rot + S HO

rot )

=

∫
WHSVDoS HS

transωdω +
∫

WHO(ω)VDoS HO
transωdω

+

∫
WRRVDoS HS

rotωdω +
∫

WHO(ω)VDoS HO
rot ωdω (3.9)

Equation 3.9 illustrates that each component of the entropy is represented by a weighted

integral of the corresponding vibrational density of states (VDoS). For the slow diffusive

rotational degrees of freedom, the hard sphere (HS) model is substituted with the rigid

rotor expression to better capture the rotational dynamics. It’s important to note that this

expression does not provide the exact entropy of the liquids. Instead, it approximates the

entropy through a linear superposition of two limiting models that describe the slow and

fast degrees of freedom, respectively.

As depicted in Fig. 3.2, the solid-like VDoS accounts for approximately 71% of the total

entropy S , whereas the gas-like phase contributes about 29%, indicating the predominant

role of the solid-like component in the overall entropy of the system. A fluidicity parameter,

f , has been introduced to categorize the distribution of the liquid vibrational density of states

(VDoS) into gas-like and solid-like components for any given system. This parameter must

adhere to two limiting conditions: i). At high temperatures and/or low densities, the system

behaves like a hard-sphere fluid, and the fluidicity factor f = 1, indicating the absence of a

solid-like component. ii). At high-density limits, the system transitions into a solid phase

where f = 0, signifying the absence of a gas-like component. The solution that satisfies

both of these conditions yields a fluidicity parameter that is directly proportional to the

diffusivity of the system.

f =
D(T, ρ)

DHS
0 (T, ρ, σHS)

(3.10)
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Figure 3.2: The molecular entropy S can be computed by combining the gas-like (Red)
and solid-like (Blue) vibrational density of states (VDoS) to form the liquid-like (Black)
VDoS through linear superposition. Image courtesy M. Heyden.

In this expression, D represents the self-diffusivity coefficient of the simulatedmolecules

as defined in Equation 3.5, while DHS
0 refers to the diffusivity of hard spheres, calculated

using the Chapman-Enskog theory [180] at the zero-pressure limit.

DHS
0 (T, ρ, σHS) =

3
8

1

ρσHS2

(
kBT
πm

) 1
2

(3.11)

The fluidicity factor f for translational and rotational motions is given by the following

equation, which is derived from Eq. 3.10 by Lin et al [81, 82]:

2∆−
9
2 f −

15
2 − 6∆−3 f 5 − ∆− 3

2 f
7
2 + 6∆−

3
2 f

5
2 + 2 f − 2 = 0 (3.12)

In this equation, ∆ represents a dimensionless normalized diffusivity constant that de-

pends on material properties such as temperature T , bulk number density ρ, mass m, and

the diffusivity of the VDoS at zero frequency, VDoS (0), of the system:

∆(T, ρ,m,VDoS (0)) =
2VDoS (0)

9N

(
πkBT

m

) 1
2

ρ
1
3

(
6
π

) 2
3

(3.13)
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The fluidicity factors for translational ( ftrans) and rotational ( frot) motions can be used to

calculate the respective hard sphere vibrational density of states (VDoS HS
trans and VDoS HS

rot )

using the following expression:

VDoS HS
trans(ν) =

VDoS trans(0)

1 +
[
πVDoS trans(0)ν

6 ftransN

]2 (3.14)

VDoS HS
rot (ν) =

VDoS rot(0)

1 +
[
πVDoS rot(0)ν

6 frotN

]2 (3.15)

To calculate the harmonic oscillator (HO) vibrational density of states (VDoS HO
trans/rot)

for translational and rotational motions, we subtract the translational and rotational VDoS

of a hard-sphere fluid from the corresponding VDoS of a water molecule. In Equation

3.9, weighting functions are used to account for different contributions to the entropy. The

solid-like component, represented as a set of continuous harmonic oscillators HO, has a

weighting function WHO derived from the frequency-dependent partition function of the

quantum harmonic oscillator:

WHOν =
βhν

exp(βhν) − 1
− ln[1 − exp(−βhν)] (3.16)

In this equation, β = 1/kBT , where kB is the Boltzmann constant, and T is the tempera-

ture. The Planck’s constant is denoted by h. The weighting functions WHS for the gas-like

diffusive component, described as a hard sphere (HS) fluid for translational motions and by

a rigid rotor for rotational motions, are given as follows:

WHS(ν) =
1
3

S HS

kB
(3.17)

WRR(ν) =
1
3

S RR

kB
(3.18)

here, S HS represents the entropy of the hard sphere fluid, which is determined by the

Carnahan-Starling equation of state [181]:

S HB

kb
=

5
2

ln

(2πmkBT
h2

) 3
2 z(y)
ρ ftrans

 + y(3y − 4)
(1 − y)2 (3.19)

52



In this equation, the hard sphere packing fraction is represented by y = f 5/2
trans/∆

3/2, while

the compressibility factor, z(y), can be calculated using the Carnahan-Starling equation of

state for hard sphere gases [181].

z(y) =
1 + y + y2 − y3

(1 − y)3 (3.20)

The entropy of rotation, S RR, of a rigid-rotor that can be calculated as follows:

S RR

kB
= ln


√
πe3

σ

2
T 3

√
ΘaΘbΘc

 (3.21)

In this expression, σ represents the symmetry number, which indicates the number of

ways a molecule can be arranged to produce indistinguishable configurations. For a rigid

water molecule, σ = 2. The rotational temperatures Θa, Θb, Θc are related to the corre-

sponding moments of inertia Ii according to the following relationships:

Θi =
h2

8π2IikB
(3.22)

3.4 Spatial Resolution with 3D-2PT

The 3D-2PTmethod, developed by Persson et al. [83], is an extension of the two-phase

thermodynamics (2PT) theory originally formulated by Lin et al. [81, 82] for bulk liquids.

This approach calculates entropic contributions to the solvation free energy by applying the

2PT formalism to each volume element within a 3D analysis grid. The 3D-2PT method

enhances existing techniques for analyzing solvation free energies from explicit solvent

simulations by providing a more detailed spatial resolution of entropic effects. Thermody-

namic integration (TI) [182] is a well-established method for calculating total solvation free

energies. While the 3D-2PT approach has been demonstrated to yield results consistent with

TI simulations, it offers additional insights by providing spatially resolved local contribu-

tions of solvation enthalpies and entropies. Furthermore, 3D-2PT can differentiate between

the effects of solute-solvent interactions and the compensating changes in solvent-solvent

interactions, known as solvent reorganization.
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To utilize the 3D-2PT method, a three-dimensional cubic grid is established, with the

solute molecule positioned at the center, as illustrated in Fig. 3.3. For the analysis grid

in 3D-2PT, smaller systems typically employ a grid size of 64x64x64 volume elements

(voxels) with a voxel size of 0.5 Å (used in Ch. 6), while larger systems may use a grid size

of 128x128x128 with a voxel size increased to 1.0 Å (used in Ch. 5).

Figure 3.3: Three-dimensional (3D) grid centered on the solute molecule for 3D-2PT anal-
ysis. Image courtesy V. Pattni.

In the 3D-2PT technique, the entropy per water molecule is calculated for each voxel in

the analysis grid mentioned earlier. While rotational and translational degrees of freedom

are analyzed separately (unless vibrations are included as discussed in section 3.3), the total

contribution to the solvation entropy per water molecule is reported exclusively. To deter-

mine the total solvation entropy, the local contribution to the solvation entropy ∆S solv(r) per
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water molecule in each voxel is assessed. Then, all local contributions are spatially inte-

grated, using the local number density as a weighting factor, to account for the non-uniform

distribution of water around the solute.

∆S solv =

∫
∆S solv(r)nw(r)dr =

∫
[S (r) − S bulk)]nw(r)dr (3.23)

The local solvation entropy contribution ∆S solv(r) can be defined as the deviation of the

entropy S (r) in a given voxel from the average bulk water entropy S bulk. In this thesis, S bulk

is determined from voxels that are at least 10 Å away from the solute atoms, as illustrated

in Fig. 3.4. The symbol nw(r) represents the spatially resolved water number density.

Figure 3.4: Depiction of a simulation box measuring 50 Å on each side, with a solute
molecule positioned at the center. Surrounding the solute, there is a hydration layer defined
by a radius of 10 Å from the solute’s surface. This layer represents the region where water
molecules interact directly with the solute. Beyond this hydration layer, the remaining space
in the simulation box is considered the bulk region, where water molecules exhibit bulk-like
behavior without direct influence from the solute.
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In addition to computing spatially resolved local contributions of solvation entropies,

the 3D-2PT approach can also calculate solvation enthalpies. However, this calculation

is more straightforward and does not require the 2PT approach, as it involves analyzing

pairwise intermolecular potentials. The enthalpy is computed using the same analysis grid,

where the local solute-solvent potential energy Uuv(r) and solvent-solvent potential energy

Uvv(r) are evaluated with spatial resolution as an average over all NVE production simula-

tions. The local contribution to the solvation enthalpy Hsolv(r) per water molecule can be

determined as follows:

∆Hsolv(r) = Uuv(r) +
1
2

[
Uvv(r) − Ubulk

vv

]
= Uuv(r) + Uvv(r) (3.24)

The average bulk solvent-solvent potential energy Ubulk
vv is determined from voxels that

are at a minimum defined distance from the closest atom of the solute molecule, which in

this study was set to 10 Å. The factor of 1/2 in the second term accounts for the double

counting of water-water interactions when spatially integrating to obtain the total solvation

enthalpy.

∆Hsolv =

∫
∆Hsolv(r) nw(r) dr (3.25)

The local water number density nw(r) is incorporated into the calculation to account for

the varying distribution of water molecules in the vicinity of the solute. This adjustment

is necessary to accurately represent the spatial variation of water concentration around the

solute in the analysis.

The solvation free energy can be calculated as the sum of the solvation enthalpy and the

solvation entropy, representing the total energetic and entropic contributions to the solvation

process.

∆Gsolv = ∆Hsolv − T∆S solv (3.26)
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Figure 3.5: Solvation free energy density map of a fixed conformation of the K-18 domain
of the Tau protein obtained from 3D-2PT analysis using the force field-water model com-
bination of Amber99SB∗-ILDN-TIP4P-D.

A three-dimensional map depicting local solvation free energy contributions due to

solute-solvent interactions can be characterized using the spatially resolved solvation free

energy density, ∆Gdens
solv (r), as shown in Figure 3.5. Additionally, the solvation free energy,

∆Gsolv, can be represented as aweighted integral of local solvation free energy contributions,

∆Gsolv(r) (per water molecule), or solvation free energy densities, ∆Gdens
solv (r) (per volume).

This is achieved by integrating equations Eq. (3.23) and Eq. (3.24) with Eq. (3.25).

∆Gsolv =

∫
[∆Hsolv(r) − T∆S solv(r)] nw(r) dr

=

∫
∆Gsolv(r) nw(r) dr

=

∫
∆Gdens

solv (r) dr (3.27)
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Chapter 4

RESEARCH OVERVIEW

This thesis primarily investigates the dynamics and solvation thermodynamics of intrin-

sically disordered proteins (IDPs). The lack of a well-defined structure in IDPs and the chal-

lenges associated with experimental studies make direct comparisons between simulations

and experiments difficult. The absence of a single standard and accurate force field compli-

cates in-silico studies of IDPs. Various force fields with enhanced protein-water interactions

can replicate some properties of IDPs that align closely with experimental data. However,

each force field introduces unique modifications that result in an extended conformational

ensemble. Therefore, a quantitative analysis of solvent-mediated interactions and the asso-

ciated thermodynamics is essential to understand the impact of each force field and how it

leads to extended conformations. This analysis would facilitate the selection of the most

suitable force field based on the specific characteristics of the IDP system being simulated.

Next, it has been observed that biomolecules, particularly charged intrinsically disordered

proteins (IDPs), exhibit a positive response to external electric fields. Given the large size

of IDPs, employing quantum calculations such as ab initio molecular dynamics (AIMD)

is not practical. To indirectly study the effects of electric fields on IDPs, both AIMD and

classical molecular dynamics (MD) are utilized to investigate the response of bulk water

to varying strengths of electric fields. Finally, protein folding, as well as protein-protein

and protein-ligand interactions, are crucial for the sustenance of all life forms. Intrinsically

disordered proteins (IDPs), which constitute about 40% of the human proteome, play a sig-

nificant role in these essential cellular processes. I conducted a quantitative analysis of the

folding free energies of several IDPs to differentiate between fully disordered regions and

regions with a low energy penalty for folding into an alpha helix, known as alpha-MoRFs.
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I then focused on three specific alpha-MoRFs that act as pro-apoptotic proteins binding to

the anti-apoptotic protein MCL-1. Studying such systems provides deeper insights into the

properties favorable for an alpha-MoRF and can aid in the design of future peptide-based

drugs targeting disease-causing proteins.

In the initial project, we conducted a comparative analysis of the local and total solva-

tion thermodynamics surrounding the K-18 domain of the intrinsically disordered protein

(IDP) Tau. This analysis was performed using simulations with four pairs of modified and

standard force fields. IDPs are proteins lacking a fixed structure, playing crucial roles in

cellular signaling, regulation, and recognition in humans (extensively described in Chapter

1). Empirical force fields employed in molecular dynamics (MD) simulations often exhibit

an imbalance between intramolecular interactions within the protein and intermolecular in-

teractions between the protein and water. This imbalance can result in the artificial collapse

of IDP structures in simulations, leading to discrepancies with experimental observations.

To mitigate this issue, various approaches have been developed to refine the models of

protein-water interactions, thereby enhancing the accuracy of simulations. In this research,

we utilized both standard and modified force fields in our simulations to closely examine

the impact of each modification on the solvation free energy. This investigation aimed to

shed light on the effectiveness of different force field adjustments in accurately representing

the solvation thermodynamics of IDPs.

The traditional structure-function paradigm in molecular and structural biology is con-

fronted by the existence of intrinsically disordered proteins (IDPs) [12, 13, 17, 18]. These

proteins, characterized by their unstructured domains, make up approximately 33% of the

total eukaryotic proteome, with the proportion in humans exceeding 40% [28, 183]. IDPs

play diverse roles in biological processes, including cellular signaling [23], regulation, and

molecular recognition [32, 184]. Intrinsically disordered proteins are linked to a range of

diseases, such as cancer, amyloidosis, and neurodegenerative disorders [38, 40–43]. Un-
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derstanding the pathological behavior of IDPs and their relationship with sequence, func-

tion, and features like liquid-liquid phase separation requires insight into how their con-

formational ensembles in solution are influenced by interactions with the molecular envi-

ronment. Techniques such as small-angle X-ray scattering (SAXS), nuclear magnetic reso-

nance (NMR), and Förster resonance energy transfer (FRET) [48–50] can characterize the

structural and dynamical properties of IDPs. Additionally, atomistic molecular dynamics

(MD) simulations offer a microscopic view of these properties [51–53]. However, standard

empirical force fields used in MD simulations often fail to replicate experimental observa-

tions, leading to overly compact conformations of solvated IDPs. This has prompted the

development of IDP-specific force field parameters that adjust dihedral angles to modify

the conformational ensembles in simulations. The limitations of standard force fields in

describing IDPs are primarily attributed to an imbalance between non-covalent interactions

within the protein, which favor compact states, and protein-solvent interactions, which fa-

vor extended conformations with a higher solvent-accessible surface area [51, 52, 54].

To improve the accuracy of standard force fields in simulating experimental results,

various modifications have been implemented [53]. One technique involves combining

AMBER protein force fields [185–187] with the TIP4P/2005 water model [188] and in-

creasing the Lennard-Jones interaction energies between water oxygens and protein atoms

by 10% [52, 52, 189, 190]. Another approach involves scaling LJ interactions between

water hydrogens and protein atoms for the CHARMM36m force field [191] in conjunction

with the TIPS3P water model [66](a variation of the TIP3P water model [192] employed in

CHARMM, which incorporates Lennard-Jones sites for water hydrogen atoms ). Another

strategy employed by Shaw and colleagues was reparameterizing the TIP4P water model

and adjusting parameters in AMBER-type protein force fields to enhance protein-solvent

interactions [51, 193–195]. Additionally, innovative water models that prioritize electro-

statics and charge distributions have shown promising outcomes [196, 197].
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In each of the aforementioned scenarios, altering protein-water interactions leads to

extended conformations for IDPs in solution that are more in line with experimental data.

However, the impact of these modifications on the thermodynamics of protein solvation has

been mainly studied for side-chain analogs [52]. There needs to be more in-depth analysis

that includes the breakdown of local enthalpic and entropic contributions to the solvation

free energies of proteins. Understanding these details is crucial for grasping the micro-

scopic effects of the modified protein-water interactions, which are not apparent when only

compared to structural parameters obtained from experiments.

After simulating the intrinsically disordered K-18 domain of the Tau protein [48, 198]

using various combinations of standard and modified protein and water force fields, we ex-

amined the conformational ensembles produced by each simulation model and assessed the

protein solvation free energy, along with its enthalpic and entropic components, for a spe-

cific conformational state with spatial resolution using the 3D-two-phase thermodynamics

(3D-2PT) approach [167, 199] (described in Chapter 3). Preferences in enhancing the sol-

vation of polar and nonpolar groups significantly influence the conformational ensembles

generated by standard and modified force field parameters. A03ws and A99ws simulations

tend to favor extended and solvent-exposed states for nonpolar residues, whereas A99D

and C36m simulations prefer similar states for polar residues. In IDPs containing both po-

lar and nonpolar residues, such differences might not be evident in overall conformational

measures like the radius of gyration or end-to-end distance. However, these distinctions

become more prominent in proteins predominantly composed of either polar or nonpolar

amino acids. Despite better agreement between simulations with modified force fields and

experimental findings, IDPs and proteins with substantial intrinsically disordered regions

(IDRs) continue to pose challenges for atomistic simulations.
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The second research topic explores the impact of varying strengths of static electric

fields on the entropy of bulk water through classical molecular dynamics (MD) and ab ini-

tiomolecular dynamics (AIMD) simulations [200, 201]. The application of external electric

fields to liquid water can lead to a variety of phenomena that have important implications

in the realms of electrochemistry and hydrogen-based technologies. Furthermore, a recent

study[202] has investigated the impact of electric fields on intrinsically disordered proteins

(IDPs) associated with neurodegenerative diseases. The application of oscillating oriented

external electric fields (OEEFs) resulted in the irreversible disintegration of β-amyloid ag-

gregates, providing valuable insights into potential treatment strategies for Alzheimer’s dis-

ease and other neurodegenerative disorders marked by senile plaques. This highlights the

wide-ranging applications of electric field effects, spanning from the study of water proper-

ties to the development of therapies for neurodegenerative diseases. The effects of external

fields can include changes in the molecular structure of water, alterations in the dynam-

ics of hydrogen bonding, and shifts in the solvation properties of ions and molecules in

water. While some research efforts have been directed towards elucidating the thermody-

namic properties associated with the application of electric fields in aqueous systems, a

comprehensive understanding of these effects remains incomplete. Specifically, the impact

of electric fields on the total and local entropy of bulk water, which are critical for under-

standing the disorder and energy distribution within the system, has not been reported in

the scientific literature to date. This gap in knowledge represents a significant opportunity

for further investigation, as understanding these entropy changes could provide valuable

insights into the behavior of water under the influence of electric fields and its implications

for various technological applications.

While earlier investigations have examined the impact of electric fields on the equi-

librium between solid and liquid phases [203], more recent studies have focused on the

changes in entropy caused by the reorganization of hydrogen bonds in water at electrified
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interfaces, as revealed through multiscale simulations [204]. In particular, Estejab and col-

leagues utilized both classical molecular dynamics (MD) and ab initiomolecular dynamics

(AIMD) simulations to explore the solvation thermodynamics of different surface species,

postulating that local electric fields could reorient the molecules of hydration water [204].

A key finding from their work was that the entropy of solvation is dependent on the elec-

tric field’s strength and orientation. Nonetheless, the complexity of the interaction between

the electric field and surface phenomena at water/electrode interfaces posed a challenge to

their study. Additionally, a significant portion of computational research has been devoted

to understanding the hydrophobic effect [205], whose underlying molecular mechanisms

are influenced by local charges and, therefore, by electric fields [206, 207]. So far, there

were no reported studies that explored the effects of electric fields on the local entropy of

bulk water in either a qualitative or quantitative manner.

The primary objective of this study was to investigate the effects of static and homoge-

neous electric fields on the structure and entropy of bulk liquid water utilizing molecular

dynamics (MD) simulations, both classical (force-field) and ab initio (AIMD). Addition-

ally, we aimed to analyze the consequences of local entropy descriptors that provided a

spatially-resolved quantification of entropy. Specifically, we employed an MD-based anal-

ysis method known as 3D-two-phase thermodynamics (3D-2PT) [199, 208] to spatially

resolve the entropy per water molecule and the local number density of bulk water under an

electric field, as well as their changes compared to the zero-field regime. My contribution

to this project was performing the simulation and analysis part involving classical MD with

TIP4P/2005 [188], and the 3D-2PT analysis part. In our investigation of local entropy indi-

cators, we examined the bulk water environment in two different scenarios at various field

intensities: (i) the ideal system, where a water molecule was perfectly aligned along the

electric field (referred to as the ”fixed” system), and (ii) the more realistic system, where a

water molecule was allowed to freely rotate around a fixed point in the bulk liquid (referred
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to as the ”pinned” system). The ideal system provided insights into the complex water en-

vironment along specific directions of the perfectly aligned molecule, such as bond vectors

and dipole moments. In contrast, the more realistic system was essential for understanding

the response of the central water molecule to the externally imposed electric field, including

the combined effects of field alignment and local structural preferences.

In the general findings, without an external field, a comparison between the rigid force-

field TIP4P/2005 and ab initio functionals revealed that the TIP4P/2005water model, which

is computationally efficient, adequately describes key structural properties of water. This

model’s structure closely aligns with the results from AIMD simulations using the more

accurate SCAN+rVV10 functional. Additionally, the molecular entropy of bulk water es-

timated for the TIP4P/2005 model using the two-phase thermodynamics (2PT) formalism

was consistent with the corresponding result fromAIMD simulationswith the SCAN+rVV10

functional. However, both were approximately 15 J mol−1K−1 lower than the experimental

reference value of 69.95 J mol−1K−1. This discrepancy could be due to a systematic under-

estimation of water entropy by the 2PT formalism, which relies on the vibrational density

of states. Furthermore, the molar entropy of TIP4P/2005 water showed significantly less

sensitivity to polarization-induced changes compared to BLYP+D3 water. This is likely

because the latter includes electronic polarization, which affects its response to changes in

the environment.

In further results, the MD-based analysis (3D-2PT) [199, 208] provided detailed spa-

tial information on the local entropy and number density of water surrounding a reference

molecule. This approach enabled the creation of three-dimensional maps depicting the al-

terations in water structure caused by electric fields. This technique enabled the creation

of three-dimensional maps showcasing the alterations in water structure caused by electric

fields. Through this method, we observed a field-induced enhancement of hydrogen bonds

between the reference molecule and its first neighbors along specific directions. This obser-
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vation aligns with the vibrational Stark effect, suggesting that liquid water tends to develop

more ”ice-like” structures when exposed to electric fields at intensities of approximately

1.0 V nm−1 [200]. The formalism of 3D-two-phase thermodynamics (3D-2PT) was instru-

mental in revealing that changes in the local entropy density due to an electric field are

intricately linked to alterations in the water number density. This allowed us to construct

a detailed molecular-level view of how the field influences entropy. The primary effect of

a static electric field on water’s number density is to promote a more structured layering,

particularly an increased coordination in the second shell, along with anisotropic structural

changes. In the presence of strong electric fields, water molecules increasingly align their

dipoles and arrange themselves into preferred orientations parallel to the field, forming

hydrogen-bonded structures mainly along a diagonal direction relative to the field axis.

In the final research topic, we delved into the energetics of specific peptide sequences

known as alpha-Molecular Recognition Features (alpha-MoRFs) [209–214], which undergo

transitions from intrinsically disordered states to structured secondary motifs like the alpha-

helix. The relatively low folding free energy penalty associatedwith these sequences presents

an opportunity for the development of peptide-based or small molecule drugs that can stabi-

lize the helical structure by inducing folding upon binding to alpha-MoRFs. We conducted

a comparative study between alpha-MoRFs and completely disordered sequences from the

samewell-characterized proteins. Our comparison included an analysis of minimum energy

structures obtained from umbrella sampling simulations and those predicted by AlphaFold,

a leading structure prediction model, to benchmark our results. Furthermore, we explored

the binding free energies of various alpha-MoRFs in their folded states to assess whether ex-

perimental binding free energies accurately capture the separate contributions of the folding

and binding processes, as determined from our umbrella sampling simulations. This com-

prehensive analysis aimed to deepen our understanding of the energetics underlying the

interactions between alpha-MoRFs and their binding partners.
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Intrinsically disordered proteins (IDPs) [18, 20] lack a stable three-dimensional struc-

ture, often due to their composition of charged residues, glycines, and prolines. Despite

this structural flexibility, IDPs are integral to vital cellular functions, including transcrip-

tion regulation, signal transduction, and the formation of multiprotein complexes. About

35-40% of the human proteome consists of IDPs or proteins with significant disordered

regions. A critical aspect of IDPs is their ability to interact with globular proteins, ei-

ther by adopting a specific conformation upon binding or by remaining mostly disordered.

Key functional regions within IDPs, known as Molecular Recognition Features (MoRFs) or

Molecular Recognition Elements (MoREs), facilitate these interactions. MoRFs can tran-

sition from disorder to order during binding and are essential for regulatory processes and

signal transduction [31], despite their flexible structure.

Among the various types ofMolecular Recognition Features (MoRFs), alpha-helix form-

ing molecular recognition elements/features (α-MoREs/MoRFs), also known as helical

binding motifs (HBMs), are the most common and well-studied. These sequences typi-

cally consist of short amphipathic helices that transition from a disordered state to a helical

conformation upon binding to their target partners. They can be predicted based on their

sequence and are particularly prevalent in eukaryotic transactivation domains [215] and αα-

hub proteins [216]. In systems where folding occurs upon binding, experimental research

has shown that the presence of a helical structure can affect both the binding affinity and

the kinetics. However, more investigation is required to comprehend how the sequence of

an intrinsically disordered protein (IDP) influences its structural ensemble, both when it is

free and when it is bound, and how this influences binding characteristics, encompassing

both kinetic and equilibrium aspects. The use of enhanced sampling techniques, such as

umbrella sampling, for measuring folding free energy has not been thoroughly explored,

primarily due to the difficulty in selecting a suitable collective variable to depict the un-

folding process. Furthermore, the detailed effects of point mutations, specifically those
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involving helix stabilizers like alanine and helix disruptors such as proline and glycine, on

the overall folding free energy remain to be elucidated.

In tackling these uncharted areas, we applied atomistic umbrella sampling to examine

the folding free energies of disordered peptides that transition into an alpha-helical structure

upon binding to their targets, including peptides with alpha-Molecular Recognition Features

(α-MoRFs) and entirely disordered intrinsically disordered regions (IDRs). By comparing

the structures withminimum free energy obtained from our simulations with those predicted

by AlphaFold, we observed that all the α-MoRF examples we analyzed had folding free

energies within a range of 10 kJ/mol (2.4 kcal/mol). This finding is in agreement with the

predictions made by Hadzi et al. [211, 217]. in their research, which utilized a modified

LR model. They accounted for varying lengths of IDP sequences, which could explain the

differences between our results and theirs. The relatively low folding free energy penalty

of these sequences offers potential for the development of peptide-based or small molecule

drugs that can stabilize the helical structure by promoting folding upon binding toα-MoRFs.

Utilizing molecular dynamics simulations and the umbrella sampling method, we first

established the credibility of our protocol by examining sequences from the c-Myc protein,

observing that the folding free energies were consistent with expected values. Subsequently,

we mutated helix-destabilizing elements with alanine in selected c-Myc sequences, further

reinforcing the reliability of our approach. These preliminary validations set the stage for

a comprehensive exploration of naturally occurring intrinsically disordered regions (IDRs)

and alpha-Molecular Recognition Features (α-MoRFs). In this expanded analysis, we lever-

aged our protocol alongside the predictive capabilities of AlphaFold. Our findings revealed

that AlphaFold was proficient in predicting the alpha-helical structures of α-MoRFs, no-

tably in the case of the two naturally occurring segments of α-MoRFs (alpha-c-Myb-D, and

alpha-p53-CT-D), and could identify sequences as fully disordered up to a certain threshold,

which varied depending on sequence length.
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In the successive section, we estimated the binding free energies of two selected α-

MoRFs from BH3 domain-binding proteins (PUMA and NOXA-A) to Mcl-1 using coarse-

grained (CG) simulations with the SIRAH force field. Our results provide partial support for

our hypothesis that the experimental binding free energies reported by Dahal et al. [218] are

the sum of the calculated binding and folding free energies. This finding sheds light on the

potential binding-induced folding pathway exhibited by our chosen set of α-MoRFs. The

calculation of binding free energies revealed deviations from experimental results, indicat-

ing the possible involvement of a positive folding free energy component in the binding-

induced folding process. This hypothesis gained support from our analysis of protein com-

plexes involving PUMA and NOXA-A, where the determined folding free energies were

notably lower than those needed to align with experimental observations. These differ-

ences may arise from several sources, such as variations in sequence length between our

simulations and experimental research, the employment of mutated versions in experiments

that are distinct from the structures utilized in our simulations, and differences in overall

sequence composition. These elements could significantly influence the folding behavior

of the proteins, resulting in the observed discrepancies between our computational findings

and experimental data. Addressing these factors in future research could aid in bringing our

computational predictions into closer agreement with experimental results.
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Chapter 5

MODEL-DEPENDENT SOLVATION OF THE K-18 DOMAIN OF THE

INTRINSICALLY DISORDERED PROTEIN TAU

Reprinted (adapted) with permission from {Maiti, S. and Heyden, M. The Journal of Phys-

ical Chemistry B 2023 127 (33), 7220-7230. DOI: 10.1021/acs.jpcb.3c01726}. Copyright

2023 American Chemical Society. [219]

5.1 Summary

A known imbalance between intra-protein and protein-water interactions in many em-

pirical force fields results in collapsed conformational ensembles of intrinsically disordered

proteins in explicit solvent simulations, which disagrees with experiments. Multiple strate-

gies have been introduced in the literature to modify protein-water interactions, which im-

proves agreement between experiments and simulations. In this work, we combine simula-

tions with standard and modified force fields with a spatially resolved analysis of solvation

free energy contributions and compare the consequences of each strategy.

We find that enhanced Lennard-Jones interactions between protein atoms andwater oxy-

gens primarily improve the solvation of nonpolar functional groups of the protein. In con-

trast, modified electrostatics in the water model or strengthened Lennard-Jones interactions

between the protein and water hydrogens mainly affect the hydration of polar functional

groups. Modified electrostatics further impact the average orientation of water molecules

in the hydration shell. As a result, protein-water interactions with the first hydration lay-

ers are strengthened, while interactions with water molecules in higher hydration shells are

weakened.

Hence, distinct strategies to balance intra-protein and protein-water interactions in sim-
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ulations have qualitatively different effects on protein solvation. These differences are not

necessarily captured by comparisons to experiments that report on global parameters de-

scribing protein conformational ensembles, e.g., the radius of gyration, but will influence

the tendency of a protein to form aggregates or phase-separated droplets.

5.2 Introduction

While the structural information for folded proteins continues to grow[220–223] and de-

novo predictions are feasible[224–226], the discovery of intrinsically disordered proteins

(IDPs) that lack folded domains[12, 13, 17, 18] challenges the structure-function paradigm

in molecular and structural biology. In addition to IDPs many proteins with folded do-

mains contain extensive intrinsically disordered regions (IDRs), which are required for

function[14, 15]. IDPs and IDRs constitute about 33% of the total eukaryotic proteome,

while in humans this fraction is found to be closer to 50%[27, 28]. The expression of IDPs

is often tightly regulated in the cell[227] and they exhibit a wide range of biological func-

tions such as cellular signaling[23] and molecular recognition[32, 184]. The biological

function of some IDPs and IDRs can be tied to folding or partial folding, e.g. upon binding

to a specific target[35, 36], but the formation of high-affinity complexes has been reported

even for fully unfolded IDPs[37].

IDPs are involved in multiple diseases such as cancer, amyloidosis, and neurodegen-

erative diseases[38, 40–43]. To shed light on the pathological behavior of IDPs and the

relationship between their sequence, function, and characteristic features such as the ten-

dency for liquid-liquid phase separation[44–47], we need to understand how conforma-

tional ensembles accessible to intrinsically disordered proteins in solution depend on in-

teractions with their molecular environment. In principle, structural and dynamical prop-

erties of conformational ensembles explored by IDPs can be characterized in small an-

gle X-ray scattering (SAXS), nuclear magnetic resonance (NMR), and Förster resonance
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energy transfer (FRET) experiments[48–50], while atomistic molecular dynamics (MD)

simulations provide a valuable tool to obtain the underlying microscopic picture[51–53].

However, MD simulations with standard empirical force field models typically fail to re-

produce experimental observations and tend to predict overly compact conformations of

solvated IDPs[51, 52, 54]. This led to the development of IDP-specific protein force field

parameters, which re-weight dihedral angles to modify the conformational ensembles of

IDPs in simulations[55]. However, the shortcomings of simulations with standard force

fields to describe IDPs are more commonly ascribed to an imbalance between non-covalent

interactions within the protein, which stabilize compact states, and protein-solvent inter-

actions, which stabilize extended conformations with a higher solvent-accessible surface

area[51, 52, 54].

This motivated multiple strategies to modify standard force fields to improve their abil-

ity to reproduce experimental results[53]. In one approach that combines protein force

fields in the AMBER family[185–187] with the TIP4P/2005 water model[188], Lennard-

Jones (LJ) interaction energies between water oxygens and protein atoms have been in-

creased by 10% [52, 189, 190]. Using a similar strategy, scaled LJ interactions between

water hydrogens and protein atoms were proposed for the CHARMM36m force field[191]

in combination with the TIPS3P water model[66] (a modified version of the TIP3P[61]

water model used in CHARMM that includes water hydrogen LJ sites). In a different ap-

proach, Shaw and co-workers re-parametrized the TIP4Pwater model to improve dispersion

interactions between the protein and the solvent, while also modifying electrostatics and pa-

rameters in AMBER-type protein force fields[51, 193–195]. Encouraging results have also

been achieved with new types of water models that emphasize the role of electrostatics and

charge distributions over molecular geometry[196, 197].

In each of the cases cited above, modified protein-water interactions result in more fa-

vorable extended conformations for IDPs in solution and improve the agreement between
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atomistic simulations and experimental data. However, the thermodynamic consequences

of modified protein-water interactions for the solvation of proteins have so far only been

analyzed for side-chain analogs[52, 53]. A more detailed analysis of protein solvation free

energies including a decomposition of local enthalpic and entropic contributions has so far

been missing. The latter is key to understand the microscopic consequences of modified

protein-water interactions that remain hidden by comparisons to structural parameters ob-

tained in experiments.

In this study, we simulated the intrinsically disorderedK-18 domain of the Tau protein[48,

198] with varying combinations of standard and modified protein and water force fields.

In addition to an analysis of the conformational ensembles obtained with each simulation

model, we analyzed the protein solvation free energy and its enthalpic and entropic contribu-

tions for a selected conformational state with spatial resolution using the previously devel-

oped 3D-2PT (3D-two-phase thermodynamics) approach[167, 199]. Our analysis reveals

that distinct strategies for the modification of protein-water interactions have distinguish-

able thermodynamic consequences. Further, protein solvation is not just affected globally

but each modification of force field parameters results in unique changes in the solvation

thermodynamics of polar and non-polar groups of the protein that affect the conformational

ensembles sampled in simulations.

5.3 Methods

5.3.1 Conformational Sampling

All simulations were performed using the GROMACS 2018.1[228] software package.

We chose the K-18 domain of the Tau protein as an example to study the impact of varying

force field parameterizations on the solvation of IDPs and their thermally accessible confor-

mational space[48, 198]. We used four pairs of force field parameters in our simulations,
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each containing one set of standard parameters and one set with modified protein-water

interactions intended to stabilize extended conformations and improve agreement with ex-

periments. We provide a list of the pairs of force field parameter sets and modifications

applied to protein-water interactions in Table 5.1, where we also introduce shorthand no-

tations used throughout this work. The A03w and A99w protein force fields are modified

versions of AMBER03 and AMBER99SB for use in combination with the highly optimized

TIP4P/2005 water model[188, 189]. In A03ws and A99ws, the ϵ parameter that describes

the strength of Lennard-Jones interactions has been scaled by a factor of 1.10 for interac-

tions between protein atoms and water oxygens.[52, 189] In A99*D, the four-site water

model has been re-parameterized with increased dispersion interactions (affecting protein-

water and water-water interactions simultaneously) and a larger water dipole moment that

modifies electrostatic interactions and screening.[51] The resulting TIP4P-D water model

shares its geometry with the TIP4P/2005 water model that we use here as a reference in the

A99* system without modifying the protein force field. To ensure that our results do not

depend on this combination of protein and water force fields, we performed an alternative

version of our analysis with the TIP4P-Ewwater model [229] as a reference for comparisons

to TIP4P-D (A99*Ew). Lastly, in the C36m* model, the ϵ parameter for Lennard-Jones

interactions between protein atoms and water hydrogens has been increased by a factor of

∼2.17.[191] The existence of such interactions is a specific feature of the TIPS3P water

model, which has been developed in conjunction with the CHARMM force field family for

proteins.[66]

To generate an initial atomistic structuremodel forMD simulations of the protein, we se-

lected the first backbone conformation for the K-18 domain of Tau in the PED00017 entry of

the Protein Ensemble Database (PED)[231] (6AAC in a previous version of the PED[48]).

We then used the SCWRL4 package[232] to add the missing side chains, which resulted in

1986 protein atoms for the 130 amino acid residues. We set the protonation state of each
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Table 5.1: Force field parameter sets used in MD simulations of the K-18 domain of the
Tau protein

System Name Protein FF Water FF Modification

A03w AMBER03wa TIP4P/2005b none

A03ws AMBER03wsc TIP4P/2005b 1.10 scaling of LJ-ϵOw,Xp

A99w AMBER99SBwc TIP4P/2005b none

A99ws AMBER99SBwsc TIP4P/2005b 1.10 scaling of LJ-ϵOw,Xp

A99* AMBER99SB*-ILDNd TIP4P/2005b none

A99*Ew AMBER99SB*-ILDNd TIP4P-Ewe none

A99*D AMBER99SB*-ILDNd TIP4P-Df re-parameterized water model

C36m CHARMM36mg TIPS3Ph none

C36m* CHARMM36mg TIPS3Ph 2.17 scaling of LJ-ϵHw,Xp

aRef. 189; bRef. 188; cRef. 52; dRef. 230; eRef. 229; fRef. 51; gRef. 191; hRef. 66.

amino acid residue according to a pH of 7 based on standard side chain pKa’s in solution.

We then solvated the protein in a cubic box with a 164 Å side length by adding approxi-

mately 145,000 water molecules and 828 ions (409 of Na+ and 419 of Cl− ions), neutralizing

the protein charge and resulting in a physiological salt concentration of 150 mM. Salt can

influence the conformational ensemble and phase separation behavior of IDPs via electro-

static screening and salting-out effects as discussed in recent work by Zheng et al. [233]

We applied periodic boundary conditions (PBC) in all dimensions and used the particle

mesh Ewald algorithm[126] to describe long-ranged electrostatics using a 1.2 Å real space

grid. We used, a 10 Å real space cut-off for short-ranged electrostatic and Lennard-Jones

interactions, constrained all bond lengths in the protein with the LINCS[234] algorithm,

and constrained the geometry of all water molecules in the system with SETTLE[63]. Sim-

ulations with all force fields were preceded by 1500 steps of energy minimization with the

steepest descent algorithm.
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We then equilibrated each system in the isothermal-isobaric ensemble (NPT) at 300 K

and 1 bar for 1 ns using a time step of 1 fs, a velocity rescaling thermostat[235] with a 0.1 ps

time constant and a Berendsen weak-coupling barostat[129] with a time constant of 2.0 ps.

For each system, we then performed 1-2 microsecond simulations in the NPT ensemble

at 300 K and 1 bar using a time step of 2 fs and a Nose-Hoover thermostat[236] and a

Parrinello-Rahman barostat[133] with time constants of 2.0 ps to sample the conformational

space. We monitored the conformational dynamics of the simulated proteins via the root

mean squared displacements (RMSDs) from the initial structure, the radius of gyration (RG),

and the solvent accessible surface area (SASA) and considered the first 200 ns of each

trajectory as additional equilibration time.

5.3.2 Solvation Thermodynamics

For an in-depth analysis of the solvation thermodynamics with 3D-2PT[167, 199, 237],

we selected amoderately compact structure (RG=24.6Å)with an extended SASAof 14,100Å2

from the A03ws (see Table 5.1) simulation. This specific structure was chosen due to the

simultaneous presence of fully extended and partially collapsed portions of the protein (see

Results).

For the 3D-2PT analysis, we followed procedures in previous work[237–241] and per-

formed an additional set of simulations during which the protein conformation was kept

fixed while hydration water configurations were sampled. For this purpose, position re-

straints with a force constant of 5000 kJ mol−1 Å−2 were applied to all protein atoms during

all the following steps. First, we re-solvated the protein in its selected conformation with

30,000 water molecules in a 100 Å × 100 Å × 100 Å cubic simulation box and generated

topologies for all force field models described in Table 5.1. After performing a steepest

descent energy minimization, we equilibrated each system for 1 ns in the NPT ensemble

using a Berendsen weak-coupling thermostat and barostat[129] with time constants of 1 ps,
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a reference temperature of 300 K, and a reference pressure of 1 bar. The applied position

restraints maintained the RMSD for all protein atoms below 0.1 Å. Following the equilibra-

tion, we performed for each system 10 ns simulations in the NVT ensemble at 300 K using

a Nose-Hoover thermostat with a time constant of 1 ps[130]. From this simulation, we ex-

tracted 100 independent solvent micro-states (coordinates and velocities) at regular 100 ps

time intervals. These microstates were then used to initialize NVE simulations of 100 ps

length, which were used for the 3D-2PT analysis. In these simulations, the integration time

step was set to 1 fs and coordinates and velocities were stored every 8 fs.

The 3D-2PT analysis, which is described in detail in Ref. 167 and in the SI, was carried

out on a 98x98x98 analysis grid with a grid constant of 1 Å. The grid was used to compute

local contributions to the solvation enthalpy, ∆Hsolv, and solvation entropy, ∆S solv, which

are combined to describe contributions to the solvation free energy, ∆Gsolv.

∆Gsolv = ∆Hsolv − T∆S solv (5.1)

Ignoring negligible contributions from volume work, ∆Hsolv is computed as a sum of pair-

wise solute-solvent (uv) interactions, ∆Uuv, and changes in solvent-solvent (vv) interac-

tions, ∆Hvv, caused by the presence of the solute. A similar separation is performed for

∆S solv based on Ben-Naim’s proof that solute-induced changes of the enthalpy and entropy

cancel out exactly.[1, 99]

∆Hvv − T∆S vv = 0 (5.2)

Hence, ∆Gsolv can alternatively be described as the sum of enthalpy and entropy changes

caused solely by solute-water interactions.

∆Gsolv = ∆Huv − T∆S uv (5.3)

As described in the SI, contributions to each term are computed per voxel of the analysis

grid, either as an average local contribution per water molecule or as a spatial density. The
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latter can be summed over all voxels of the analysis grid or a fraction of it, e.g., to obtain

the total solvation free energy or contributions from distinct components of the hydration

shell, respectively.

5.4 Results and Discussion

5.4.1 Comparison of Conformational Ensembles

We begin our analysis of the impact of force field modifications on simulations of IDPs

in solution with a comparison of conformational ensembles. For this purpose, we performed

microsecond timescale simulations of the K-18 domain of the Tau protein.

As a reference, we used simulations with force field parameters from the AMBER and

CHARMM family that have been optimized for simulations of folded proteins (A03w,

A99w, A99*/A99*-Ew and C36m in Table 5.1)[189, 191, 230]. We then compared re-

sults from these reference simulations to simulations with modified force fields optimized

to improve the description of IDPs in solution either via explicit modification of protein-

water interactions or a re-parameterization of the water model (A03ws, A99ws, A99*D,

and C36m*, see Table 5.1)[51, 52, 189, 191].

In Figure 5.1, we plot the time evolution of the radius of gyration RG of the protein for

all sets of simulations. The results show that the K-18 domain quickly collapses into a

compact conformation in simulations with standard force field parameters (A03w, A99w,

A99* and C36m) resulting in an average RG between 20 and 22 Å with minor fluctuations.

The sampling of these systems was stopped after 1 microsecond due to the lack of con-

formational changes after the collapse. These observations are in agreement with previous

simulation studies of other protein systems using standard force fields but are incompatible

with experimental observations. [52, 54, 191]

Experimentally, the average radius of gyration of the K-18 domain was determined as
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Figure 5.1: Time traces of the protein RG inMD simulations of the K-18 domain of the Tau
protein with distinct sets of force field parameters (see Table 5.1). An equilibration time of
200 ns is highlighted and excluded from further analysis. Dashed horizontal lines indicate
averages and shaded gray backgrounds represent standard deviations due to conformational
fluctuations. The numerical values are given as insets and histograms of RG are indicated
on the alternative y-axis.

(33.7±7.6) Å by Blackridge and co-workers using chemical shifts and residual dipolar cou-

plings [48]. All modified force fields optimized for simulations of IDPs tested in this study

generate conformational ensembles that are in much better agreement with this experimen-

tal result. We extended simulations with these force fields up to 2-3 microseconds to sample

conformational fluctuations. Especially simulations with scaled Lennard-Jones interactions

between protein and water atoms (A03ws, A99ws, and C36m*) accurately reproduce the

experimental average, while simulations with the TIP4P-D water model (A99*D) slightly

overshoot and predict an average radius of gyration that is too large.

A complementary comparison of the conformational ensembles generated in our sim-

ulations to single-molecule FRET data [242] is provided in Figure S1 of the SI. The ex-

periments report an average Cα-Cα distance between the two cysteine residues of the K-18

domain of 38 Å. This distance is significantly smaller in simulations with standard force
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fields (20-24 Å), which matches our observations for RG. For simulations with modified

force fields, A03ws shows close agreement with the experiment, while we observed larger

average distances of 45-50 Å for A99ws, A99*D and C36m*, albeit with large fluctuations.

Both, the NMR and single-molecule FRET experiments were performed in 50 mM

sodium phosphate buffer at pH 6.8, [48, 242, 243] which corresponds to an ionic strength

of 78 mM (Debye length 10.9 Å). Compared to the salt concentration in our simulations

(150 mM, Debye length 7.8 Å), we expect decreased electrostatic screening of repulsive

interactions between the predominantly positive charges of the K-18 domain (more ex-

tended conformations) in these experiments. Compared to chloride, salting-out effects for

anionic components in the experimental buffer are stronger,[244] but their concentration is

lower. [233] In summary, one may expect that conformations of the K-18 domain in experi-

ments are slightly more extended than in our simulation. This is notable, since our results in

Figures 5.1 and S1 indicate that the average RG and Cα-Cα distances observed in our simu-

lations with modified force fields mostly exceed the experimental reference values. A03ws

predicts average RG and Cα-Cα distances that remain closest to the experiments. C36m*

is an exception as it predicts an average RG that is lower than observed experimentally but

significantly overestimates the experimentally measured Cα-Cα distance.

In Figure S2 of the SI, we show a complementary analysis of the solvent-accessible

surface area (SASA) versus simulation time, which reproduces the general trend observed

in Figures 5.1 and S1: Simulations with standard force field parameters result in collapsed

conformations, while extended conformations are observed in simulations with the modi-

fied force fields.

Joint probability distributions of RG and SASA shown in Figures S3 and S4 of the SI

further illustrate differences between the conformational ensembles observed in simulations

with standard and modified force field parameters. More importantly, the joint probability

distributions highlight quantitative differences between the simulations with distinct sets
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of modified force fields. While all simulations with modified force field parameters re-

sult in improved agreement with experimental observables, the conformational ensembles

generated in each of these simulations remain noticeably distinct from each other.

5.4.2 Solvation Thermodynamics

To provide additional insights on how the distinct force field modifications promote the

formation of more extended and solvent-exposed protein conformations, we analyzed in

the following the solvation thermodynamics of the K-18 domain using 3D-2PT [199]. To

ensure comparability between the simulations, we perform these studies for a fixed con-

formation of the protein and sample only the protein-water and water-water interactions.

The protein conformation was selected from the A03ws simulation and includes a mixture

of compact and extended features. The spatially resolved analysis of the solvation ther-

modynamics for a single structure allows us to separate contributions to the solvation free

energy, ∆Gsolv, from the hydration shells of polar and nonpolar functional groups of the K-

18 domain as well as longer-ranged contributions from water molecules with a minimum

distance of 5 Å from the closest protein atom. While ∆Gsolv will depend strongly on the

protein conformation, our analysis aims to highlight overall differences in the protein sol-

vation thermodynamics for distinct force fields that are not expected to depend strongly on

the specific protein conformation.

5.4.2.1 IDP Solvation with Standard Force Field Parameters

The 3D-2PT approach spatially resolves local contributions to the solvation free energy,

enthalpy, and entropy on a three-dimensional analysis grid. Each property can be expressed

either per water molecule at a given site or as an energy density (per volume). The results

are shown together with a 3D representation of the selected conformation of the K-18 do-

main in Figure 5.2. We visualize the selected conformation in panel A and highlight the
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location of charged, polar, and nonpolar side chains. In panel B, we illustrate a 3D map of

local contributions to the solvation free energy. For this purpose, we used a color code to

project spatially resolved solvation free energy contributions per water molecule on an iso-

density surface of the water number density at 1.25 g/cm3. This iso-density surface encloses

regions of increased water density characteristic for the first hydration shell of the protein

where contributions to the solvation free energy are primarily located. In panel C, we show

the closely related solvation free energy density projected on two surfaces with a constant

distance to the closest protein atom, i.e., 3.0 Å and 3.5 Å, respectively (see caption). Both

representations of the solvation free energymaps provide complementary information. Blue

colors indicate sites with small or even positive (unfavorable) contributions to the protein

solvation free energy, while green and red colors indicate local sites with significant favor-

able contributions to ∆Gsolv. Differences between results obtained from simulations with

distinct force fields are not easily discernible at this scale, which is why we only show the

result for A03w here.

Quantitative differences between distinct force fields become apparent upon integra-

tion over the entire analysis grid, the hydration shell (voxels within 5 Å of the closest

non-hydrogen protein atom), and its polar and nonpolar components. Here, we distinguish

polar and nonpolar components of the hydration shell based on the partial charge (in the

AMBER03 force field) of the closest non-hydrogen atom of the protein. If a voxel of the

analysis grid lies within the protein hydration shell and the closest non-hydrogen atom of

the protein carries a partial charge qwith |q| > 0.2, we define it as part of the polar hydration

shell. All other voxels of the protein hydration shell are defined as the nonpolar hydration

shell.

We first analyzed distinct contributions to the solvation free energy of the K-18 domain

in simulations with standard force fields described in Table 5.1. In panel A of Figure 5.3, we

compare the integrated solvation free energies of the K-18 domain in simulations with the
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Figure 5.2: Solvation of the K-18 domain in a fixed conformation. (A) The selected con-
formation with RG =24.6 Å and SASA=13,260 Å2 was sampled as a comparably compact
state in the A03w simulation, which features extended and collapsed domains. All atoms in
the protein are shown as van-der-Waals spheres colored by the corresponding residue type
as indicated. (B) Exemplary solvation free energy map obtained with the 3D-2PT formal-
ism using the A03w force field. Local contributions to ∆Gsolv per water molecule (Eq. S10
in the SI) are projected on an iso-surface of the water density at 1.25 g/cm3, which effec-
tively highlights the first hydration shell of the protein. (C) Solvation free energy density
obtained from the data set in (B) (Eq. S11 in the SI) color-coded on two surfaces with a
constant distance of 3.0 Å and 3.5 Å from the closest atom of the protein. The outer surface
is semi-transparent to allow an average view on both surfaces.

distinct standard force fields (prior to the introduction of any modifications). The total sol-

vation free energy obtained upon integrating over the entire analysis grid is most favorable

for the C36m system and least favorable for A03w. The solvation free energy is a critical

component of the free energy surface sampled by the protein in unconstrained simulations.

However, the total free energy surface of the protein also includes the intramolecular pro-

tein potential energy and its conformational entropy [240], which are excluded from our

present analysis.

Figure 5.3A shows that a dominant fraction of the total solvation free energy stems from

contributions in the 5 Å hydration shell (∼90%). Within the hydration shell, solvation free

energy contributions are dominated by contributions from the polar hydration shell in all

systems. The latter is partially caused by the respective numbers of water molecules in the
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Figure 5.3: Solvation thermodynamics obtained with 3D-2PT for the fixed conformation
of the K-18 domain in simulations with standard force field models (see Table 5.1). (A)
Total solvation free energy (gray), solvation free energy contributions of a 5 Å shell around
the protein defined by the distance to closest non-hydrogen protein atom (light gray), and
decomposition into contributions of hydration shells of polar (light blue) and nonpolar (light
red) protein atoms. (B) Number of water molecules in the total 5 Å hydration shell and its
polar and nonpolar components (colors as in A). (C, D) Solvation free energy contributions
per water molecule in the polar (C) and nonpolar (D) components of the hydration shell. The
latter (light gray) is decomposed into enthalpic and entropic contributions including (∆Hsolv
in red and−T∆S solv in green) and excluding (∆Huv in orange and−T∆S uv in cyan) canceling
contributions from solute-induced changes of water-water interactions (see Methods and
SI). Error bars describing the error of the mean are included in all panels, but not visible on
the shown scale.
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polar and nonpolar hydration shells shown in panel B of Figure 5.3. The 5 Å hydration

shell consists of just below 1,400 water molecules in all systems. Approximately 60% of

these water molecules are located in the polar and ∼40% in the nonpolar hydration shell.

However, more important than these different populations are the distinct thermodynamic

properties of water in polar and nonpolar hydration shells, which are quantified and decom-

posed into enthalpic and entropic components (per water molecule) in panels C and D of

Figure 5.3.

Independent of the force field model, water molecules in the polar hydration shell con-

tribute∼-9 kJ/mol to the solvation free energy, while water molecules in the nonpolar hydra-

tion shell only contribute∼-2 kJ/mol. This difference is not surprising given the hydrophilic

and hydrophobic properties of polar and nonpolar functional groups of the protein. Decom-

posing local solvation free energy contributions into enthalpic and entropic contributions

allows us to analyze the distinct protein-water interactions in more detail.

If protein-induced changes in the water-water interactions are included, the solvation

entropy ∆S solv appears only as a minor factor. The positive −T∆S solv term compensates

18-21% of the corresponding negative ∆Hsolv term in the polar hydration shell, which seem-

ingly dominates the favorable solvation free energy contribution of ∼-9 kJ/mol per water

molecule. In the nonpolar hydration shell, both terms are smaller and the positive −T∆S solv

term compensates 35-36% of the negative ∆Hsolv term, which leads to the weakly favorable

∼-2 kJ/mol contribution to ∆Gsolv per water molecule.

As discussed in the context of Eqs. 5.2 and 5.3,∆Hsolv and∆S solv include the exactly can-

celing protein-induced changes of water-water interactions, ∆Hvv and ∆S vv, which have no

impact on the free energy. To focus only on non-canceling contributions caused directly by

solute-water interactions, we thus also computed ∆Huv and ∆S uv. This reveals the actual

thermodynamic driving forces that govern solvation and allows for direct comparisons to

analytical theory. Specifically, linear response theory for the solvation of ions, dipoles, etc.
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in a polar solvent, i.e., solute-solvent interactions dominated by electrostatics [245, 246],

predicts the following ratio [245, 246]:

γ = ∆Gsolv/∆Huv = 1/2 (5.4)

For both the polar and nonpolar hydration shells ∆Huv and −T∆S uv are substantially

larger than ∆Hsolv and −T∆S solv terms. Consequently, the degree of cancellation between

∆Huv and −T∆S uv is also increased. In the polar hydration shell, 43% of the negative ∆Huv

term is compensated by positive−T∆S uv contributions. In other words, the ratio γ evaluates

to 0.43, which is just below the linear response prediction for electrostatically dominated

solvation. In the nonpolar hydration shell, this ratio drops to just ∼0.34 with a weak depen-

dence on the force field used.

We previously introduced deviations of γ from the linear response prediction as a mea-

sure of the relative importance of electrostatic solute-solvent interactions with γ = 0.5 as

an upper limit [240]. We then used an empirical expression for γ to predict solvation free

energies of a small peptide as a function of its conformation based on ensemble averages

of ∆Huv [240]. In the present study, the observed decrease of γ from 0.43 in the polar to

0.34 in the nonpolar hydration shell follows the expected trend, i.e., the solvation of polar

functional groups is dominated by electrostatics while the solvation of nonpolar functional

groups is not.

5.4.2.2 Changes in IDP Solvation with Modified Force Fields

In Figure 5.4, we analyzed changes in the solvation of the K-18 domain induced by

modified force field parameters, i.e., we analyzed the difference between solvation free

energy contributions obtained in simulations with modified and standard force field param-

eters. An alternative version of this analysis is shown in Figure S5 of the SI, where the

A99*Ew system was used for comparison with A99*D. As shown in panel A, the solvation
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free energy changes, ∆∆Gsolv, are favorable for all four force field pairs, i.e., the modified

force fields result in an overall more negative ∆Gsolv of the protein. The latter is expected

given the more expanded protein conformations observed in simulations with the modified

force fields in Figures 5.1 and S1-S4. However, the magnitude, localization, and decom-

position of ∆∆Gsolv differs between distinct pairs of standard and modified force fields. In

Figure 5.4A, the magnitude of the total ∆∆Gsolv is significantly larger for the comparisons

of A03ws and A99ws with their reference systems than for C36m*. For A99*D, the mag-

nitude of the total ∆∆Gsolv depends on the choice of the reference system. If A99* (with

the TIP4P/2005 water model) is used as a reference, the total ∆∆Gsolv is comparable to

C36m*. However, if we use A99*Ew (with the TIP4P-Ew water model) as a reference,

the total ∆∆Gsolv is comparable to A03ws and A99ws. The latter is interesting as it does

not directly correlate with changes of the sampled conformational ensembles sampled with

the modified force fields analyzed in Figures 5.1 and S1-S4. The lack of correlation can

be attributed to different intra-protein and protein-water interactions in the corresponding

reference systems.

It is further important to note that different effects of force field modifications on the

solvation of polar and nonpolar groups discussed below imply that the total ∆Gsolv and

∆∆Gsolv for the compared pairs of modified and standard force fields is expected to depend

on the protein conformation selected for the analysis, i.e., the relative exposure of polar

and nonpolar functional groups. Hence, we focus our following analysis on changes of

solvation parameters that we expect to be less dependent on the protein conformation, i.e.,

qualitative contributions to ∆∆Gsolv from the first and higher hydration shells and per water

molecule contributions in hydration shells of polar and nonpolar functional groups.

In the systems inwhich the protein-water interactionsweremodified directly, i.e., A03ws,

A99ws and C36m*, favorable contributions to ∆∆Gsolv are found in the protein hydration

shell as well as to a lesser extent in higher hydration shells for distances larger than 5 Å
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Figure 5.4: Change in solvation due to modified force field parameters. (A) Change
in the total solvation free energy (gray), solvation free energy contributions of a 5 Å shell
around the protein defined by the distance to closest non-hydrogen protein atom (light gray),
and decomposition into contributions of hydration shells of polar (light blue) and nonpolar
(light red) protein atoms. (B) Change in the number of water molecules in the total 5 Å
hydration shell and its polar and nonpolar components. (C, D) Change of solvation free
energy contributions per water molecule in the polar (C) and nonpolar (D) components
of the hydration shell. The latter is decomposed into enthalpic and entropic contributions
including (∆Hsolv in red and −T∆S solv in green) and excluding (∆Huv in orange and −T∆S uv
in cyan) canceling contributions from solute-induced changes of water-water interactions
(see Methods and SI). Error bars indicate the statistical error of the mean.
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from the protein. The latter results in the increasing magnitude of ∆∆Gsolv, when the inte-

gration is performed over the full analysis grid instead of just the hydration shell. Notably,

this situation is significantly different for A99*-Dwith the re-parameterized TIP4P-Dwater

model (independent of the choice of the reference system, see Figure S5 in the SI). Here,

favorable ∆∆Gsolv contributions in the hydration shell are partially compensated by unfa-

vorable contributions at larger distances from the protein. We can rationalize the latter by

the nature of the force field modifications.

In the A99*D system, the re-parameterized water model features a larger dipole mo-

ment, which affects the preferential orientation of water molecules within the electric field

of the protein. These changes are largest at short distances and in the polar hydration shell,

where local contributions to ∆∆Gsolv are most pronounced. Water molecules at distances

> 5 Å from the protein interact more strongly with water molecules in the first hydration

shell (with which they can form direct hydrogen bonds) thanwith the protein. Consequently,

water molecules in higher hydration shells prioritize their interactions with water in the first

hydration shell over weaker direct interactions with the protein. Thus altered water orien-

tations in the first hydration shell of the A99*D system propagate into succinct hydration

shells, where they result in unfavorable changes of protein-water interactions and thus un-

favorable contributions to ∆∆Gsolv.

In addition to∆∆Gsolv, we analyzed changes in the number of water molecules within the

5 Å hydration shell due to the modified force field parameters in Figure 5.4B. As one might

expect, the number of water molecules increased in all cases, where protein-water inter-

actions were modified to be more attractive, i.e., due to changes in protein-water Lennard-

Jones interactions in A03ws, A99ws, and C36m* systems. However, for the A99*D system

where the re-parameterized water model affects both protein-water and water-water interac-

tions, the number of water molecules in the hydration shell decreases despite the favorable

∆∆Gsolv reported in panel A. While small compared to the overall number of hydration wa-
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ter molecules (see Figure 5.3B), these changes highlight that the impact of simultaneously

modified protein-water and water-water interactions are non-trivial to predict. The same

applies to changes in the solvation free energy: only changes in water-water interactions

induced by the presence of the protein solute cancel out as described in Eq. 5.2, while mod-

ified water-water interactions in the force field model do not.

In Figure 5.4C and D, we decomposed ∆∆Gsolv contributions from the polar and non-

polar hydration shells into contributions per water molecule. This decomposition reveals

additional details that inform how the distinct modifications of the force field parameters

impact protein solvation in each case.

For A03ws and A99ws, ∆∆Gsolv contributions per water molecule are largest in the

nonpolar hydration shell, while the opposite is the case for A99*D andC36m*. We begin the

discussion of these differences with the nonpolar hydration shell in the A03ws and A99ws

systems, where Lennard-Jones interactions between protein atoms and water oxygens have

been scaled.

In the nonpolar hydration shell, protein-water Lennard-Jones interactions do not com-

pete with electrostatic protein-water interactions such as hydrogen bonds. Existing attrac-

tive Lennard-Jones interactions simply become stronger upon scaling, while changes in the

water structure are minimal. The latter can be deduced by the minor difference between

∆∆Hsolv and ∆∆Huv, which describes the change of water-water interactions ∆∆Hvv. Fur-

ther, the decomposition of ∆∆Gsolv shows that the latter is essentially identical to ∆∆Huv

and no significant compensation by the −T∆∆S uv term is observed. For hydrophobic sur-

faces in water, ∆S uv is dominated by repulsive protein-water interactions [247], which are

insensitive to scaling of the corresponding Lennard-Jones potentials. The steepness of the

repulsive term prevents the population of strongly repulsive configurations even prior to

scaling.

This situation is different in the polar hydration shell of the A03ws and A99ws sys-
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tems. Here, Lennard-Jones interactions between protein atoms and water oxygens, which

are isotropic and do not prefer any specific water orientation, compete with directional

protein-water hydrogen bonds. Scaling the Lennard-Jones interactions thus increases the

weight of Lennard-Jones interactions within this balance and results in overall less direc-

tional protein-water interactions. The consequences can be compared to previous studies of

bulk water with modified water models, which showed how an increased weight of isotropic

Lennard-Jones interactionsweakens the structure of thewater hydrogen bond network.[248]

In the polar hydration shell of the A03ws and A99ws systems, we thus observe a (small) fa-

vorable −T∆∆S uv term, i.e., an increase of the solute-solvent entropy. The resulting change

in the hydration water structure is particularly pronounced in the A99ws system, where it

even leads to a net unfavorable change of the protein-water interaction energy, i.e., ∆∆Huv.

Compared to the observation for A03ws and A99ws, changes in solvation are qualita-

tively different for the A99*D and C36m* systems, where the introduced changes in the

force field affect the preferential orientation of hydration water molecules.

In the A99*D system, the increased dipole moment of the water model results in an en-

hanced strength of electrostatic protein-water interactions such as protein-water hydrogen

bonds, which is particularly evident in the ∆∆Huv term for the polar hydration shell. This

effect on electrostatic interactions seems to be more important than the enhanced disper-

sion interactions in the TIP4P-D water model. In both, the polar and non-polar hydration

shell, ∼50% of the favorable ∆∆Huv is compensated by an unfavorable −T∆∆S uv term,

which is expected for primarily modified electrostatic interactions (following the same lin-

ear response approach discussed in the context of Eq. 5.4). Since electrostatic protein-water

interactions are significantly more relevant in the polar hydration shell, the resulting con-

tributions to ∆∆Gsolv are larger than in the nonpolar hydration shell. The large difference

between ∆∆Hsolv and ∆∆Huv, especially in the polar hydration shell, indicates a significant

change in the hydration shell structure and water-water interactions. The latter is a con-
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sequence of the previously discussed modified preferential orientation of hydration water

molecules and the simultaneous change of water-water interaction potentials in the water

model.

In the C36m* system, the scaling of short-ranged Lennard-Jones interactions between

protein atoms and water hydrogens, which are specific to the TIPS3P water model, pri-

marily enhance the strength of protein-water hydrogen bonds. Consequently, the impact on

∆∆Gsolv (while small in comparison to the other modified force fields) is primarily localized

in the polar hydration shell. Interestingly, the partial cancellation of ∼50% of the favorable

∆∆Hsolv term by an unfavorable−T∆∆S uv term closely resembles the expectations for mod-

ified electrostatic interactions despite the actual nature of the force field modification.

5.5 Conclusion

We used all-atom MD simulations of the K-18 domain of the Tau protein to compare

the impact of previously proposed force field modifications to improve agreement between

conformational ensembles of IDPs in simulations and experiments. We utilized four distinct

pairs of standard and modified force fields that implement distinct strategies to increase fa-

vorable protein-water interactions and stabilize extended conformational states. We initially

analyzed conformational ensembles sampled in simulations on the microsecond timescale,

before we performed a detailed analysis of spatially resolved solvation free energy maps.

As expected, all force field modifications that stabilize extended protein conformations

result in favorable changes in the protein solvation free energy compared to standard pa-

rameters. However, our analysis based on spatially resolved solvation free energy maps of

a single protein conformation identifies significant differences that arise from each specific

strategy to increase attractive protein-water interactions. These differences are expected to

affect the properties of conformational ensembles sampled in MD simulations as well as

water-mediated interactions between proteins that influence the ability to form complexes
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in solution, to aggregate, or even phase-separate.[249, 250]

For example, simulations with the TIP4P-Dwater model were found to enhance protein-

water interactions in the first hydration layers relative to reference simulations with either

TIP4P/2005 or TIP4P-Ew, while changes of protein-water interactions over longer distance

were found to be unfavorable. We can associate this behavior with a change in the prefer-

ential orientation of water molecules in the first hydration shell in response to the modified

protein-water interactions. Such restructuring of inner hydration shells propagates into the

solution, where water molecules tend to optimize interactions with their immediate solvent

environment and interactions with more distant protein atoms only play a secondary role.

Quantitative definitions of solvent-mediated interactions, e.g., between two proteins

in solution, include the cost of depopulating each other’s hydration shells upon complex

formation. As a consequence, simulations with the TIP4P-D water model facilitate the

approach of other proteins up to distances of up to 5 Å compared to simulations with the

reference water models. Only the final desolvation of the protein-water interface, required

to form direct protein-protein contacts, is expected to involve more work due to the in-

creased thermodynamic cost of removing water molecules in the hydration shell compared

to simulations with a standard force field.

In addition, the distinct force field modifications exhibit distinct effects on the solva-

tion of polar and nonpolar functional groups of the protein. A03ws and A99ws primarily

enhance the solvation of nonpolar functional groups, while A99*D and C36m* primarily

enhance the solvation of polar functional groups.

Distinct preferences to enhance the solvation of polar and nonpolar groups will have

direct consequences on changes of conformational ensembles sampled with standard and

modified force field parameters. Simulations with A03ws and A99ws will tend to stabilize

extended and solvent-exposed states of nonpolar residues, while simulations with A99*D

andC36m*will tend to stabilize extended states and solvent-exposed states of polar residues
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(relative to the corresponding standard force field).

For IDPs whose sequence includes both polar and nonpolar residues, such differences

are not likely to be evident in comparisons of global parameters to characterize protein

conformational states such as the radius of gyration or end-to-end distance. However, such

differences will become more dominant if a protein primarily consists of polar or nonpolar

amino acids.
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Chapter 6

ELECTRIC-FIELD INDUCED ENTROPIC EFFECTS IN LIQUID WATER

Reproduced with permission from {Nibali, V. C.; Maiti, S.; Saija, F.; Heyden, M.;

Cassone, G. Electric-field induced entropic effects in liquid water. J. Chem. Phys. 2023;

158(18): 184501. https://doi.org/10.1063/5.0139460} Copyright 2023.

6.1 My Contribution

This project was aimed at investigating the electric-field induced effects on the total

and local entropy of bulk water from both quantum and classical points of view. Externally

applied electric fields in liquid water can result in a myriad of effects that are important

to the fields of electrochemistry and hydrogen-based technologies. While there has been

some research conducted to comprehend the thermodynamics of electric fields in aqueous

systems, as per literature history no previous reports existed regarding the impact of electric

fields on the overall and local entropy of bulk water. We used MD-based 3D-2PT analy-

sis to examine the protein-water interactions by spatially resolving the local entropy and

number density of water under different strengths of electric-fields. A relation between

entropic and structural modifications with atomistic resolution was established through the

spatial maps of local order. In this project, my contributions were focused on carrying out

the simulation and analysis tasks, which involved classical molecular dynamics (MD) sim-

ulations utilizing the TIP4P/2005 water model in Gromacs 2018.1, as well as conducting

the 3D-two-phase thermodynamics (3D-2PT) analysis. Our study of local entropy indica-

tors involved investigating the behavior of bulk water under different conditions at varying

electric field intensities. Specifically, we analyzed two scenarios: (i) the ideal system, in
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which a water molecule was precisely aligned with the electric field (known as the ”fixed”

system), and (ii) the more realistic system, where a water molecule was permitted to rotate

freely around a fixed point in the bulk liquid (referred to as the ”pinned” system). The ideal

system allowed us to gain a deeper understanding of the water environment along specific

orientations of the perfectly aligned molecule, including aspects such as bond vectors and

dipole moments. Conversely, the more realistic system was crucial for comprehending how

the central water molecule reacted to the external electric field, considering both the effects

of field alignment and local structural nuances. Through this detailed investigation, we

were able to uncover valuable insights into the intricate behavior of water molecules in the

presence of electric fields.

In our overall observations, when no external field was applied, a comparative analysis

between the TIP4P/2005 force field and various ab initio functionals demonstrated that

the TIP4P/2005 water model, known for its computational efficiency, effectively captured

the essential structural characteristics of water. The structural representation provided by

this model was found to be in close agreement with that obtained from ab initio molecular

dynamics (AIMD) simulations utilizing the more sophisticated SCAN+rVV10 functional.

Furthermore, I calculated the molecular entropy of bulk water using the TIP4P/2005

model with the two-phase thermodynamics (2PT) formalism, and the results were in line

with those from AIMD simulations employing the SCAN+rVV10 functional. Nonethe-

less, both these values were about 15 J mol−1 K−1 lower than the experimental benchmark

value of 69.95 J mol−1 K−1. This variation might stem from an inherent tendency of the

2PT formalism to underestimate water entropy, as it is based on the vibrational density of

states. Additionally, the molar entropy derived from the TIP4P/2005 water model exhib-

ited considerably less sensitivity to changes induced by polarization compared to that from

the BLYP+D3 water model. This difference can be attributed to the inclusion of electronic

polarization in the BLYP+D3 model, which influences its reactivity to environmental mod-
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ifications.

In additional findings, I utilized molecular dynamics-based analysis through the three-

dimensional two-phase thermodynamics (3D-2PT) approach, which provided comprehen-

sive spatial insights into the local entropy and number density of water molecules surround-

ing a reference molecule. This method enabled me to create three-dimensional visualiza-

tions that depicted the changes in the water structure induced by electric fields. Through

this approach, I observed an enhancement in the hydrogen bonding between the reference

molecule and its nearest neighbors, particularly in specific orientations. This observation is

in line with the vibrational Stark effect, indicating that liquid water tends to formmore ”ice-

like” structures under the influence of electric fields with intensities around 1.0 V nm−1.

The application of the 3D-2PT formalism was crucial in demonstrating the intricate rela-

tionship between changes in local entropy density and alterations in water number density

caused by electric fields. This relationship allowed me to develop a detailed understanding

of the impact of electric fields on the entropy of water at the molecular level.

Finally, our main observation was that a static electric field primarily affects the num-

ber density of water by inducing a more organized layering effect. This effect is char-

acterized by increased coordination in the second shell of water molecules, along with

anisotropic structural changes. Under strong electric fields, water molecules progressively

align their dipoles and adopt orientations parallel to the field lines, leading to the formation

of hydrogen-bonded structures predominantly oriented along a diagonal orientation relative

to the electric field axis.

6.2 Summary

Externally applied electric fields in liquid water can induce a plethora of effects with

wide implications in electrochemistry and hydrogen-based technology. Although some ef-

fort has been made to elucidate the thermodynamics associated with the application of elec-
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tric fields in aqueous systems, to the best of our knowledge, field-induced effects on the

total and local entropy of bulk water have never been presented so far. Here, we report on

classical TIP4P/2005 and ab initiomolecular dynamics simulations measuring the entropic

contributions carried by diverse field intensities in liquid water at room temperature. We

find that strong fields are capable of aligning large fractions of molecular dipoles. Neverthe-

less, the order-maker action of the field leads to quite modest entropy reductions in classical

simulations. Albeit more significant variations are recorded during the first-principles sim-

ulations, the associated entropy modifications are small compared to the entropy change

involved in the freezing phenomenon, even at intense fields slightly beneath the molecu-

lar dissociation threshold. This finding further corroborates the idea that electrofreezing

(i.e., the electric-field-induced crystallization) cannot take place in bulk water at room tem-

perature. Besides, here we propose a molecular-dynamics-based analysis (3D-2PT) that

spatially resolves the local entropy and the number density of bulk water under an electric

field, which enables us to map their field-induced changes in the environment of reference

H2O molecules. By returning detailed spatial maps of the local order, the proposed ap-

proach is capable of establishing a link between entropic and structural modifications with

atomistic resolution.

6.3 Introduction

In addition to quantum mechanics, matter’s behavior is ultimately ruled by the subtle

interplay between local electric fields. [251] Hence, it is not surprising that the application

of external electric fields can be used to alter the thermodynamics of complex molecular

systems in much the same way as temperature and pressure have been traditionally ex-

ploited. [252–255] This way, a widespread series of chemical as well as physical phenom-

ena may be triggered by opportunely tuned oriented fields.

Nowadays, many laboratories are able to produce controllable static fields on the or-
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der of 1 − 10 V·nm−1 at the proximity of high-capability field emitter tips in Scanning

Tunneling Microscopy (STM) and Atomic Force Microscopy (AFM) apparatus, [256–258]

rendering evident the possibility that tailored static electric fields will routinely be em-

ployed as smart catalytic tools in the imminent future. [259] Indeed, it has been proven that

electrostatic potential gradients can selectively promote and catalyze Diels-Alder [260] and

other industrially-relevant [261] chemical reactions. These findings represent some of the

first experimental evidences indicating that electric fields with magnitudes on the order

of ∼ 1 − 10 V·nm−1 can drive and finely control specific chemical transformations. On

the other hand, detailed conclusions on the effects produced by the application of intense

electric fields were achieved through traditional quantum-based computational approaches

on single-molecule systems [262, 263] and – by means of ab initio and advanced meta-

dynamics techniques – on condensed phases of matter. [264, 265] Field strengths on the

order of ∼ 5 V·nm−1 have been employed in order to reproduce in silico Miller [266] and

Miller-like [267] experiments and to highlight some crucial aspects of the role played by

electrostatics on general chemical reactivity. [259, 264, 268] Those field intensities couple

with the local electric fields naturally present in condensed matter, whose intensity falls ex-

actly in the same range of magnitude. [269] Indeed, electric fields on the order of 10V·nm−1

are generated by the solvent in aqueous systems. [270] Besides, as proven by recent inves-

tigations carried out via two-dimensional infrared (2D-IR) spectroscopy, field strengths of

3 V·nm−1 are ubiquitous in neat liquid water and are responsible for the solvation state of

protons. [271] Pioneering Car-Parrinello molecular dynamics simulations [272] and more

recent and sophisticated ab initio molecular dynamics (AIMD) investigations, [200, 201]

also including subtle Nuclear Quantum Effects (NQEs) via path-integral AIMD, [273] have

partly elucidated the role played by static electric fields when applied on bulk liquid water,

shedding some light on its spectroscopic, molecular and proton conductivity response upon

exposure to electric fields. In vibrational Stark spectroscopy, frequency shifts induced by
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similarly intense electric fields in selected vibrational modes are conveniently exploited as

local probes. [274] Furthermore, proton transfer reactions triggered by the strong electric

fields spontaneously present at the interface between water and different solid materials

have recently been characterized. [275–277] This way, electrostatic potential gradients are

capable not only of reorganizing molecular dipoles in such a way to freeze liquids like

ammonia, [278] but also of opening pathways in complex reaction networks shaping the

chemistry of aqueous systems. [266, 267, 279]

Notwithstanding some thermodynamic investigations reported on the effects generated

by electric fields on the solid-liquid equilibrium, [203] electric-field-induced entropy mod-

ifications associated with the water hydrogen-bond (H-bond) reorganization have only very

recently been investigated at electrified interfaces bymeans of multiscale simulations. [204]

In particular, Estejab et al., by means of classical MD and AIMD simulations, have studied

the solvation thermodynamics of a series of surface species on the assumption that local

electric fields could be able to reorient the hydration water molecules. [204] Although a

key finding – concerning the fact that the entropy of solvation depends on both the strength

and direction of the electric field – was reported, [204] this study was affected by the (inex-

tricable) competition between the field and surface effects at the water/electrode interfaces.

In addition, many computational efforts were traditionally devoted to the well-known hy-

drophobic effect, [205] whose molecular-scale origins are modified by local charges (and

hence fields). [206, 207] However, to the best of our knowledge, neither qualitative nor

quantitative assessments on the role played by electric fields in shaping the local entropy

of bulk water have been reported so far.

The aim of the current study is to exploit force-field MD and AIMD simulations of

bulk liquid water under the effect of static and homogeneous electric fields to unveil field-

induced changes on the structure and entropy of the system. Moreover, here we also track

the outcomes stemming from local entropy descriptors capable of returning a spatially-
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resolved quantification of the entropy. In particular, we use an MD-based analysis (3D-

2PT) [199, 208] that spatially resolves the entropy per water molecule and the local number

density of bulk water under an electric field and their changes relative to the zero-field

regime. As for these local entropy indicators, we investigate the bulk water environment of

two different scenarios at diverse field intensities: (i) the ideal system of a water molecule

perfectly aligned along the field (named hereinafter as fixed) and (ii) the more realistic

system of a water molecule freely rotating around a locked point in the bulk liquid (named

hereinafter as pinned). Whilst the ideal system allows to characterize the complex water

environment along specific directions of the perfectly aligned molecule (e.g., bond vectors,

dipole moment), the more realistic system is needed to describe the response of the central

water molecule to the externally imposed electric field, i.e., the combined effect of the field

alignment and local structure preferences.

6.4 Methods

6.4.1 Simulation Protocol

We used the software package CP2K, [280] based on the Born-Oppenheimer approach,

to perform ab initio molecular dynamics (AIMD) simulations of a sample of liquid water

under the action of static and homogeneous electric fields applied along a given direction

(corresponding to the Z-axis). The implementation of an external field in numerical codes

based on Density Functional Theory (DFT) can be achieved by exploiting the Modern The-

ory of Polarization and Berry’s phases [281–283] (see, e.g., Ref. [284]). Under periodic

boundary conditions, the problem of computing the polarization P in an electric field pro-

vides the solution to the problem of computing any property of an insulator in a finite homo-

geneous electric field. By exploiting Berry’s phase [283] polarization the overall problem

is solved. In particular, by considering an oriented electric field, the following variational
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energy functional can be built [284]

EE[{ψi}] = E0[{ψi}] − E · P[{ψi}] , (6.1)

where E0[{ψi}] is the well-known energy functional in the zero-field system and P[{ψi}] is

the polarization defined by Resta. [285] This way, a finite static and homogeneous electric

field can be applied in AIMD simulations.

The liquid water sample contained 128 H2O molecules (i.e., 384 atoms) arranged in a

cubic cell with 15.82 Å edges, so as to reproduce a density of 0.97 g·cm−3. As usual, struc-

tures were replicated in space by employing periodic boundary conditions. The intensity

of the electric field was gradually increased with a step increment of 0.5 V·nm−1 from zero

up to a maximum of 2.0 V·nm−1. Albeit the latter value is slightly beneath the computa-

tional [272, 273] and experimental [257, 258, 286] water dissociation threshold, from our

prolonged AIMD trajectories a non-zero probability of finding field-induced ionizations

at 2.0 V·nm−1 was recorded, a result in accordance with recent simulations. [273] Thus,

to make a one-to-one comparison with the entropy estimates stemming from the classical

force-fields simulations, we decided to consider for the analysis of the entropy only the

trajectories where proton transfers do not occur. On the other hand, for structural analy-

ses also data stemming from the simulation at the highest field intensity (2.0 V·nm−1) were

post-processed. In the zero-field case we performed dynamics of 50 ps whereas, for each

other value of the field intensity, we ran dynamics of almost 250 ps with a time-step of

0.5 fs.

Wavefunctions of the atomic species have been expanded in the TZVP basis set with

Goedecker-Teter-Hutter (GTH) pseudopotentials using the GPW method. [287] A plane-

wave cutoff of 400 Ry has been imposed. Exchange and correlation (XC) effects were

treated with the gradient-corrected Becke-Lee-Yang-Parr (BLYP) [288, 289] density func-

tional. Moreover, in order to take into account dispersion interactions, we employed the
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dispersion-corrected version of BLYP (i.e., BLYP+D3(BJ)). [290, 291] A nominal temper-

ature slightly higher than the standard one has been simulated in order to better reproduce

the water structure (i.e., T = 350 K). The dynamics of ions was simulated classically within

a constant number, volume, and temperature (NVT) ensemble, using the Verlet algorithm

whereas the canonical sampling has been executed by employing a canonical-sampling-

through-velocity-rescaling thermostat (CSVR) [292] set with a time constant equal to 10 fs.

In the zero-field regime, comparisons of some structural properties of water were per-

formed by means of the more recent and accurate non-empirical strongly constrained and

appropriately normed (SCAN) functional [293] (plus the rVV10 dispersion correction [294]).

In this case, a cubic box containing 97 H2O molecules (i.e., 291 atoms) arranged in a cubic

cell with edges equal to 14.30 Å was simulated for ∼ 50 ps. Wavefunctions have been ex-

panded in the TZVP basis set with GTH pseudopotentials specifically optimized for SCAN,

whilst a large plane-wave cutoff of 1200Ry has been imposed after several tests. Moreover,

optimized parameters for SCANwere used for mimicking dispersion interactions within the

rVV10 method (i.e., b = 11.40 and c = 0.93). A temperature of 300 K was imposed in the

SCAN+rVV10 case via a CSVR thermostat [292] set with a time constant equal to 50 fs.

Classical molecular dynamics (MD) simulations of liquid water under static and homo-

geneous electric fields were carried out with the Gromacs 2018.1 software package. [295]

The TIP4P/2005 model [296] was used to describe water-water interactions. Although

more sophisticated potentials have been developed in recent decades, the reliability of

TIP4P/2005 has been demonstrated by recent interesting results, also concerning the ap-

plication of external electric fields. [255, 297]

To analyze the bulk entropy of TIP4P/2005 water for comparison with AIMD, we per-

formed one set of simulations with 1024 water molecules in the canonical ensemble with

a fixed-volume cubic box with 31.62 Å edges. A second set of simulations for the same

system was performed in the isobaric-isothermal ensemble at a constant pressure of 1 bar
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to study the impact of field-induced density changes on the water entropy, which were not

captured in constant-volume AIMD simulations. To spatially resolve local water entropies

in the 3D environment of a central water molecule, we used a third and fourth set of sim-

ulations with 2147 water molecules in a cubic box with initial edges of 42 Å, which were

equilibrated at a pressure of 1 bar for each applied electric field strength prior to sampling

at constant volume.

As described in the Introduction section, these last two sets of simulations described two

different scenarios, which we refer to as fixed and pinned. In the fixed set of simulations,

the dipole moment of a central water molecule was aligned with the z-axis along which the

electric fields were applied. The Cartesian coordinates of this water molecule were kept

fixed using harmonic position restraints with a large force constant (500 kJ/(mol Å2). In the

pinned set of simulations, the harmonic position restraint was only applied to the oxygen

atom of the central water molecule, thus allowing the latter to rotate freely. These two

scenarios allow for different high-resolution analyses of water properties in the environment

of the restrained water molecule, as described in detail in subsection II-B.

Each of the four sets of simulations with the TIP4P/2005 model were simulated in the

zero-field regime and in the presence of electric fields E, of varying magnitude between

0.5 and 2.0 V·nm−1. The fields were implemented using an external force along the Z-

axis that acts on all atoms proportional to their partial atomic charge. In all simulations,

long-range electrostatics were treated with the particle mesh Ewald algorithm on a 1.2 Å

spatial grid with a fourth order interpolation and tin-foil boundary conditions. [126] Short-

range electrostatics and Lennard-Jones forces were shifted to zero between 9.0 and 10.0 Å.

Long-range dispersion corrections were applied for the energy and pressure. Neighbor lists

were updated every 10 femtoseconds (fs) (equilibration) or 8 fs (production) with a 13.0 Å

distance cutoff. The time step for integration was set to 1 fs (for both equilibration and

production). The SETTLE algorithm [63] was used to constrain the intramolecular degrees
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of freedom of water molecules.

The bulk water systems with 1024 molecules were simulated with a time step of 0.5 fs

and coordinates were stored every 1 fs to allow for direct comparisons with the AIMD simu-

lations using identical analysis protocols. The first set of simulations at constant volumewas

equilibrated for each applied field strength for 100 ps using the Berendsen weak-coupling

thermostat with a reference temperature of 300 K and a time constant of 1.0 ps. [129] This

was followed by 250 ps of production simulations with the Nose-Hoover thermostat and

a time constant of 2.0 ps. [130] The second set of simulations of these systems at con-

stant pressure used the same protocol with added barostats at a reference pressure of 1 bar.

The Berendsen weak-coupling barostat[129] and the Parrinello-Rahman barostat[298] were

used during equilibration and production, respectively, with a time constant of 1.0 ps.

Simulations of the fixed and pinned systems with 2147 water molecules were equili-

brated for each electric field strength at constant pressure with the same basic protocol as

described above. However, the production simulations in the isothermal-isobaric ensem-

ble were extended to 80 ns in this case to sample 800 independent microstates in the NPT

ensemble, i.e., coordinates and velocities every 100 ps. Each of these microstates was then

used to initiate microcanonical (NVE) simulations of 100 ps length eachwith 1 fs time steps,

which were used for the subsequent analysis. During these 800 production runs per system,

coordinates and velocities were saved every 8 fs. Compared to the previous sets of simu-

lations that were directly compared to the AIMD simulations, we increased the integration

time step to 1 fs for the equilibration of the fixed and pinned systems in consideration of the

lack of fast intramolecular vibrations in the rigid TIP4P/2005 model. In the NPT simula-

tions, we increased the time step further to 2 fs to increase the sampling speed. For the fol-

lowing simulations in the microcanonical ensemble used for the analysis, we decreased the

time step again to 1 fs to ensure strict energy conservation and accurate dynamics in accord

with previously established protocols for entropy estimations using 3D-2PT.[199, 208, 299]
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6.4.2 Details on the 3D-2PT Method and System-Specific Analyses

All entropy calculations were performed with the two-phase thermodynamics (2PT)

formalism proposed by Goddard and co-workers, [300–302] which we recently expanded

into a grid-based version, 3D-2PT, that allows us to analyze solvent properties with spatial

resolution.[199, 208, 299] The method is based on the vibrational density of states (VDoS),

which corresponds to the Fourier transform of velocity time correlation functions and can

be evaluated separately for translational and rotational degrees of freedom as well as in-

tramolecular vibrations, if present.

Itr (ν) =
2

kBT

∫ +∞

−∞
ei2πντmw⟨vcom (t) vcom (t + τ)⟩ dτ

Irot (ν) =
2

kBT

∫ +∞

−∞
ei2πντ

3∑
k=1

Ik⟨ωk (t)ωk (t + τ)⟩ dτ

Ivib (ν) =
2

kBT

∫ +∞

−∞
ei2πντ

3∑
v=1

µv⟨q̇v (t) q̇v (t + τ)⟩ dτ (6.2)

Here, Itr, Irot and Ivib describe the VDoS of the translational, rotational and vibrational de-

grees of freedom, respectively, computed from time auto-correlation functions of themolec-

ular center of mass velocity vcom with mass mw, angular velocity ωk around rotational axis

k with moment of inertia Ik, and time-derivative of (intramolecular) vibrational coordinate

qv with reduced mass µv; kB is Boltzmann’s constant, T the absolute temperature, and an-

gular brackets ⟨...⟩ indicate ensemble averages over the simulation time t and equivalent

water molecules. For this study, we modified the open-source version of 3D-2PT [199],

intended for simulations with rigid water models, and added a module for the analysis of

the intramolecular vibrations (present in the AIMD simulations) as originally described by

Lin et al.[301, 302].

The main feature of the 2PT framework is that the VDoS of translational and rotational

degrees of freedom obtained from MD simulations are decomposed into separate contri-

butions that are treated by simple analytical model systems. Specifically, the translational
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degrees of freedom are described as a superposition of a hard sphere fluid and a set of

harmonic oscillators that cover the range of all frequencies sampled in the simulation. By

construction, the hard sphere fluid describes all diffusive components of the VDoS that are

sampled at zero frequency.

A similar approach is used for rotational degrees of freedom of simulated molecules.

Here, the hard sphere fluid is replaced by the rigid rotor model to describe zero-frequency

components of the rotational VDoS. The intramolecular vibrations of water molecules lack

diffusive processes at zero frequency and are thus simply treated as a spectrum of harmonic

oscillators.

Standard expressions in statistical mechanics for the thermodynamic properties of hard

sphere fluids, rigid rotors and harmonic oscillators are then used to describe the thermody-

namic properties of the simulated liquid based on the decomposition of its VDoS described

above. While the accuracy of the approach is intrinsically limited by the simplifications

introduced through the analytical models, absolute molar entropies obtained with 2PT from

molecular simulations have been shown to correlate well with experimental data.[301] In

addition, applications within the 3D-2PT framework have shown that changes in entropy,

e.g., in response to the presence of a solute, benefit from the cancellation of systematic er-

rors and can be obtained within the accuracy limits of the applied simulation model, e.g.,

empirical force fields used in the simulation.[208, 299].

Average molar entropies without spatial resolution were obtained for the AIMD simu-

lations and the TIP4P/2005 simulations of the smaller systems with 1024 water molecules.

To compute velocity time correlation functions from these simulations, atomic velocities

were first reconstructed using finite differences and atomic coordinates saved at 1 fs inter-

vals. For each molecule, the atomic velocities were then converted into velocities of the

molecular center of mass (translations), angular velocities around the rotational axes with

distinct moments of inertia (rotations), and in the case of AIMD simulations, intramolecular
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vibrations. Time correlation functions of the distinct velocity components were then com-

puted for a maximum correlation time of 1.0 ps, averaged for all water molecules, Fourier

transformed into the corresponding VDoS and used to estimate the entropy with the 2PT

formalism described briefly above and in detail elsewhere. [208, 300, 301]

For the fixed and pinned systems simulated with the TIP4P/2005 water model, we used

atomic velocities evaluated during the simulation and stored in the trajectory together with

atomic coordinates at time intervals of 8 fs. To analyze molecular entropies with spatial

resolution, we defined a three-dimensional (3D) grid around the restrained central water

molecule. The grid contained 80×80×80 volume elements (voxels) with a grid constant of

0.5Å. The orientation of the analysis grid was alignedwith the axes of the coordinate system

and was kept unchanged during the analyses, for both the fixed and pinned systems. The

analysis of the translational and rotational VDoS described above (the TIP4P/2005 water

model lacks intramolecular vibrations) was then performed for each voxel of the analysis

grid using a standard protocol adopted from previous 3D-2PT studies [208, 299]. Water

molecules analyzed for a given time frame of the trajectory were assigned to a voxel based

on their center of mass position. Auto-correlation functions of water translational and rota-

tional velocities were computed for correlation times up to 1.6 ps and Fourier transformed

into the corresponding VDoS. The resulting local VDoS for the translational and rotational

degrees of freedom for each voxel were averaged over all simulation trajectories for each

system and used to estimate the local water entropy with the 2PT formalism. [208, 300, 301]

In the pinned set, at zero field we expect isotropic physical properties in the surrounding of

the freely rotating central water molecule while at non-zero field any sign of anisotropy with

increasing field intensity is due to the alignment of the molecules of the system (including

the central water molecule). This is not valid for the fixed set: due to the set orientation of

the central water molecule, the results are anisotropic even in the zero-field regime. No-

tably, since both the analysis grid and the central water molecule in the fixed system do not
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change their orientation with respect to the simulation box and therefore do not change their

reciprocal orientation either, an advantage of the fixed system is that we can characterize

properties of water in the environment along specific directions (i.e., analysis along the O-H

bond vectors or along the water dipole moment). On the other hand, in the pinned set of

simulations the rotation of the central water molecule in the fixed analysis grid results in a

spherically symmetric environment at zero field strength and cylindrical symmetry along

the Z-axis with the applied electric fields, as schematically shown in Fig. 1.

Figure 6.1: Schematic visualization of the simulated reference systems. (Left) Fixed sys-
tem: a water molecule located at the center of the simulation box and analysis grid is fully
restrained to maintain near-perfect alignment with respect to the electric field direction.
(Right) Pinned system: only the position of the oxygen atom of central water molecule is
restrained, thus allowing free rotation of the H2O molecule. Hydration environment is not
shown for clarity.

6.5 Results

6.5.1 Classical Force-field vs. ab initio Water Entropies

Before determining a spatially-resolved molecular picture of the structural and ther-

modynamic properties of the bulk water environment, it is worth to preliminarily test the
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accuracy – in the absence of the field – of the commonly employed TIP4P/2005 [296] wa-

ter parametrization with respect to two different dispersion-corrected Density Functional

Theory (DFT) exchange-correlation (XC) functionals belonging to diverse classes, i.e., the

BLYP+D3 [288–291] and the SCAN+rVV10. [293, 294] Whereas the former represents by

far one of the most employed Generalized Gradient Approximation (GGA) density func-

tionals in ab initioMD (AIMD) simulations of bulk liquid water, the latter is considered the

forefront of meta-GGA DFT functionals for reproducing the behavior of aqueous systems.

In particular, the SCAN functional corrected by the rVV10 dispersion parametrization is ca-

pable of overcoming some of the serious drawbacks characterizing the previous generation

of DFT XC functionals belonging to the GGA class. As shown in Fig. 2-a, SCAN+rVV10

(dotted blue curve) is capable of faithfully reproducing the oxygen-oxygen radial distribu-

tion function gOO(r) emerging from neutron scattering experiments [4] (profile on top of

the grey shaded area) at ambient conditions. Interestingly, whilst Grimme’s D3 [290, 291]

dispersion corrections are not capable of adequately softening the intermolecular H2O inter-

actions, which result to be sizably overestimated by the BLYP functional (dashed red curve)

even at a temperature higher than the ambient one, the TIP4P/2005 force-field reproduces

spatial correlations between the water molecules in bulk liquid water at room temperature

remarkably well (black solid curve). Thus, the hydrogen-bond (H-bond) network organi-

zation emerging from the gOO(r) appears to be adequately described by the computation-

ally efficient and rigid TIP4P/2005 water model, similarly to cutting-edge and demanding

dispersion-corrected first-principles meta-GGA functionals.

The over-structuring induced by the employment of GGAXC functionals visibly emerges

from the evaluation of structural order parameters such as the well-known orientational

tetrahedral order parameter q. [303] As shown in Fig. 2-b, indeed, the distribution P(q) in

absence of the external electric field shows that the population of tetrahedrally-ordered wa-

ter molecules is overestimated in the BLYP+D3 framework with respect to the TIP4P/2005
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Figure 6.2: (a) Oxygen-oxygen radial distribution functions as determined via the clas-
sical force-field TIP4P/2005 (black solid line), the dispersion-corrected DFT functionals
BLYP+D3 (dashed red line) and SCAN+rVV10 (dotted blue line), and by neutron scatter-
ing experiments (grey line above the shaded area). [4] (b) Distribution of the orientational
tetrahedral order parameter at zero-field regime in liquid water as simulated by means of the
classical force-field TIP4P/2005 (black solid curve), the GGA DFT functional BLYP+D3
(dashed red curve), and the meta-GGA DFT functional SCAN+rVV10 (dotted blue curve).
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force-field case. Incidentally, the orientational order observed with this latter classical po-

tential is adherent to results stemming from the predictive meta-GGA SCAN+rVV10 func-

tional (Fig. 2-b). Albeit meta-GGA DFT functionals are currently computationally too de-

manding to allow for the generation of prolonged trajectories in presence of an electric field,

the adherence of the structural data stemming from the rigid TIP4P/2005 water model gives

us confidence in regard of the quality of its description of structure-related thermodynamic

properties, such as the entropy. On the other hand, before considering the local entropy

density estimates for the TIP4P/2005 model only, we compared total entropy changes in-

duced by the application of an external electric field in simulations with the TIP4P/2005

force-field and BLYP+D3, one of the most employed gradient- and dispersion-corrected

DFT functionals.

Since the structural ordering emerging from the analysis of the data shown in Fig. 2

is tightly related to the estimate of the entropy, it is not surprising that the total entropy

estimated for BLYP+D3 water is lower than that determined for TIP4P/2005 (i.e., 44.50 ±

0.26 J·mol−1K−1 vis-à-vis 54.17±0.06 J·mol−1K−1, respectively), as shown in Fig. 3 (dashed

black lines). Here, statistical uncertainties of the computed molar entropies are reported as

the standard error of the mean obtained by averaging over non-overlapping 10 ps segments

of the trajectory as shown in Fig. 3 (the first 10 ps segment in each trajectory is treated as

additional equilibration time and omitted from the analysis). Due to the already discussed

over-structuring of water in GGA XC functionals, [304] the recorded value is significantly

lower than the experimentally measured one at room temperature (i.e., 69.95 J·mol−1K−1).

[305] In fact, our AIMD results for zero field are comparable to an earlier 2PT calcula-

tion reported by Galli’s group for AIMD simulations of water with the PBE functional (i.e.,

42.74 J·mol−1K−1). [306] However, we note that a study by Kühne and co-workers observed

a higher value for the entropy of PBE water (i.e., 51.32 J·mol−1K−1). [302] While our tra-

jectory for the meta-GGA SCAN+rVV10 functional is relatively short (i.e., ∼ 50 ps), we

111



Figure 6.3: Total entropy as determined from classical force-field (a) and ab initio molec-
ular dynamics (b) trajectories under the action of progressively increasing field strengths
(see legend) in constant volume simulations. For the analysis, all simulation trajectories
were split into 10 ps fragments, which were analyzed separately. The first 10 ps fragments
of each simulations were considered as equilibration and averages over all remaining frag-
ments are shown as dashed colored lines.
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obtained an average water entropy of 52.17 ± 0.97 J·mol−1K−1, which is still significantly

lower than the experimental value but only marginally lower than the entropy obtained from

classical simulations with the TIP4P/2005 model. 2PT provides quantitative estimates of

the molar entropy of liquids, which can contain systematic errors in addition to errors in

the simulation model. For most water models, 2PT tends to underestimate the absolute

molar entropy of water [302] as observed here for both the TIP4P/2005 model and the

SCAN+rVV10 simulations in comparison to the experimental reference value. Further, by

construction, the formalism is sensitive to the diffusion coefficient and related finite-size

effects. [307] However, such systematic errors cancel out for entropy differences, [299] for

example, between simulations of water with the same model but in the presence of distinct

external fields.

When the external electric field is switched on at 0.5 V·nm−1, the initial decrement of

the total entropy appears to be very modest, especially in the TIP4P/2005 series of simula-

tions (Fig. 3-a). When electrons are treated as quantum entities in BLYP+D3 simulations,

the observed field-induced entropy changes are also moderate, accounting to a reduction –

in the first-principles case – of less than 2 J·mol−1K−1 (Fig. 3-b). However, when we com-

pare Figs. 3-a and 3-b, it is apparent that the entropy of TIP4P/2005 water is significantly

less sensitive to polarization than BLYP+3D water. In fact, whereas a maximum entropy

decrement of ∼ 3% is observed at the highest field regime in the classical simulations (i.e.,

from 54.17±0.06 to 52.33±0.08 J·mol−1K−1), a reduction of ∼ 14% (i.e., from 44.50±0.26

to 38.49 ± 0.30 J·mol−1K−1) emerges for the BLYP+D3 AIMD simulations at 1.5 V·nm−1.

This is likely due to the fact that the system treated at the BLYP+D3 level is able to respond

to the external electric field up to higher field strengths owing to an explicit treatment of

the electronic polarization. In fact, a more evident conversion toward more ordered molec-

ular configurations, associated with a smaller total entropy, is recorded in the BLYP+D3

case, as displayed in Fig. 3-b. Beyond this threshold, AIMD simulations executed at the

113



BLYP+D3 level have shown only a marginal further decrease of the total entropy. Besides,

for field intensities beyond 1.5 V·nm−1 not negligible field-induced molecular dissociations

and consequent proton transfers are recorded, [273] rendering the entropy analysis not com-

parable to the classical – non-polarizable and non-dissociable – force-field case. In further

contrast to the rigid TIP4P/2005 water model, vibrational degrees of freedom are taken into

account in the AIMD case, in addition to translational and rotational contributions to the

total entropy. In a nutshell, the spectral features emerging upon field exposure in the VDoS

reveal an increased formation of H-bonds, in agreement with infrared (IR) and Raman spec-

troscopic analyses conducted on equivalently treated ab initio water. [200]

The AIMD and TIP4P/2005 simulations discussed above were performed at constant

volume and thus ignore field-induced effects in the structure of water that affect its den-

sity. To estimate the importance of density effects for the reported molecular entropy, we

performed a second set of simulations for the TIP4P/2005 water model at constant pres-

sure as described in the Methods section. At zero field, the TIP4P/2005 water simula-

tion at constant pressure increased its density to 1.00 g·cm−3, which reduced its entropy to

51.91±0.16 J·mol−1K−1 relative to 54.17±0.06 J·mol−1K−1 observed at the constant volume

with a density of 0.97 g·cm−3. With increasing field strength, the density increased gradu-

ally to 1.04 g·cm−3 for the highest field strength of 1.5 V·nm−1. However, the response of

the molecular entropy remained very similar to the constant volume simulations. For the

largest field strength of 1.5 V·nm−1, the molar entropy decreased relative to the zero-field

regime by ∼ 2% to 50.69 ± 0.11 J·mol−1K−1 compared to a ∼ 3% decrease observed in the

constant volume simulations. Hence, compared to the ∼ 14% decrease of BLYP+D3 water,

the TIP4P/2005 water simulations remained equally insensitive to the field strength under

constant volume and constant pressure conditions.

In light of relatively recent path integral AIMD (PI-AIMD) simulations executed under

the effect of externally applied electric fields, [273] it is tempting to consider the impact
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that the inclusion of Nuclear Quantum Effects (NQEs) would have on the entropy estimate

of liquid water. However, the 2PT formalism here adopted is based on the evaluation of the

velocity time correlation functions which is, by definition, a dynamical property that cannot

be reliably measured from path integral simulations. [298]

On the other hand, some effort has been done in the literature to determine the impact

of NQEs on some structural properties of liquid water. It is well-known, indeed, that zero-

point motion and proton tunnelling lead to faster reorientational dynamics and to a slight de-

structuring of the radial distribution functions, [308] presumably producing larger entropy

estimates. However, it is worth stressing the fact that the inclusion of NQEs in classical

force-fields molecular dynamics simulations and in the first-principles ones may generate

entropic contributions of completely different physical nature. In fact, PI-AIMD trajectories

simulating the quantum nature of nuclei and electrons exhibit a non-negligible amount of

autoprotolysis events even in absence of external electric fields. [273, 309] Such a circum-

stance, which cannot be caught and reproduced within non-dissociable water force-fields,

prevents reliable one-to-one comparisons of the genuine impact of NQEs on the entropy of

classical and ab initio simulations of liquid water.

Although it has been shown that the application of increasingly stronger fields produces

a progressive reduction of the total entropy of water, a corresponding order-maker action is

not clearly reflected by field-induced changes of the tetrahedral order parameter of water.

As shown in Fig. 4-a, the tetrahedral order actually decreases with increasing field strength

in water simulations with the TIP4P/2005 force field. For the ab initio simulations with

BLYP+D3, the tetrahedral order also initially decreases for a field strength of 1.0 V·nm−1,

but then increases when the strength of the polarizing field is raised to 2.0 V·nm−1. Hence,

the decrease in water entropy with increasing field strength observed in Fig. 3 is not associ-

ated with an increase in tetrahedral order. Instead, the decrease of the water entropy is pri-

marily associated with the increase in the orientational polarization of the water molecules.
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Figure 6.4: (a) Distributions of the orientational tetrahedral order parameter for different
field strengths as determined from TIP4P/2005 molecular dynamics (solid curves) and ab
initio BLYP+D3 molecular dynamics (dashed curves) simulations. (b) Distributions of the
angle θ formed between the instantaneous molecular dipole vectors and the electric field
direction for diverse field intensities applied along the Z-axis in TIP4P/2005 water (solid
curves) and BLYP+D3 ab initio water simulations (dashed curves).
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This can be observed in Fig. 4-b, where we show the distributions of the instantaneous an-

gles θ between molecular dipoles of water with the Z-axis of the coordinate system. Small

values of the angle θ correspond to molecular dipole moments that are aligned with the elec-

tric fields applied along the Z-axis. Albeit in absence of the field all dipole orientations are

equivalent, the imposition of the external electrostatic potential gradient induces a prompt

reorganization of the water dipole vectors. As has been shown for other computational

models of water, [310] the gradual saturation observed at the strongest fields resembles the

behavior of free dipoles described by the Langevin-Debye equation for simulations with the

TIP4P/2005 force field and ab initio BLYP+D3 simulations. [311] This observation indi-

cates a weak resistance of the molecular dipoles to polarization by very intense fields. Such

a field-induced dipole locking leads, among other things, to a progressive reduction of the

tetrahedral translational order parameter qk, [303] as listed in Table I.

Table 6.1: Average tetrahedral translational order parameter < qk > at different field in-
tensities determined from simulations of water performed with the TIP4P/2005 classical
parametrization and with the first-principles BLYP+D3 functional. Since typical variations
of this order parameter are manifest at the 4th-5th digit, parentheses are used to highlight the
field-induced changes.

Field strength (V·nm−1) TIP4P/2005 BLYP+D3

0.0 (0.998)9901913 (0.998)8946246

1.0 (0.998)9259704 (0.998)8113564

2.0 (0.998)7114147 (0.998)8017632

Interestingly, the water over-structuring induced by the adoption of the BLYP+D3 func-

tional leads to a more complete and concerted reorientation of the dipoles with respect to the

TIP4P/2005 case at the same field strengths, in accordance with the results of Fig. 3 and as

displayed in Fig. 4-b. Finally, our finding that the orientational polarization of BLYP+D3

water is already nearly complete for 1.0 V·nm−1 – as well as the respective translational or-

der parameter – is consistent with the observation that also the entropy reduction reaches a
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substantial saturation above this threshold (Fig. 3-b). By contrast, in the TIP4P/2005 case,

the orientational polarization of water molecules at 1.0 V·nm−1 is much less pronounced

(Fig. 4-b) and increases further with increasing field strength – similarly to the reduction of

the respective translational order parameter – while the total entropy decreases (Fig. 3-a).

6.5.2 Local Molecular Entropies

To analyze molecular entropies of TIP4P/2005 water as a function of the electric field,

we used the 3D-2PT approach introduced by Persson et al. [199, 208, 300, 301] to spa-

tially resolve the local water entropy in the environment of a central water molecule. It is

noteworthy that, differently from standard calculations of isotropically averaged distribu-

tion functions, the spatially-resolved approach adopted here allows us to resolve structural

anisotropies with a high resolution owing to the 0.5 Å grid constant of the 3D analysis

grid. For every volume element of the analysis grid, we have calculated the entropy per

water molecule for the two investigated systems: the fixed and the pinned system (see the

Methods section and Fig. 1).

In Tables II and III we report the bulk water entropy, obtained as an average for voxels

separated by 10 Å or more from the central reference water molecule in the investigated

field regimes for the fixed system (Table II) and the pinned one (Table III). The changes of

Table 6.2: Total, translational and rotational entropy – in J·mol−1K−1 – determined for bulk
water with the 3D-2PT method for different intensities of the electric field in the fixed sys-
tem. Statistical uncertainties are standard errors of the mean obtained from 800 independent
microcanonical simulations.
Field strength (V·nm−1) Stot Str Srot

0.0 55.77±0.02 46.87±0.02 8.90±0.02

1.0 55.27±0.02 46.56±0.02 8.71±0.02

2.0 53.69±0.01 45.32±0.01 8.38±0.01

the entropy per molecule relative to the zero-field regime are visualized in the histograms
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Table 6.3: Total, translational and rotational entropy – in J·mol−1K−1 – determined for bulk
water with the 3D-2PTmethod for different intensities of the electric field in the pinned sys-
tem. Statistical uncertainties are standard errors of the mean obtained from 800 independent
microcanonical simulations.
Field strength (V·nm−1) Stot Str Srot

0.0 55.75±0.02 46.85±0.02 8.90±0.02

1.0 55.17±0.02 46.48±0.02 8.68±0.02

2.0 53.37±0.02 45.06±0.02 8.31±0.02

of Fig. 5. For the total molar entropy of bulk water in the zero-field regime, S E0
tot , we obtain

Figure 6.5: Histograms showing the field-induced changes of the bulk water entropy per
molecule (total, translational and rotational contributions) relative to the zero-field regime
at different field intensities. Respective values are reported in Tables II and III. Left: fixed
system. Right: pinned system.

55.77±0.02 J·mol−1K−1 (fixed system) and 55.75±0.02 J·mol−1K−1 (pinned system). These

results deviate slightly from the molar entropy of water obtained for the NVT simulation

of 1024 water molecules at zero field (54.17± 0.02 J·mol−1K−1) used for comparison to the

AIMD simulations in the previous section, which is the result of finite size effects in the

latter case as well as a lower frequency resolution in the analyzed VDoS.

The bulk water entropies in the fixed and pinned are statistically identical at zero field, be-

cause the position restraints applied to the central water molecule in both cases have no

effect on an isotropic system at rest (no net translations or rotations). Minor differences be-
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tween both systems are only observed for non-zero fields as the systems become polarized,

even though only water molecules with a minimum distance of 10 Å to the central water

molecule are considered for the analysis of bulk water properties in both systems. The posi-

tion restraint applied to the oxygen atom of the central water molecule in the pinned system

still has no impact on thermodynamics. However, under polarized conditions the restrained

orientation of the central water molecule in the fixed system modifies interactions between

water molecules and thus has thermodynamic consequences, which are still detectable at

distances of 10 Å and beyond.

In addition to the total entropy per bulk water molecule, we also report separate contribu-

tions from translational and rotational degrees of freedom in Table II and III and in Fig. 5.

These are computed separately from fluctuations of the center-of-mass velocity and angu-

lar velocities for rotations around the three distinct rotational axes of water molecules. The

largest contribution (∼ 84%) to the entropy of bulk water molecules in the absence of a

polarizing field comes from the translational degrees of freedom, e.g., S E0
trans = 46.87 ±

0.02 J·mol−1K−1 in the fixed system. In contrast, the rotational degrees of freedom con-

tribute ∼ 16% to the entropy per water molecule, e.g., S E0
rot = 8.90 J·mol−1K−1. With in-

creasing field strength, the total entropy per bulk water molecule decreases by ∼ 4% for

the highest field strength of 2.0 V·nm−1. This total entropy decrease is primarily associated

with the translational degrees of freedom due to their dominant contribution. However, as

shown in Fig. 5, the relative change of the entropy contributions is significantly larger for

the rotational degrees of freedom, e.g., ∼ 6% and ∼ 7% in the fixed and pinned systems,

respectively. This corresponds to the expectation of preferentially oriented water molecules

in the presence of electric fields. However, given that the rotational entropy in our decom-

position is only a minor contributor to the total entropy of water, even a large relative change

remains a minor contribution to the field-induced change of the total entropy. Instead, the

total entropy change in response to the field remains dominated by the small relative change
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of the significantly larger translational entropy.

We note that the polarization-induced changes in the total entropy per water molecule

remains small compared to structural changes associated with phase transitions.The ∆S tot

associated with the freezing of liquid water at 273K is ∼ 22 J·mol−1K−1. Thus, it is straight-

forward to conclude that electric fields below the ionization threshold are not capable to

cause orientational polarization-induced electrofreezing in bulk water (no confinement) at

room temperature. This finding is in agreement with – and extends the range of applica-

bility of – recent experiments that demonstrate that the ice nucleation temperature of water

is independent from the application of external electric fields up to 0.1 V·nm−1. [312] This

is in contrast with recent AIMD and PI-AIMD simulations that have shown the possibil-

ity to electrofreeze another important H-bonded system like ammonia at temperatures and

pressures at which it is in the liquid state. [278] Of course, determination of electric-field-

induced effects on enthalpy and free energy, additionally to those on the entropy, would

further clarify on this intriguing phenomenon of enormous importance. However, the esti-

mate of the free energy and of the enthalpy in presence of an external electric field is not

straightforward. In fact, the value of the electric field strength to be included in the thermo-

dynamic equations is, in general, quite different from the applied external field due to the

intrinsic additional field generated by the polarized surface of the cavity, which depends on

the specific geometry of the system and on the anisotropy of the dielectric constant. [297]

In Fig. 6, the entropy density defined as the product of the water entropy per molecule

and the water number density for each voxel, is shown for the fixed and pinned systems in

the XZ-plane. The color code describes changes in the local entropy density in the envi-

ronment of the molecule placed at the origin of the analysis grid relative to bulk water at

zero field. Due to the fully restrained position of the central water molecule in the fixed

system, the results are already anisotropic in the absence of an externally applied electric

field. Interactions with the restrained central water molecule force water molecules to adapt
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Figure 6.6: Fixed (top) and pinned (bottom) systems. Spatially-resolved changes of the
entropy density at different field intensities relative to the bulk entropy density at zero field
in the XZ-plane. Left column: no field; middle column: E = 1.0 V·nm−1; right column:
E = 2.0 V·nm−1. In the center of each panel, the restrained atom(s) of the central water
molecule are shown and dashed circles indicate 1 Å distance increments from the center
starting at 2 Å.

their position and orientation. In the pinned system, the environment of the central water

molecule is isotropic at zero field, while anisotropy is gradually induced when an elec-

tric field is applied. In the fixed system, a local increase in the entropy density relative

to bulk water with increasing field strength is particularly visible for sites localized in the

second coordination layer (4-5 Å) as shown in Fig. 6 (top) despite the overall decrease in

the entropy of bulk water. In the pinned system (Fig. 6, bottom), whose thermodynamic

properties are equivalent to a bulk water system, the applied fields restructure the isotropic

entropy density into a cylindrically symmetric density around the Z-axis. A decrease of the

local entropy density is observed in the first coordination layer (3 Å) in the XY-plane and

along the Z-axis, which is followed by a local increase in the second coordination layer (4-

5 Å). The trend is opposite at ±45◦ angles with the Z-axis, where an increase in the entropy
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density is observed in the first coordination layer, while a decrease is found for the second

coordination layer. Notably, the local water entropy densities in the environment of the

central water molecule observed in Fig. 6 are strongly affected by the local water number

density in both systems, which effectively describes the 3D water-water pair correlation

function. Thus, we analyze in the following the spatially resolved water number density

and its response to the applied fields in more detail.

6.5.3 Water Number Density

We analyzed the average local water number density in the environment of the central

water molecule on the same analysis grid as used for the analysis of local entropy densities

above. In Fig. 7, we show the contour plots of the water number density, ρ(E), normalized

to the bulk value at zero field, ρbulk(E0), in the environment of the fixed molecule placed at

the origin of the analysis grid. Data are shown for different field intensities (i.e., 0.0V·nm−1,

1.0 V·nm−1, and 2.0 V·nm−1), in the XZ-plane (top), the YZ-plane (middle), and the XY-

plane (bottom) whilst – as stated above – the field is applied along the Z-direction. The

average number density of bulk water at zero field has been obtained from voxels separated

by 10Å or more from the central water molecule. As seen earlier in Fig. 6, interactions with

the restrained central water molecule already result in an anisotropic environment at zero

field (left panels in Fig. 7) in accord with other reports of 3D pair correlation functions of

water in a molecular reference frame. [313] Increased local densities of water are observed

in the first coordination layer, specifically in H-bond acceptor sites in the XZ-plane (top

panel) and the H-bond donor sites in the YZ-plane (middle panel) at 3 Å distance from the

center. H-bond acceptor and donor sites are surrounded by a reduced number density nearby

due to repulsions with water molecules in the first shell. Additional enhanced densities can

be observed at ∼4 Å, which correspond to water molecules in the second coordination layer

of the central water molecule. The anisotropic structure of water changes notably as a func-
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Figure 6.7: Fixed system. Contour plots of the average water number density normalized
to the bulk value at zero field for different electric field intensities (field in the Z-direction).
Left column: no field; middle column: E = 1.0 V·nm−1; right column: E = 2.0 V·nm−1.
Top: XZ-plane. Middle: YZ-plane. Bottom: XY-plane. In the center of each panel, the
restrained atoms of the central water molecule are shown and dashed circles indicate 1 Å
distance increments from the center starting at 2 Å.

tion of the applied electric field. In particular, Fig. 7 shows that the locally increased water

densities in the second hydration shell increase further with electric field strength in both

the XZ- and YZ-planes. This is accompanied by a less structured first hydration shell that is

best observed in modified peak intensities of oxygen-oxygen radial distribution functions

(see discussion of Fig. 8 below). The first peak in the radial distribution function decreases
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slightly with increasing field strength, while the second peak increases significantly.

Our analysis of the local environment of the fixed water molecule thus shows that the

application of a static electric field induces an enhanced layering of the first two hydration

shells. The second solvation shell is affected by the field to a larger extent with respect to

the first shell, in fairly good agreement with previous force-field molecular dynamics simu-

lations by Shiafiei et al. [310] and classical AIMD and path-integral AIMD simulations by

some of us. [273] This observation can be explained by the comparatively weaker correla-

tions in the second hydration shell, which are easier to perturb by the applied electric field

compared to the strong correlations in the first hydration shell that are the result of direct

H-bonds with the central reference water molecule.

In Fig. 8, we analyzed changes in the local water structure around the central water

molecule in the pinned system using contour plots of the local water number density in

the XZ- and XY-planes. Due to the unhindered rotation of the central water molecule, its

environment is isotropic in the absence of an electric field (left panels) and retains cylindri-

cal symmetry around the Z-axis once the field is applied (i.e., the XZ- and YZ-planes are

symmetrically equivalent). The coordination layers, in particular the first one identifiable

by a red ring at ∼ 3 Å, can be easily located in the field-free contour plot maps of Fig. 8

(left column). By applying an increasingly intense electric field, we can observe that the

progressive dipolar alignment of the entire system – and in particular of the central water

molecule – along the field direction results in manifest structural anisotropies in the XZ-

and YZ-planes (Fig. 8, top). In other words, by increasing the field strength, the coordi-

nation shells show an enhanced layering toward specific directions due to the preferential

orientation of all water molecules in the system and the resulting changes of intermolecular

interactions.

In particular in the XY-plane and along the Z-axis, we observe a decrease in the local

water number density in the first hydration shell (∼3 Å) and an increase in the second hydra-
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Figure 6.8: Pinned system. Contour plots of the average water number density normalized
to the bulk value at zero field for different electric field intensities (field in the Z-direction).
Left column: no field; middle column: E = 1.0 V·nm−1; right column: E = 2.0 V·nm−1.
Top: XZ- or YZ-planes. Bottom: XY-plane. In the center of each panel, the restrained
oxygen atom of the central water molecule is shown and dashed circles indicate 1 Å distance
increments from the center starting at 2 Å.

tion shell (∼4-5 Å). However, the opposite trend is observed at an angle of 45◦ with respect

to the Z-axis, especially at the most intense field strength explored here (i.e., 2.0 V·nm−1),

as shown in Fig. 8 (top right panel). This latter evidence suggests a field-induced strength-

ening of the H-bonds of the central reference molecule with the first-neighboring molecules

along specific directions, a finding in agreement with the computational spectroscopic in-

dication of the tendency of liquid water toward the formation of more “ice-like” structures

upon field exposure at these intensities. [200]

The increased local density of water in the second hydration shell at a distance of ∼4-

5 Å from the center in the XY-plane and along the Z-axis are accompanied by a depletion

of water density in the first hydration shell. Depleted zones are observed along the Z-axis
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at about ∼3-4 Å (Fig. 8, top right panel) as a consequence of the steric exclusion imposed

by the nearby water molecules which – under the field action – come closer to and establish

stronger H-bonds with the central water molecule. On the other hand, a different response

to the field can be visualized in the XY-plane (Fig. 8, bottom panel) where, at the highest

field intensity, the peak of the first coordination layer essentially disappears, whilst that of

the second coordination layer is increased. Such a finding strongly indicates that whereas

first neighbors approach each other in the field direction (Z-axis), they are pushed farther

in the plane perpendicular to the field (XY-plane). This peculiar scenario is also caught and

somehow exaggerated within the simpler fixed scenario, as shown in Fig. 7 (bottom panel,

right).

6.6 Conclusion

In this work, we analyze the electric-field-induced changes in the total and local en-

tropy of bulk liquid water by means of classical and first-principles simulations. In the

absence of an external field, a comparison between the rigid force-field TIP4P/2005, the

GGA BLYP+D3 and the meta-GGA SCAN+rVV10 ab initio functionals, has shown that

key structural properties of water appear to be adequately described by the computationally

efficient TIP4P/2005 water model, which is in close agreement with the structure of water

obtained from AIMD simulations with the cutting-edge SCAN+rVV10 functional.

Related to this, themolecular entropy of bulkwater that we estimated for the TIP4P/2005

water model using the 2PT formalism (54.17 J·mol−1K−1) is in close agreement with the

corresponding result for AIMD simulations with the meta-GGA SCAN+rVV10 functional

( 52.17 J·mol−1K−1). That both estimates are significantly lower than the experimental ref-

erence value of 69.95 J·mol−1K−1 can be attributed to a systematic underestimation of the

water entropy using the 2PT formalism, which is based on the vibrational density of states.

However, both the TIP4P/2005 force field and the meta-GGA SCAN+rVV10 functional
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result in significantly higher estimates for the molar entropy of water than GGA DFT func-

tionals such as BLYP+D3, which results in significant overstructuring of the liquid even at

elevated temperatures and yields a molar entropy of only 44.50 J·mol−1K−1. However, the

molar entropy of TIP4P/2005 water seems to be significantly less sensitive to polarization-

induced changes compared to BLYP+D3 water due to the inclusion of the electronic polar-

ization in the latter.

In addition to these general results, we have presented a molecular-dynamics-based

analysis (3D-2PT) that provides spatially resolved information on the local entropy and

number density of water in the environment of a reference molecule. This method allowed

us to generate 3D maps of changes in the water structure that are induced by electric fields.

By means of this approach, a field-induced strengthening of the H-bonds of the reference

molecule with the first-neighboring molecules along specific directions has been observed.

This resulted to be in agreement with the vibrational Stark effect indicating the tendency of

liquid water of evolving toward more “ice-like” structures upon field exposure at intensities

of ∼ 1.0 V·nm−1. [200] However, the largest field-induced entropy changes are too feeble

(i.e., about 4% decrease for TIP4P/2005 water and 14% in the BLYP+D3 case) for realizing

the so-called electrofreezing phenomenon. The fact that this finding holds up to strengths

just beneath the molecular dissociation threshold (2.0V·nm−1) extends the range of applica-

bility of recent experiments showing the independence of the water nucleation temperature

from the application of external electric fields up to intensities of 0.1 V·nm−1. [312]

Owing to the 3D-2PT formalism, we have shown that the field-induced local entropy

density changes are strongly modulated by field-induced water number density changes,

allowing to depict a microscopic picture of the molecular entropic effects of the field. It

turns out that the main effect produced by a static electric field on the water number density

is that of inducing an enhanced layering, i.e., an over-coordination in correspondence of

the second shell, though with anisotropic structural modifications. Under intense fields,
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watermolecules undergo a progressive dipolar alignment and adopt preferential orientations

parallel to the field lines, forming H-bond structures preferably along a direction which is

diagonal with respect to the field axis.
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Chapter 7

PREDICTION OF DISORDERED ALPHA-MOLECULAR RECOGNITION

FEATURES (α-MORFS) BY EXAMINING FOLDING AND BINDING FREE

ENERGIES

7.1 Summary

Intrinsically disordered proteins (IDPs) and intrinsically disordered regions (IDRs) are

pivotal in performing critical biological functions such as cell signaling, regulation, and

recognition. Unlike conventional proteins, IDPs and IDRs do not possess a well-defined

three-dimensional structure, which is typically vital for the function of most proteins. This

inherent lack of structure presents a significant challenge in the field of molecular biol-

ogy, particularly in developing innovative methodologies to elucidate the functional mech-

anisms of IDPs and IDRs. Furthermore, this structural ambiguity complicates the design

of high-affinity ligands, which are essential for modulating the activity of these proteins in

therapeutic applications.

Here in this research, we utilize free energy calculations to investigate the potential of

using binding-induced folding mechanisms for the development of high-affinity ligands tar-

geting intrinsically disordered proteins (IDPs). Molecular recognition features (MoRFs) are

specific functional regions within intrinsically disordered regions (IDRs) that undergo tran-

sitions from disorder to order upon binding, such as the transition from a disordered state

to an alpha-helix structure in alpha-MoRFs. Theoretically, MoRFs can also serve as targets

for the design of drug molecules that can bind to these regions in IDPs associated with dis-

eases, thereby deactivating or modulating their properties. We measure the free energy cost

associated with the transition of variable peptide sequences from unstructured forms into
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folded secondary structure motifs. Unlike existing structure prediction tools, our atomistic

simulation protocol enables us to identify the minimum free energy structures and quan-

tify the free energy difference between folded and disordered conformational states. This

quantification is crucial for the development of drugs targeting a specific IDR in a folded

conformation, as the binding free energy must offset the free energy cost of folding. Our

approach seeks to address the challenge of the ”undruggability” of IDPs and IDRs. Fur-

thermore, we compute the binding free energy of three distinct alpha-MoRFs bound to the

Mcl-1 host protein to test a hypothesis. This hypothesis posits that the experimental binding

free energy of the host-guest complex is equal to the sum of the folding and binding free

energies derived from umbrella sampling simulations. This pathway assists us in predicting

the experimental free energy of binding in protein complexes.
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7.2 Introduction

Intrinsically disordered proteins (IDPs) are characterized by their absence of a stable

three-dimensional structure, primarily due to their unique amino acid composition, often

rich in charged residues, glycines, and prolines [18, 20]. Despite their structural variability,

IDPs play crucial roles in vital physiological functions. They are involved in several fun-

damental cellular processes, including the regulation of transcription, signal transduction,

the formation of multiprotein complexes, and the development of membraneless organelles

[23, 314]. Approximately 40% of the human proteome is believed to be disordered or to

have lengthy disordered regions (exceeding 100 residues), with a more significant fraction

containing disordered segments of up to 30 residues [24–26]. A key aspect of their func-

tionality is their ability to interact with globular proteins, where IDPs can either adopt a

specific conformation when bound or maintain their dynamic and disordered nature [209].

These significant functional regions in IDPs are referred to as Molecular Recognition Fea-

tures (MoRFs) orMolecular Recognition Elements (MoREs). MoRFs facilitate interactions

with structured partner proteins and can experience transitions from disorder to order dur-

ing interaction [210, 211, 315]. MoRFs typically vary in size and can be up to 70 residues

in length, often situated within larger intrinsically disordered regions [316]. Due to their

flexible structure, MoRFs can accurately interact with their partners, making them crucial

players in regulatory processes and signal transduction [31].

Based on the specific folded structure they adopt after interacting with globular targets,

MoRFs can be classified into four subtypes: α-MoRFs, β-MoRFs, ι-MoRFs, and complex-

MoRFs [18, 316, 317]. These subtypes are characterized by the formation of α-helices, β-

strands, irregular secondary structures, and a combination of multiple secondary structures,

respectively.

Among the various types ofMoRFs, the most prevalent and extensively studied class in-

132



volves IDPs and IDRs that fold into α-helices upon binding to their targets [212–214]. This

type is known asα-helix formingmolecular recognition elements/featuresα-MoREs/MoRFs

[212] or simply as helical binding motifs (HBMs) [318]. Usually, these sequences are com-

posed of short amphipathic helices that transition from a disordered state to a helical confor-

mation upon binding with their target partners [319]. These motifs can be predicted based

on their sequence [320, 321] and they are especially prevalent in eukaryotic transactivation

domains [215] and αα-hub proteins [216].

Sections of proteins containing α-MoRFs were initially thought to be predominantly

disordered when unbound and unrestrained. However, subsequent research has revealed

that these regions can exhibit a considerable degree of residual helical structure [322]. The

partially formed helical configurations observed in α-MoRFs are often termed pre-folded

elements, pre-structured motifs, or transient and residual helical structures. [36]. A previ-

ous bioinformatics study revealed a significant overlap between the residual structure and

the structure of the IDP when bound to its target, suggesting that the residual structure pre-

disposes the IDP to its target-bound conformation [323]. Even with a limited number of

systems available at that time, the findings strongly suggested that pre-structuring plays a

crucial role in target binding. A contemporary review of experimentally analyzed IDPs in

their free state documentedmore than 50 instances ofα-MoRFs exhibiting considerable sec-

ondary structure, without exploring the correspondence between residual and target-bound

conformations [324].

The transient, residual helical structures are believed to impact the binding affinity (ther-

modynamics), kinetics, specificity, and structural characteristics of the IDP-target ensem-

ble. There is increasing interest in understanding how these structures influence these prop-

erties. An early hypothesis fromDunker et al. suggested that the disorder-to-order transition

in α-MoRFs leads to a reduction in binding affinity due to the folding penalty associated

with α-MoRFs [10]. The significance of the folding penalty in IDPs, and particularly in
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α-MoRFs, is now well-established and has been thoroughly reviewed in the literature, as

discussed in Skriver et al. [325]. The initial analysis of binding affinities from various

studies revealed that the average affinity for associations involving folding upon binding

is generally lower compared to that of globular complexes, indirectly suggesting an esti-

mate of the folding penalty in such interactions [326, 327]. In the research conducted by

Teilum et al. [326], which examined a substantial number of protein complexes using ex-

perimental data, it was found that the less favorable entropic contribution in complexes

involving ordered regions (helical in our case) and intrinsically disordered proteins (ORD-

IDP complexes) is primarily due to a reduction in conformational entropy. This finding

is consistent with the fundamental difference in the binding mechanisms of ordered and

disordered ligands. A disordered polypeptide needs to undergo folding to create the final

complex, resulting in a significant decrease in conformational entropy. It should be noted

that equilibrium isothermal titration calorimetry (ITC) data cannot definitively determine

the pathway followed by the ligand’s folding during the binding process. Therefore, the

contribution of the amount of folding free energy to the observed binding free energy is

uncertain. It is likely that in some protein complexes, the IDP undergoes folding followed

by binding in a conformational selection mechanism, whereas in others, the IDP folds upon

binding in an induced fit mechanism. However, the variation in average Gibbs free en-

ergy ∆G◦ could still be explained by the necessary folding of the disordered ligand in the

ORD-IDP complexes. The assessment of folding penalties has been conducted through

a thermodynamic breakdown of entropic factors [328, 329] and the application of helix-

coil models [217]. Additionally, the alteration in the helicity of α-MoRFs upon binding to

their targets can provide estimates of the folding penalty [217]. A thorough evaluation of

25 distinct α-MoRFs using the helix-coil approach has indicated that the average folding

penalty stands at around 2.5 kcal/mol. Nonetheless, numerous instances of ultra-tight pico-

molar binding affinities in folding-upon-binding interactions have been documented [330],
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demonstrating that multiple factors such as post-translational modifications (PTMs), phos-

phorylation, oxidative stress, or initial binding to certain regions of the binding partners, can

effectively counteract the folding penalty to attain ultrahigh binding affinity [331]. A key

factor in overcoming the folding penalty is the presence of substantial amounts of residual

helical structure, also referred to as pre-structuring or pre-folding. An examination of fold-

ing penalties in α-MoRFs revealed that pre-folding can lower the penalty by an average of

25% [217]. Experimentally, a reduction in the α-MoRF folding penalty can be seen when

an enhancement in residual helicity (such as that induced by mutations) leads to an ele-

vated binding affinity of the α-MoRF. Relationships between residual helicity and binding

affinity have been documented across various systems, and they are in quantitative agree-

ment with predictions from models [211, 217], underscoring the significance of residual

structure in influencing the affinities between IDPs and their targets. Nevertheless, some

research has identified a less pronounced correlation or even a more intricate relationship

between residual helicity and binding affinity [332, 333].

In multiple distinct systems exhibiting folding-upon-binding, experimental studies have

shown that the residual helical structure plays a role in modulating both binding affinity

and kinetics. However, further insights are needed into how the IDP sequence relates to the

structural ensemble (both unbound and bound) and how this affects the associated binding

parameters, including both kinetic and equilibrium aspects. Specifically, the measurement

of folding free energy using enhanced sampling techniques like umbrella sampling has not

been extensively documented, due to challenges in defining an appropriate collective vari-

able to describe the unfolding pathway. Additionally, the quantitative effects of point mu-

tations involving known helix stabilizers like alanine, and helix disruptors such as proline

and glycine, on the overall folding free energy have yet to be reported in detail.

To address these unexplored pathways, we employed atomistic umbrella sampling to ex-

plore the folding free energies in disordered peptides that transition to an alpha-helix upon
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target binding, such as peptides containing α-MoRF, as well as fully disordered intrinsi-

cally disordered regions (IDRs). After comparing the free energy minimum structures from

simulation, and from AlphaFold [334] predictions, all the α-MoRF examples we studied

exhibited folding free energies within a range of 10 kJ/mol (2.4 kcal/mol), which is con-

sistent with the range predicted by Hadzi et al. in their study [217] using a modified LR

model[211, 335, 336]. They considered different sequence lengths of IDPs, which is one of

the factors contributing to the discrepancy between our results and theirs. The relatively low

folding free energy penalty of these sequences can be implemented in designing peptide-

based or small molecule drugs that stabilize the helix structure by inducing folding upon

binding to α-MoRFs.

Furthermore, we calculated the binding free energies of two selected alpha-MoRFs from

BH3 domain-binding proteins (PUMA and NOXA-A) to Mcl-1 using coarse-grained (CG)

simulations with the SIRAH force field. Our findings partially support our hypothesis that

the experimental binding free energies reported by Dahal et al. [218] are the sum of both

the computed binding and folding free energies. This result offers valuable insights into the

potential binding-induced folding pathway followed by our chosen set of alpha-MoRFs.
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7.3 Methods

7.3.1 Simulation Protocol for Folding Free Energy Calculation

All simulations concerning the folding free energy were performed using the GRO-

MACS 2018.1 software package [228] and the PLUMED library [337, 338]. For system

preparation, we constructed fully alpha-helical peptide sequences. We generated a tem-

plate PDB file of a helical poly-alanine with the desired sequence length. The template file

was then used to create a PDB file of the sequence with alanines replaced by other amino

acids according to the sequence. We subsequently employed the SCWRL4 package [232]

to incorporate any missing residues and adjust the conformations of the side chains, thereby

generating the initial helical state of the sequence. We adjusted the protonation state of each

amino acid residue to correspond with a pH of 7, utilizing standard side chain pKa values

in solution.

Once the system was prepared, we carried out steered molecular dynamics (SMD) sim-

ulations [147] on the helical peptide. This was performed to generate snapshots or starting

configurations for further analysis. The peptidewas placed in a cubic simulation boxwith an

edge length of 80 Å, and it was surrounded by explicit TIP3P water molecules to mimic an

aqueous environment. To ensure the stability of the initial conformation of the peptide, we

applied a force constant of 1000 kJ/mol to all atoms to maintain its initial configuration dur-

ing equilibration. Next, we solvated the system with approximately 16700 water molecules

to ensure adequate hydration of the peptide. Additionally, we introduced ionic species to the

system to imitate a physiological salt concentration of 150 mM. We added close to 50 Na+

and Cl− ions. It’s important to note that the exact numbers of these ions were adjusted based

on the specific peptide sequence being studied, as different peptides may require different

ionic concentrations to maintain charge neutrality and mimic physiological conditions. The

presence of salt can affect the structural dynamics and phase separation tendencies of in-
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trinsically disordered proteins (IDPs) through mechanisms like electrostatic screening and

the salting-out effect, as highlighted in a recent study by Wohl et al.[233] This setup aimed

to create a realistic simulation environment for the helical peptide, allowing us to study

its behavior and interactions under conditions that closely resemble those in a biological

system.

We implemented periodic boundary conditions (PBCs) across all dimensions to simu-

late an infinite system and avoid edge effects. For handling long-range electrostatic interac-

tions, we employed the particle mesh Ewald (PME) algorithm [339], setting up a real space

grid with a resolution of 1.2 Å. This method efficiently calculates electrostatic forces by

dividing them into short-range and long-range components. For short-range electrostatic

and Lennard-Jones (LJ) interactions, we established a cutoff distance of 10 Å. Interactions

beyond this distance were not considered, which helps to reduce computational cost with-

out significantly affecting accuracy. LINCS (Linear Constraint Solver)[234] algorithm was

used to constrain high-frequency bond lengths such as NH, OH, and CH within the protein

allowing us to use a longer time step of 2fs in our case when integrating the equations of

motion. Additionally, we employed the SETTLE algorithm [340] to preserve the geometry

of water molecules in the system. We performed an energy minimization process using

the steepest descent algorithm before starting the molecular dynamics simulations with all

the selected force fields. This initial step, involving 2000 steps of minimization, helps in

relieving any steric clashes or unfavorable conformations in the system, providing a stable

starting point for the dynamic simulations.

We then conducted a two-step equilibration process for each system. Initially, we equili-

brated the system in the isothermal-isochoric (NVT) ensemble, applying a position restraint

of 1000 kJ mol−1nm−2 to each heavy atom to maintain structural stability. Subsequently,

we transitioned to the isothermal-isobaric (NPT) ensemble, maintaining the system at a

temperature of 300 K and a pressure of 1 bar for 1 ns. During this phase, we utilized a time
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step of 1 fs, a velocity rescaling thermostat with a time constant of 0.1 ps for temperature

control, and a Berendsen weak-coupling barostat with a time constant of 2.0 ps to regulate

pressure.

To represent the folding process of the helix during steered MD (SMD), we selected

a single collective variable (CV), ξ that quantifies the number of hydrogen bonds between

backbone atoms of residues that are four sites apart along the sequence (i.e., i, i+4 hydrogen

bonds).

ξ(ri,i+4) =
n−4∑
i=1

1 − (ri,i+4/d0)n

1 − (ri,i+4/d0)m (7.1)

This particular choice of CV was previously employed by Camilloni et al. [341] in their

study to effectively capture the folding dynamics of helical structures. In enhanced sam-

pling techniques, the differentiability of collective variables is essential for accurate force

calculations, efficient sampling, convergence of simulations, and physical interpretability of

the outcomes. In order to meet the algorithm’s requirement for the CV to be a differentiable

function of the microscopic coordinates, we calculated the hydrogen bond count using spe-

cific parameters: n = 6, m = 10, and d0 = 0.32 nm. The variable ri,i+4 represents the distance

between the backbone oxygen of residue i and the backbone nitrogen of residue i+4. At the

limit of ri,i+4 = d0 for any of the hydrogen bonds in the sum ξ, L’Hôpital’s rule [342, 343] is

applied to that single term in the sum to obtain a finite value given by n
m , which evaluates

to 0.6 when substituted with our chosen values of n and m. This CV does not account for

angular contributions. Therefore, conformations where an oxygen atom at site i is near a

nitrogen atom at site i+4 will contribute to the CV even if their positions do not meet the

angular criterion for a hydrogen bond (i.e., the angle θH−N−O is less than 30°). Incorporat-

ing such a criterion would, on one hand, enhance the accuracy with which the collective

variable (CV) depicts the formation of helices. However, it would also increase the region

of the phase space where the gradient of the CV with respect to the microscopic atomic co-
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ordinates is zero. The chosen values for the exponents m and n ensure that the derivatives

across the range of distances ri,i+4 never reduce to zero within the limits of numerical pre-

cision. This approach comes at the cost of slightly diminished accuracy in identifying the

exact number of formed i - (i+4) hydrogen bonds. It’s important to note that these variables

do not necessitate any specific knowledge of the folded structure. For each system, we con-

ducted 100 ns steered molecular dynamics (MD) simulations in the NPT ensemble at 300

K and 1 bar, using a time step of 2 fs. To maintain temperature and pressure, we employed

a Nose-Hoover thermostat [344] and a Parrinello-Rahman barostat [345], both with a time

constant of 2.0 ps. These simulations were aimed at generating snapshots of the unfolding

process, transitioning from a fully alpha-helical state with a non-zero CV value to an un-

folded state with a ξ value close to zero. The PLUMED library, patched on GROMACS,

was utilized to specify the CV and execute the biasing.

We generated 61 starting structures using steered molecular dynamics (MD). Subse-

quently, we conducted umbrella sampling simulations for each of these structures. In the

umbrella sampling (US) method [144], a biasing potential is applied at specific positions

along the reaction coordinate (in this case, the collective variable (CV) representing the hy-

drogen bond number, ξ) to enhance the sampling of states with high free energy barriers.

The reaction coordinate (RC) was segmented into 61 windows, each corresponding to one

of the starting structures. A harmonic potential, as detailed in equation 7.2, was added to

the original potential (unbiased potential) in each window. This was done to facilitate the

exploration of the collective variable space by the protein.

ωi(ξ) =
1
2

k(ξ(r) − ξi)2 (7.2)

In this expression, ξi serves as the reference coordinate for a single umbrella window.

During the simulation, if the system deviates from the reference coordinate, the added bias

potential exerts a force to push the system back towards the mean position, ensuring en-
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hanced sampling around this target coordinate. Here, k is the force constant and r (H-bond

distances) are the microscopic coordinates. We employed the Weighted Histogram Analy-

sis Method (WHAM) [159] to remove the bias from the restrained umbrella sampling (US)

simulations and to construct potential of mean force (PMF) profiles using 400 bins along

the reaction coordinate (RC).

7.3.2 Simulation Protocol for Binding Free Energy Calculation

All simulations pertaining to the binding free energy calculation were carried out using

the GROMACS 2018.1 and 2022.5 software packages [228]. As test systems, we chose two

α-MoRF BH3-only domain proteins of PUMA(PDB ID: 2ROC) and NOXAA (PDB ID:

2ROD), where each bound in a helix conformation to an antiapoptotic proteinMCL-1. BH3-

only domain proteins act as pro-apoptotic agents in many organisms including humans.

Each test complex underwent identical preparation steps, starting with: (i) obtaining the

experimental structures from the Protein Data Bank (PDB) website (http://www.rcsb.org/);

(ii) utilizing PyMOL [346] for editing and removing additional chains from the PDBs to

create interacting protein-ligand systems; (iii) filling all the missing residues or atoms in

the PDB file using MODELER v9.15 [347].

Coarse-grained simulations for each of the three systems were carried out using the

SIRAH force field (http://www.sirahff.com) [348]. The SIRAH CG force field is designed

to overcome several limitations commonly found in coarse-grained force fields, such as the

use of a uniform dielectric constant, the absence of long-range interactions, reliance on topo-

logical information for maintaining secondary structures, and limited consideration of ionic

strength effects. Unlike the popular Martini force field [349, 350], which typically maps

four heavy atoms to one coarse-grained bead, SIRAH maintains a higher level of detail in

the peptide bonds, retaining the positions of backbone nitrogen (N), α-carbon (Cα), and oxy-

gen (O) atoms, while the side chains are represented more coarsely. The WT4 water model
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incorporated in SIRAH consists of four interconnected beads with partial charges, enabling

the simulation of dielectric permittivity. Furthermore, the coarse-grained electrolytes in

SIRAH can accurately replicate the effects of ionic strength and osmotic pressure. This

residue-based coarse-grained model encompasses all interactions within a classical Hamil-

tonian, which is a standard feature in most molecular dynamics simulation packages.

Before using SIRAH for umbrella sampling, we generated 91windows usingVMD [351]

software. The collective variable, dCOM, here is the distance of separation of the two center

ofmasses (COM) between theMCL-1 andBH3-only domain proteins. With awindow spac-

ing of 0.05 nm, each receptor-ligand pair was separated to a maximum dCOM of 4.5 nm to

allow sufficient separation, complete solvation and avoid residual interaction at maximum

separation. Next, we applied SIRAHCG simulation protocol to perform umbrella sampling

on each window. We adhered to the protocol described in Darré et al. [348] for conducting

coarse-grained (CG) simulations. The mapping of coordinates and analysis were executed

using the SIRAH tools [352]. Before transitioning to the SIRAH CG model, protonation

states were determined assuming a neutral pH, utilizing the PDB2PQR server [353] and se-

lecting the AMBER [187] naming scheme for the output. After converting from all-atom to

coarse-grained (CG) representation, the protein complexes were positioned in a cubic box

of 8 nm filled with SIRAHWT4 water. To achieve a neutral charge, Na+ and Cl− ions were

added at a concentration of 0.15 mol/L. A water shell of 0.3 nm surrounding the protein was

removed, leading to the addition of the following numbers of WT4 water molecules to each

protein complex: 4995 for PUMA (2ROC) and 4991 for NOXA-A (2ROD). A large box

size was chosen to guarantee that, at their maximum separation distance, the two proteins

do not interact with their own periodic images. Each system was initially minimized us-

ing the steepest descent method for 10,000 steps. To allow for the equilibration of water

molecules around the protein complex, each system was then subjected to a 5 ns simulation

with the positions of all coarse-grained (CG) atoms in the complex harmonically restrained.
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During these restrained simulations, the temperature of the systems was maintained at 300

K and the pressure at 1 atm using the V-rescale thermostat [235] and the Parrinello-Rahman

barostat [345] with isotropic pressure coupling, respectively. Following this, unrestrained

simulations were carried out for a duration of 15 ns. All the simulations were conducted

Figure 7.1: Elastic Network Model (ENM) applied to the backbone atoms of Mcl-1 and
PUMA individually to maintain a stable coarsegrained structure while applying biasing
potential during umbrella sampling. The distance restraints are applied between O-N, C-N,
C-O, and N-O atoms within 5.25 Å radius. The pink and green spheres represent backbone
and sidechains respectively.

with a time step of 20 fs and updated neighbor lists every 10 steps. Electrostatic interac-

tions were calculated using the particle mesh Ewald method [339] with a direct cutoff of
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1.2 nm and a grid spacing of 0.2 nm. For van der Waals (vdW) interactions, a cutoff of 1.2

nm was employed. To each umbrella window, a harmonic restraint with a force constant of

500 kJ mol−1nm−2 was applied to the center of mass of each protein undergoing unbinding

to ensure sufficient overlap of the adjacent histograms.

Prior to initiating the umbrella sampling simulations we implemented distance restraints

on the backbone atoms of Mcl-1 and PUMA separately. This was done to preserve a stable

coarse-grained structure while applying the biasing potential during umbrella sampling,

as illustrated in Fig. 7.1. The Elastic Network Model restraints [354–359] were applied

between O-N, C-N, C-O, and C-C atom pairs within a 5.25 Å radius. As a result, the

root-mean-square deviations (RMSDs) of both Mcl-1 and PUMA were maintained within

a range of 5-6 Å, ensuring the structural integrity of the proteins during the simulations.

To remove the bias from the simulations, we utilized the Weighted Histogram Analysis

Method (WHAM) and constructed the PMFs using 400 bins along the reaction coordinate

(RC). The final one-dimensional WHAM (1D-WHAM) profile was adjusted to eliminate

the translational, configurational entropy term [360], in order to obtain the accurate potential

of mean force (PMF) [361–365].

PMFTrue(R) = PMFWHAM(R) + kBTln(4πr2) (7.3)

This adjustment ensures a flat potential of mean force (PMF) at greater distances by

compensating for the entropic decrease in the PMF, which is due to the increase in the

number of configurations on a sphere of a given radius [365]. This is also done to keep

the Qunbound from Eq. (7.4) concentration independent. Now, from the flattened PMF, the

binding free energy (∆G) for a protein complex was calculated by taking a difference of

free energy in the bound and unbound (flattened PMF) states.

∆Gbind = −kBT ln
(

Qbound

Qunbound

)
= −kBT ln

(
P(ξbound)

P(ξunbound)

)
(7.4)
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Here, Q’s are the partition functions, while P(ξbound) and P(ξunbound) represent the probabil-

ities of states on the PMF associated with the bound and unbound states along the RC, ξ.

This is discussed in Eq. (2.24) from Ch. 2.6.1 on umbrella sampling.

7.4 Results and Discussion

7.4.1 Folding Free Energy Penalty Analysis

To confirm the accuracy of our method for quantitatively estimating the folding free en-

ergies of disordered regions transitioning from coiled to alpha-helical states, we conducted

a set of analyses. We focused initially on a 37-amino-acid segment of the c-Myc protein

for this evaluation. This particular length was selected because it represents the longest dis-

ordered sequence identified as having the potential to fold into an alpha-helical structure.

The c-Myc protein [366–371], with a molecular weight of 62 kDa and composed of 439

amino acid residues (https://www.uniprot.org/uniprotkb/P01106), contains multiple func-

tional domains. These domains enable c-Myc to interact with a wide variety of binding

partners, each contributing uniquely to the intricate network of interactions known as the

c-Myc interactome. The transcription factor c-Myc is overexpressed in more than 70% of

human cancers, both constitutively and abnormally. Studies have demonstrated that directly

inhibiting c-Myc can lead to rapid tumor shrinkage in mice, accompanied by only mild and

completely reversible side effects. This indicates that targeting c-Myc could be a feasible

therapeutic approach. While it does contain intrinsically disordered regions (IDRs) that

contribute to its flexibility and interaction with various binding partners, c-Myc also has

structured domains, such as the basic helix-loop-helix/leucine zipper (bHLH/LZ) domain,

which is crucial for DNA binding and dimerization. The presence of both structured and

disordered regions allows c-Myc to function as a versatile transcription factor involved in

the regulation of numerous genes.
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We primarily chose four different sequences from the entire c-Myc protein sequence for

our study. The first sequence was identified as a potential target due to presence of several

adjacent alanines, and leucines known to stabilize helices. Moreover, AlphaFold’s pre-

dicted structure for c-Myc (https://www.uniprot.org/uniprotkb/P01106) shows this region

to be partially folded into an alpha-helix. The other three sequences were characterized by

their high content of glycine, proline, or a combination of both. The residues of glycine and

proline are known to destabilize alpha-helical structures in solution [372–375]. For mem-

brane proteins, however, they were found to stabilize the helical structures instead [376]. As

a reference sequence, we selected a polyalanine chain of 37 residues in length. This choice

was based on its ability to maintain the highest alpha-helicity among all amino acids when

simulated using the Amber03 force field [186, 377] and the TIP3P water model [378] in a

100 ns atomistic classical MD simulation. According to the literature, alanine is known to

be the most stabilizing amino acid for α-helical structures, followed by leucine [374, 379–

381].

Figure 7.2: Selected sequences to examine for validation of protocol. The 37 sequence
polyalanine acts as a reference with a nearly intact alpha-helix structure.
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Fig. 7.2 presents the sequences we initially tested our protocol on. These sequences are

located within the 439-residue chain of the c-Myc protein. The green highlighted residues

are helix destabilizers present in the chosen sequences. These sequences were specifically

chosen to deviate from the α-helical conformation. This deviation was intended to assist us

inmeasuring the folding free energies with respect to a fullyα-helical polyalanine reference.

Having determined the initial set of sequences for validating our protocol, we proceeded

with the calculations of folding free energies. These calculations were carried out using

umbrella sampling, as detailed in Sec. 7.3.1.

Figure 7.3: Potential Mean Forces (PMFs) for the formation of alpha-helical secondary
structures obtained via umbrella sampling simulations. Each structures (shown by the rep-
resentative arrows) represent the free energy minimum structure in that unfolding pathway
from helix to coil. ∆foldG penalty is measured by the vertical distance from the free energy
minimum ξ or CV value of polyalanine(reference) to the corresponding free energy value
of the PMFs of other sequences.

The graphs presented in Fig. 7.3 illustrate the unfolding process of a structure that be-

gins in a fully alpha-helical conformation and transitions to an unfolded, coiled state. In this
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representation, the reference structure of polyalanine is shown to maintain the closest re-

semblance to an alpha-helix. This is followed by our target sequence from the Myc protein

and then by the sequence that is rich in prolines, which are known to destabilize alpha-

helices. The deviation of a sequence from the position directly above the minimum value

of the collective variable ξ for polyalanine provides us with the value of ∆foldG, which rep-

resents the folding free energy penalty associated with transitioning from a disordered state

to an α-helical state. This analysis helps us quantify the stability of alpha-helical structures

and the energetic cost of folding for different sequences within the c-Myc protein.

Figure 7.4: Folding free energy, ∆foldG penalties with respect to polyalanine and position
ξ of free energy minima structures for a collection of chosen fragments within the c-Myc
sequence.

Here, in Fig. 7.4, the free energy landscape is depicted for different segments of the c-
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Myc protein, including our target fragment. The free energy penalty for folding our target c-

Myc fragment into an alpha-helical structure is estimated to be around 5 kJ/mol. This value

is significantly lower compared to the energy barrier of 98 kJ/mol observed for a segment

rich in proline residues, which are known to destabilize alpha-helices. The relatively low

folding free energy penalty for our target c-Myc fragment suggests that it is energetically

favorable for this segment to adopt an α-helical conformation. This characteristic makes it a

promising candidate for drug development, as it implies that the segment could readily fold

into an α-helix upon binding to a suitable ligand. This property is crucial for the binding-

induced folding mechanism, where the interaction with a drug molecule triggers the folding

of the target protein segment into a specific structure, in this case, an alpha-helix. Thus, the

favorable folding energetics of our target c-Myc fragment highlights its potential as a drug

target sequence for therapeutic interventions aimed at modulating the function of the c-Myc

protein in cancer and other diseases.

Following our investigation of the target c-Myc fragment, we aimed to examine the

impact of alanine point mutations on the stability of the alpha-helix. Given that alanine is

known to stabilize alpha-helices, we hypothesized that substituting residues in a sequence

with alanines would reduce the folding free energy penalty. To test this hypothesis, we in-

troduced alanine mutations into sequences rich in glycine, proline, and their intermediates,

which are known to destabilize alpha-helices. The results of these mutations are presented

in Fig. 7.5. We anticipated that replacing destabilizing residues with alanines would lead to

a decrease in the folding free energy penalty, thereby increasing the stability of the alpha-

helical structure. The observed trend in our results aligns with our hypothesis. We noticed

a significant reduction in the free energy penalty for the proline-rich sequence upon muta-

tion to alanine. This reduction is expected because proline, with its rigid structure, impedes

the formation of alpha-helices in solution by enthalpically destabilizing the helical struc-
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Figure 7.5: The scatter plot comparing the potential of mean force (PMF) features for
polyalanine and the selected peptide sequences. A reduction in the folding free energy
penalty, denoted as ∆foldG, is observed with the gradual point mutation of destabilizing
residues in each sequence to alanines. This trend highlights the stabilizing effect of alanine
on the alpha-helical structure, as the replacement of destabilizing residues with alanines
leads to a decrease in the energy barrier for folding into an alpha-helix.

ture. On the other hand, the glycine-rich sequence, which is entropically unfavorable for

alpha-helix formation, exhibited a smaller decrease in the folding free energy penalty upon

mutation to alanine. This is due to the intrinsic flexibility of glycine, which contributes

to a higher entropy in the unfolded state. The sequence rich in both proline and glycine

demonstrated an intermediate slope in the reduction of the folding free energy penalty upon

mutation to alanine. This intermediate behavior reflects the combined effects of proline’s

enthalpic destabilization and glycine’s entropic contribution to the overall stability of the α-

helix. To establish a general trend for the folding free energies, we conducted umbrella sam-

pling on sequences of 37 residues in length for every naturally occurring poly-amino acid.

Our results indicate that leucine, serine, and threonine have a high propensity for forming
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alpha-helical structures. In contrast, isoleucine, valine, tyrosine, and histidine demonstrate

significant deviations from the alpha-helical form, primarily due to steric hindrance. The

positively charged amino acids, lysine and arginine, exhibit low and comparable free energy

penalties for alpha-helix formation. Among the negatively charged amino acids, glutamate

shows a lower folding free energy penalty (∆foldG) compared to aspartate, which can be

attributed to the reduced steric effects resulting from glutamate’s longer side chain. These

trends can be observed in Fig. 7.6.

Figure 7.6: The scatter plot comparing the free energy penalties (∆foldG) and position of
energy minima ξmin for polyalanine and all other natural poly-amino acid sequences.

Following the validation of our protocol using the selected sequences from the c-Myc

protein, we expanded our research focus to include other naturally occurring intrinsically

disordered regions (IDRs) and alpha-Molecular Recognition Features (α-MoRFs). Our ob-

jective was to integrate the capability of our protocol to quantify the folding free energy

penalty with the structural prediction prowess of the cutting-edge AlphaFold tool. By do-

151



ing so, we aimed to accurately identify or predict α-MoRFs and differentiate them from

fully disordered IDRs. This approach would enhance our understanding of the structural

dynamics of IDRs and their potential to transition into functionally relevant α-helical con-

formations upon interaction with binding partners. We selected two α-MoRFs (p53-CT (C-

Terminal domain of p53) and α-c-Myb-D (α-MoRF region of the c-Myb protein. D stands

for doubling the length of the single sequence for our simulation purpose)), and three fully

disordered sequences (dis-c-Myb (disordered fragment taken from c-Myb protein), dis2-

p53-CT(disordered segment from p53 protein), and dis-Vc-HigA2-NT (disordered segment

from the N-terminal region of Vc-HigA2 protein)).

Figure 7.7: Folding free energy penalty (∆foldG) comparisons between IDRs from the same
proteins with opposite α-helix propensities. The threshold value of ξ for AlphaFold predic-
tion of an α-MoRF has been shown with a dotted line.

From the Fig. 7.7, we have the green cluster of α-MoRF sequences, and red cluster of

fully disordered ones. In evaluating the minimum free energy structures from our simula-

tions against the predictions made by AlphaFold [334], we observed that the folding free
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energies (∆foldG) of all the α-MoRF examples we investigated fell within the range of 0-10

kJ/mol (2.4 kcal/mol). This observation is in line with the findings of Telium et al. [326],

who reported that disordered protein complexes are, on average, less stable by approxi-

mately 2.5 kcal/mol or about 10.5 kJ/mol. This suggests that a certain amount of folding

free energy might be associated with the binding-induced folding mechanism, where the

binding event triggers the folding of the disordered protein into a more stable structure.

This energy contribution is an important factor to consider when studying the dynamics and

stability of protein complexes involving intrinsically disordered regions. Our finding also

aligns with the estimates provided by Hadzi and coworkers in their research [217], where

they utilized a modified Lifson-Roig (LR) model [211, 335, 336] to assess the folding free

energies of intrinsically disordered proteins (IDPs). The discrepancies between our find-

ings and those of Hadzi et al. could be attributed to the variations in the sequence lengths of

IDPs that were considered in their analysis. The notably low folding free energy penalties

associated with some of these sequences indicate their potential for use in the development

of peptide-based or small-molecule drugs. Such therapeutic agents have the potential to

stabilize the helical structure of α-MoRFs by inducing folding upon binding, thereby offer-

ing a strategic approach for influencing protein-protein interactions in medical treatments.

This approach could lead to the development of targeted therapies that specifically mod-

ulate the function of proteins involved in various diseases. We also identified a threshold

value for the collective variable ξ that AlphaFold requires to accurately predict the structure

of a protein. Specifically, for a 37-residue peptide, AlphaFold consistently predicts every

sequence as fully disordered beyond a ξ value of 17.5. However, for disordered sequences

(shown in red) that fall within the range of 17.5 in Fig. 7.7, AlphaFold struggles to accu-

rately predict their structures. Additionally, we observed that AlphaFold has a threshold

for the folding free energy penalty, ∆foldG, of 0-10 kJ/mol. Consequently, all sequences

with a folding free energy penalty within this range were predicted by AlphaFold to adopt
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an alpha-helical conformation. This finding is in alignment with the research conducted

by Hadzi and colleagues [217], further validating the accuracy of AlphaFold’s predictions

within these specific parameters.

In the concluding section of our study, where we focused on calculating folding free

energies as depicted in Fig. 7.8, we conducted a detailed comparison. This comparison

involved analyzing the final structures obtained from a 100 ns atomistic classical molec-

ular dynamics (MD) simulation for five selected sequences. These sequences comprised

two α-MoRFs and three disordered segments. We then juxtaposed these structures with

Figure 7.8: Structure comparison between 100 ns vanilla MD and AlphaFold predictions.
(A) Conformations after 100 ns MD simulation starting from α-helical form. (B) Structure
prediction by AlphaFold. Here, the predicted local distance difference test (pLDDT) esti-
mates the extent to which predictions will match the experimental structure.

the ones predicted by AlphaFold for the same sequences. This comparison allowed us to

evaluate the accuracy of AlphaFold’s predictions in relation to the dynamic behavior and

structural evolution observed in our MD simulations, providing insights into the predictive

capabilities of AlphaFold for different types of protein sequences. In our analysis, we noted

that AlphaFold is proficient in predicting the helical structure of the two α-MoRFs, particu-

larly in the case of α-c-Myb-D. Additionally, AlphaFold is capable of accurately predicting

sequences that will remain fully disordered up to a collective variable (ξ) of 17.5 for a 37
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residue sequence. This threshold is exemplified by the structure of dis-VcHigA-2NT-D, a

disordered protein that lies at the boundary of AlphaFold’s ability to predict alpha-MoRFs.

For values below this threshold, AlphaFold tends to predict that sequences will adopt an

α-helical conformation. This observation underscores the effectiveness of AlphaFold in

distinguishing between disordered regions and alpha-MoRFs, particularly when consider-

ing the specific threshold value of the collective variable ξ.

7.4.2 Binding Free Energy Calculations of Mcl-1–BH3 only Domain Proteins and

Comparison to their Folding Free Energies

In this section, our aim was to investigate the binding free energies of protein com-

plexes involving intrinsically disordered proteins (IDPs). Experimentally characterizing

Figure 7.9: Expressing binding free energy as the sum of two processes in the bind-
ing induced folding mechanism- folding and binding free energies. Image courtesy:
Rogers et al. [5]

the affinity of IDP target associations typically yields only the combined contributions of

IDP folding and binding. Separating these two contributions is not straightforward using

155



conventional methods. Our goal was to compare the sum of the folding and binding free

energies derived from simulations with the experimentally determined binding free ener-

gies. Through this comparison, we sought to validate our hypothesis and provide a more

detailed understanding of the energetics involved in the interactions between IDPs and their

binding partners.

To test our hypothesis of ∆bindG(expt) = ∆foldG(sim) + ∆bindG(sim), we conducted coarse-

grained umbrella sampling simulations of the binding process of two Mcl-1-BH3 domain

protein complexes. BH3 domains [382] are characteristic of the pro-apoptotic subset of

Bcl-2 proteins [383], which includes proteins like BIM, BAD, BID, PUMA, and NOXA-A.

Mcl-1 [218, 383–385] is a key anti-apoptotic protein that plays a critical role in cell survival

and has been implicated in the development and progression of various cancers. Its ability to

bind and inhibit pro-apoptotic proteins makes it a crucial regulator of the apoptotic pathway.

As a result, Mcl-1 has emerged as an attractive target for cancer therapy.

Figure 7.10: Expressing binding free energies ∆bindG(sim) of PUMA with and without the
application of cylindrical restraints while performing umbrella sampling.
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Achieving adequate sampling is a challenge in enhanced sampling techniques for pro-

cesses like binding through host-guest interactions. To address this issue, cylindrical re-

straints can be applied along the separation path of the two binding partners. This approach

restricts the ligand from exploring the entire space around the substrate in a spherical pattern,

leading to faster convergence of the simulation with reduced sampling time and computa-

tional resources. However, to compare with unrestrained PMF to verify its convergence, it

is important to account for the entropic term, as the ligand’s access to the space around the

binding substrate is restricted. Here, ∆bindG(sim) = ∆bindH(sim) - T∆bindSrot+vib(sim), where the

Figure 7.11: Implementation of the entropic adjustment term to the potential of mean force
(PMF) that has cylindrical restraints, in order to align it with the PMF that is free of re-
straints.

translational entropic part (-T∆Strans(sim)) is missing.

−T∆S (sim) = −RT ln
(

Q2

Q1

)
(7.5)

where Q1 and Q2 are partition functions for state 2 and 1. Here the entropic part is calculated
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separately and added to the PMF with cylindrical restraints in blue (Fig. 7.10) to obtain a

similar feature to the unrestrained PMF in green (Fig. 7.11)

Based on Fig. 7.11, it is apparent that the unrestrained PMF, represented in green, has

undergone sufficient sampling, as it closely aligns with the PMF that has been adjusted

for entropy without cylindrical restraint, indicated in blue. This congruence is highlighted

by the gradual decline in entropy following a peak, which is due to the configurational

entropy term from Eq. (7.5) [360, 361, 365], related to the 4πr2 increment in area explored

by the unbinding ligand with increasing distance of separation, as detailed in Eq. (7.3).

The adequate sampling observed in the unrestrained simulation enabled us to employ this

method for the subsequent protein, NOXA-A in our analysis.

Figure 7.12: Implementation of the entropic adjustment term to the potential of mean force
(PMF) that has cylindrical restraints, in order to align it with the PMF that is free of re-
straints.

This modification by addition of the term kBTln(4πr2) ensures that the potential of mean

force (PMF) remains flat at larger separation distances by counterbalancing the entropic
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decline in the PMF. This decline results from the growth in the number of configurations

on a sphere of a specific radius [365]. In this approach, we utilize the flattened potential of

mean force (PMF) to determine the binding free energy (∆G) for a protein complex. This is

achieved by calculating the difference in free energy between the bound and unbound states

(Eq. 7.4), where the unbound state is represented by the flattened PMF. By comparing these

two states, we can accurately quantify the energetics of the binding process and gain insights

into the stability and affinity of the protein complex. This method provides a comprehensive

understanding of the molecular interactions that drive the formation of protein complexes.

Figure 7.13: Binding free energy curves for Mcl-1 with the BH3-only domains of PUMA
(green) and NOXA-A (blue)

In Fig. 7.13, the calculated binding free energies (∆bindG(sim)) for the protein complexes

involving PUMA and NOXA-A were found to be -61.25 kJ/mol (-14.64 kcal/mol) and -

68.58 kJ/mol (-16.39 kcal/mol), respectively. These values are noticeably lower than the ex-

perimental values reported by Dahal et al. [218], which are -55.97 kJ/mol (-13.38 kcal/mol)
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for PUMA and -45.9 kJ/mol (-10.9 kcal/mol) for NOXA-A. This discrepancy suggests that

there is a positive folding free energy contribution (∆foldG(sim)) that needs to be accounted

for to reconcile the excess binding free energy obtained from simulations with the experi-

mentally observed values. The presence of this positive ∆foldG(sim) indicates that the folding

process upon binding contributes additional energy, which must be considered to accurately

model the energetics of the protein-protein interactions in these complexes.

To calculate the folding free energies, we ran two sets of umbrella sampling simulations

for PUMA and NOXA-A separately.

Figure 7.14: Scattered plots depicting folding free energy penalties for Mcl-1 with PUMA
(green) and NOXA-A (blue)

Figure 7.14 illustrates that the folding free energy value for PUMA is 1.8 ± 1.3 kJ/mol,

while for NOXA-A, it is approximately 0.5 ± 1.3 kJ/mol. These values are notably lower

than the required values of 5.35 kJ/mol for PUMA and 22.68 kJ/mol for NOXA-A to match

experimental observations. The binding and folding free energies for PUMA add up close
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to the experimental value of -55.97 kJ/mol with an error of about 4 kJ/mol. However,

for NOXA-A, this error is approximately 21 kJ/mol. Several factors could contribute to

this discrepancy: i) Sequence Length: The discrepancy may arise from differences in the

length of the sequences used in our simulations compared to those used in experiments.

The length of the sequence can influence the folding dynamics and, consequently, the fold-

ing free energy. ii) Mutations: The use of mutated versions of the proteins in experiments,

which differ from the structures in the Protein Data Bank (PDB) that we utilized, could lead

to variations in the folding free energy. Mutations can significantly alter the stability and

folding behavior of proteins. iii) Sequence Composition: Our results for NOXA-A might

have been more accurate if we had used a longer sequence that included proline and glycine

residues. These residues are known to destabilize alpha-helices and could result in a higher

folding free energy penalty, bringing our simulated values closer to the experimental ones.

Addressing these factors in future simulations could help to reduce the discrepancy between

the simulated and experimental folding free energy values for PUMA and NOXA-A. Over-

all, our hypothesis that the experimental binding free energy can be represented as the sum

of the calculated folding and binding free energies is partially verified. While our results

provide some support for this hypothesis, additional studies involving other sequences are

necessary to gather more conclusive data. Expanding the scope of our research to include

a wider range of sequences will help to further validate this hypothesis and enhance our

understanding of the energetics involved in protein-protein interactions.
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7.5 Conclusion

In this chapter, we explored the complex thermodynamics related to protein folding

and binding, focusing specifically on the intrinsically disordered regions (IDRs) and alpha-

Molecular Recognition Features (α-MoRFs) present in the c-Myc protein. Additionally, we

examined the interactions between Mcl-1 and BH3-only domains, which play pivotal roles

in the regulation of apoptosis. Our primary aim was to quantify the folding free energy

penalties that occur as proteins transition from disordered states to alpha-helical conforma-

tions. Furthermore, we sought to investigate the binding free energies of protein complexes,

specifically those involving Mcl-1 in combination with PUMA and NOXA-A, which are

key players in apoptotic pathways. By understanding these energetics, we aimed to shed

light on the molecular mechanisms underlying protein interactions and their implications

for apoptotic regulation.

Through molecular dynamics simulations, and umbrella sampling method, we first val-

idated our protocol by analyzing sequences from the c-Myc protein, noting that the folding

free energies fell within the anticipated range. This initial validation laid the groundwork

for an extensive examination of naturally occurring intrinsically disordered regions (IDRs)

and alpha-Molecular Recognition Features (α-MoRFs). In this broader analysis, we har-

nessed the capabilities of our protocol in conjunction with the structure prediction prowess

of AlphaFold. Our results demonstrated that AlphaFold was adept at predicting the alpha-

helical structures of α-MoRFs, particularly in the case of alpha-c-Myb-D, and could classify

sequences as fully disordered up to a specified threshold.

The computation of binding free energies unveiled discrepancies when compared to

experimental values, suggesting that a positive folding free energy component might be

involved in the mechanism of binding induces folding. This notion was further corrobo-

rated by our investigations into protein complexes involving PUMA and NOXA-A, where
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the calculated folding free energies fell significantly short of the values required to match

experimental data. Such disparities could stem from various factors, including differences

in sequence length between our simulations and experimental studies, the use of mutated

versions in experiments that differ from the structures we used in our simulations, and vari-

ations in the overall sequence composition. These factors could have a substantial impact

on the folding behavior of the proteins, leading to the discrepancies observed between our

computational results and experimental findings. Addressing these issues in future studies

could help to align our computational predictionsmore closely with experimental outcomes.

In summary, our hypothesis suggesting that the experimental binding free energy can

be decomposed into the sum of computed folding and binding free energies received par-

tial confirmation. The findings emphasize the intricate nature of protein folding and bind-

ing mechanisms and underscore the necessity for additional investigations across a broader

spectrum of sequences to thoroughly substantiate this hypothesis. This work enhances our

comprehension of the energetic aspects of protein-protein interactions and has potential im-

plications for the development of pharmaceuticals and the exploration of molecular-level

biological phenomena.
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Chapter 8

CONCLUSION

This study employs classical molecular dynamics simulations with explicit water and

the 3D-2PT analysis method to calculate spatially resolved solvation free energies of in-

trinsically disordered protein (IDP) K-18 Tau and for a selected water in bulk water in the

presence of external electric fields. IDPs’ unstructured nature poses difficulty in studying

their properties experimentally. Additionally, a separate line of inquiry concentrates on the

in-silico quantification of folding free energies of alpha-helical intrinsically disordered pro-

teins (alpha-MoRFs), a task that is particularly challenging due to the difficulty of direct

experimental measurement.

Solvation process has profound implications across a spectrum of biomolecular phe-

nomena. Intrinsically disordered peptides (IDPs) remain unstructured primarily due to

favorable protein-water interactions and their sequence alignments. In this investigation,

all-atom MD simulations were performed on the K-18 domain of the Tau protein to as-

sess the impact of diverse force field modifications aimed at enhancing the alignment be-

tween conformational ensembles of IDPs in simulations and experimental observations.

Here, four distinct pairs of standard and modified force fields were explored, each de-

signed to strengthen protein-water interactions and promote the stabilization of extended

protein conformations. Initial investigations focused on analyzing conformational ensem-

bles sampled over microseconds, followed by an in-depth examination of spatially resolved

solvation free energy maps. It was found that modifications favoring extended conforma-

tions generally led to more favorable changes in protein solvation free energy compared to

standard parameters. Regardless, the spatially resolved 3D-2PT analysis [83] highlighted

notable differences in the effects of each modification strategy on protein-water interac-
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tions, which are expected to influence the dynamics of conformational ensembles in MD

simulations and the ability of proteins to interact, aggregate, or undergo phase separation.

The solvation of polar and nonpolar functional groups in the protein is affected differently

by each force field modification. Amber03ws-TIP4P/2005 (A03ws) and Amber99SBws-

TIP4P2005 (A99ws) are documented for enhancing the solvation of nonpolar functional

groups, whereas Amber99SB∗-ILDN-TIP4P-D (A99*D) and CHARMM36m-TIPS3P∗

(C36m*) focus on the solvation of polar functional groups. These distinct preferences

influence the sampled conformational ensembles, with A03ws and A99ws favoring ex-

tended states of nonpolar residues and A99*D and C36m* favoring extended states of polar

residues. Unlike clear contrasts for global measures like the radius of gyration or end-to-end

distance, these distinctions become more pronounced in proteins predominantly composed

of polar or nonpolar amino acids.

In this second project, the influence of static and uniform electric fields on bulk liquid

water’s structure and entropy was meticulously explored through both classical molecular

dynamics simulations using force-field models and ab initio molecular dynamics (AIMD).

The study was further enhanced by applying an MD-based analytical technique known as

3D-2PT, which provided a detailed spatial analysis of entropy changes around a selected

water molecule. Investigations were conducted using the TIP4P/2005 water model in clas-

sical MD simulations, alongside a flexible version of the same model for 3D-2PT analysis.

The water’s response in the bulk phase was probed under two distinct conditions—pinned

and fixed—and subjected to a range of electric field strengths. The findings from these

simulations were encouraging, revealing new insights into the behavior of water under the

influence of electric fields.

The TIP4P/2005 water model effectively captures key structural properties of water

and is computationally efficient. Its results align closely with those from more accurate

ab initio simulations. However, both the TIP4P/2005 model and the ab initio simulations
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underestimate the molecular entropy of bulk water compared to experimental values. This

discrepancymight be due to the limitations of the two-phase thermodynamics (2PT) formal-

ism. Additionally, the TIP4P/2005 model is less sensitive to polarization-induced changes

than the BLYP+D3 model, likely due to the inclusion of electronic polarization in the latter.

TheMD-based analysis using 3D-2PT yielded spatial insights into the local entropy and

distribution of water around a reference molecule when subjected to electric fields. This

analysis crafted 3D visualizations that captured changes in the water’s structure, illustrat-

ing a field-induced strengthening of hydrogen bonds, akin to the formation of more ordered

”ice-like” structures, particularly evident at field strengths around 1.0 V·nm−1 [200]. These

modifications in water’s structure and entropy were shown to be closely associated with

shifts in water density, highlighting a shift towards more organized layering under the elec-

tric field’s influence, with water molecules aligning their dipoles to form more structured

arrangements. These observations underscore the electric field’s role in shaping the mi-

croenvironment of water molecules, influencing their orientation and interactions.

The final chapter’s focus was on the thermodynamic aspects of protein folding and inter-

action phenomena, particularly highlighting the unstructured segments and alpha-Molecular

Recognition Features (α-MoRFs) within the c-Myc protein, which is overexpressed in var-

ious forms of cancer [370]. It delved into the regulatory interplay between the Mcl-1 pro-

tein and the BH3-only domains, essential elements in the apoptosis control mechanism.

The work aimed at quantifying the energy barriers involved when proteins transform from

a disordered to an ordered alpha-helical state. Additionally, the research investigated the

thermodynamics of complex formations, especially between Mcl-1 and the pro-apoptotic

proteins PUMA and NOXA-A. The purpose of this study was to shed light on the mecha-

nisms underlying binding-induced folding and to test the supposition that the experimental

binding free energies noted by Dahal et al. [218] are cumulative of both computed binding

and folding free energies.
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Molecular dynamics simulations complemented by the umbrella sampling method were

employed to scrutinize sequences from the c-Myc protein, leading to an affirmation of

the protocol’s robustness, as evidenced by folding free energies aligning with predicted

estimates. This fundamental validation established a foundation for a comprehensive in-

vestigation into the realm of intrinsically disordered regions (IDRs) and alpha-Molecular

Recognition Features (α-MoRFs). Utilizing a combination of our refined protocol and the

predictive capabilities of the AlphaFold algorithm, a deeper analysis was conducted on a

different set of naturally occurring IDR sequences. Results from this comprehensive re-

search indicated that AlphaFold is adept at predicting alpha-helical structures of α-MoRFs,

especially for the α-c-Myb-D sequence, and is capable of precisely identifying sequences

as entirely disordered based on a defined threshold. The results also exhibited a consistent

result with some investigations [217, 326], where the value of folding free energies of all

sampled alpha-MoRFs lie within a ∆Gbind range of 0-10.5 kJ/mol (2.5 kcal/mol)

Calculating binding free energies resulted in values that were more negative than those

obtained experimentally, indicating the possible involvement of a positive folding free en-

ergy component in the binding-induced folding mechanism. This was underscored by our

analysis of protein complexes involving Mcl-1 and proapoptotic BH3-only domains of

PUMA and NOXA-A, which showed that the computed folding free energies were con-

siderably lower than those necessary to align with experimental findings. This type of error

could arise from numerous factors, such as variations in sequence length between our sim-

ulations and experimental studies, differences in the overall sequence composition, and the

use of mutated versions in experiments that differ from the structures utilized in our simu-

lations.
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