
DOTTORATO DI RICERCA IN

Scienze Biotecnologiche, Biocomputazionali,
Farmaceutiche e Farmacologiche

Ciclo XXXVIII

Settore Concorsuale: 03/D1 – Chimica e Tecnologie Farmaceutiche, Tossico-

logiche e Nutraceutico-Alimentari

Settore Scientifico Disciplinare: CHIM/08 – Chimica Farmaceutica

Bidirectional path-based nonequilibrium
simulations for binding free energy

estimation

Presentata da: Eleonora Serra

Coordinatore Dottorato

Prof.ssa Maria Laura Bolognesi

Supervisore

Prof. Andrea Cavalli

Co-supervisore

Dr. Sergio Decherchi

Esame Finale – Anno 2026





“Ho sceso, dandoti il braccio, almeno un milione di scale,
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Abbreviations and Symbols

The most important and frequently used abbreviations and symbols in this thesis

are listed below, along with their explanations.

0.1 Abbreviations

• NMR: nuclear magnetic resonance

• MD: molecular dynamics

• CADD: computer-aided drug design

• RT : residence time

• QM: Quantum Mechanics

• MM: Molecular Mechanics

• NV E: Microcanonical ensemble

• NV T : Canonical ensemble

• NPT : Isothermal isobaric ensemble

• TµV : Grand canonical ensemble

• FF: force field

• PES: Potential energy surface

• FES: Free energy surface

• PMF: Potential of Mean Force
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• PBC: Periodic Boundary conditions

• LJ: Lennard-Jones potential

• TIPNP: Transferable Intermolecular Potential N-Poin model

• OPC: Optimal Point Charge model

• CV: Collective Variable

• PCV: Path Collective Variable

• RMSD: Root-mean-square deviation

• MSD: Mean-square deviation

• US: Umbrella Sampling

• MetaD, WT-MetaD: Metadynamics, Well-Tempered MetaD

• SMD: Steered Molecular Dynamics

• ABMD: Adiabatic Bias Molecular Dynamics

• TI: Thermodynamic Integration

• FEP: Free Energy Perturbation

• BAR: Bennett Acceptance Ratio method

• JE: Jarzynski equality

• CFT: Crooks Fluctuation Theorem

• AM1-BCC: Austin Model 1 semi-empirical QM calculations with Bond Charge

Corrections

• RESP:Restrained Electrostatic Potential

• PME:Particle Mesh Ewald

0.2 Symbols and Constants

• kB: Boltzmann constant ( kB = 1.38064910−23JK−1)
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• β = 1
kBT

: inverse thermal energy

• kon and koff : association and dissociation rate constants

• ∆G◦
b : Gibbs standard binding free energy

• Kd and Ka: dissociation and association constants

• C◦: standard-state concentration

• G, F : Gibbs free energy, Helmholtz free energy

• H, S: Enthalpy, Entropy

• U , K: Potential Energy, Kinetic Energy

• T , P , V : Temperature, Pressure, Volume

• R: universal gas constant

• ∆Gb, ∆Hb, ∆Sb: binding free energy, binding enthalpy, binding entropy.

• ∆Sconf , ∆Ssolv, ∆Sroto/trasl: conformational, solvation, roto/traslational en-

tropy

• Ea: activation energy

• A: Arrhenius proportionality constant

• κ = Transmission coefficient

• ∆G‡: activation Gibbs free energy

• δ : Dirac function

• h: Planck constant (h = 6.626 070 15× 10−34 J · Hz−1)

• Ĥ: Hamiltonian

• QNV T : canonical partition function

• ZNV T configurational integral

• WJ : Jarzynski work

• Wdiss: Dissipated Jarzynski work
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Abstract

Drug discovery is an inherently complex, time-consuming, and costly process, often

requiring over a decade of research and investments amounting to billions of dollars.

A key quantity that underpins the success of early-stage drug design is the binding

free energy, which quantifies the strength of interactions between a protein and a po-

tential ligand. Accurate estimation of binding free energy is essential for identifying

promising drug candidates and prioritizing them for experimental validation. This

thesis first gives a comprehensive examination of the theoretical principles that

govern simulation for binding free energy estimation, and then introduces novel

protocols. We give a detailed review of the statistical mechanics framework for

binding free energy calculations and critically evaluate key free energy estimators

by analyzing their underlying assumptions, practical advantages, and limitations.

In addition to consolidating theoretical knowledge, this work contributes practical

insights by assessing the applicability and the performance of some of these es-

timators, particularly nonequilibrium estimators, across representative molecular

systems. The findings support and clarify the use of nonequilibrium approaches

under diverse conditions and in increasingly complex systems, while also providing

guidance for best practices in real-world drug discovery pipelines. Taken together,

these contributions strengthen the theoretical foundations of protein-ligand bind-

ing free energy estimation and give valuable tools and guidelines to improve the

efficiency of computational drug discovery efforts.
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Preface

Thermodynamics and kinetics play crucial roles in determining the dynamic be-

haviors and function of biological molecules within the human body. Therefore,

differences in thermodynamic binding free energy and the kinetic properties of the

biological binding and unbinding processes (i.e., association between a ligand and a

macromolecular target) are among the most critical quantities for the optimization

of new drug candidates.

The drug discovery and development process, responsible for bringing new thera-

peutics to market, is both lengthy and resource-intensive, requiring significant fi-

nancial investments from pharmaceutical companies, governments, and other fund-

ing bodies. In recent decades, in-silico methods have become essential tools in this

field. Computational simulations, in particular, play a crucial role in analyzing and

optimizing potential drug candidates. They enable the estimation of binding affini-

ties to target molecules and kinetic rates, helping to streamline drug development

while reducing costs and risks.

Among all biological molecular partners, proteins play a crucial role, with nearly

all significant human diseases being linked to protein dysfunction. The binding

of small molecules to proteins is a key process in cellular metabolism, and it is

also exploited in pharmacology to treat a wide range of diseases. Typically, drug

development strategies focus on improving ligand affinity to a specific target pro-

tein, guided by the structure and interactions observed in ligand-protein complexes.

However, binding kinetics and ligand residence time are also crucial factors in de-

termining a drug’s physiological response and efficacy. Indeed, a clinically effective
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drug response is based on the ability of the therapeutic molecule to bind to its

biological target and the subsequent translation of this interaction into a selective

physiological effect. Consequently, the critical prerequisite for drug action is its

binding to the biological target as well as the duration of this binding.

The three-dimensional structure of biomolecules and their conformational land-

scape provides invaluable insights into biological processes, facilitating the design

of new drug candidates. As a result, tremendous efforts have been invested in

properly determining the three-dimensional structures of key biomolecules. Ex-

perimental techniques like X-ray crystallography and nuclear magnetic resonance

(NMR) are widely employed by biologists to resolve and visualize them. However,

due to experimental limitations, computational simulations have become essential

complementary methods to study biological processes in detail, including confor-

mational changes, protein folding and ligand binding. Particularly, atomic-level

molecular dynamics (MD) simulations are the method of choice for protein sim-

ulations. They enable researchers to observe the movements of individual atoms

within biological molecules, providing atomic-resolution information that is often

unattainable through traditional experimental approaches.

In the context of protein-ligand binding, the thermodynamics of the process is

generally quantified using binding free energies or equilibrium dissociation con-

stants, while its kinetics is characterized by association and dissociation rate con-

stants. Experimental biophysical techniques such as isothermal titration calorime-

try (ITC), surface plasmon resonance (SPR), biolayer interferometry (BLI), flu-

orescence spectroscopy, and grating-coupled interferometry (GCI) are commonly

employed to quantitatively characterize these parameters. On the other hand,

computational approaches to quantitatively assess these quantities are still facing

significant challenges, mainly due to the complexity of the analyzed systems and

the considerable computational resources required to simulate the protein-ligand

association process. Therefore, the existing computational methods often face lim-

itations in practical application to real pharmaceutical systems, particularly within

the time constraints of drug discovery processes.

In this context, this PhD research focused on exploring and estimating the ther-
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modynamics of protein-ligand complexes through in-silico approaches, alongside a

further side project investigating binding kinetics and other contributions. Given

the potential of nonequilibrium approaches, the research focused on developing a

novel computational pipeline for calculating binding free energies in nonequilib-

rium scenarios (Chapter 4 [P1]). While nonequilibrium methods offer inherent

parallelization and computational advantages, they also present challenges related

to dissipation and convergence issues. Thus, we deeply investigated the underlying

causes of dissipation in our nonequilibrium protocol, defining practical guidelines to

improve the accuracy of binding free energy estimations (Chapter 5 [P2]). In par-

allel, the work concentrated on extending the applicability of the methodology to

very complex systems, ranging from challenging proteins to inherently flexible RNA

complexes (Chapter 6 [P3]). Chapter 8 and Chapter 7 focus on more side projects:

Chapter 8 is dedicated to the kinetic study of Mcl-1 protein and its inhibitors,

while Chapter 7 presents the development of NanoShaperWeb [P4] , a freely acces-

sible online tool based on the NanoShaper code for computing molecular surfaces

and pockets. These chapters, which describe the carried out research, are prefaced

by Chapter 1 which introduces fundamental thermodynamic and kinetic concepts

in the framework of drug discovery. Chapter 2 details the theoretical background

of simulation approaches used to characterize protein-ligand interactions and to

predict thermodynamic and kinetic properties. Finally, this introductory set of

Chapters, is closed by Chapter 3 which provides an overview of our comprehensive

account on binding free energy estimation approaches in drug discovery, with a

specific focus on the protein-ligand binding process [P5]. It gives both an ana-

lytical and critical examination of various free energy methods, highlighting their

applications and relevance within the context of our laboratory research.

Building on the key conclusions presented in the account and the developed meth-

ods, the thesis closes with a discussion of the current open challenges in the field.

This is provided in Chapter 10.
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Chapter 1

Introduction

The rational drug discovery process, responsible for bringing new drugs to market,

follows five key stages [1]:

1. The pre-discovery phase, where basic research is conducted to understand

disease mechanisms and identify potential biological targets, such as proteins.

It involves the target selection and validation.

2. The drug discovery step which explores exogenous molecules (primarily small

molecules or biologics) that could potentially treat the disease. During this

phase, the hit-to-lead and lead optimization processes are crucial, as they re-

fine initial hit compounds into more promising candidates suitable for clinical

development.

3. The preclinical development, where scientists study the potential drug’s mech-

anism assessing toxicity, validating its effectiveness (in vitro and in vivo mod-

els), and exploring formulation option.

4. The clinical trials, where the drug is tested in humans with pharmacovigilance

studies.

5. The final step including regulatory review, approval, and post-market surveil-

lance.

As one might expect, the development of new drugs demands substantial financial
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investments from both pharmaceutical companies and governments [2]. For every

new drug approved for human use, approximately 5,000 to 10,000 chemical com-

pounds undergo rigorous chemical and biological screening. Of these, around 250

will progress to preclinical testing, and only 5 will eventually enter clinical trials.

Thus, bringing a new therapeutic to market is a long-lasting process, typically tak-

ing 10 to 15 years, with estimated costs ranging from 1.5 to 2.0 billion US dollars

[3, 4, 1]. A significant part of research efforts and financial investment is dedicated

to fully understand the disease mechanisms at the molecular level, as well as the

potential effects of exogenous drug candidates. However, despite the technological

advancements and a deeper understanding of biological systems, accurately pre-

dicting how a living organism may respond to a potential drug remains a great

challenge. Improving these predictive capabilities is therefore essential, as it can

reduce the time and cost associated with rational drug discovery process [5].

In human body, biological macro-molecules and their transient aggregation (with

each other or with small molecules) govern and mediate all relevant biochemical

processes. During this aggregation process, molecular recognition is considered

the basic prerequisite for two molecules to interact [6]. Molecular recognition is

controlled by specific non-covalent interactions and depends on both specificity

and affinity. Specificity allows a molecule to selectively bind one partner, while

affinity measures the binding strength [7].

Among all biological interacting partners, proteins play crucial roles in a wide

numbers of cellular processes, including structural, mechanical, and cell signaling

functions [8, 7]. Notably, proteins perform their biological functions through phys-

ical interactions with other molecules, such as other proteins, peptides or small

molecule ligands [9, 8, 7]. Approximately 95% of the total receptors in the human

body are proteins, where receptors are defined as specific macromolecules to which

a ligand binds by altering their biochemical activity [9, 8]. Given their central

role in the human body, many diseases are directly associated with dysfunctional

proteins [4]. However, a large proportion of disease-related human proteins are

considered undruggable by current therapeutic approaches. A significant class of

these undruggable targets includes proteins involved in intracellular protein-protein
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interactions, which represent an open challenge for rational drug development [10].

For this reason, computer-aided drug design (CADD) has become an indispensable

tool for facilitating and accelerate the complex process of designing and optimizing

new drug candidates and novel therapeutic approaches [5, 11].

The interaction of a protein with small molecules is a crucial aspect of cellular

metabolism, and it is extensively utilized in pharmacology for the treatment of

various diseases [12, 13, 9]. In the framework of rational drug discovery, a small

molecule that binds to a biological target, with reasonable specificity and affinity,

is referred to as a ligand. The subsequent biological response is a result of chemical

interactions between the ligand and the protein’s binding site [9, 7]. From this point

onward, the term ligand will specifically refer to any molecule capable of binding

to a protein [7]. To describe the physicochemical mechanisms of the protein-ligand

binding process, three different models exists [7]:

• lock-and-key model [14]: in this model introduced by Emil Fischer, both the

protein and the ligand are rigid entities, requiring their binding surfaces to

align perfectly. As a result, only a ligand with the correct dimensions (the

key) can properly fit into the protein’s binding site (the lock). However, this

simplified model fails to explain experimental evidence showing that a protein

can bind to its ligand even when their initial shapes are not a perfect match.

• Induced-fit model [15]: in this model, the protein’s binding site is considered

flexible, and the ligand induces a conformational change upon its binding.

Since the induced-fit model focuses solely on the flexibility of the ligand-

binding site, it is appropriate mostly for proteins that undergo minor confor-

mational changes after ligand binding.

• Conformational selection model [16]: this more recent model recognizes that

most proteins are inherently dynamic, existing as an ensemble of confor-

mational states in equilibrium. This model suggests that a ligand binds

selectively to the most suitable protein conformation, shifting the equilib-

rium toward this state. Even in the unbound state, the protein can sample

conformations similar to those adopted when it is bound to a ligand.
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Nowadays, the original and rigid Fischer’s lock-and-key binding paradigm has been

surpassed by the other two models; i.e. the induced-fit and conformational selection

mechanisms. It is widely recognized that both mechanisms contribute to molecular

recognition, offering a more dynamic and exhaustive understanding of biomolecular

interactions [16]. A comprehensive discussion about the physicochemical mecha-

nisms of the protein-ligand binding process can be found in references [17, 7, 18].

In this context, the interaction between a protein and its ligand is known to depend

on their random coupling [4]. To simplify the discussion, we focus on a fundamen-

tal two-state mechanism characterized by a single elementary step, ignoring any

intermediate states. During this protein-ligand binding process, the protein and

ligand exist in equilibrium with the protein-ligand complex, as illustrated in Figure

1.1 and represented below:

[L] + [P ]
kon
⇌
koff

[LP ] (1.1)

Here, [P] is the free concentration of the receptor protein, [L] is the free concen-

tration of the ligand, while [PL] is the concentration of the binary protein-ligand

complex. Square brackets indicate the concentration of any molecular species, usu-

ally expressed in mole/liter (M). Moreover, kon and koff are the rate constants for

the association and dissociation process of the binary complex. The units of kon

and koff are M−1s and s−1, respectively.

Equilibrium is achieved when the rate of formation of the protein-ligand complex

equals the rate of its dissociation, meaning that the forward binding reaction is

balanced by the reverse unbinding reaction:

kon[P ][L] = koff [PL] (1.2)

Starting from this equilibrium, the standard binding free energy ∆G◦
binding (i.e., the

free energy difference between the bound and unbound states) can be evaluated:

∆G◦
binding = G◦

PL − (G◦
P +G◦

L) (1.3)

Notably, standard ∆G◦
binding refers to the free energy difference measured under
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standard conditions, which are 1 atm pressure, temperature of 298 K, and the

effective reactant concentrations of 1 M . ∆G◦
binding is a direct measurement of the

binding affinity and, at equilibrium, it is related to the dissociation constant Kd

(unit of M):

∆G◦
binding = kBT ln

Kd

C◦ (1.4)

where C◦ is the standard-state concentration (1M), kB is the Boltzmann constant,

and Kd represents the inverse of the receptor’s affinity for the ligand at equilibrium.

Therefore, when Kd is large, it indicates that the ligand does not bind easily to

the receptor; conversely, if Kd is small, the ligand binds readily to its target. Kd

quantifies the ligand concentration at equilibrium where the protein is equally likely

to be in its bound or unbound state:

Kd =
[P ][L]

[PL]
(1.5)

The inverse of Kd is the association constant Ka (unit ofM
−1), which characterizes

the binding process and it is the ratio between the complex concentration and the

concentrations of the ligand and protein free forms.

Thermodynamics and kinetics of binding are both associated with the energetic

profiles of the molecular interactions under investigation. Thermodynamics defines

the energetic driving force behind the binding process, determining the stability

of the complex. On the other hand, kinetics describes the rates of transitions be-

tween energy minima, governing how quickly a ligand associates with or dissociates

from its target. Therefore, thermodynamic and kinetic constants are related with

different phenomena. From a thermodynamic perspective, Kd is directly linked

to the stable intermolecular interactions formed between the ligand, the protein,

and the solvent. Conversely, the kinetic rate constants are influenced by transient

interactions that occur during the binding process. These kinetic rate constants

correspond to the highest free energy barrier, known as the transition state, that

separates the bound and unbound states. Interestingly, binding free energy is also

related to the free energy of this transition state. Thus, the thermodynamic and
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kinetic constants of binding are interconnected through the following relationship:

Kd =
[P ][L]

[PL]
=
koff
kon

(1.6)

Accordingly, a fast binding rate combined with a slow dissociation rate will result

in a low dissociation constant and, hence, a high binding affinity.

In conclusion, a deep understanding of ligand action at the molecular level is essen-

tial for guiding the rational design of new therapeutics. This process is informed by

insights into both the kinetics and thermodynamics of the ligand binding process

[13, 19, 20, 4]. In the following sections, fundamental thermodynamic principles

and their relevance to drug discovery (particularly in the context of protein-ligand

binding ) will be introduced, followed by a discussion of the critical role of kinetics

in optimizing the drug discovery process.

Figure 1.1: Schematic representation of the protein-ligand binding event. Starting from
the protein and ligand in their free forms, the two partners interact and bind, forming a
binary complex that represents the ligand’s bound state. In this depiction, the protein
is shown as a molecular surface to emphasize the binding pocket, while the ligand is
illustrated in a licorice representation.
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1.1 Thermodynamics & Binding Free Energy

The basic thermodynamic system made up of a solvent and a solute serves as a

simplified model for a more complex system that includes the protein, the ligand,

and the solvent molecules. In this system, molecules interact through complex

interactions and heat exchange. The relationships between these molecules and

the energy exchanges are governed by the laws of thermodynamics [21].

In the framework of thermodynamics, whether a process occurs spontaneously is

determined by its free energy. Indeed, systems tend to evolve toward their lowest

free energy state in the absence of any external energy source. Free energy is a

measure of the probability of finding a system in a given state. For this reason,

free energies are crucial thermodynamic quantities to determine binding affinities,

influencing whether binding occurs spontaneously or not [4].

Generally, free energy is the physical quantity minimized at equilibrium, and it

represents the maximum energy obtainable from a spontaneous process at constant

T . In other words, it is the minimum energy needed to drive a process that goes

against its natural direction. Free energy is the energy available from a process

that occurs slowly enough to remain in equilibrium with its surroundings, i.e., a

reversible process. If the process is forced to take place faster, the work done on

the system will exceed the change in free energy due to friction, and this extra

energy will be lost in the form of heat. In this case, the dissipated work leads to

the irreversibility of the process [22]. Two different flavors of free energies can be

defined, namely the Helmholtz and the Gibbs free energies [23].

The Gibbs free energy is defined as:

G = H − TS (1.7)

with T the temperature, S the entropy, and H the enthalpy of the system. H is

defined as H = U+PV , where P is the pressure and V the system’s volume. Gibbs

free energy is defined as the thermodynamic potential that measures a system’s

capacity to perform maximum or reversible work under constant conditions of T
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and P (isothermal and isobaric conditions).

On the other hand, the Helmholtz free energy is defined as:

F = U − TS (1.8)

with U the potential energy of the system. The potential energy quantifies the

stored energy of a system as a result of its position in a force field. Differently from

Gibbs free energy, Helmholtz free energy is applicable at constant V and T .

According to the previous formulas, free energies, hence affinities, are influenced by

changes in interatomic interactions (through the internal or potential energy term

H/U ) and entropic fluctuations (as represented by the entropy term S). Notably,

variations in solvent entropy can have a significant or even dominant impact on

free energy. The PV term distinguishes Gibbs free energy from Helmholtz free

energy. It quantifies the volume changes in Gibbs free energy, which is applicable

at constant pressure, unlike Helmholtz free energy, which is relevant at constant

volume. Under physiological conditions and common experimental setups, isobaric

conditions are generally maintained; therefore, the Gibbs free energy gradient char-

acterizes the driving force for the system’s evolution.

Similar to any spontaneous process, protein-ligand binding occurs only when the

change in Gibbs free energy (∆Gbinding) of the system is negative at equilibrium.

The magnitude of the negative ∆Gbinding indicates the extent of protein-ligand

association, thereby determining the ligand’s binding affinity for a specific receptor

and the stability of the resulting protein-ligand complex. It is important to note

that free energy is a state function, which means that the differences in binding

free energy depend solely on the initial and final thermodynamic states, regardless

of the pathway that connects them, this holds at variance of kinetics which is

path-dependent.

In addition to the definition of ∆G◦
binding as function of the dissociation constant

Kd in Eq. 1.4, ∆Gbinding can also be defined at any point during an association

binding event (i.e., not just under standard-state conditions):

∆Gbinding = ∆G◦
binding + kBT lnc (1.9)
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where ∆Gbinding represents the free energy change at any moment during the bind-

ing process, reflecting real-time variations in binding affinity as conditions evolve.

In equation 1.9, c represents the reaction quotient which quantifies the ratio be-

tween the concentration of the protein-ligand complex and the product of the con-

centrations of the reactants at any moment (i.e., not mandatory at equilibrium).

Furthermore, ∆Gbinding is not only governed by structural factors (as in the equa-

tion 1.4), but also involves dynamic aspects.

∆Gbinding can be decomposed into its enthalpic and entropic contributions, accord-

ing to the fundamental equation:

∆Gbinding = ∆Hbinding − T∆Sbinding (1.10)

where ∆Hbinding and ∆Sbinding represent changes in enthalpy and entropy upon

ligand binding. This equation emphasizes that the recognition event between two

molecules is associated with changes of both the structure and dynamics of each

interacting partner [24]. For simplicity, we will abbreviate the subscript binding as

b in all equations from this point forward.

The first term in equation 1.10 is the enthalpic contribution to ∆Gb. Enthalpy

represents the total energy of a thermodynamic system, encompassing both the in-

ternal energy of the solute and solvent, as well as the energy needed to create space

for the system within the solvent. This cavitation term is the product between the

volume and pressure. ∆Hb can be positive or negative: when ∆Hb is positive, it de-

fines an endothermic process, while when ∆Hb is negative it defines an exothermic

process. Considering a ligand binding process, an endothermic process means that

energetically favorable non-covalent interactions are disrupted. On the other side,

during an exothermic process, energetically favorable non-covalent interactions be-

tween atoms are formed. The enthalpic contribution to the binding free energy

represents the system’s energy change upon the ligand binding event (i.e., the in-

trinsic contribution of the molecular bonds formation), reflecting the specificity

and strength of the non-covalent interactions between all partners. Indeed, ∆Hb is

a global property of the system, including contributions from both the solute and

the solvent. Ligand-receptor association involves the formation and dissociation
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of numerous bonds involving both reagents and solvent molecules. In particular,

this energy variation is linked to the formation of favorable non-covalent interac-

tions at the bonding interface. These mainly include ionic, halogen and hydrogen

bonds, electrostatic Coulomb and van der Waals interactions and other polar and

non-polar interactions. However, the enthalpy change is also related to the loss

of hydrogen bonds and van der Waals interactions between ligand and solvent, as

well as between the protein and solvent. Additionally, it reflects the reorganization

of solvent molecules near the surface of the newly formed complex. Overall, ∆Hb

arises from the formation and disruption of numerous individual interactions, each

of which can contribute either positively or negatively to the net enthaply change.

The net enthalpy change is a result of the cumulative effects of all these contribu-

tions.

The second term of equation 1.10 is the entropy contribution to ∆Gb. The straight-

forward explanation of this entropic part is that it reflects the system’s overall dy-

namics, capturing how molecular motions and degrees of freedom change through-

out the process. Entropy quantifies how the heat changes are distributed through-

out the system. According to the second law of thermodynamics, heat naturally

flows from higher T areas to lower T ones. This heat flow leads to a decrease in

the system’s initial order, which makes entropy a measure of the system’s disor-

der or randomness. As the change in enthalpy, ∆Sb is a state function, and it

is a global thermodynamic property. ∆Sb can be positive or negative: a positive

change in entropy signifies an increase in the system’s disorder, while a negative

value of ∆Sb indicates a reduction in the system’s degrees of freedom. Considering

a ligand binding process, the changes in the binding entropy can be decomposed

as a sum of three entropic contributions: conformational entropy ∆Sconf , solvation

entropy ∆Ssolv, and roto/traslational entropy ∆Sroto/trasl. Binding reactions are

likely to occur when the entropic penalties from ∆Sroto/trasl are offset by significant

positive contributions from ∆Sconf and ∆Ssolv. These three entropic contributions

are related to different process:

• ∆Sconf : the changes in conformational entropy reflect variations in the flexi-

bility and movement of both the protein and ligand as they form a complex.
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These fluctuations can either support or oppose the overall binding entropy,

depending on whether the degree of freedom increases or decreases compared

to the unbound states of the protein and ligand. When a drug-like molecule

binds to a protein, it often becomes less mobile, leading to a reduction in

∆Sconf , which works against the forces promoting the binding interaction.

However, ∆Sconf may be also favorable, and in some cases it may reduce the

entropic cost of binding [25, 24, 26]

• ∆Ssolv: this term quantifies the solvent entropy change. It mainly arises from

the reduction of the exposed surface area, which leads to the displacement of

solvent molecules during the binding event. This displacement usually con-

tributes favorably to the binding entropy, as the release of solvent results in a

significant positive entropy gain, thereby facilitating the binding interaction.

• ∆Sroto/trasl: this contribution reflects the loss of motion resulting from changes

in the translational and rotational degrees of freedom of the interacting part-

ners during binding. The complex formation decreases the number of free

particles in solution, which negatively impacts the binding entropy. Molecu-

lar association leads in loss of certain degrees of freedom, particularly those

associated with free translations and rotations.

Ultimately, the variations in enthalpy ∆Hb and entropy ∆Sb dictate the sign and

magnitude of the binding free energy difference. The protein-ligand binding event

occurs spontaneously only when the change in the system’s free energy is nega-

tive, with its magnitude determining the stability of the resulting binary complex.

Therefore, the two thermodynamics quantities ∆Hb and ∆Sb are the driving factors

for protein-ligand binding, and their contributions are closely related. ∆Gb may

have different thermodynamic signatures, varying from enthalpy- to entropy-driven.

Lastly, free energy can also be interpreted from a statistical perspective, where it

plays a fundamental role in statistical mechanics, as further elaborated in Section

2.1. Within this framework, the probability of a system being in state χ is directly

proportional to its free energy G(χ):

ρ(χ) ∝ e
−G(χ)

kBT (1.11)
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where the term e
−G(χ)

kBT is the Boltzmann factor, while kB is the Boltzmann con-

stant. The latter is a fundamental physical constant that links microscopic particle

behavior to macroscopic thermodynamic properties. It defines the amount of ther-

mal energy per particle per degree of temperature and serves as a crucial bridge

between statistical mechanics and thermodynamics. It is defined as:

kB =
R

NA

(1.12)

where NA is the Avogadro constant, while R is the universal gas constant. The

precise value of the Boltzmann constant is kB = 1.38064910−23JK−1.

In most practical cases, what one seeks to determine is not the absolute free energy

value G(χ) but rather the free energy difference (∆G) between two specific states,

i.e. state A and state B. In the context of protein-ligand binding, usually these

states correspond to the bound (i.e., state A) and the unbound states (i.e., state

B). The previous relation becomes:

ρ(A)

ρ(B)
= e

− [G(A)−G(B)]
kBT = e

−∆GAB
kBT (1.13)

leading to:

∆GAB = GB −GA = − 1

β
ln
ρ(B)

ρ(A)
(1.14)

where β = 1
kBT

is the inverse thermal energy.

Equation 1.14 provides the most straightforward formula for estimating free ener-

gies from computer simulations. In principle, the free energy difference between

two states can be theoretically estimated by directly evaluating the populations of

states A and B using this relationship. With the same spirit, at constant T and

V , ∆F between these two states is defined as:

∆FAB = FB − FA = − 1

β
ln
ρ(B)

ρ(A)
(1.15)

A more detailed discussion on binding free energy calculations from simulations is

provided in Chapter 2.5.
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Finally, although a negative free energy difference and strong affinity for a target

are essential for potential drug candidate, thermodynamics alone is insufficient to

fully characterize protein-ligand binding under in vivo conditions. While optimiz-

ing the binding affinity, the energy of the fundamental state associated with the

binary complex can unpredictably influence the binding kinetics. Therefore, both

thermodynamic and kinetic aspects of molecular interactions must be considered

to fully understand protein-ligand binding [19]. Under in vivo conditions, where

drug and target are not in equilibrium, it is crucial to incorporate the kinetic

rates of association and dissociation along with thermodynamic descriptions for a

comprehensive understanding of the binding process [20].

1.2 Kinetics & Binding Kinetics

In chemistry, kinetics examines the speeds at which chemical reactions occur. It

quantitatively describes chemical reaction rates, investigates the factors that influ-

ence them, and it aims to elucidate essential characteristics of reaction pathways

[27]. To fully comprehend the specific binding established between biomolecules, it

is essential to analyze structural, thermodynamic, and kinetic aspects in conjunc-

tion. Kinetic properties play a pivotal role in predicting drug efficacy and safety,

enhancing the focus beyond the commonly prioritized binding affinity [20].

As anticipated, the protein-ligand interaction is based on the random coupling

between the ligand and its biological receptor, where molecular diffusion plays a

crucial role [28]. From a kinetic perspective, the protein-ligand binding process is

analyzed as a two-step mechanism, where the first step is the formation of the so-

called encounter complex, while the second step is the formation of chemical bonds

[28]. Particularly, the ligand approaches its target via a random walk through

the solvent during the diffusive phase, before the final formation of the encounter

complex [4]. Molecular diffusion is an entropy-driven process, and the connection

between entropy and diffusion is based on the foundational concepts of thermo-

dynamics and statistical mechanics. Moreover, it depends on the original kinetic

energy of the system.
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As previously introduced, the system composed by solvent molecules, ligand and

receptor is modeled by the simple thermodynamic system made up of solvent and

solute molecules. In this context, the diffusion of solute components arises from the

kinetic energy of the solute molecules, along with collisions between the protein,

ligand, and solvent molecules. Solvent molecules move at varying speeds in random

directions. Their collision with solute molecules may facilitate the association of

the protein and ligand species and the final formation of non-covalent interactions.

Following the seminal works of vant’Hoff in 1884 [29] and Arrhenius in 1889 [30],

theoretical models for calculating kinetic rate constants primarily rely on the energy

barriers that separate the initial and final states of a system. Specifically, in the

case of protein-ligand binding, the bound and unbound states. The highest energy

barrier separating the initial and final states is associated with a system’s state

known as the transition state or the activated complex. The kinetic rate constants

for the association kon and dissociation koff processes of the binary complex can

be expressed as:

kon ∝ e
−∆G

‡
on

RT (1.16)

koff ∝ e
−∆G

‡
off

RT (1.17)

where the ∆G‡
off and ∆G‡

on are the free energy differences between the binary

complex and the transition state, and the free energy differences between the dis-

sociated states and the transition state, respectively. To clarify, the concept of the

activated complex is intrinsic to the kinetic theory and is often used interchange-

ably with the transition state. However, it’s important to distinguish between the

two: the transition state refers to the specific configuration(s) with the highest en-

ergy, as defined by transition state theory, while the activated complex represents

a collection of conformations near the transition state, as initially suggested by

Arrhenius [27].

The relationship between reaction rates k, T , and activation energy is described

by the Arrhenius rate law [30]:

k = Ae−
Ea
RT (1.18)
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or:

k = Ae
− Ea

kBT (1.19)

where R is the universal gas constant, A is the Arrhenius proportionality constant,

and Ea represents the activation energy. The acitivation energy quantifies the en-

ergy barrier that must be overcome to escape stability energy basins for a reaction

to proceed. The only difference between equation 1.18 and equation 1.19 is the unit

of Ea, namely energy per mole (molar activation energy) and energy per molecule

(unit as kBT ), respectively. Arrhenius formula shows a linear relationship between

the logarithm of reaction rate and the inverse of the temperature, illustrating how

the rate constant of a reaction depends on both temperature and activation en-

ergy. The pre-exponential Arrhenius factor is also called frequency factor, and it

represents the frequency of collisions between reactant particles at standard con-

centration. It can be quantified both experimentally or numerically, and it depends

on T because it is related to molecular collisions, which are a function of T as well.

Considering two particles α and γ, the definition of A is different depending on the

theoretical framework considered.

1. within the collision theory [31]:

A = d2αγ

√
8kBT

µ
(1.20)

where dαγ is the collision radius between the two particles, and µ is the

reduced mass of the system.

2. within the transition state theory [32]

A =
kBT

h
(1.21)

where h is the Planck’s constant.

For both collision and transition state theories, A is responsive to temperature

changes. In the collision theory framework, A is proportional to the square root of

T (Eq. 1.20), whereas in the transition state scenario A is proportional to T (Eq.
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1.21). However, in both cases, as the T increases, molecular motion accelerates,

leading to higher kinetic energy. This increase in molecular speed results in more

frequent collisions between molecules, thereby raising the collision frequency and

the likelihood of overcoming the activation energy barrier required for reactions to

occur. The units of the pre-exponential factor, as the unit of the rate constant,

depends on the order of the reaction considered.

Collision and transition state theories are among the most important theories for

chemical kinetics. However, the collision theory deals properly only with gases

because it does not account for structural complexities of molecules, particularly

biomolecules. In the collision theory scenario, chemical reactions requires collisions

between reactants to occur, where molecules must be properly oriented and colli-

sion must have enough energy in order to result in product formation [31]. On the

other hand, transition state theory provides a more accurate alternative with re-

spect to the collision theory (and the simple Arrhenius equation). This new theory

was devised by Eyring, Evans, and Polany, in order to include molecular mecha-

nistic considerations [33]. Indeed, the transition state theory explains the rates of

biochemical reactions in fluid environments, providing insight into the details of

a reaction at the molecular scale. In 1935 Henry Eyring formulated the famous

Eyring equation [34]. As Arrhenius, also the Eyring-Polanyi equation describes the

kinetics rate constant k of a reaction as a function of the absolute T , but it involves

a statistical frequency factor κ as following reported [34]:

k =
κkBT

h
exp

(
−∆G‡

RT

)
(1.22)

here, ∆G‡ is the Gibbs free energy of activation, h = 6.626 070 15× 10−34 J · Hz−1

is the Planck constant, and κ is the transmission coefficient. This latter term was

introduced to account for the fact that the transition state does not always lead

to product formation. It considers reactive trajectories that recross the transition

state back and return to reactants without reaching the product state. As a result,

κ value typically ranges between 0 and 1, but it is commonly assumed to be equal

to 1. With κ equal to 1, the fraction of the flux passing through the transition

state proceeds to the product without recrossing the transition state. To effectively

31



utilize transition state theory, a detailed description of the system’s potential en-

ergy surface is essential. Indeed, reaction rates can be analyzed by investigating

activated complexes near the saddle point of this surface. However, accurately

characterizing the structure of the transition state remains a challenging task.

1.2.1 Kinetics in Drug Discovery

In recent years, the importance of kinetics in drug discovery has increased, sup-

ported by evidence indicating that measuring unbinding kinetics can provide valu-

able insights into a drug’s in vivo efficacy. This insight shifted the focus beyond

simple binding affinity to also consider the dynamic interactions between drugs and

their targets [35, 36]. Indeed, drug efficacy not only depends on binding affinity but

also on the time during which the drug remains associated with its biological target,

known as residence time (RT ). The underlying rationale is that a drug is effica-

cious only as long as it is bound to its target. Notably, the drug RT has emerged

as an important aspect in vivo together with binding free energy [37, 38, 13, 39].

RT is defined as the inverse of the dissociation rate constant, following the simple

equation:

RT =
1

koff
(1.23)

Additionally, under the reasonable assumption that kon remains stable within a

series of chemically related compounds sharing a similar scaffold, optimizing koff

can directly enhance binding affinity. This is due to the relationship reported in

Eq. 1.6 (i.e., Kd = koff/kon). As a result, koff is often considered a reasonable

proxy for Kd, which is a traditionally sought quantity in drug discovery.

Many drugs currently on the market exhibit extended residence times, ranging

from seconds to days, as molecules with prolonged RT often show improved in vivo

efficacy. Moreover, RT not only affects the long-lasting pharmacodynamics of a

molecule but also its pharmacokinetics [38]. Specifically, RT influences the drug’s

absorption, metabolism, distribution, elimination, and toxicity (ADMET) profile,

modulating key factors such as the duration of action and the compound toxicity

[13, 19]. Consequently, predicting and optimizing RT is becoming increasingly

crucial for the success of drug development, particularly during the early stages of
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the drug discovery process [27, 13].

Various experimental techniques are available for studying binding kinetics. While

these methods provide valuable information, they generally fall short of revealing

atomic-level mechanistic details or delivering a comprehensive interaction map be-

tween ligands and their targets. Moreover, they offer limited structural insights

into the transition states involved in ligand unbinding, which can be critical for

designing molecules with improved reaction rates [27, 40, 41]. Theoretically, MD

simulations are a highly suitable computational approach for studying and pre-

dicting binding kinetics [4]. However, standard MD simulations often struggle to

sample all relevant conformational states within a practical computational time

[42, 36, 43]. While ligand binding typically occurs within milliseconds, the un-

binding process for lead candidates can take several minutes or longer, making

unbiased simulations of unbinding events computationally expensive and impracti-

cal for routine use [4]. To address these limitations, a variety of enhanced sampling

techniques have been developed. These advanced computational methods employ

different strategies to achieve the extensive sampling needed to study these pro-

cesses efficiently [35, 36, 41]. A more detailed discussion of these techniques is

provided in section 2.4.

In conclusion, kinetic properties may serve as critical differentiators and predictors

of drug efficacy and safety, in addition to the traditionally focused binding affinity.

However the quantitative structure-kinetics relationship for modeling and ligand

design is still not fully understood [20, 44]
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Chapter 2

Theoretical background

Since the early 1970s, when biomolecular simulations first emerged, biological sys-

tems can now be effectively modeled through computer simulations. This is done

by using microscopic models, where molecules and atoms are represented as in-

teracting particles. The two primary models used to describe intermolecular and

intramolecular interactions are quantum mechanics (QM) and Molecular Me-

chanics (MM). These models enable the calculation of the system’s energy for any

arrangement of atoms, and they track how energy evolves with particle movements

[45]. Although the true nature of molecular interactions is quantum mechanical,

many biologically relevant events occur under conditions where MM provides an

accurate and computationally feasible description. QM, while more precise, is in-

herently more complex and computationally expensive, making it impractical for

routine use in large-scale simulations.

Moreover, since molecules are composed of ensembles of atoms and often exist in

multiple conformational states, Statistical Mechanics becomes the most appro-

priate approach to describe their behavior. Consequently, in biomolecular simula-

tions, statistical mechanics is primarily applied within the framework of molecular

mechanics, providing a balance between accuracy and computational efficiency.

Once the MM framework is chosen, the system’s distribution can be sampled using

various approaches, with Molecular Dynamics and Monte Carlo methods being
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the most commonly used techniques.

2.1 Statistical mechanics

In classical mechanics, the analysis of a system involves a dual-level approach:

the microscopic level and the macroscopic level. For microscopic systems, fluctu-

ations are unavoidable during thermodynamics measurements because of the lack

of control that we have in microscopic dynamics. On the other hand, the mag-

nitude of fluctuations becomes very small for macroscopic systems. However, the

macroscopic observables of a system are linked to its instantaneous microscopic

states [46]. Statistical Mechanics seeks to understand the macroscopic properties

of a system, which is made up of many particles, by starting from its microscopic

description [47]. It combines two fundamental concepts: mechanics, which is de-

terministic, and probability theory, which introduces indeterminacy, providing a

statistical approach for analyzing dynamical systems [48].

To fully specify the state of a system (composed by N particles) in the Cartesian

space at each instant of time, a set of coordinates and conjugate momenta must be

defined: ri(t) = [xi(t), yi(t), zi(t)] and pi(t) = [pxi (t), p
y
i (t), p

z
i (t)] with i = 1, ..., N .

In this way, the system is described by the dynamical variables {rN} and {pN},
where {rN} denotes an ensemble of N position vectors corresponding to 3∗N scalar

components. Similarly, {pN} represents the 3∗N momenta vectors. The specific set

of coordinates and momenta defines a point in the phase space, Γ(rN , pN), namely

a system’s micro-state. The multidimensional phase space of the system Γ is the

collection of all possible states that the system may have, where Γ(rN , pN) is a

particular point defined by 6*N variables. These 6*N variables completely describe

the system’s micro-state in the 6N-dimension hyperspace.

To determine the future behavior of the system, its evolution in time is described

by {Γ(t)} = {rN(t), pN(t)}. This trajectory connects all the states in Γ visited by

the system over time. When macroscopic conditions (e.g., fixed energy and volume)

are imposed, the system explores only a manifold of phase space consisting of all

the points that correspond to those specific values of the macroscopic variables.
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Based on that, any interesting observable of the analysed system is expressed as

function of Γ(rN , pN) [49].

For analyzing dynamical systems, one of the most valuable observable is the sys-

tem’s total energy. According to the Hamiltonian formalism, the total energy of

the system is described by the Hamiltonian function. The Hamiltonian for an

N-particle system is:

Ĥ = K̂ + Û =
N∑
i=1

p2i
2mi

+ U({R}) (2.1)

where {R} is the set of all particles’ coordinates, and mi is the mass of the ith

particle considered. As can be seen in Eq. 2.1, the Hamiltonian of a system is ex-

pressed as a sum of two different functions: the kinetic energy function (K̂), which

depends solely on the conjugate momenta, and the potential energy function (Û),

which depends solely on the system’s coordinates. In the Hamiltonian framework,

the system’s equations of motion are governed by Hamilton’s equations:

ṙi =
∂H

∂pi
, ṗi = −

∂H

∂ri
(2.2)

Solving Hamilton’s equations provides the system’s trajectory, which details the

positions and momenta as functions of time. This trajectory describes the dynamic

evolution of the system in phase space, determined by its initial conditions and the

forces acting on it.

Complementary to the Hamiltonian is the Lagrangian formalism, which provides an

alternative but equivalent description of the system’s dynamics. The Lagrangian

function, defined as the difference between kinetic and potential energy, is partic-

ularly useful in deriving the equations of motion in generalized coordinates via the

principle of least action. While the Hamiltonian emphasizes energy conservation

and phase space evolution, the Lagrangian offers a more direct route from physi-

cal principles to the system’s trajectories. The Lagrangian formalism is especially

valuable in more advanced contexts, such as constrained dynamics and the for-

mulation of field theories, where its flexibility in handling generalized coordinates
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becomes essential.

Statistical mechanics is founded on two fundamental assumptions: (i) given suffi-

cient time, the system’s initial conditions become irrelevant, and (ii) in a system at

equilibrium, all micro-states have equal probability to be visited [47]. Using now

the notation {ri(t), pi(t)} to represent a specific micro-state of the system, one can

get the average of a macroscopic observable A of interest. This is defined as the

average of a microscopic operator Â(ri, pi) over all accessible states. Consequently,

a macroscopic property is defined (in terms of phase-space configurations) as the

ensemble average:

⟨A⟩ =
∫
ri,pi

Â(ri, pi)ρ(ri, pi)dr
N
i dp

N
i (2.3)

where ρ(ri, pi) is the probability of the system being in state i. Â(ri, pi) is the

microscopic property corresponding to the specific micro-state, which is character-

ized by 3 ∗ N r coordinates and 3 ∗ N p momenta. While macroscopic properties

remain time-independent at equilibrium, different points in the microscopic phase

space are visited with diverse probabilities. The probability density associated with

each micro-state is also time-independent, and, by definition, the total probability

distribution over the entire phase space is normalized to one.

On the other hand, real experimental measurements yield time averages. Thus, for

the same observable A, time averages involve averaging the microscopic function

Â(ri, pi) over the duration of the measurement:

Ā = lim
t→∞

1

t

∫ t

0

Â{ri(t), pi(t)}dt (2.4)

The relationship between these two perspectives is established by the ergodic hy-

pothesis, which states:

lim
t→∞

1

t

∫ t

0

Â{ri(t), pi(t)}dt =
∫
ri,pi

Â(ri, pi)ρ(ri, pi)dr
N
i dp

N
i (2.5)

The ergodic hypothesis assumes that, for an isolated system and with infinite sam-

pling time t→∞, the system will explore all possible micro-states. If the ergodic

hypothesis holds, then time averages and ensemble averages will be equivalent (Eq.
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2.5). In the ensemble average (Eq. 2.3), each micro-state contributes to the inte-

gral accordingly to its probability density. In contrast, the time average (Eq. 2.4)

is taken in the infinite-time limit, assuming that the system explores all relevant

micro-states during this period of time. However, the time required for a system

to actually sample the entire available phase space is extremely large and increases

nearly exponentially with the number of atoms in the system.

As emerged from this explanation, unlike classical mechanics which deals with

the behavior of a single state, statistical mechanics uses the concept of a statistical

ensemble. A statistical ensemble is a large collection of virtual, independent replicas

of the same system, each one in a different possible micro-state. This ensemble

provides a probability distribution over all possible states, enabling the prediction

of macroscopic properties by considering the collective behavior of the entire system

[47].

2.1.1 Statistical ensembles

In the statistical mechanics context, the behavior of a system is examined by con-

sidering all the possible micro-states it can occupy, which share specific macroscopic

properties as volume (V ), energy (E), or number of particles (N). The possible

micro-states that the system can occupy are collectively referred as the system’s

ensemble of states [22, 46]. Different types of ensembles are used to describe differ-

ent thermodynamic conditions. However, it is important to note that all ensembles

are equivalent within the thermodynamic limit [47].

Microcanonical ensemble

The microcanonical ensemble describes a system under conditions of constant E,

N , and V ; i.e. a system with a constant and known energy E, a constant number

of particles N and a fixed known volume V . The microcanonical ensemble includes

all possible states that are compatible with such NV E setting. The density of

state (Ω), or the microcanonical partition function, counts the total number of
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micro-states of the system consistent with each macro-state:

Ω(N, V,E) =
1

h3NN !

∫ ∫
V

δ[H(r, p)− E]drdp (2.6)

where δ id the Dirac function, r and p represent the {rN} and {pN} coordinates

and conjugate momenta of all particles, and H is the Hamiltonian of the system.

The integrals are done over the entire 6N-dimensional space, the term N ! accounts

for the indistinguishable states, and the Dirac delta function selects only the states

having specific energy E. The 1
h3N is a simple proportionality factor where h3N is the

quantized volume of a micro-state (the Planck constant measures the elementary

volume in the phase space). The density of states interpretation leads to the fact

that the quantity Ω(E)dE measures the number of states having energy E±dE/2.

Moreover, the microscopic density of states is directly related to the macroscopic

entropy of the system through Boltzmann’s equation (i.e., S = kB lnΩ). In the

microcanonical ensemble, quantities such as temperature are derived properties.

These properties are computed by counting the number of micro-states available

at fixed energy.

Canonical ensemble

The canonical or isochoric-isothermal ensemble describes a statistical system under

conditions of constant N , V , and T . The probability density of this ensemble is

defined as:

ρNV T (ri, pi) =
1

h3NN !

e−βH(ri,pi)

QNV T

(2.7)

where the inverse thermal energy β is equal to 1
kBT

. An ensemble of micro-states

obeying to this probability density is said to be Boltzmann-distributed; i.e., lower-

energy states are more probable than higher-energy ones, with the distribution

shaped by the system’s temperature. By definition, the integral of the probability

distribution function over the entire phase space must sum to one. In equation 2.7,

the canonical partition function QNV T represents the required normalized factor:

QNV T =
1

h3NN !

∫
ri,pi

e−βH(ri,pi)drNi dp
N
i (2.8)
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In the partition function equation (Eq. 2.8), the values of the energy of micro-states

are summed over and they can vary, meaning that energy fluctuations are non-zero.

QNV T depends on the temperature through the inverse thermal energy β. Since the

total energy of the system can be decomposed into the kinetic energy term (which

depends on momenta and is analytically computable) and the potential energy

term (which depends on coordinates), the partition function can be separated into

two distinct components: one corresponding to the kinetic or ideal gas part, and

the other to the potential or excess part. The excess part is the configurational

integral:

ZNV T =

∫
drNe−βUNV T (rN ) (2.9)

The partition function plays a crucial role in statistical mechanics. Once the parti-

tion function is exactly determined, it enables the straightforward derivation of any

thermodynamic property of the system. However, in almost all cases, QNV T can

not be computed from its equation practically. This is due to the configurational

integral, whereas the kinetic component is analytically integrable.

In contrast with the microcanonical ensemble, here T is a fixed quantity, while the

average energy becomes a derived quantity. In the context of this ensemble, the

Helmholtz free energy is a thermodynamic function determined as:

F (N, V, T ) = −kBT lnQNV T (2.10)

F (N, V, T ) = U(N, V, T )− TS(N, V, T ) (2.11)

where U(N, V, T ) is the thermodynamic internal energy, while S(N, V, T ) is the

entropy of the system. As for the other statistical ensembles, by using standard

thermodynamic definitions and relations, all thermodynamic properties can be de-

rived.
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Isothermal isobaric ensemble

The isothermal isobaric ensemble describes a statistical system under conditions of

constant N , P , and T . The isothermal-isobaric partition function is:

QNPT =
1

h3NN !

∫ ∞

0

dV

∫
ri,pi

e−β(H(ri,pi)+PV )drNi dp
N
i (2.12)

where the integral over micro-states includes micro-states with different volumes.

The factor −βPV weights each volume according to the probability of observing

that volume under a given P .

In the context of this ensemble, the Gibbs free energy is defined as:

G(N,P, T ) = −kBT lnQNPT (2.13)

This ensemble is widely used to maintain realistic biological conditions, allowing

the system to adjust its volume dynamically to match the applied pressure. By

using standard thermodynamic relations, other thermodynamic quantities can be

derived. We should also mention that given the very small value of PV in atomistic

simulations the Helmholtz and Gibbs free energy gives almost identical estimations.

Grand canonical ensemble

The last statistical ensemble is the grand canonical ensemble, which describes a

statistical system under conditions of constant T , µ ,and V ; where µ is the spec-

ified chemical potential of the system. Hence, the number of particles becomes a

variable. The grand canonical partition function is:

QµV T =
∞∑

N=0

exp[Nβµ]

h3NN !

∫
e−βH(ri,pi)drNi dp

N
i (2.14)

The grand-potential is:

Ω(µV T ) = −kBT logQµV T (2.15)

As for the other statistical ensembles, by using standard thermodynamic relations,

the other thermodynamic quantities can be derived.
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2.1.2 Molecular systems

So far, the statistical mechanics equations have been introduced for a simplified

system consisting of a single component made of isotropic particles. However, when

applied to molecular systems, the complexity increases as we are often dealing with

multi-component systems that are mixtures of molecular fluids or solids. In this

context, molecules of the same species are considered indistinguishable, while the

atoms within each molecule are treated as distinguishable. This distinction is due

to the fact that covalent bonds, which are fixed in the MM model, maintain the

relative positions of the atoms.

Therefore, given the complexity of real systems with numerous interacting par-

ticles, it is impractical to sample the entire configuration space comprehensively.

Only configurations with the highest probabilities, which contribute significantly

to the ensemble average ⟨A⟩ (Eq. 2.3), are typically sampled. The most represen-

tative configurations are those with the lowest energy and the highest probability.

To generate molecular ensembles following the statistical Boltzmann distribution,

computer simulations are commonly used. In particular, in the realm of CADD,

MD simulations and related techniques are on the verge of becoming fundamental

computational tools [11]. However, it is important to note that when regions of

high probability in configuration space are separated by significant energy barriers,

standard MD techniques may struggle to adequately sample all relevant configura-

tions. Solutions to this issue, referred to as quasi-non-ergodicity, require specialized

approaches [11]. Enhanced sampling methods, designed to overcome these limita-

tions, will be discussed in detail later in this chapter (Section 2.4).

Computer simulations provide detailed information of the system at the microscopic

level, capturing atomic or molecular positions and velocities. MD simulations pro-

duce microscopic structural ensembles, with statistical weights determined by the

chosen theoretical model. It is through statistical mechanics that these micro-

scopic data are translated into meaningful macroscopic properties, allowing direct

comparison with experimental measurements [49].
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2.2 Molecular Mechanics

Molecular mechanics is an empirical computational method that applies the prin-

ciples of classical mechanics to simulate molecular systems, operating under the

assumption that the Born-Oppenheimer approximation holds [45]. Unlike quan-

tum theory, which offers a more accurate representation of real molecules, the

molecular mechanics approach does not explicitly account for electrons. Instead,

it implicitly incorporates the effects of different electronic configurations of atoms

through the use of force field parameters and tracks the nuclei motions only [50].

Specifically, atoms are treated as elementary units within molecular systems, hav-

ing the movements of electrons and nuclei decoupled. This separation is a direct

consequence of the Born-Oppenheimer adiabatic approximation [51].

In 1927, Born and Oppenheimer proved that the Schrödinger equation for a molec-

ular system can be separated into two distinct equations, namely the electronic

equation and the nuclear term. Starting from the Hamiltonian (now operator) of

the system, with both electron and nuclei degrees of freedom combined and no

relativistic effects included (such as spin-orbit coupling), the system’s total energy

is:

Ĥ = K̂nucl + K̂el + Ûnucl−nucl + Ûel−el + Ûnucl−el (2.16)

where the first 2 terms correspond to the kinetic energy of the nuclei and elec-

trons, respectively. The last 3 terms represent, in order, the potential energy for

the Coulomb interactions: the repulsion between two nuclei, the mutual repulsion

between electrons, and the attraction between nuclei and electrons. The evolution

of the system over time is determine by solving the Schrödinger equation, to be

either time-dependent or time-independent:

• Time-independent Schrödinger equation:

Ĥ(r̂, R̂)Ψ(r̂, R̂) = EΨ(r̂, R̂) (2.17)
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• Time-dependent Schrödinger equation:

iℏ
∂Ψ(r̂, R̂|t)

∂t
= Ĥ(r̂, R̂)Ψ(r̂, R̂|t) (2.18)

Ideally, the time-dependent Schrödinger equation can predict all properties

of any molecule [22].

In these equations, lowercase variables refer to electrons while uppercase ones refer

to nuclei. Ψ(r̂, R̂) is the total vibronic wave function, and refers to the state that

combines the electronic and the vibrational (nuclear) components of a molecule.

Solving exactly the molecular Hamiltonian for this combined system is compu-

tationally infeasible for most of the real-world problems, mostly because of the

complexity of the interactions between nuclei and electrons. Therefore, the Born-

Oppenheimer approximation is used to make this problem more tractable, treating

electronic and nuclear motions separately, and reducing the computational diffi-

culty. The Hamiltonian of the system can be now divided into separate electronic

and nuclear terms:

Ĥ = Ĥnucl + Ĥel (2.19)

where Ĥel is the electronic Hamiltonian:

Ĥel = K̂el + Ûel−el + Ûnucl−el (2.20)

This decoupling arises because nuclei are significantly more massive than electrons

(M ≫ m). As a result, the kinetic energy of the nuclei is relatively small compared

to the other terms in the Hamiltonian. This justifies the assumption that nuclei

evolve more slowly than electrons. From a pictorial perspective, the nuclei experi-

ence the electrons as a rapidly adapting cloud of negative charge that binds them in

fixed relative positions. Meanwhile, the electrons move and adjust almost instanta-

neously and adiabatically, in response to the slower motion of the nuclei. Thus, the

Hamiltonian of the molecular system can be expressed as a function of the nuclear

coordinates, with the fast motion of the electrons effectively averaged out. This

approximation allows to focus on the slower nuclear dynamics while treating the

electronic structure as adapting instantaneously to the nuclear positions.
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For every fixed set of nuclear coordinates, the focus shifts to solving the electronic

problem yielding, in principle, an infinite set of eigenvalues and corresponding

eigenvectors. The wave function for this electronic state Ψel(r̂, R) depends only on

r̂, and is defined as:

ĤelΨel(r̂, R) = Eel(R)Ψel(r̂, R) (2.21)

By solving the equations for electronic wavefunctions and iterating over different

values of R, which now is treated as a parameter, we can determine the electronic

potentials on which the nuclei move. Furthermore, the assumption that electrons

evolve rapidly implies that electrons can relax to their ground state much faster

than the timescale of nuclear motion. As a result, the only significant electronic

state is the ground state. In simple words, the Born-Oppenheimer approximation

enables the description of the system’s potential energy solely as a function of the

atomic nuclei coordinates.

In MM approaches, the system’s total energy is calculated by combining kinetic

and potential energy. The kinetic energy term can be solved analytically, while

the potential energy is determined based on the atomic nuclei’s positions, by using

predefined mathematical models known as force fields (FF). This potential en-

ergy function is additive, being the sum of bonded and non-bonded energy terms.

The MM approach is versatile, enabling the modelling of molecular systems across

a wide range of sizes and complexities: from small molecules to large biological

structures containing thousands or even millions of atoms. The MM method itself

is frequently referred to as the force field method [52]. A more detailed explanation

of the empirical force fields used in MM simulations can be found in Section 2.3.2.

2.3 Molecular Dynamics

Molecular Dynamics is a computational technique that simulates atomi motions

along time on computers at finite temperatures. As mentioned earlier, macroscopic

properties observed in experiments are not direct measurements; rather, they are

averages derived from the behavior of Avogadro numbers of molecules that form

a statistical ensemble. The two prevalent methods for generating equilibrium en-
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sembles are Monte Carlo and Molecular Dynamics simulations. The latter offers

the added benefit of accurately capturing the kinetics of nonequilibrium processes

with temporal resolution.

Recent advancements in the physico-chemical analysis of biological processes un-

derscore the growing significance of MD simulations [53], which in turn rely on

empirical FFs. These simulations are increasingly important in enhancing the un-

derstanding of biomolecular structures and their functions. By providing valuable

insights into the dynamics of biological systems, MD simulations aid in interpreting

experimental data and expedite discoveries in molecular biology [53, 11].

The ability of MD to calculate equilibrium properties is based on the principles

of the ergodic hypothesis we previously discussed (Eq. 2.5) [22]. The aim of MD

simulations is to investigate the relationships between the macroscopic properties

of a molecular system and its atomic features. More specifically, the objective is to

quantitatively evaluate macroscopic quantities that are derived from microscopic

models [53]. The essential idea behind a MD simulation is to predict how atoms

in a molecular system evolves over time by integrating Newton’s laws of motion

for each atom. Given a molecular system, starting from the initial positions of

its atoms (i.e., the starting conformation), the forces acting on each particle are

calculated using principles of classical mechanics (i.e., Newtonian mechanics). At

each simulation step, the forces on all atoms are repeatedly computed. Then, forces

are used to update the atoms’ positions and velocities, tracking atoms’ motion over

time [46].

In classical physics, the motion of a particle with mass mi along a given coordinate

xi is governed by Newton’s second law:

∂2xi
∂t2

=
Fxi

mi

(2.22)

which can be expanded to cover all the spatial dimensions in a realistic molecular

system. In this equation (Eq. 2.22), Fxi
represents the force acting on the individ-

ual i-th particle along a specific direction. This force is the resultant of the forces

exerted on the atom by all the other atoms; the more the neighbor atoms are dis-
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tant, the more negligible their contribution becomes. This observation is crucial, as

it allows for significant computational time savings by approximating or neglecting

the influence of distant atoms, thereby optimizing the calculation process [54].

In other words, for a molecular system composed of N interacting atoms, MD

simulations solve the classical Newton’s equations by calculating the forces acting

on each atom as the negative derivatives of the system’s potential energy function

[54]. Therefore, for a system with N particles and represented as a set of atomic

coordinates and conjugate momenta, equations are:

mi
∂2xi
∂t2

= Fxi
(2.23)

Fxi =
dpi
dt

= −∂U(xi)
∂xi

(2.24)

with i = 1, ..., N . Actually, the force is defined as the negative derivative of the

energy with respect to the coordinates. Since the kinetic energy is independent of

positions, the force is equivalent to the negative derivative of the potential energy

with respect to the coordinates, as in Eq. 2.24. Integrating these equations numer-

ically requires knowing analytically the molecule’s potential function (or potential

energy surface, PES).

The most principled way to obtain the molecular PES is by computing the energy

through the solution of Schrödinger’s equation, and then determining the forces

from derivatives. However, using the Born-Oppenheimer approximation, this pro-

cess is simplified by assuming that the motion of the nuclei is influenced only by

the mean-field of electrons. Thus, the focus is on the positions and forces acting

on the nuclei, while the electronic effects are captured through the force field pa-

rameters under specific approximations (i.e., electrons adiabatically follow nuclear

motion, and nuclei evolve on a single Born-Oppenheimer PES). As a result, the

forces are computed using empirical FFs, which are designed to approximate the

system’s PES enabling the evaluation of atomic interactions. By definition, the FF

is a theoretical model composed of mathematical functions, and the corresponding

constants, that describe all interatomic and intermolecular interactions.
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To compute the trajectory of a system with N particles, a system of 3N second-

order differential equations must be solved. To overcome this problem, these equa-

tions are solved iteratively using integration techniques (i.e., equations are solved

simultaneously in small time steps), which are based on the time discretization

of the evolution of the system. Starting from a suitable initial conformation, and

given the position and its derivatives at time t, dynamic quantities are estimated

at t + dt, where dt is a small finite time increment. Integration methods are it-

erative methods, and they are typically derived from Taylor expansions of atomic

positions and other dynamic variables with respect to time. Many algorithms and

integration rules, known as integrators, are available for solving the equations of

motion. Two of the most widely used are (i) the Verlet Algorithm [55], and (ii)

the Leapfrog Algorithm [56].

2.3.1 Integration Algorithm

The integration algorithm for a MD simulation starts by assigning random velocities

to the system’s atoms, which are selected from a Maxwell-Boltzmann distribution

at a given T . This is necessary only when the system has an unknown initial

velocities state. Then, the algorithm computes the forces exerted on every atom to

successively calculate the atoms’ acceleration. This information is combined with

the positions and velocities of the atoms at time t to predict a new set of velocities

and positions at time t+ dt. At t+ dt a new collection of forces is computed, and

the procedure keeps going repeatedly until the desired simulation time is reached.

Thus, for the numerical integration of the equations of motion, finite difference

methods are employed, where the choice of an appropriate time step size is crucial

for accurate results [22].

To guarantee numerical stability, the overall energy conservation, and the continu-

ity in the atomic forces, the time step dt must be very small. From this prospective,

the smaller the dt, the better the approximation and the results accuracy. However,

small dt means that the number of steps needed to sample completely the molecu-

lar space increases, requiring high computational resources and time. Conversely,

larger time steps offer computational benefits but can lead to issues during calcu-
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lations, such as atomic clashes, atomic overlaps, or instances where particles fail to

interact properly (particles overlooking each other). Therefore, the correct balance

for the time step selection must be found. To address this issue effectively, the

system temperature T is typically considered: as the T increases, atomic velocities

rise, requiring a smaller time step [57]. Additionally, the time step is generally cho-

sen to be orders of magnitude smaller than the significant molecular movements,

which leads to femtosecond units (10−15 seconds) commonly employed in biomolec-

ular simulations. More precisely, the Nyquist sampling theorem states that the

simulations’ time step should be no more than half the period of the fastest dy-

namics, with a recommendation to use an even smaller time step, typically between

0.1 and 0.2 times the shortest period [45]. Time steps can vary from 0.25 femtosec-

onds for lighter nuclei, like hydrogen, to 2 femtoseconds or more for heavier nuclei.

For instance, the vibrational frequency of a C-H bond is around 3000 cm−1, which

corresponds to a period of approximately 8.99 × 1013 Hz (11 femtoseconds). Thus,

for a biological systems, where the C-H stretching mode is the highest frequency

oscillator with a period of about 10/11 femtoseconds, the time step is typically set

to 1 femtoseconds.

To accelerate simulation computational times increasing the time step without

compromising accuracy would be the ideal route. The combination of MD with

constraints methods makes this possible without incurring in the previously men-

tioned issues. Practically, instead of integrating fast degrees of freedom, such as

bond vibrations, these can be fixed at their equilibrium values, allowing for larger

time steps as the corresponding fast vibrational frequency is now no more present

in the system. While the constrained system is not statistically equivalent to the

original flexible one, it has a minimal effect on average geometries due to small

bond displacements [45].

In MD, constraints are incorporated into the equations of motion through the use

of Lagrange multipliers. These multipliers are calculated based on the equations

representing the constraints. The method which introduced such concept in MD is

called SHAKE. It was developed for satisfying bond geometry constraints during

numerical simulations, ensuring that these constraints are precisely fulfilled at every
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time step [58]. The corresponding algorithm works by solving a set of Lagrange

multipliers within the constrained equations of motion. The SHAKE approach has

propelled many variants of it, being the conceptual approach identical. Variations

include the LINear Constraint Solver (LINCS) and the SETTLE algorithms:

• the LINCS algorithm resets bond lengths to their correct values after an un-

constrained MD step. The algorithm is inherently stable, and it is faster (3

to 4 times faster) and more efficient than the first iterative proposal of the

SHAKE approach. It is particularly suitable for parallel computing environ-

ments [59].

• the SETTLE algorithm is specifically designed for resetting the positions and

velocities of rigid water models to satisfy the holonomic constraints. It is very

efficient for small molecules as water molecules [60].

Generally, the SHAKE algorithm and its variants are used to constrain high-

frequency vibrations (typically bonds involving hydrogen atoms), allowing for a

time step of 2 femtoseconds in standard MD simulations [22]. The choice of time

step and the use of constraint algorithms are crucial factors in balancing the accu-

racy and efficiency of MD simulations. Finally, the simulation ends when enough

steps have been integrated, reaching the desired simulation time

In this thesis, all MD simulations were performed using the LINCS algorithm with a

2-femtosecond time step, which was adequate for capturing the relevant dynamics of

the biological molecules under investigation. However, when flexible water models

were used ( Chapter 5), a shorter, 1 fs, time step was necessary.

Verlet Algorithm

The Verlet algorithm is derived from the Taylor expansion of the atomic positions.

It starts from the forward and backward Taylor series of the atomic positions at

time t:

r(t+ δt) = r(t) + v(t)δt+
a(t)δt2

2
+
b(t)δt3

3
+ oδt4 (2.25)

r(t− δt) = r(t)− v(t)δt+ a(t)δt2

2
+
b(t)δt3

3
+ oδt4 (2.26)
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By summing these 2 expansions (truncated at the second order), the Verlet algo-

rithm is obtained:

r(t− δt) = 2r(t)− (r − δt) + a(t)δt2 (2.27)

Here, r(t) is the position vector, v is the velocity ṙ(t), a is the acceleration vector

r̈(t), dt is the integration time step, and b is the third derivative of the position with

respect to the time
...
r (t). Despite the relative simplicity of the Verlet algorithm, it

presents some limitations. Specifically, the velocity is not explicitly present in the

formula, but it can be computed only a posteriori. Moreover, possible numerical

errors may emerge during the calculations linked to the presence of a sum between

different order terms in the calculations. Additionally, the algorithm requires a

prior knowledge of the previous state, necessitating the use of an alternative inte-

gration methods to initialize its first step.

Leap-frog algorithm

The Leap-frog algorithm uses the atomic positions r at time t, and the velocities

v at time t − 1
2
δt. The positions at time t are defined by the equations below,

and they are used to compute the forces F (t), which in turn are used to update

positions and velocities:

r(t+ δt) = r(t) + v(t+
1

2
δt)δt (2.28)

v(t+
1

2
δt) = v(t− 1

2
δt) + a(t)δt (2.29)

This algorithm represents an enhancement over the Verlet algorithm by eliminating

the mixing of different order terms and enabling explicit treatment of velocity.

However, due to the use of half-step velocities, there can be a misalignment between

the velocity and position, resulting in a lag in their correspondence.

In all MD simulations performed in this thesis, Newton’s equations of motion were

integrated using the leap-frog algorithm.
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2.3.2 Interactions treatment and Force Fields

The time-dependent Schrödinger equation theoretically allows for the prediction

of all molecular properties for any molecule. However, as the number of particles

in the system increases beyond a few, approximations become necessary to make

calculations feasible. It is important to emphasize that even for simple systems,

solutions of the Schrödinger equation, while highly accurate, remain approximate

in nature. For complex systems, such as those investigated in this Thesis, these

approximations accumulate, and the resulting solutions are often far from being

fully reliable [22].

In MD simulations, the molecular system is represented as a collection of charged

particles (atoms) connected by spring-like bonds, where interatomic and inter-

molecular forces are approximated by an analytical expression based on classical

mechanics. MD simulations use empirical parameterizations of the molecular mod-

els, with parameter sets derived from the fitting of experimental data or the results

from QM calculations. These parameters, known as FFs, are essential for calcu-

lating interactions and evaluating the free energy surface of the system. The FF

comprises both the equations used to determine potential energy and forces (from

particle coordinates), and the collection of the associated parameters. In most

cases, the approximations made by FFs are effective. However, they fail to capture

quantum effects, such as bond formation or breaking.

Force Fields functional form

All-atom FFs are interatomic potentials expressed as functions of atomic coordi-

nates. They provide parameters specific to different atom types and depict the

energy landscape of a given molecular system. In this context, an atom type refers

to a categorization of atoms based on their chemical identity and the associated

parameters that define their behavior within the simulation. Biologically-based

FFs may have different flavors, but the basic functional form of potential energy

is commonly divided into two contributes. Bonded interaction terms represent the

interactions between directly connected (chemical bonds) atoms, while non-bonded

terms represent fields induced, long and short terms interactions [22].
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Molecules are represented as collections of atoms (each one with its type), where

bonded and non-bonded interactions are treated differently depending on the spe-

cific FF. While the specific decomposition of the energy terms depends on the

particular FF, the general form of the potential energy of the system for each point

in configuration space U({rN}) is simply a sum of the two separate energy terms:

U({rN}) = Ub({rN}) + Unb({rN}) (2.30)

where Ub({rN}) and Unb({rN}) represent the bonded and non-bonded energy terms,

respectively. By using FFs based on two-body potentials for non-bonded interac-

tions, only the interactions between pairs of atoms are evaluated. Therefore, the

energy evaluation time, in a naive implementation, scales quadratically with the

number of atoms for this energy term. A graphical representation of this empirical

potential energy function is shown in Figure 2.1. Here, bonded interactions involve

atoms that are directly connected or linked through a common atom, whereas

non-bonded interactions occur between atoms that do not share a direct bond.

Figure 2.1: Schematic representation of the empirical potential energy function [61].
The energy expression and its parameters constitute the Force Field.

Bonding interactions are determined by the molecular topology, which is defined

by the arrangement of covalent bonds between atoms within molecules. They

53



include bond stretching, angle bending and torsional potentials for bond rotations.

Usually, bonded interactions represent up to four-body interactions. The standard

representation of these terms is:

Ub = Ustretching + Ubending + Utorsion (2.31)

Particularly, in the same order and explicitly:

Ub({rN}) =
1

2

∑
ij

kij [rij − r̄ij]2 +
1

2

∑
ijk

kijk
[
θijk − θ̄ijk

]2
+

1

2

∑
ijkl

kijkl
[
1 + cos

(
nϕijkl − ϕ̄ijkl

)]2
(2.32)

In this context, i, j, k, l represent atoms connected by consecutive covalent bonds.

The parameters r̄ij, θ̄ijk, ϕ̄ijkl denote the reference values for bond lengths, bending

and dihedral angles, respectively while, kij, kijk, kijkl are the corresponding force

constants. The non-negative integer n represents the periodicity of the torsion

potential, which typically is n = 2 or n = 3. This term might be expressed with

different functional forms depending on the atoms taken into account.

The dominant energy contribution in equations 2.31 and 2.32 comes from the

stretching terms, which describe interactions between covalently bonded atoms.

These interactions may be modeled effectively using the Morse potential. How-

ever, the Morse potential approach is rarely used because its exponential term

is computationally demanding, and it requires to define three parameters. Un-

der typical conditions, the energy required for bond compression or elongation is

substantial, so atoms usually oscillate near their stable bond length. For small

deviations (from the equilibrium bond distance), the stretching behavior can be

approximated using a Taylor series expansion, keeping only its quadratic term.

Consequently, Ustretching is approximated by a harmonic potential, which models

oscillations around the equilibrium bond length with a specific force constant. How-

ever, this model is reliable only under standard conditions and is not valid to study

bond formation or breaking.

Similar to the stretching potential, the angle bending contribution describes the
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energy associated with the bending of the angle between three bonded atoms. It

represents the oscillations around a specific equilibrium angle, and it is modeled as

a harmonic function with its specific force constant. This energy term is typically

much higher than thermal energy.

Lastly, the torsion energy term describes the energy associated with the variation

of dihedral angles. It applies to four sequentially bonded atoms, and it is defined by

the angle of rotation around the covalent bond connecting the two middle atoms.

In case of low energy barriers to internal rotation, torsional angles can undergo

significant variations. As a result, the torsion energy Utorsion is modeled using a

periodic cosine expansion with multiplicity n. This model commonly relies on a

short Fourier sum, with the number of included terms depending on the complexity

of the potential and the required accuracy. Often, n is taken up to 4.

Additionally, extra terms such as out-of-plane ”improper torsion” or coupling po-

tentials may also be incorporated in the FF functional form. All the FF parameters

(Eq. 2.32) are carefully chosen to replicate molecular properties that are measured

experimentally or calculated using QM methods.

On the other hand, non-bonding interactions encompass both non-electrostatic

and electrostatic interactions between pairs of atoms. They are mainly pair-

additive, and they include Coulomb forces, short-range repulsion due to Pauli ex-

clusion, and dispersion (van der Waals) forces. These interactions are represented

as:

Unb = Uelectrostatic + Unon−electrostatic (2.33)

Particularly, with the same order:

Unb({rN}) =
1

4πϵ0

∑
i ̸=j

qiqj
Rij

+ 4
∑
i ̸=j

ϵij

[(
σij
Rij

)12

−
(
σij
Rij

)6
]

(2.34)

Here, the first term is the classical Coulomb potential, where qi, qj are the atomic

charges, Rij is the distance between them, and ϵ0 is the vacuum’s electric permittiv-

ity (in MD typically the interaction with the solvent is explicit, hence the vacuum

constant presence). Atomic point charges are assigned to the positions of atomic
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nuclei, and they are derived from QM methods to approximate the electrostatic

potential surrounding the molecule. Commonly, Coulomb interactions are modeled

using the rigid ion approximation, although there is a growing recognition of the

importance of polarization effects. Additionally, pairs of atoms that are separated

by one or two consecutive bonds are typically excluded, while the contributions

from pairs separated by three consecutive bonds may be diminished (often by a

factor of two).

The second term in Eq. 2.33 represents the non-electrostatic contribution, which

includes short-range repulsion due to Pauli exclusion and dispersion forces. These

interactions are typically modeled using the Lennard-Jones (LJ) potential,which is

the last term in Eq. 2.34. Here, Rij is the distance between the pair of atoms,

while σij and ϵij are the length and energy scales of the potential. ϵij denotes the

well depth, which indicates the strength of the interaction. σij defines the distance

at which the intermolecular potential between the two particles becomes zero. The

LJ interactions between different atom types are calculated by combining their re-

spective LJ parameters (for instance σi and σj). Various FFs employ different com-

bination rules, with arithmetic and geometric means being the two most common

approaches. These combining rules help reduce the number of parameters needed

for each possible combination of different atom types. Moreover, the exponent of

12 approximates the strong Pauli repulsion that occurs when electron orbitals over-

lap, whereas the exponent of 6 represents the weaker attractive forces arising from

dynamically induced dipoles in the valence orbitals. While the attractive term is

physically realistic (as London dispersion forces have a distance-dependent nature),

the repulsive term is a simplified approximation of exponentially decaying repulsive

interactions. This steepness of the repulsive part can lead to an overestimation of

the pressure within the system.

In this scenario, the Lennard-Jones potential represents the short-range molecular

interactions (i.e., the potential decreases faster than r−d , where r is the distance

between the particles and d is their dimension), while the Coulomb interaction is

long-ranged and represents a key force for biological interactions.

In organic chemistry, covalent bonds exhibit a significant degree of transferabil-
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ity between different macromolecules, facilitating the development of FFs valid

for large groups of compounds. This extensive applicability simplifies the explo-

ration of the diverse chemical space. Widely used FF parameterizations are Amber

[62, 63], OPLS [64], CHARMM [65, 66], and Gromos [67]. Over time, these FFs

have evolved into more refined versions, or they have been adapted into specialized

subsets aimed at specific classes of molecules. In addition to macromolecules like

proteins, also small molecules play a crucial role in computational biology, partic-

ularly in CADD. This has created a demand for more comprehensive and versatile

FFs to accurately model small molecules that interact with proteins. These generic

FFs include innovative parameters for a wide range of organic molecules that were

previously not considered in theoretical models focused on macromolecules.

Amber Force Fields

In 1984, Weiner and colleagues introduced a united-atom FF in the Amber software,

aimed at simulating proteins and nucleic acids [68]. This model used equilibrium

bond lengths and angle parameters based on crystal structure data, while dihedral

parameters were adjusted to align with torsional barriers obtained from both ex-

perimental findings and QM methods. The atomic charges were assigned using the

Hartree-Fock STO-3G approach, and van der Waals parameters were taken from

the work of Hagler et al. [69]. By 1986, an all-atom variant of the Amber FF was

developed. With the rise in computational power, more refined parametrizations

of both dihedral angles and partial charges were achieved, leading to enhanced

versions of the Amber FFs [70, 71, 72, 63].

Additionally, to specifically parametrize and modeling small molecules, the General

Amber Force Field (GAFF) was developed [73]. GAFF is a widely used, complete

(no missing-parameters), and comprehensive FF. This FF is fully compatible with

the protein Amber force field hence it shares completely the potential function

form with it. Compared to other FFs, the atom types of GAFF are more general

covering a wider range of the organic chemical space. The complete list of these

atom types is available in literature [73]. The parameters of GAFF are well-suited

for a broad range of organic compounds, and they undergo regular revisions to
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improve accuracy. The latest generation, GAFF2 [74], includes updated parame-

ters for enhanced modeling precision. Both GAFF and GAFF2 have demonstrated

reliable performance in numerous scientific studies and are compatible with many

standard FFs used for macromolecules. Given the heterogeneity of chemical com-

pounds, parameters are assigned exactly when possible or by analogy. From one

side this gives a remarkable flexibility, from the other the assigned parameters

in some cases could be suboptimal. In GAFF small molecules parameterizations

do not include atomic charges, requiring calculation via semi-empirical methods

or ab initio techniques (they must be applied individually for each specific case).

In the GAFF context, the HF/6-31G* Restrained Electrostatic Potential (RESP)

charge method [75] offers the highest accuracy but, for large datasets, AM1-BCC

(Austin Model 1 semi-empirical QM calculations with Bond Charge Corrections)

charge method [76] provides a computationally very efficient alternative. AM1-

BCC charges are specifically optimized to approximate HF/6-31G* RESP results,

achieving reasonable accuracy within significantly reduced computational time. A

detailed explanation of these charge methods is provided in the following section.

In conclusion, the FF configuration used in a specific simulation, such as GAFF

for small ligands and a protein-specific FF for proteins, is defined within the sys-

tem’s topology file. This essential information remains constant throughout the

simulation run. In the presented thesis, all the analyzed proteins were modeled

using the AMBER99SB force field [71], an improved version of the original AM-

BER99 (released in 1999) that includes revised backbone torsion parameters for

enhanced accuracy in protein simulations. Moreover, ligand parametrization was

primarily performed using the GAFF force field with AM1-BCC charges. However,

for the RNA-ligand systems discussed in Section 6.4.2, RESP charges and refined

parameters were additionally employed.

Atomic point charges

By definition, a molecule consists of atoms whose electrons and nuclei generate an

electrostatic potential at every point within the molecular space. For a positive

test charge, electrons contribute with a negative, attractive interaction while the
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converse holds for nuclei. Because the electronic density is continuous and can-

not be easily represented by a simple analytical function, interactions are typically

modeled using point charges centered at atomic positions. These point charges are

chosen to best fit the QM electrostatic potential (ψesp), which comprises electronic

(ψelectrons) and nuclear (ψnuclei) contributions. Additional charges can be also in-

corporated to refine the model. The electrostatic potential, ψesp, felt by a unitary

positive test charge at position r is given by the following equation:

ψesp(r) = ψelectrons(r) + ψnuclei(r) =
N∑
i

Zi

|Ri − r|
−
∫

ρ(r′)

|r′ − r|
dr′ (2.35)

Here, the positive contribution from the nuclei (ψnuclei) is calculated as the sum

of the charges (Z) of all nuclei (N) divided by the distance between their posi-

tion vector Ri and the position vector r where ψesp is evaluated. In contrast, the

negative contribution from the electrons (ψelectrons) is represented as an integral,

reflecting their non-fixed positions as they exist in a cloud-like distribution around

the nucleus. Here, ρ(r′) denotes the electron density, with r′ being the position

vector of the electrons.

The electrostatic potential ψesp is evaluated outside a surface around the molecule.

This surface is often the Connolly surface [77], which provides an analytical, solvent

excluded, representation of the molecular surface. The molecule is immersed in a

3D grid of points, and ψesp is calculated at each point of this grid but outside the

surface. Point charges are determined to accurately reproduce ψesp at each grid

node outside the surface, thus modeling the interaction between two specific point

charges using Coulomb’s law. The goal is to reproduce this potential by assigning

fixed partial charges to the atoms of the molecule.

Thus, the objective becomes finding a set of charges that best matches the electro-

static potential calculated from QM. To compute the point charges (starting from

the initial estimate), an error function ErrF is defined. It quantifies the difference

between the calculated and desired electrostatic potentials, and then this quantity

is minimized. This procedure optimizes the selected charges ensuring they closely
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match the reference ψesp. The error function formula is:

ErrF (Q) =

points∑
j

(
ψesp(rj)−

N∑
i

Q(Ri)

|Ri − rj|

)2

(2.36)

where the subscript points refers to the total number of points outside (or on

depending on the fitting procedure) the molecular surface. The first term of Eq.

2.36 within the parentheses represents the reference QM electrostatic potential,

while the second term corresponds to the electrostatic potential derived from point-

charge model. By minimizing this error function, the sum of the squared differences

between the two potentials is reduced.

However, it has been observed that atoms close to the surface significantly influence

the potential values, whereas buried atoms have a minimal impact. This dispar-

ity can lead to inaccuracies and unrealistic charge values. Also the problem is a

classical inverse problem hence its solution is unstable upon little changes of the

potential. Many different charge distributions (solutions) can lead to the same po-

tential; this requires defining an a-priori preferential solution among all the possible

ones. To mitigate this issue, various restraints and constraints can be implemented:

1. Restrained Electrostatic Potential (RESP) methodology [75]: this method

involves a quadratic regularization term (a Gaussian prior) to prevent atomic

charges deviate too far from zero. This approach effectively minimizes unre-

alistic charge values, particularly for atoms that are deeply buried within the

molecular structure.

2. Symmetry constraints involve applying constraints that enforce the equality

of charges on atoms arranged symmetrically. This method ensures that the

charges remain consistent across symmetric positions.

3. The total charge (i.e. sum of all point charges) is constrained to match the

total net molecular charge.

Even if the point charge model is effective, it has some limitations. Indeed, it

primarily focuses on replicating intermolecular interactions, which can result in

unreliable predictions for intramolecular forces. Additionally, it completely neglects
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the charge-conformational coupling, and atomic charges are not fully transferable.

In the end, it is important to emphasize that MD simulations generate molecular

ensembles shaped by the underlying theoretical model, namely the chosen FF. The

quality of this model directly determines the accuracy of the predicted statistical

ensemble. Therefore, the reliability of the simulation results depends heavily on

the quality of the FF parameters and the charge method selected. The process of

parameterizing the FF, which involves determining all the necessary parameters for

the FF equations, is time-consuming and requires substantial QM or experimental

data, which may not always be readily available.

2.3.3 System preparation

To perform a MD simulation, the first essential requirement is an initial molecular

conformation of the system of interest. This structural starting point is typically

obtained from experimental methods such as X-ray crystallography, NMR spec-

troscopy, or cryo-electron microscopy. However, raw experimental structures are

often not immediately suitable for simulation and must undergo extensive pre-

processing [22]. These structures are usually provided in the Protein Data Bank

(PDB) format, containing atomic Cartesian coordinates [78]. Before initiating a

MD simulation, critical preparation steps are necessary to ensure the structural

integrity and completeness of the molecular model [79]. These steps commonly

include the removal of crystallographic artifacts such as crystallization co-factors

and irrelevant ligands, the reconstruction of missing atoms, side chains, or flexible

loops, and the capping of protein termini with neutral (uncharged) groups to avoid

unwanted zwitterionic effects. In case water molecules are found these often kept

if placed nearby the sites of interest (e.g. binding site). One of the most important

yet missing components in experimental structures is hydrogen atom. Since many

structural determination techniques do not resolve hydrogen positions, they must

be added in-silico. Hydrogens are essential for accurate FF parameterization and

are crucial in forming hydrogen bonds, which significantly contribute to the overall

stability of biomolecular systems. Moreover, they play a key role in interesting

phenomena such as protein folding and receptor-ligand binding.
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The proper preparation of the initial structure ensures the reliability and physical

accuracy of the subsequent MD simulations, ultimately leading to more meaningful

insights into the molecular behavior of the system [57, 80, 79, 22].

Protonation state

A key step of system preparation for MD simulations involves determining the

protonation states of protein’s amino-acids and, if applicable, the tautomers of

histidine residues. The protonation of titratable amino acids such as Arginine

(Arg), Lysine (Lys), Tyrosine (Tyr), Cysteine (Cys), Histidine (His), Glutamic acid

(Glu), and Aspartic acid (Asp) is influenced by the surrounding micro-environment

and pH. In highly polar environments, the charged state is more stable, whereas

neutral forms are favored in less polar surroundings. At physiological pH (pH

close to 7), Tyr, Lys, Cys, and Arg typically retain their standard protonation

states, whereas Glu, Asp, and His may adopt non-standard forms depending on

the context.

The protonation states of proteins’ residues plays a critical role in both their cat-

alytic activity and structural stability. In standard MD simulations, correctly deter-

mining protonation states is a prerequisite for obtaining reliable results. Incorrect

protonation states can significantly alter the protein behavior, potentially leading

to invalid findings. Many studies have highlighted the critical role of protona-

tion state assignment in MD simulations, emphasizing its necessity for achieving

realistic and accurate results [81, 82].

Standard MD typically assume fixed protonation states throughout the simula-

tion run. The most accurate approach to address this limitation involves con-

stant pH simulations, where ionization states are dynamically adjusted during the

simulation. However, this method is highly computationally demanding and not

commonly employed. For routine applications, computationally efficient tools are

available to estimate the pKa values of protein residues in the starting structure.

These include both web-based platforms and standalone software, which generally

employ one of two main approaches: empirical methods, such as PROPKA, or

Poisson-Boltzmann-based calculations. It is important to note, however, that no
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pKa prediction method is perfect. Using fixed protonation states is efficient but do

not consider changes in protonation pattern that often accompany conformational

rearrangements in biological systems. This limitation can hinder the understanding

of proton-coupled dynamics. For studies where such dynamics are critical, constant

pH simulations are a better alternative [83].

In the present study, the protonation states of residues were assigned using the

GROMACS pdb2gmx program [84, 79] and the Protein Preparation Wizard of

Schrödinger’s Maestro software. Specifically, Lys was protonated with three pro-

tons, Asp and Glu were left unprotonated, and Hist protonation was determined

based on the optimal hydrogen bonding configuration. The pdb2gmx program au-

tomatically selects the charged forms of Lys, Asp, and Glu, while for His, it places

the proton on either ND1 or NE2 depending on the hydrogen bonding network.

Additionally, the N- and C-termini were ionized as NH+
3 and COO−, respectively

[79].

2.3.4 Thermostats and Barostats

Realistic physical or chemical experiments are typically conducted at constant tem-

perature, pressure, or volume. To closely replicate these conditions in MD simu-

lations these parameters must be specified. Thus, by simulating the appropriate

statistical ensembles, simulation results can be compared with experimental data

[79]. Particularly, controlling T is crucial because many experimental observables,

which can be directly cross-referenced to MD data, are highly sensitive to this

parameter [85].

The direct integration of Newton’s equations samples the microcanonical ensemble,

but precise prescriptions allow extensions to the other thermodynamic ensembles

[46]. The two most widely used ensembles for MD simulations are the NV T ensem-

ble, (canonical or isochoric-isothermal ensemble), and the NpT ensemble (isobaric-

isothermal ensemble). To maintain a constant T in the system throughout the

simulation, sophisticated algorithms known as thermostats are employed. Simi-

larly, controlling the P involves using algorithms called barostats. In simple terms,

thermostats and barostats act as virtual environments that ensure macroscopic T
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and P to remain constant during the simulation time.

In MD simulations, a key energy component is the kinetic energy of the system,

which is determined by the momenta of the particles:

K =
1

2

∑
i

miv
2
i (2.37)

In MM, the macroscopic T of a given system is linked to the time average of its

kinetic energy ⟨K⟩, which in turn is related to the atoms’ velocities. For a system

composed by N particles, the equipartition theorem states that the average kinetic

energy is expressed as:

⟨K⟩ = 3

2
NkBT (2.38)

To keep T approximately constant, the average kinetic energy must be fixed, while

the instantaneous kinetic energy is allowed to fluctuate. Thus, one of the most

naive approaches to regulate T is the velocity rescaling method, which represents

the basic thermostat algorithm. This mathematical tool, called Berendsen ther-

mostatat (see later), is able to adjust the velocities in a way that produces a

constant average kinetic energy over a certain period of time, ensuring T remains

stable during the simulation. This condition is obtained by multiplying the ve-

locities by a scaling factor at each simulation step. Even if this procedure is the

basic idea behind thermostat algorithms, this simple method is not able to repro-

duce the correct canonical ensemble. Indeed, velocities are rescaled at each step,

avoiding fluctuations in the kinetic energy. This behavior is not the desired one,

making simple velocity rescaling algorithm rarely used in MD experiments. Like

the simple velocity rescaling method, all thermostats introduce perturbations to

the equations of motions that affect both the dynamical and equilibrium proper-

ties of the system. Moreover, the T distribution must be homogeneous within the

simulated solute-solvent system. Often problems arise in controlling temperature

for inhomogeneous systems, as different regions may experience varying degrees of

heating, leading to problematic scenarios such as the ”hot solvent and cold solute”

situation [85]. A common strategy to address this issue is to couple the different

sub-parts of the system to two separate thermostats, allowing for independent T
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control.

Likewise, barostats are mathematical algorithms designed to allow instantaneous

P fluctuations while maintaining a constant average pressure over time. Instead of

adjusting particle velocities, as thermostats do, barostats scale the volume of the

simulation box. When the box size decreases, atoms become compressed, resulting

in an increase in the overall P . Conversely, expanding the box size enables atoms

to occupy a larger volume, which reduces P . In practice, this volume adjustment

is achieved by scaling the atomic coordinates of each atom according to the desired

P adjustments.

Different types of thermostats and barostats are available for MD simulations, each

offering unique advantages and disadvantages. Below, an overview of the most

commonly used algorithms in MD simulations is reported.

Berendsen thermostat

The Berendsen Thermostat [86] is a popular algorithm for T control, achieved by

rescaling particle velocities. It mimics a weak coupling with first-order kinetics to

an external heat bath at a desired temperature T0. The T correction is expressed

by the following equation:
dT

dt
=
T0 − T
τ

(2.39)

where τ is the time constant that controls the coupling strength. T deviation

decays exponentially with the time constant τ . The algorithm adjusts the system’s

kinetic energy at each time step by modifying particle velocities accordingly, and

it is integrated numerically at every simulation step. Although widely used, the

Berendsen thermostat introduces some artifacts and does not sample the canonical

ensemble accurately. Specifically, it suppresses kinetic energy fluctuations and

violates energy equipartition, which can lead to incorrect sampling. The extent

of this issue decreases with the system size, as the error scales with 1/N , but

fluctuation properties remain affected. To address these problems, Bussi et al. [87]

proposed a modified version of the Berendsen scheme that provides better ensemble

sampling.
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Bussi-Donadio-Parrinello thermostat

The Bussi-Parrinello thermostat [87] builds on the Berendsen thermostat by in-

troducing an additional stochastic term that ensures a correct kinetic energy dis-

tribution. This modification guarantees that the system samples from a proper

canonical ensemble, overcoming the limitations of the original Berendsen approach.

This thermostat does not requires additional parameters except for a random seed.

It retains the benefits of the Berendsen thermostat, such as first-order decay of T

deviations and the absence of oscillations, while ensuring accurate thermodynamic

sampling.

Bussi-Parrinello algorithm was used to control the T in all the MD simulations

performed in the presented study.

Berendsen barostat

The Berendsen barostat [86] is conceptually similar to the corresponding thermo-

stat. The system is treated as weakly coupled to a pressure bath, where the volume

is adjusted by applying a scaling factor. The algorithm modulates the simulation

box size in response to P changes, ensuring that the system maintains the average

P . However, this approach has some disadvantages. Particularly, it does not truly

sample from the real NPT ensemble. As a result, it is commonly employed during

the equilibration phase, as was done in our study, but it is not suitable for the

production phase of MD simulations.

2.3.5 Periodic Boundary Conditions (PBC)

In molecular simulations, boundaries are fundamental to maintain thermodynamic

properties like T and P . However, due to the small system size in common MD

set-up, a molecular cluster often has substantial unwanted boundaries with the sur-

rounding vacuum. To alleviate this problem, periodic boundary conditions (PBC)

have been introduced, enabling to simulate the bulk solvent (or crystalline environ-

ments) within the simulation. Particularly, PBC approximate an infinite system

by replicating a smaller finite section of the system (known as the unit cell or the
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periodic box) in the space. This arrangement allows atoms within the periodic box

to be surrounded by identical, translated copies of itself, minimizing edge effects

and accurately representing bulk properties [57, 22]. With PBC, the simulation box

(with all its content) is replicated in all directions, creating an infinite lattice where

particles’ movements in one box are mirrored in all others. The particle count in

each unit cell is maintained constant. This approach eliminates unnatural bound-

ary artifacts, though the periodicity can introduce minor errors, generally smaller

than those caused by simulating an isolated system with edge effects [88, 22].

Popular simulation engines, like GROMACS [84], implement PBC joined with the

minimum image convention. This approach ensures that only the nearest periodic

image of each particle is considered for short-range non-bonded interactions, such

as dipole-dipole and van der Waals forces. Thus, only one image of each molecule

in the PBC is considered for a pair interaction. Each particle only interacts with

atoms within a box centered on itself and matching the original box’s size and

shape, limiting interactions to the closest periodic images rather than calculating

an infinite interaction set.

In contrast, long-range electrostatic interactions (e.g., interactions involving net

charges) are computed through lattice sum methods, such as the Ewald summation

[89] or, more commonly, the Particle Mesh Ewald (PME) method [90]. PME is

widely favored as it separates charge interactions into two terms compatible with

PBC, simplifying calculations by reducing the impact of long-range interactions

into manageable components. Particularly, the Coulomb potential is split into two

terms: a short-range term, calculated within a defined cutoff radius in real space,

and a long-range term, evaluated in reciprocal space using Fourier transforms. This

approach enables an efficient treatment of electrostatic interactions under periodic

boundary conditions. [90, 22].

2.3.6 Water models

Water plays a central, ubiquitous role in biological phenomena, making the ac-

curate representation of aqueous environments essential for reliable simulations of

biological processes, particularly in protein-ligand binding [91, 92]. Since water
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typically constitutes over 90% of a solvated system, it contributes significantly to

the potential and kinetic energy of the system. Consequently, its correct modeling

is crucial for obtaining quantitative results from simulations [93, 94].

Fully atomistic MD requires well-developed FFs for biomolecules and solvent mod-

els, with various theoretical approaches available to describe the aqueous environ-

ment. Empirical models used to represent aqueous effects can be categorized into

three main families: implicit water models or continuous solvents, explicit water

models, and coarse-grained water models. In this study, we focus solely on the

second category of solvent models, while a detailed discussion of implicit solvents

is available in the literature [95].

Explicit water models use discrete solvent molecules, offering the highest level of

detail for atomistic simulations. Although more computationally demanding than

implicit models, they provide greater accuracy in describing solvation effects [11].

These empirical models are designed to replicate various bulk properties of water

in a specific phase. However, none of these models can perfectly replicate all ex-

perimental properties of bulk water; i.e., Static dielectric constant, Self diffusion

coefficient, Heat of vaporization, Isobaric heat capacity, Thermal expansion coef-

ficient, Isothermal compressibility [96]. Consequently, choosing the right model

requires ensuring it accurately represents the relevant properties of water for the

studied phenomena [93, 94].

Water monomers have a simple chemical structure consisting of two hydrogen atoms

and one oxygen atom, with an OH bond length of 0.9572 Å and an HOH angle of

104.52°. Early water models employ a rigid geometry with harmonic constraints

resembling this real geometry of water molecules. Meanwhile, the electron density

distribution is represented by point charges to reproduce the electrostatic potential

of the molecule. The current section provides a summary of the key features of the

most recent and commonly used explicit water models for protein MD simulations.

Explicit water models consist of a FF potential energy function and parameters that

define intra- and intermolecular interactions in water clusters and aqueous environ-

ments. The most utilized category of explicit water models is the Fixed-Charge
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N-point Water Models family, where N is an integer ranging from 3 to 6 indicat-

ing the number of interaction sites. Their FF equation involves only non-bonded

terms. Particularly, the Coulombic potential for pairwise interactions between in-

termolecular pairs of point charges, and the LJ 12-6 potential for dispersion and

repulsion interactions. The general pairwise potential energy function for these

models is defined in the following equation:

V =
∑
pairs

(
ALJ

r12OO

− BLJ

r6OO

+ k
qiqj
rij

)
(2.40)

where rOO is the oxygen-oxygen distances, ALJ and BLJ are the LJ parameters,

qi and qj are the charges of the ith and jth charged sites at distance rij, and k is

the electrostatic constant of the Coulombic potential. The geometric and energy

function parameters are fitted to match specific experimental properties of water,

usually at the expense of others. As can be seen, Eq. 2.40 does not explicitly include

many-body or QM effects. Additionally, it lacks terms for considering geometry

changes as bond stretching or angle bending, keeping the water molecule’s geometry

fixed even after interactions (such as dimer formation). As a result, these missing

physical effects are approximated using a mean-field averaging approach. Building

on these original rigid models, flexible variants have been developed to account for

water molecule geometry fluctuations using harmonic potentials.

Over the years, various models have been developed, each with parameters tuned

to replicate specific experimental properties of water. However, the parameters of

a specific water model are often sub-optimal in reproducing jointly all experimental

characteristics of water, leading to inaccuracies in MD results [97]. Although more

advanced and polarizable water models have been developed, fixed-charge 3- and

4-point models remain the most widely used in protein-ligand binding simulations,

as they provide a balance between accuracy and computational efficiency. Their

most important properties are reported in Table 2.1.
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3-point water models

Water molecules in three-point models are modeled by using a single oxygen and

two hydrogen atoms, each assigned a fixed partial charge at the atomic nuclei.

These models are characterized by six independent parameters: the OH bond

length, the HOH bond angle, partial charges on oxygen and hydrogen atoms, and

two LJ parameters. The LJ interaction site is assigned to the oxygen atom, while

hydrogen atoms lack explicit van der Waals interactions. By following different

parameterization strategies, several 3-point models have been developed. Table 2.2

summarizes the FF parameters for the commonly used three-point water models.

One of the earliest and most widely adopted explicit solvent models in biomolecu-

lar simulations is the Transferable intermolecular Potential 3-Point (TIP3P) model.

Developed based on experimental gas-phase water geometry [98], TIP3P is a rigid,

non-polarizable model that accurately reproduces key bulk water properties, such

as the enthalpy of vaporization and the dielectric constant at 298 K and 1 bar. Nev-

ertheless, it tends to underestimate density while overestimating the self-diffusion

coefficient. Despite these limitations, TIP3P remains a popular choice for sim-

ulating solvated biomolecules due to its simplicity and computational efficiency.

Therefore, our systematic investigation of water models, reported in Chapter 5

[P2], began with simulations conducted in a simple TIP3P environment.

The flexible variant of TIP3P, known as TIP3P/Fw, was later introduced to incor-

porate intramolecular flexibility by adding additional potential energy terms [99].

While this modification improves the representation of water interactions, it also

increases computational cost. Specifically, the introduction of flexibility requires

reducing the integration time step from 2 fs, typically used in rigid models with

bond constraints, to 1 fs, effectively doubling computational expense. However,

this added flexibility does not always result in a substantial improvement in the

accuracy of water behavior modeling [P2].

A more recent advancement in three-point water models is the Optimal Point

Charge (OPC3) model [100]. Unlike TIP3P, which relies on predefined charge

positions and geometric constraints, OPC3 is designed to more accurately represent
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the electrostatic field, leading to improved modeling of hydrogen bonding and other

essential liquid water properties. As highlighted in the study of Onufriev et al. [97],

OPC3 outperforms many widely used models by providing superior accuracy across

a broad temperature range. By eliminating fixed point charge geometries, OPC3

represents the most precise non-polarizable three-point model currently available

for describing bulk water properties [100].

While three-point water models offer a balance between computational efficiency

and accuracy, they have some limitations in reproducing specific characteristics of

liquid water. To address these shortcomings, four-point models have been devel-

oped.

4-point water models

Water monomers in four-point models are represented by one oxygen atom, two

hydrogen atoms, and an additional massless dummy atom. Unlike three-point mod-

els, where the negative charge is assigned to the oxygen atom, four-point models

reposition this charge slightly (by 0.15 Å) along the bisector of the HOH angle.

This adjustment, represented by the dummy atom, enhances the model’s ability

to reproduce the quadrupole moment of water, thereby improving the accuracy

of its electrostatic potential. Four-point water models are characterized by seven

parameters: the OH bond length, the HOH bond angle, the oxygen-dummy atom

distance, partial charges on the hydrogen and dummy atoms, and two LJ param-

eters. Various parameterization strategies have resulted in multiple variants, such

as TIP4P, its flexible version TIP4P/Fw, and OPC. The force field parameters for

these models are summarized in Table 2.3.

The Transferable intermolecular Potential 4-Point (TIP4P) model was developed

as an improvement over TIP3P. While maintaining a rigid three-charge planar

structure, TIP4P introduces a dummy atom to carry the negative charge, which

enhances the water dimer geometry and the representation of the electrostatic dis-

tribution [101]. However, this modification results in an underestimated dielectric

constant.

A flexible version, TIP4P/Fw, was later introduced, incorporating a harmonic
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term for angle bending and a Morse potential for bond stretching [102]. In addi-

tion, minor adjustments were made to the Lennard-Jones parameters to improve

intermolecular interactions. However, like other flexible water models, TIP4P/Fw

increases computational cost without consistently yielding better accuracy [103]

[P2].

Finally, the Optimal Point Charge (OPC) model represents a departure from tra-

ditional geometric constraints [104]. It served as the foundation for the subsequent

OPC3 model, with its parameters optimized to more accurately reproduce the

electrostatic potential of water molecules, while eliminating fixed charge placement

restrictions. This approach leads to significantly improved accuracy compared to

other models [104].

Beyond four-point models, water FFs with additional interaction sites have also

been developed to improve the representation of certain bulk properties. For exam-

ple, the Transferable intermolecular Potential 5-Point (TIP5P) model incorporates

the non-planar charge distribution of water. However, adding more interaction

sites increases computational costs and parameterization complexity, with unclear

benefits for biomolecular simulations. Additionally, numerous other water models

have been designed to optimize particular properties or to incorporate polarization

effects. A more detailed discussion of these advancements can be found in literature

[96].

All the presented water models are widely used to represent aqueous solvation

effects in MD simulations. Nevertheless, since the accuracy of atomistic MD simu-

lations relies on the precise treatment of solvation effects, it is essential to assess the

robustness of simulation outcomes concerning the chosen water model. Moreover,

it is important to note that water models have traditionally been parameterized

for room temperature (298 K) and without accounting dissolved solutes. Indeed,

ensuring consistency between the chosen water model and the protein FF is also

crucial for reliable simulation results. For example, TIP3P has been widely used

with AMBER FFs, which have been specifically optimized for compatibility with

this water model. The AMBER team has recently recommended using OPC water

models in conjunction with their latest biomolecular FFs. In contrast, according to
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MODEL Density
(g/cm3)

Coord. n° Surface
tension
(mN/m)

Dielectric
constant

Self-
diffusion
coeff.
(*10−5

cm2/s)

TIP3P 0.980 ±
0.006

6.239 ±
0.001

47.0 ± 0.2 95 ± 3 5.72 ±
0.04

TIP3P/Fw 1.027 ±
0.006

5.3 ± 0.3 55.2 ± 0.4 197 ± 2 3.8 ± 0.1

OPC3 0.991 ±
0.006

4.9 ± 0.2 61.0 ± 0.2 79 ± 1 2.28 ±
0.02

TIP4P 0.994 ±
0.006

5.14 ±
0.001

52.2 ± 0.2 51.3 ± 0.5 2.57 ±
0.04

OPC 0.997 ±
0.005

5.1971 ±
0.0005

70.1 ± 0.2 78 ± 1 2.27 ±
0.02

Exp 0.997 4.7 71.99 78.3 2.30

Table 2.1: Key properties of the most commonly used water models, with corresponding
experimental values listed in the final row.

MODEL O σ (Å) O ϵ
(kcal/-
mol)

O
charge
(e)

H
charge
(e)

OH
bond
(Å)

H-O-H
angle
(°)

TIP3P 3.15061 0.1521 -0.834 0.417 0.9572 104.52

TIP3P/Fw 3.15061 0.1521 -0.834 0.417 0.9572 104.52

OPC3 3.17427 0.163406 -0.89517 0.447585 0.97888 109.47

Table 2.2: Force field parameters for 3-point water models. For the flexible model, the
additional parameters are kb = 529.581 kcal mol−1Å−2 and kθ = 50.0 kcal mol−1rad−2.
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MODEL O σ
(Å)

O ϵ
(kcal/-
mol)

O
charge
(e)

H
charge
(e)

OH
bond
(Å)

H-O-
H

angle
(°)

OM
bond
(Å)

TIP4P 3.1565 0.155 -1.04 0.52 0.9572 104.52 0.15

TIP4P/Fw 3.1565 0.155 -1.04 0.52 0.9572 104.52 0.15

OPC 3.16655 0.212801 -1.3582 0.6791 0.8724 103.6 0.1594

Table 2.3: Force field parameters for 4-point water models. For the flexible model, the
additional parameters are kb = 103.389 kcal mol−1Å−2 and kθ = 2.287 kcal mol−1rad−2.

GROMACS recommendations [84], TIP4P results more suitable when paired with

the OPLS FF for proteins. Nevertheless, the optimal combination of protein and

water FFs for specific applications is often not well-established.

Finally, a good water model strikes a balance between accuracy and computational

efficiency, as interactions among water molecules significantly impact the overall

simulation cost. The computational expense is closely tied to the number of pair-

wise distance calculations required within the model. In a 3-point model with

three charge sites, nine pairwise distances must be computed per water molecule

pair. In contrast, 4-point models require ten distances, including three Coulomb

interactions and one van der Waals O-O interaction. This underscores the trade-off

between model complexity and computational demand, highlighting the importance

of selecting a water model suited to the specific needs of the simulation.

2.3.7 MD output and conclusion

Lastly, the final output of a MD simulation is a trajectory file containing the

positional coordinates and velocities of atoms recorded at regular intervals. This file

effectively captures snapshots of the system throughout the simulation, producing

a three-dimensional ”movie” that describes the molecule’s configuration over time.

To manage file size, trajectories are typically saved every 10 to 15 steps, ensuring

that each frame retains the essential data without overwhelming storage [22].

Well-designed MD simulations provide detailed structural insights into the biomolec-

74



ular system under investigation, enabling the analysis of conformational changes or

protein-ligand binding events. However, interpreting these results can be complex

and must account for the limitations inherent in the numerical methods. Despite

significant advancements in MD algorithms and computational power, most bio-

logical simulations still only capture few microseconds of real-time, often requiring

extensive computational resources over several days or weeks.

2.4 Rare events & Enhanced sampling

The dynamics of biomolecular systems occur over a broad spectrum of both time

and spatial scales, reflecting the diversity of molecular motions involved. At the

shortest time scale, femtosecond dynamics capture atomic vibrations. Picosecond

to nanosecond events include bond rotations, small side-chain rearrangements, and

local conformational changes in proteins. On the longer end, microsecond to mil-

lisecond (even second) timescales cover larger, more complex processes such as loop

movements, protein folding, large-scale domain reorientation, and ligand binding.

These slower processes, often referred to as rare events, are crucial to understanding

biomolecular function and stability [4, 22].

Rare events occur on long timescales because of the high free energy barriers

(greater than kBT ) that the system must overcome to transition between its stable

states. This complex configuration landscape consist of hierarchically organized

basins separated by high energy barriers, which can distrupt ergodicity [4, 105].

These rare events often extend beyond the timescales accessible to traditional MD

simulations. While individual MD time steps are typically 1-2 femtoseconds, ad-

vancements in parallel computing and integration of graphical processing units

(GPU) have enabled simulations to reach the microsecond scale. However, reach-

ing millisecond to second timescales remains a significant challenge and is generally

beyond the capabilities of standard research setups [105, 106]. An exceptional ex-

ample is the work by the D. E. Shaw Research group, which developed a specialized

MD-focused hardware system called Anton [107]. This high-performance, expen-

sive machine has achieved simulations on the millisecond scale, effectively capturing
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complex processes like protein-ligand binding, and underscoring the reliability and

potential of MD in rational drug discovery.

To address timescale limitations, several so-called, enhanced sampling methods

have been developed. They accelerate rare events and facilitate the exploration

of complex configuration landscapes [108, 106]. Enhanced MD simulations follow

two main routes: (i) alchemical transformations, and (ii) path-based/geometrical

transformations. Moreover, they often relies on order parameters to capture key

aspects of the system’s behavior.

2.4.1 Order parameter: coupling parameter & CV

In 1920, De Donder introduced the concept of the degree of advancement of a

chemical process, a mathematical tool to describe the extent of a chemical reaction

[109]. This concept determines the direction of the chemical reaction, with the

degree of advancement represented as a variable along an axis from left to right

[110]. Starting from this original idea, Kirkwood introduced the concept of order

parameter which is a variable describing changes in the system’s state over time

[111]. This mathematical approach provides insight into the progression and direc-

tionality of the studied chemical transformation [109]. When the order parameter

corresponds to the pathway of the system evolution, it is called reaction coordinate.

Therefore, the order parameter acts as an approximate reaction coordinate, and is

conceptually connected to the committor function. The committor quantifies the

probability that a given molecular configuration will reach the product state before

returning to the reactant state. In many contexts, it can be seen as the optimal

reaction coordinate providing the most accurate description of transition progress.

As such, committor analysis is often used as a benchmark for assessing the quality

of approximate reaction coordinates.

In the context of free energy calculations, the order parameter is selected to char-

acterizes and capture the essential changes occurring within the system during a

transformation. Its specific role and interpretation differ depending on the method-

ological approach: in (i) alchemical transformations, it typically represents a non-

physical transition between molecular states; whereas in (ii) path-based or geo-
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metrical methods, it corresponds to a physical coordinate or reaction path along

which the system evolves.

When alchemical transformations are performed, the order parameter is called

coupling parameter and often represented by the λ symbol ∈ [0, 1]. This parameter

supports the interpolation between two states (e.g., ligand bound vs. unbound) by

gradually scaling interactions from one state to the other. In other words, the

coupling parameter describes the interpolation between the Hamiltonians of the

initial and final states.

In contract, in path-based approaches the order parameter defines the collective

variables (CV)s. CVs (also denoted by ξ) represent physical coordinates track-

ing the progress along a reaction pathway. The variation of these CVs provides a

quantitative measure of the system’s progression along the reaction pathway under

investigation. Formally, a CV is a mathematical function that projects the high-

dimensional configurational space of the system (with N degrees of freedom) onto a

lower-dimensional space, making complex dynamics more tractable [108]. CVs are

chosen based on the relevant degrees of freedom of the system associated with the

process of interest. They can include simple metrics such as interatomic distances,

or root-mean-square deviation (RMSD), as well as more complex observables. In

difficult transformations, such as protein-ligand binding, simple geometric descrip-

tors like distances or angles often fall short in representing the true mechanistic

evolution of the process. In such cases, more sophisticated CVs are required to

account for the relevant degrees of freedom and the collective behavior of the sys-

tem. Once a suitable CV is identified, it is treated as an external parameter and

incorporated into the Lagrangian of the system, typically through the addition of

a biasing potential.

The result of path-based calculations is typically the free energy profile along the

chosen CVs, which is named the potential of mean force (PMF)[108, 112]. PMF rep-

resents the Landau free energy profile along the CV which is used in the enhanced

sampling procedure. The concept of the PMF (first introduced by Kirkwood) has

its origins in the study of simple liquids, where it was historically used to describe

their structural properties. Moreover, while the free energy is formally defined as
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the logarithm of the full partition function (Eq. 2.10), the Free Energy Surface

(FES) corresponds to the logarithm of a partially integrated partition function,

where the integration is performed over all degrees of freedom except the selected

CVs [108]. The two terms, PMF and FES, are often used as synonyms in the

literature [113]

Therefore, to effectively use MD simulations in drug discovery, enhanced sam-

pling methods and effective order parameters are needed. As metioned before,

the protein-ligand binding event takes long time to occur due to the low probabil-

ity of crossing high free energy barriers separating low energy regions. To address

this, dedicated enhanced sampling algorithms and advanced order parameters have

been developed. These methods can capture binding and unbinding events, unlike

traditional MD simulations [114].

Path Collective Variables

For particularly challenging transformations, such as protein-ligand binding, de-

signing effective CVs is essential. Simple metrics may not accurately capture the

complex evolution of a system, thus more sophisticated CVs may be needed to

represent the relevant degrees of freedom. For example, as a first approximation,

the distance between two molecules can be a straightforward CV in a protein-

ligand binding analysis. However, more intricate CVs as Path Collective Variables

(PCVs) [115] and CVs derived from dimensionality reduction techniques can better

describe the collective dynamics.

PCVs have been developed by Branduardi et al. [115], and they describe the posi-

tion of a point in the configurational space relative to a predefined path. In detail,

the PCVs are two: S(x), measuring the progression along the high-dimensional

path, and Z(x), measuring the orthogonal deviation with respect to it:

S(x) =

∑p
i=1 ie

−λ∥x−xi∥2∑p
i=1 e

−λ∥x−xi∥2
(2.41)
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Z(x) = −λ−1 ln

p∑
i=1

e−λ∥x−xi∥2 (2.42)

Here, λ is a smoothness parameter, p is the number of molecular configurations

included in the predefined path, and ∥x− xi∥2 quantifies the distance between

the ith structure in the path (xi) and the instantaneous microscopic configuration

(x). Different distance metrics can bee used to define this distance [116], as the

RMSD or the Mean-square deviation (MSD). Note that when x = xi, S(xi) ac-

quires approximately the integer value i, rendering S an indicator function of the

configuration progression. S(x) acts as a faithful representation of the physical

configurations, provided it is smooth and creates a linear mapping from the config-

urational space to the progressive values of S. To achieve this accurate mapping,

one can parameterize λ using the following equation:

λ =
2.3 p∑p−1

i=1 ∥xi − xi+1∥2
(2.43)

where ∥xi − xi+1∥2 quantifies the distance between the ith and the i+1th molecular

structure. This equation was derived heuristically by the authors of the PCVs [117].

Finally, a uniform spacing between consecutive configurations in the predefined

path is a necessary condition to apply PCVs correctly.

2.4.2 Enhanced sampling methods

Several approaches can be used to accelerate sampling, including adding an external

potential to the system, applying targeted restraints to gather data at specific

points in phase space, or gradually adjusting the system’s Hamiltonian to match a

reference state. These techniques not only speed up sampling but, in some cases,

also enable the reconstruction of free energy landscapes [108].

To mitigate the inefficiencies of standard MD, in 1977 Torrie and Valleau intro-

duced the Umbrella Sampling (US) method. [118]. US is historically the first

algorithm developed to enhance the sampling of rare events, facilitating the ex-

ploration of high-energy or low-probability states within molecular systems. In
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standard simulations, the regular potential U(r) leads to a Boltzmann-weighted

sampling. Conversely, US applies a simple harmonic restraint with strength k

centered at ξ0:

Û(r) = U(r) +
1

2
k(ξ(r)− ξ0)2 (2.44)

The modified potential Û(r) generates a sampling that enhances exploration of low

probability regions of the configurational space, especially relevant for free energy

calculations. The biasing is typically applied along a chosen reaction coordinate

(ξ0) or CVs to overcome energy barriers and improve the sampling of rare events.

Thus, the selected CVs are restrained and pulled by the bias potential toward a

target value. Since multiple staged simulations are performed with biased harmonic

restraints centered at different ξ0 values, US is considered a stratification strategy.

This approach ensures sampling along the defined reaction coordinate. Finally,

to recover the unbiased Boltzmann probability distributions and reconstruct the

free energy profile along the CVs, various estimators have been devised [119, 120].

Starting from this original idea, different enhanced sampling methods have been

developed to accelerate conformational sampling by various means.

Metadynamics

Among the most commonly employed enhanced sampling algorithms for protein-

ligand binding simulations there are Metadynamics (MetaD) and metadynamics-

based approaches [114]. MetaD was introduced by Laio and Parrinello in 2002

[121], and it was developed to help systems escape local free energy minima, en-

abling the exploration of free energy landscapes associated with rare events. In

MetaD simulations, the system’s dynamics is biased along one or more CVs us-

ing a history-dependent bias potential. At set intervals, small Gaussian potentials

centered at CV values, characterized by a width σi and height W , are added to

the current energy values. This prevents the system from repeatedly visiting the

same regions of configuration space. Gradually, this bias accumulate in the free

energy minima, filling the underlying free energy profile and allowing the system

to achieve a diffusive behavior along the CVs [122].
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The history-dependent bias potential UG(ξ, t) at time t is defined by the formula:

UG(ξ, t) =

∫ 0

t

ω exp

(
−

d∑
i=1

(ξi(t)− ξi(τ))2

2σ2
i

)
dτ (2.45)

Here, ξ is the chosen CV, d is the dimension of the CV and ω is an energy rate

calculated as the ratio of the Gaussian height W and the deposition time τG. The

parameters needed for MetaD simulations, which are Gaussian height, width and

deposition time, must be carefully chosen. At convergence, the bias potential serves

as an unbiased estimator of the free energy surface, as described by the following

relationship (where C is an arbitrary constant) [123]:

UG(ξ, t→∞) = −F (ξ) + C (2.46)

However, the original implementation of MetaD faced some limitations: determin-

ing when to stop a simulation is challenging, as the bias deposition is continuous,

and there is no guarantee of convergence. To address these issues and improve

the convergence of the free energy profile, Well-Tempered MetaD (WT-MetaD)

was introduced [124, 125]. In WT-MetaD, the height of the Gaussian is decreased

with simulation time. Other MetaD variations have also been developed, such as

Multiple Walkers MetaD, which enhances parallel sampling [126], and the use of

adaptive Gaussians that adjust dynamically to improve accuracy and convergence

[127]. Moreover, that MetaD-related methods (even if they are enhanced sampling

techniques) do not require too intense additional post-processing steps. They effi-

ciently provide an unbiased estimate of the free energy directly projected onto the

predefined CVs [114].

Since its introduction, WT-MetaD has been widely adopted in simulation; Gervasio

et al.[128] were among the first to employ it for ligand-binding studies in 2005.

A detailed review of MetaD-based algorithms used in drug discovery is available

in reference [114]. Despite its success, MetaD-based methods present intrinsic

limitations, most notably the challenge of identifying a suitable set of CVs capable

of capturing the relevant slow degrees of freedom. In addition, the reliability of
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the reconstructed PMF depends critically on allowing the system to equilibrate

between successive additions of biasing potentials, a condition that is not always

straightforward to satisfy in complex biological systems.

Steered Molecular Dynamics

In the late 1990s, Schulten’s group developed another enhanced sampling algorithm

based on bias potentials, known as Steered Molecular Dynamics (SMD) [129, 130].

SMD is a nonequilibrium technique where a time-dependent harmonic potential

(Uλ(ξ, t)) is summed to the system’s standard potential, similarly to US. However,

in SMD, the center of the external potential shifts over time along the CV (ξ), effec-

tively driving the system out of equilibrium. SMD is considered a nonequilibrium

method because of its time-dependent harmonic potential:

Uλ(ξ, t) =
1

2
k(ξ − ξ0(t))2 (2.47)

Originally, this approach was developed to explore rare biological events, such as

protein folding [131] and protein-ligand binding [132]. Particularly, in the context

of ligand unbinding, a spring with force constant k is virtually attached to the

ligand, and the center of the restraint is pulled along the CV at a specific velocity

v.

A few years later, in a foundational study, Park and Schulten [133] applied the

Jarzynski relation for obtaining the free energy profile from nonequilibrium SMD

simulations. Successively, in 2010, Colizzi et al. [134] pioneered the qualitative

application of SMD in drug discovery to discriminate active from inactive com-

pounds laying the groundwork for new structure-based drug design strategies uti-

lizing SMD.

In the protein-ligand binding studies presented in this thesis, both WT-MetaD

and SMD simulations were employed alongside PCVs to enhance the sampling of

protein-ligand events.
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Adiabatic Bias MD

While WT-MetaD and SMD are techniques that allow for efficient sampling of

rare events and facilitate free energy calculations (using appropriate statistical

estimators), methods such as adiabatic bias molecular dynamics (ABMD) [135]

primarily serve an exploratory purpose. In ABMD simulations, a target value of

the CV (ξ) is defined, and the protocol ensures that this value is reached within a

finite time frame using a moving harmonic restraint [135]. The main benefit of this

protocol is its gentleness. Indeed, the restraint center moves towards the target

value only through thermal fluctuations, not through a prescribed time schedule

as in SMD. The bias potential U(tn) at time tn becomes:

V (tn) = α(ξ (tn)− ξ0)2 (2.48)

The update of the center ξ0 is adjusted dynamically based on the progression of ξ

in the intended direction. If an increase in ξ is wanted, the equations for updating

the center are given by:

ξ0 =

ξ0 if ξ(tn) < ξ0

ξt if ξ(tn) ≥ ξ0

(2.49)

From a pictorial perspective, ABMD can be compared to a pawl-and-ratchet me-

chanical system, where progress is incrementally secured, preventing backward mo-

tion. In this analogy, the CV is the wheel, which is allowed to move only in one

direction. If the system attempts to move in the opposite direction, a harmonic

restraint is applied to prevent this unwanted motion (with a user-defined restraint

constant). As evident, this approach offers a gentler alternative to SMD. The key

difference between ABMD and SMD is that in ABMD, the movement of the center

is influenced not only by user-defined parameters but also by the system’s natural

progression toward the final CV value.

In this thesis, ABMD simulations were carried out using a custom-defined, electrostatics-

inspired CV based on the Yukawa potential, for exploratory purposes.
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2.5 Binding Free Energy Calculations

Free energy is one of the most fundamental thermodynamic quantities, typically

represented as either Helmholtz or Gibbs free energy. A particular kind of free

energy is binding free energy, which refers to the free energy difference associated

with the binding of a potential therapeutic to a protein. This quantity directly

reflects the drug’s affinity for its target, thus it serves as a critical parameter for

optimizing new drug candidates [4].

Due to its relevance, accurately estimating binding free energy in protein-ligand

interactions is essential for efficient in-silico drug discovery [11]. However, comput-

ing binding free energy from simulations pose many challenges. Particularly, its

calculation requires sampling the full relevant configurational space of the system

with good statistics, including crossing energy barriers between different states.

Because of the complexity of the ligand-protein binding event, high energy regions

may be under-sampled, while some low energy regions might be inaccessible due to

trapping in local minima. This scenario makes accurately calculating binding free

energy very difficult. Moreover, many existing free energy calculation methods face

practical limitations in pharmaceutical applications, primarily due to convergence

issues in the free energy estimation process.

As anticipated in section 2.1.1, the absolute Helmholtz free energy of a given system

is:

F (N, V, T ) = −kBT lnQNV T (2.50)

where QNV T is the canonical partition function of the system defined as:

QNV T =
1

h3NN !

∫
ri,pi

e−βH(ri,pi)drNi dp
N
i (2.51)

Eq.2.51 involves a 6N -dimensional integral, which is taken over all particle coordi-

nates and their corresponding conjugate momenta. It is weighted by the Boltzmann

factor of the system’s Hamiltonian, where the Hamiltonia represents the system’s

total energy for a given configuration. Both Equations 2.50 and 2.51, previously
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introduced in Section 2.1.1, are reiterated here for clarity.

Following equation 2.50, the direct calculation of absolute free energy is limited

to simple cases where an analytical expression for QNV T can be derived. This is

not the case for biological systems, where obtaining such analytical formulation is

generally impractical. Absolute free energy can be calculated as the difference in

free energy between the system of interest and a chosen reference state. Never-

theless, identifying an appropriate reference state for liquid-phase systems is often

challenging. In the absence of a well-defined reference, the calculation of absolute

free energies becomes impossible. However, in most situations, the objective is to

compare results with experimental data, which leads researches to focus on deter-

mining relative free energy differences. For biological systems, this could involve

assessing the difference in binding affinities of two compounds to the same receptor.

The binding free energy between the bound and unbound states of a given ligand

to its target is defined as:

∆Fb = Fbound − Funbound = −
1

β
ln

Qbound

Qunbound

(2.52)

where Qbound and Qunbound are the partition functions associated to the bound and

unbound states, respectively.

Most of the free energy methods used nowadays are built upon foundational prin-

ciples established by early pioneers in the field, such as: John Kirkwood, Robert

Zwanzig, Benjamin Widom, John Valleau, and Charles Bennett [105]. Moreover,

computing binding free energy from computer simulations requires three basic com-

ponents [136] (graphically summarized in Figure 2.2):

1. An appropriate Hamiltonian to model the system of interest.

2. A sampling protocol to generate a representative ensemble of configura-

tions, ensuring exhaustive exploration of the conformational space.

3. A reliable estimator to calculate free energy differences, allowing accurate

determination of the free energy from the sampled configurations.

In the context of MD simulations for binding free energy calculations, the first
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ingredient (i.e., Hamiltonian to model the system) is a classical Hamiltonian. This

classical Hamiltonian typically incorporates fixed point charges when modeling

biomolecules, and is commonly referred to as a force field. As discussed in Section

2.3.2, different FFs may utilize different functional forms, but they fundamentally

share the same underlying concepts. In practice, the choice of the Hamiltonian

often requires a balance between accuracy and computational efficiency.

Figure 2.2: Graphical representation of the 3 basic components required for free en-
ergy estimation: The model Hamiltonian, The Sampling Protocol, and the Free Energy
Estimator
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Figure 2.3: Graphical comparison of the two primary approaches for sampling binding
events: alchemical methods and path-based methods. In this illustration, the bound
state is shown in red, and the unbound state in blue.

2.5.1 Sampling Protocol

As highlighted in Eq. 2.52, the challenge in estimating ∆Fb lies in computing the

ratio of the partition functions for the two states of interest. This requires sampling

exhaustively all important molecular configurations in both states, which is often

difficult with standard MD. Enhanced sampling methods allow to achieve this by

improving the sampling and making the estimation feasible.

As mentioned in Section 2.4, to exhaustively sample binding events and comput-

ing ∆Fb, two main approaches are commonly used: (i) alchemical methods, which

involve nonphysical transformations of the Hamiltonians of the endpoint systems,

and (ii) path-based methods, which focus on physical (un)binding pathways. Both

approaches are valid, as free energy is a state function and depends only on the ini-

tial and final states. Figure 2.3 provides a visual comparison of the two approaches,

emphasizing the differences in sampling behavior between them.
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Alchemical methods

Alchemical methods are often used to estimate relative binding free energies, while

their application for absolute calculations is more complex and less common. These

methods involve sampling system transformations through non-physical interme-

diate, which means they do not provide mechanistic insight into the molecular

processes being studied. In 1935, John Kirkwood laid the foundation for two fun-

damental methods: thermodynamic integration (TI) and free energy perturbation

(FEP) [111]. These methods remain nowadays valuable approaches for calculating

∆Fb from alchemical MD simulations.

In general, alchemical transformations involve a hybrid Hamiltonian, typically

defined as a linear interpolation between the potential energies of the two spe-

cific states (A and B) via the coupling parameter λ. This coupling parameter is

0 ≤ λ ≤ 1, where λ = 0 corresponds to the initial state A, while λ = 1 to the final

state B.

U(r;λ) = (1− λ)UA(r) + λUB(r) (2.53)

Alchemical transformations involve sampling the system at several different values

of λ, employing stratification strategies. This sampling allows for the use of either

TI or FEP methods to calculate the free energy difference.

Particularly, in thermodynamic integration, the derivative of the free energy with

respect to the continuous parameter λ can be expressed as an equilibrium average

over configurations corresponding to a specific λ:

dF

dλ
=

〈
∂H

∂λ

〉
λ

(2.54)

The free energy difference between state A ( λ = 0 ) and state B ( λ = 1 ) is

evaluated by integrating the free energy derivatives along λ:

∆FAB =

∫ λ=1

λ=0

dF

dλ
dλ =

∫ λ=1

λ=0

〈
∂Uλ

∂λ

〉
λ

dλ (2.55)

On the other hand, when using free energy perturbation method, free energy dif-
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ferences are computed through the following formula:

∆FAB = − 1

β
ln⟨exp(−β∆UBA)⟩eqA (2.56)

where the ⟨·⟩eqA denotes the equilibrium average of the potential energy difference

between the two states, calculated in state A. To accurately estimate free energy

differences with these methods, the staging windows at different λ values must

be narrow enough to allow the overlapping of distribution between subsequent λ

values to facilitate convergence.

In the CADD framework, alchemical transformations are primarily used to estimate

the relative binding free energies between two compounds (∆∆Fb) , such as ligands

A and B within the same congeneric series binding to the same target:

∆∆Fb = ∆Fb(B)−∆Fb(A) (2.57)

Here, ligand A is gradually transformed into ligand B in both states: bound to the

protein and in the bulk. Then, a thermodynamic cycle can be used to estimate

∆∆Fb [11].

Despite their strong theoretical foundations, alchemical methods have some limi-

tations. Achieving convergence can be difficult, and these approaches do not offer

mechanistic or kinetic insights into the process under investigation, as they involve

sampling intermediate states that lack direct physical meaning. Consequently,

starting from the late 70s, several groups have been devoted to develop innovative

algorithms for free energy calculations relying on physical trajectories.

Path-based methods

In contrast to alchemical approaches, physical path-based methods not only esti-

mate free energy differences but also offer detailed insights into the binding pathway

itself. These methods sample the system along defined physical paths connecting

the bound and unbound states, yielding both the binding free energy and the PMF.

Conceptually, the PMF represents the effective potential generated by the average

force acting along the selected coordinate or CV [112]. The term PMF arises from
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the fact that one way to obtain it is by integrating the mean force acting on the sys-

tem along a particular path [137]. It captures the underlying free energy variations

along the reaction coordinate, and its derivation is:

F (ξ) = −
∫
⟨f(ξ)⟩ dξ (2.58)

where ξ is the model reaction coordinate, and ⟨f(ξ)⟩ is the average force (mean

force) experienced at the ξ values. As a result, path-based methods can reveal the

PMF, along with kinetic details and atomistic-level interactions of protein-ligand

binding events, offering valuable insights for rational drug design.

Over time, a variety of path-based enhanced sampling techniques have been devel-

oped, with prominent examples including US and MetaD, as discussed in Section

2.4. Additionally, a more in-depth analysis of path-based methods applied to drug

discovery, with a specific focus on contributions from our group, will be presented

in Section 3.

In the study reported in this thesis, several path-based methods employing geomet-

rical CVs (as PCVs) were utilized to reconstruct the PMF and finally computing

the protein-ligand ∆Fb.

2.5.2 Free Energy estimators

The last ingredient to perform free energy calculations is the statistical free energy

estimator. Traditionally, specific sampling protocols have been linked to particular

estimation methods; however, multiple estimators can often be applied to a single

dataset.

Free energy estimators can basically be classified into two different families: (i)

equilibrium free energy estimators [138] and (ii) nonequilibrium ones [139]. More-

over, free energy estimators can utilize either unidirectional or bidirectional ap-

proaches. Unidirectional methods rely on data collected from simulations that

proceed in a single direction, either from the initial to the final state or vice versa

(forward/backward simulations). In contrast, bidirectional methods incorporate
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data from both starting and target distributions, effectively combining information

from simulations that move forward as well as those that reverse from the final

state back to the initial one.

Equilibrium Free Energy Estimators

Equilibrium free energy estimators are based on statistical averages obtained from

equilibrium MD simulations, where sampling is performed over ensembles dis-

tributed according to the Boltzmann distribution. In this context, a classical

example is Free Energy Perturbation, which uses the Zwanzig formula [140] to

estimate free energy differences between two states from configurations sampled

in only one of them. As a one-sided estimator, FEP is widely used in alchemical

transformations (Eq. 2.56). However, one-sided methods such as FEP often face

convergence issues when there is insufficient phase-space overlap between the two

states involved. This lack of overlap leads to poor statistical efficiency and large

errors. To overcome these limitations, more advanced two-sided estimators have

been developed. These approaches leverage information from both endpoints (or

multiple intermediate states) and generally provide more accurate and reliable es-

timates of free energy differences, particularly in systems where state overlap is

limited.

In 1976, Bennett introduced a statistically optimal two-sided estimator that com-

bines information from both forward and reverse simulations to compute free energy

differences with minimal variance. This approach, known as the Bennett Accep-

tance Ratio (BAR) method [141], is commonly used due to its superior efficiency

compared to one-sided estimators like FEP. The BAR method can be formulated

as:

∆FAB = − 1

β
ln
⟨exp(−β∆UBA)⟩eqA
⟨exp(−β∆UAB)⟩eqB

(2.59)

where the brakets denote the equilibrium average of the potential energy difference

between the two states (A and B), evaluated in the two states separately. The

BAR approach is a minimum-variance, asymptotically unbiased estimator for com-

puting free energy differences between two thermodynamic states. In addition to

its statistical optimality, BAR can also be derived from a maximum likelihood per-
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spective [142]. Under this formulation, BAR determines the free energy difference

that maximizes the likelihood of observing the data obtained from both forward

and backward simulations, providing an efficient approach to combine information

from both ensembles.

Nonequilibrium Free Energy Estimators

Nonequilibrium estimators, in contrast to equilibrium-based methods, derive free

energy differences by averaging data collected during nonequilibrium processes.

During nonequilibrium simulations, the system is externally driven away from equi-

librium along a selected order parameter according to a specified transformation

protocol. As the system progresses along this path, the external work required to

transition from the initial to the final state is accumulated. The work recorded

during these irreversible simulations is called Jarzynski work (WJ). It is computed

as the path integral of ϵ̇∂Hϵ/∂ϵ along the trajectory Γt [143, 144]:

WJ =

∫ ts

0

dt ϵ̇
∂Hϵ

∂ϵ
(Γt) (2.60)

Here, ϵ (analogous to λ in thermodynamic integration, but evaluated at equilib-

rium) regulates the weighting of the additional, time-varying component of the

modified potential relative to the original one. WJ represents the cumulative change

in the system’s Hamiltonian over time only. Specifically, in the context of bind-

ing and unbinding simulations, the computed WJ accounts for the external energy

required to drive the ligand from the bound to the unbound state or vice versa

(along a predefined pathway). This work reflects the irreversible nature of the

transformation and is central to nonequilibrium free energy estimations.

According to the second law of thermodynamics, WJ value will, on average, exceed

the corresponding equilibrium free energy difference ∆F by an amount defined as

the dissipated Jarzynski work, which quantifies the system’s irreversibility:

Wdiss = ⟨WJ⟩ −∆F ≥ 0 (2.61)

This inequality emphasizes that any deviation from quasistatic (reversible) condi-
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tions introduces energetic losses, which must be considered when estimating free

energy from nonequilibrium trajectories. In practice, during nonequilibrium sim-

ulations, the greater the pulling speed, the higher the dissipated work Wdiss. On

one hand, fast simulations are desirable to make efficient use of parallel high-

performance computing resources. On the other hand, excessively rapid trajec-

tories inherently lead to greater deviations from equilibrium, thereby increasing

dissipation and diminishing the accuracy of free energy estimates. As a result,

the optimal balance between simulation speed (i.e., computational efficiency) and

accurate convergence of free energy estimates must be defined.

Non equilibrium approaches leverage statistical mechanics theorems, as the Jarzyn-

ski equality or the Crooks fluctuation theorem, to extract equilibrium free energies

from nonequilibrium trajectories. In 1997, Jarzynski established an exponential

relationship between the external work WJ and the equilibrium free energy differ-

ence between the states A and B of the system [145]. This estimator is named the

Jarzynski equality (JE):

exp(−β∆FAB) = ⟨exp(−βW f
J )⟩A→B (2.62)

where β = 1/kBT , and ∆FAB is the free energy difference between the initial and

finale states (A and B) of the system under investigation. The angular brackets

indicate an exponential average over a number of trajectories N , where the sys-

tem transitions from its initial state to its target state ( A → B ), following the

same protocol (i.e., the same variation of parameters over time following the same

pathway A → B ). As such, the Jarzynski equality is a one-sided, unidirectional

estimator. Since JE involves an exponential average over nonequilibrium work val-

ues, it is particularly sensitive to convergence issues. This sensitivity arises because

rare trajectories with low work values highly influence the average, a phenomenon

often referred to as ”rare event dominance.” To mitigate this difficulty, a second-

order cumulant expansion can be employed as an approximation of the exponential

average. This approach assumes that the distribution of work values is approx-

imately Gaussian, an assumption that is generally valid for small perturbations
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or near-equilibrium processes. Building on the JE equality, as introduced in Sec-

tion 2.4.2, Park and Schulten proposed in 2004 a methodology to derive the PMF

from nonequilibrium, path-based simulations such as SMD [133]. Their approach

establishes a connection between irreversible dynamics and the equilibrium PMF

by leveraging the statistical framework provided by JE. In their study, multiple in-

dependent replicas of the same steering protocol were executed, and the resulting

nonequilibrium work values were used to reconstruct the PMF with high accuracy.

Even if the JE has been extensively applied for free energy calculations, including

both alchemical transformations [146] and path-based approaches [147], it has been

shown to encounter challenges with statistical convergence when estimating free

energy differences. To improve the reliability and accuracy of these estimates,

bidirectional nonequilibrium estimators can be employed. A prominent example

of such an approach is provided by the Crooks Fluctuation Theorem (CFT) [148].

Analogously to BAR, the CFT combines data from both forward and backward

transformations:
Pf (WJ)

Pb(−WJ)
= exp (β(WJ − ∆FAB)) (2.63)

where Pf (WJ) represents the forward WJ distribution, which is the distribution of

the Jarzynski work performed as the system evolves from state A to B. On the

other hand, Pb(−WJ) refers to the backward WJ distribution, which is the distri-

bution of the Jarzynski work performed as the system evolves from state B to A.

Graphically, the free energy difference corresponds to the intersection point of the

forward Pf (WJ) and backward Pb(−WJ) distributions. Figure 2.4 illustrates this

concept with a focus on binding and unbinding simulations. As depicted, consis-

tent with the second law of thermodynamics, the Jarzynski work values are always

greater than or equal to the free energy difference. The averages ⟨W f
J ⟩ (highlighted

in pink in Figure 2.4) and ⟨−W b
J⟩ (highlighted in light blue) represent bounds for

∆F . By combining the forward and backward transformations, the free energy

difference ∆F̂CFT is constrained by the forward and backward Jarzynski estimates,

(∆F̂f and ∆F̂b), which generally hold as ∆F̂f ≤ ∆F̂CFT ≤ ∆F̂b. However, this is

not always strictly required [149].

While the BAR estimator focuses on differences in potential energy, the CFT works
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with WJ (or more generally, entropy production). Despite these differences, from

a mathematical perspective, the two methods are essentially the same algorithm

[150]. This parallels the relationship between the Zwanzig and Jarzynski estima-

tors, which are both particular cases of the CFT [142, 151]. As a result, like the

BAR method, also the CFT approach can be expressed as a maximum likelihood

estimation method [142]. Iterations of the BAR estimator, or its refinements [151],

can be applied to solve Eq. 2.63 and compute the free energy difference between

two states of the system. When an equal number of forward and backward MD sim-

ulations are run, ∆FAB can be estimated by self-consistently solving the reported

equation:

⟨{1 + exp[β(W f
J −∆FAB)]}−1⟩A→B = ⟨{1 + exp[−β(W b

J −∆FAB)]}−1⟩B→A

(2.64)

In recent years, non-equilibrium estimators have been increasingly used in free

energy calculations, both for alchemical transformations [146, 152] and path-based

approaches [147]. A relevant example of nonequilibrium alchemical transformations

is the work done by De Groot’s group. In their method, equilibrium simulations

are performed for the two physical end states, while nonequilibrium simulations are

employed to bridge them through alchemical space. The JE or CFT is then applied

to calculate the free energy differences between these end states [153]. However, to

date, the CFT has been predominantly applied in alchemical transformations [146],

although its applicability extends to physical collective variables as well [154]. In

this context, my research thesis focuses on employing CFT in combination with

nonequilibrium path-based methods.

In the end, Figure 2.5 presents a summary of the presented free energy estimators

used for binding free energy computation, categorized based on their equilibrium

or nonequilibrium nature, as well as their unidirectional or bidirectional approach.

95



Figure 2.4: Graphical representation of the CFT, where ∆F corresponds to the intersec-
tion point of the forward and backward work distributions. The color scheme associates
binding events with pink and unbinding events with light blue, providing a clear visual-
ization of how CFT can be applied to estimate binding free energies [P1].

Figure 2.5: Symmetric overview of free energy estimators classified according to their
equilibrium or nonequilibrium nature and whether they follow a unidirectional or bidi-
rectional approach.
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Chapter 3

On free energy calculations in

drug discovery [P5]

Despite the strong theoretical foundation outlined in the previous section and sig-

nificant methodological advances, binding free energy calculations still face sub-

stantial challenges; particularly in drug discovery, where both reliability and com-

putational efficiency are essential. To better frame these challenges and trace the

historical evolution of free energy methods, we present a comprehensive overview

of our recent account. This work offers both a critical and analytical assessment

of the principal methodologies, with special emphasis on their relevance to our

laboratory’s research. The focus is placed on their applicability to protein–ligand

binding in the drug discovery context, with particular attention to enhanced sam-

pling strategies and both equilibrium and nonequilibrium estimators. The account

concludes by outlining the key open questions that continue to define the frontiers

of binding free energy research.

3.1 Introduction

In the drug discovery framework, lead compounds (i.e., potential drug candidates)

are chemically optimized molecules that exhibit desirable biological activity and

are selected for further development along the discovery pipeline. These leads are
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often ranked based on several key factors, one of the most important being their

binding affinity for the target biomolecule, such as a protein involved in diseases.

High affinity generally indicates stronger and more specific interactions with the

target, which is crucial for therapeutic effectiveness [155].

With the increasing availability of computational power and the advancement of

GPU technologies, in-silico methods for predicting and estimating binding affini-

ties have become essential tools in lead optimization [4]. These methods allow

researchers to efficiently screen and refine large libraries of compounds before mov-

ing to costly and time-consuming experimental testing. The binding affinity of a

potential drug to its target is typically expressed in terms of the dissociation con-

stant KD (Eq. 1.5), which provides a measure of how tightly the compounds binds

to the target. This constant is directly linked to the binding free energy through

established thermodynamic relationships (Eq. 1.3 and Eq. 1.4).

The presented account provides a comprehensive overview of recent developments

and ongoing challenges in the field of protein-ligand binding free energy calcula-

tions, with particular emphasis on alchemical and path-based approaches. Con-

ducting this in-depth literature review was a critical component of my PhD work,

as it enabled me to thoroughly understand the theoretical foundations underlying

these computational methods. In the following, an analytical and critical review of

the historical evolution of these methods is reported, highlighting key milestones,

methodological advancements, and current limitations. Special attention is given

to the contributions and innovations developed within our research group, which

have played a significant role in advancing the state of the art. While the theo-

retical formulations and mathematical background are covered in Section 2.5, this

section emphasizes the practical development of the field and contextualizes our

group’s work within this scientific landscape.
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3.2 Alchemical Transformations in Drug Discov-

ery

As anticipated, the theoretical foundations of free energy calculations were estab-

lished several decades ago, beginning with the seminal work of Kirkwood in 1935

[111]. Early approaches relied on analytical frameworks, notably the introduction

of FEP by Zwanzig in 1954, which was based on perturbation theory [140]. As com-

putational power increased and algorithms based on statistical mechanics matured,

it became possible to perform free energy calculations using numerical simulations

[105]. A landmark example of this transition is the work by Jorgensen in 1985,

who applied FEP in combination with MC simulations to compute hydration free

energies [156].

In the context of alchemical transformations (Section 2.5.1), FEP and TI are among

the most widely adopted and reliable techniques for computing binding free energies

through all-atom MD simulations. Alchemical simulations estimate free energy

differences by modeling nonphysical transitions between states, leveraging the fact

that free energy is a state function and thus path-independent.

In the drug discovery field, alchemical transformations are commonly employed to

calculate the relative binding free energies between analogous compounds, A and

B, using the formula ∆∆Fb = ∆Fb(B) − ∆Fb(A). In this process, ligand A is

gradually transformed into ligand B, both in complex with a protein and in the

bulk solvent. By utilizing a thermodynamic cycle, the relative binding free energy

∆∆Fb can be estimated [11].

The first successful calculation of relative binding free energies using this approach

was performed by McCammon and colleagues in 1984 [157]. Following this mile-

stone, the application of FEP to ligand–protein complexes became feasible, with

major contributions from McCammon, Kollman, and Merz. Today, this method

remains widely used in the pharmaceutical industry for ranking therapeutic com-

pounds with similar chemical structures based on their affinity for the target, mostly

during lead optimization to prioritise ligands [158, 159].
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Subsequently, in 1987, Jorgensen demonstrated the use of FEP to reconstruct free

energy profiles along a defined coupling parameter [160]. Building on this founda-

tion, more advanced thermodynamic cycles were later developed to estimate the

absolute binding free energy. These alchemical approaches involve transforming the

ligand into a non-interacting particle, effectively decoupling it from both the pro-

tein and the solvent environment. First introduced by Jorgensen [160], this method

was later rigorously developed by Gilson in 1997 [161], and is now widely known

as the double decoupling method. Figure 3.1 reports a schematic representation of

a thermodynamic cycle based on alchemical double decoupling method.

Despite their strong theoretical basis, alchemical methods face practical limitations,

particularly in terms of convergence. FEP, being an equilibrium and unidirectional

estimator, relies on sampling equilibrium configurations from a reference state (A)

to a target state (B). However, for complex molecular systems, the potential en-

ergy distributions of the initial and final states often show limited overlap, leading

to poor convergence [139]. To address this, simulations are typically stratified

into multiple intermediate states with coupling parameters 0 < λ < 1, improv-

ing overlap between neighboring states and enhancing convergence. Nevertheless,

even with stratification, sufficient overlap between adjacent λ windows is essential

for reliable results. Importantly, convergence in the forward direction (A → B)

does not guarantee convergence in the reverse (B ← A), reflecting the inherent

directionality of FEP.

To improve the accuracy and efficiency of free energy difference estimations, Ben-

nett introduced in 1976 a statistically optimal method known as BAR [141]. This

approach combines data from both forward and backward transformations, sig-

nificantly reducing variance compared to unidirectional estimators like FEP. Ben-

nett also demonstrated that performing an equal number of forward and backward

simulations yields results close to the statistical optimum. Nearly three decades

later, in 2003, the Bennett Acceptance Ratio method was rigorously rederived as a

maximum-likelihood estimator for computing free energy differences, offering im-

proved statistical efficiency [142]. As a result, many modern alchemical free energy

protocols incorporate bidirectional sampling strategies using BAR to enhance the

100



reliability and precision of their results [162, 163]. Initially, alchemical transfor-

mations were predominantly applied to small, structurally similar ligands, as large

chemical perturbations tend to hinder the convergence of FEP calculations. More-

over, special care is required when dealing with charged ligands, particularly in

accurately accounting for electrostatic decoupling, which can significantly affect

the reliability of the results [162]. Despite these challenges, alchemical methods

have evolved considerably and are now capable of handling more complex systems.

Notably, they have been successfully applied to compute binding free energies for

large, flexible ligands of pharmaceutical relevance. A prominent example is the

cancer drug Gleevec, whose binding to two kinase targets (Abl tyrosine kinase and

c-Src) was explored using alchemical approaches [164].

In addition to FEP, TI has also been successfully employed in drug discovery and

to estimate solvation free energies, a key property in drug development due to

its strong influence on oral bioavailability and absorption [165]. In our research

group, TI was successfully employed to assess the solubility advantage of amor-

phous ketoprofen over its crystalline counterpart [166]. This study introduced a

novel approach combining harmonic dynamics with MD simulations to calculate

the absolute free energy of transferring a ketoprofen molecule from the condensed

phase to solution. This was achieved by summing a reference free energy (includ-

ing analytically derived ideal and harmonic terms) with anharmonic corrections

obtained through TI. Two thermodynamic legs were used: one connecting the har-

monic and anharmonic Hamiltonians at low temperature, and another extending

the results to 300 K. The calculated free energies closely matched experimental

data, confirming the enhanced solubility of the amorphous form.

Since their successful application in the lead optimization of anti-HIV-1 agents

by Jorgensen in 2005 [159], alchemical methods have remained a widely used and

trusted approach for calculating binding free energies in the pharmaceutical in-

dustry. Moreover, alchemical methods are not limited to equilibrium scenarios.

A notable example of nonequilibrium alchemical transformations is the work by

De Groot and colleagues, which demonstrated the efficiency of such approaches in

binding free energy calculations [153].
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However, the core strength of alchemical methods also represents a key limitation.

Because these approaches rely on nonphysical intermediates to interpolate between

molecular states, they do not reflect real dynamical pathways. As a result, alchem-

ical transformations offer no direct information about the mechanism or kinetics

of the binding process, limiting their ability to provide insight into how or how

quickly a ligand interacts with its target.

Figure 3.1: Schematic representation of a thermodynamic cycle based on alchemical
double decoupling for binding free energy calculation. To prevent the ligand (L) from
drifting away from the protein (P) binding site during decoupling, positional, orien-
tational, and conformational restraints are applied ( ). The restrained ligand is then
decoupled from both the protein and the bulk solvent (denoted by 0). The free energy
contribution associated with introducing these restraints is explicitly evaluated, and, by
following the thermodynamic cycle, the overall binding free energy can be determined.

3.3 Path Based methods in Drug Discovery

In the drug discovery context, free energy calculations relying on physical trajecto-

ries are particularly challenging, as many interesting biochemical processes (includ-

ing protein-ligand binding) are rare events. Thus, the time and costs required to

sample these events are beyond the computational resources required to routinely

apply MD simulations for rational drug design. To effectively apply simulations in
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Figure 3.2: Schematic representation of a workflow for calculating binding free energy
using path-based methods. First, an optimal CV is identified. Then, enhanced sampling
methods are used along the chosen CV. From these simulations, and with free energy
estimators, the PMF along the CV is calculated. Successive analysis include convergence
analysis, visual inspection of trajectories, and definition of pipeline-specific free energy
corrections. In the end, the binding free energy is computed.

drug discovery, enhanced sampling techniques are essential. Among the most es-

tablished path-based approaches there are Umbrella Sampling, Metadynamics, and

Steered Molecular Dynamics. A schematic representation of a generic path-based

workflow is shown in Figure 3.2.

3.3.1 Umbrella sampling

Since its introduction in 1977 [118], US has become a well-established method

for investigating ligand–receptor dissociation and computing binding free energies.

The core concept of US is to apply a biasing potential to enhance sampling along

specific CVs, particularly in regions of phase space that are otherwise rarely vis-

ited. This approach allows for more efficient exploration of transition states and

high-energy regions. To recover unbiased Boltzmann-weighted distributions and

the corresponding PMF, several reconstruction techniques have been developed,

including the Weighted Histogram Analysis Method [119, 120], Umbrella Integra-

tion [167], and the Dynamic Histogram Analysis Method [168].

In an early work by Patey and Valleau, US with stratification was used to recon-

struct the free energy profile of an ion pair in a polar fluid [169]. Subsequently, in

the ’80s, Karplus applied US to calculate free energy differences in biological sys-

tems [169] and later improved the method by developing an adaptive US approach,

with the WHAM serving as its core equation [170]. Additionally, Jorgensen was

103



among the early adopters of US, using it to study the conformational equilibria of

n-Butane in diluite solution [171].

In recent years, US has found broad application in areas such as ligand-binding

affinity estimation and the investigation of complex reaction mechanisms.

A significant advancement was presented in 2011 by Branduardi et al. [172], who

proposed a novel strategy for exploring reaction mechanisms. They integrated

US with SMD using PCVs to construct a good-resolution free energy landscape

of the reaction pathway. This approach, implemented within a hybrid QM/MM

DFT framework, provided a detailed and physically meaningful description of the

process. In 2012, Lodola and coworkers [173] employed free energy simulations

based on US within a QM/MM framework to investigate the reaction mechanism of

amide hydrolysis. They estimated the free energy involved in the catalytic process

using an iteratively optimized path guided by SMD with PCVs. Some years later,

Di Martino et al. (2014) [174] investigated the cis-trans isomerization of a model

peptide system using US simulations in both the Pin1-bound and unbound states

(peptidyl-proyl isomerase Pin1) . Their study provided free energy barriers that

were consistent with experimental data.

Moreover, in our laboratory, US has also been applied to compute binding free

energies. In the work by Decherchi et al. (2015) [175], US simulations were per-

formed using PCVs to investigate the binding of the transition state analogue

DADMe–immucillin-H to the purine nucleoside phosphorylase enzyme. To define

the initial binding pathways, standard MD simulations were combined with a ma-

chine learning-based analysis. These pathways were analyzed using US, and the

resulting biased data were processed through a regularized nonlinear regression

technique to reconstruct the free energy landscape.

The nonlinear regression technique employed in that work was a refined version of

the method introduced by Maragliano and colleagues [176]. In [175], the mean force

along the reaction coordinate was smoothly interpolated using a Regularized Least

Squares algorithm combined with a Gaussian kernel, allowing for flexible, non-

parametric fitting. To ensure numerical stability and avoid overfitting, a Tikhonov

regularization term was included. Also the width of the Gaussian was kept rela-
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tively large to further reject noise. This strategy resulted in a smooth free energy

profile.

However, US-based strategies may be very elaborate and require the identification

of two critical parameters: the windows in the CV space to perform the simulations

and the force constants for the harmonic restraints. Due to these complexities,

methods based on US are not routinely used in drug discovery. Overall, US is the

first of a series of path-based enhanced sampling methods that aim to accelerate

rare events. Several other enhanced sampling strategies have been proposed, such

as those involving higher temperatures or external potentials

3.3.2 Metadynamics

One of the most widely used enhanced sampling techniques for accelerating rare

events is MetaD, including its refined variant WT-MetaD [124, 125], along with

several related metadynamics-based strategies [114]. Since its introduction, WT-

MetaD has been applied across a broad spectrum of scientific disciplines due to its

ability to efficiently explore complex free energy landscapes. A pioneering appli-

cation in the context of ligand binding was carried out by Gervasio et al. [128],

who demonstrated its potential for investigating protein-ligand interactions. To-

day, MetaD and its variants are routinely employed in drug discovery to elucidate

binding mechanisms in detail and to compute PMF profiles, offering mechanistic

and thermodynamic insight into molecular recognition processes.

In recent years, our research groups have widely employed metadynamics and

metadynamics-related methods [128, 177, 178, 179] in the context of rational drug

design. Particularly, in 2009 well-tempered MetaD [178] was employed to refine

docking poses, accounting for molecular flexibility and exploring binding mecha-

nisms. According to the authors, refining docking poses with well-tempered MetaD

can be as straightforward as refinement via umbrella sampling approach. This suc-

cessful protocol not only enhances the predictive accuracy of docking but also re-

veals the full putative unbinding mechanisms of compounds of interest. A detailed

overview of metadynamics-based algorithms and their application in drug discov-

ery, particularly for exploring ligand-protein binding and unbinding mechanisms, is
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provided in a review from our laboratory [114]. While these methods have proven

highly effective in mechanistic studies, their application has largely been confined

to retrospective analyses. In contrast, alchemical free energy methods remain the

standard approach for prospective drug design due to their robust performance in

predicting binding affinities. Nonetheless, MetaD holds significant potential within

drug discovery pipelines. Beyond thermodynamic estimations, MetaD can reveal

detailed mechanistic insights into binding and dissociation processes [11], which

are critical for the rational optimization of lead compounds and the identification

of kinetic bottlenecks or metastable states along binding pathways.

Attempting to improve the accuracy and automation of MetaD-based approaches

for computing binding free energy differences, Bertazzo et al. [180] developed an

advanced protocol that integrates enhanced sampling techniques, machine learning,

and specialized optimization algorithms. This framework was designed to reduce

both computational cost and the number of free parameters typically required in

free energy calculations, thereby streamlining the simulation setup and analysis

process. The protocol was successfully applied to glycogen synthase kinase 3 beta

(GSK-3β), a protein kinase of pharmacological relevance, and achieved excellent

agreement with experimental binding affinities, both in relative and absolute terms.

This work represents the state of the art in MetaD methodologies within our lab-

oratory.

3.3.3 Steered Molecular Dynamics

Another enhanced sampling technique based on the application of biasing potentials

is SMD, which was developed in the 1990s [129, 130]. SMD was designed to probe

rare biological events that are otherwise difficult to access through conventional

MD. Notable early applications include studies on protein folding [131] and protein-

ligand binding [132].

The first application of SMD in the context of drug discovery from our group

was presented by Colizzi et al. in 2010 [134]. In this pioneering study focused

on antimalarial drug development, SMD was employed to investigate the bind-

ing properties of flavonoid compounds to their target enzyme. By analyzing the
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force profiles generated during ligand unbinding simulations, the method was able

to distinguish active inhibitors from inactive analogues. To quantitatively assess

the binding strength, potential of mean force profiles were reconstructed using the

second-order cumulant expansion of the Jarzynski equality [145]. This allowed for

a detailed computational evaluation of ligand affinity without requiring equilibrium

sampling. The unbinding pathways explored in the study were initially identified

using random acceleration molecular dynamics [181], providing plausible dissoci-

ation routes for SMD analysis. Overall, this work demonstrated the potential of

SMD as a structure-based drug design tool capable of revealing key molecular in-

teractions and supporting ligand optimization efforts in a realistic, fully solvated

environment.

Further contributions from our group to the application of SMD in drug discovery

are exemplified by the studies of Patel et al. [182, 183]. Building on the foundation

laid by Colizzi et al., Patel and colleagues introduced a novel analysis framework

for interpreting nonequilibrium SMD trajectories [182]. Rather than relying on the

JE [145], which can be computationally demanding for accurate PMF reconstruc-

tion, their approach focused on extracting meaningful structural and mechanistic

information directly from a small set of pulling simulations. This post-processing

strategy demonstrated that even without achieving full convergence or applying

the JE, SMD work profiles contain rich data that reflect key conformational tran-

sitions and interactions critical to the binding or unbinding process. The method

highlights how nonequilibrium simulations can still yield practical insights into

ligand-receptor dynamics while significantly reducing computational overhead.

Building upon the optimized SMD setup developed in the earlier work, Patel and

colleagues later extended the methodology to explore the unbinding mechanisms

of nine kinase inhibitors [183]. In this study, ligands were characterized by analyz-

ing the decay patterns of rupture forces, unbinding times, and reconstructed PMF

profiles. The approach proved effective at distinguishing active from inactive com-

pounds within chemically related series, highlighting differences in their interaction

strength and binding dynamics. However, the method showed limitations when

attempting to rank inhibitors with comparable potencies but divergent chemical
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scaffolds. Despite this, the simulations consistently offered valuable atomistic-level

insights into the unbinding processes, revealing key interactions and conformational

changes. This is particularly relevant given the inherent complexity of kinase tar-

gets, which often feature highly flexible and solvent-accessible binding sites that

challenge traditional structure-based drug design strategies.

Additional early advances in the application of SMD to computational drug dis-

covery were made by Mai et al. in 2010 and 2011 [184, 185]. These studies demon-

strated the use of SMD to evaluate and validate the binding capabilities of vari-

ous ligands, highlighting its practical utility within structure-based drug discovery

workflows.

All these contributions marked important progress toward the routine use of SMD

in rational drug design. One of the notable advantages of SMD highlighted by these

works is the ability to precisely control simulation time through predefined input

parameters, offering a degree of predictability and efficiency that is often lacking

in alternative enhanced sampling techniques. For instance, while MetaD can yield

detailed mechanistic insights, its convergence time is difficult to anticipate and can

vary widely depending on the system and the collective variables used. This makes

SMD particularly attractive in early-stage screening or hypothesis-driven studies

where computational cost and timeline are critical factors.

In the end, the latest advancement in SMD applications within our group is pre-

sented in our study [P1], which builds upon the framework introduced in [180].

This work integrates SMD with PCVs to reconstruct the PMF and compute abso-

lute binding free energy differences. The central aim was to explore the potential

of combining nonequilibrium simulations with PCVs to enhance the accuracy of

binding free energy calculations. Recognizing the convergence limitations associ-

ated with the JE [145, 144], the study employed the CFT [186] as an alternative

bidirectional estimator. By incorporating both forward and backward trajecto-

ries, CFT provides a statistically more robust framework, analogous to the BAR

method, which is widely used in equilibrium contexts. The newly developed semi-

automated pipeline offers both accurate estimates of absolute binding free energy

differences and valuable insights into ligand dissociation mechanisms at the atomic
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scale.

Moreover, further investigations from our second work [P2] have underscored the

role of dissipation in nonequilibrium free energy calculations, leading to the formu-

lation of practical guidelines aimed at minimizing irreversible work. These method-

ological advancements have allowed the successful application of the protocol to

complex and pharmaceutically relevant systems, including the Abl–Gleevec kinase

complex and RNA-ligand interactions, underscoring its versatility and robustness

in drug discovery contexts [P3].

3.4 Challenges and perspective

This chapter provides an overview of MD-based strategies and milestoning ap-

proaches used in drug discovery for estimating binding free energies, with particular

focus on research conducted in our laboratory.

In reference [162],authors present two formal approaches for performing binding

free energy calculations: one based on alchemical transformations and the other

on physical CVs. Both methods utilize similar restraints to enhance sampling

convergence, which must be rigorously accounted for, and they are derived within

a comparable formal framework. Even if these two approaches are conceptually

distinct, they ultimately produce equivalent results [162].

The selection between these methods typically depends on the nature of the sys-

tem under investigation. Alchemical strategies are particularly effective in high-

throughput scenarios, such as the hit-to-lead phase of drug discovery, where ranking

a large set of ligands is essential. They are also advantageous when the system lacks

well-defined reaction coordinates, as they do not require explicit knowledge of rele-

vant CVs. Nevertheless, alchemical transformations are often limited to small and

not highly charged ligands, due to convergence issues resulting from large perturba-

tions and solvation free energies. Moreover, a significant drawback is their inability

to provide mechanistic or kinetic insights into the binding process.

Conversely, path-based methods offer detailed information about the transforma-
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tion mechanism and kinetics. However, their performance heavily depends on the

choice of CVs; inappropriate selections can lead to inefficient sampling and hinder

convergence. Despite this limitation, approaches that rely on physical pathways are

often the most appropriate for investigating the binding of large ligands, especially

in the context of protein–protein interactions.

A compelling alternative to traditional alchemical and physical path-based free en-

ergy approaches is the Alchemical Transfer Method (ATM), recently introduced

by Gallicchio and colleagues [187]. This method operates by perturbing the lig-

and position between the receptor’s binding site and the surrounding explicit sol-

vent. Conceptually, ATM bridges the gap between purely alchemical strategies

(like double decoupling) and path-based techniques, as it incorporates both non-

physical transformations and spatially resolved ligand motions characteristic of

physical methods. Moreover, another valuable and innovative strategy is Hamilto-

nian Replica Exchange MD (H-REMD). In this method, several system replicas are

run in parallel, each governed by a differently modified Hamiltonian (often achieved

by scaling nonbonded interaction parameters). Periodic exchanges between these

replicas are performed to enhance the sampling efficiency of intermediate states,

thereby improving the convergence of both alchemical and path-based free energy

methods [188, 189, 190]

Overall, as highlighted throughout this account, MD-based methods and free en-

ergy calculations offer significant potential as powerful tools for rational drug de-

sign. Nonetheless, despite notable progress in recent years, several challenges re-

main. Key limitations include: (i) the inherent difficulty in thoroughly sampling

rare events such as protein–ligand binding, (ii) limitations in the accuracy and

transferability of current FFs, and (iii) convergence problems that can affect the

reliability and reproducibility of computed free energy values.

Considering the sampling limitations, they arise when high-probability regions in

the configuration space are separated by significant energy barriers, as is often

the case in protein-ligand binding. Traditional MD methods struggle to effec-

tively sample these regions, making it difficult to capture binding events. This

issue, known as quasi-non-ergodicity, highlights the need for enhanced sampling
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techniques that are specifically designed to overcome such barriers. A variety of

enhanced sampling methods are currently available, each offering unique advan-

tages and limitations. These techniques are designed to facilitate the exploration

of the configuration space by overcoming energy barriers, thus enabling more ef-

ficient sampling of rare yet critical events. Advances in the development of more

sophisticated CVs, including those driven by machine learning, are helping address

these sampling challenges. These novel CVs, tailored to drug discovery applica-

tions, are improving the efficiency and accuracy of sampling, further enhancing the

potential of MD approaches in rational drug design.

The second critical factor to consider is that computer simulations generate mi-

croscopic structural ensembles, where the statistical weights are determined by

the theoretical model used. In protein-ligand simulations, the theoretical models

commonly employed are FFs. As a result, the accuracy of simulation outcomes is

directly dependent on the precision of the FF utilized. To overcome these limi-

tations, machine learning-based FFs have been developed, providing a promising

approach to enhance the representation of potential energy surfaces. In particular,

our group has recently introduced a novel Neural Network Potential (OBIWAN),

which holds significant potential for advancing the field by offering more accurate

and flexible models for simulating molecular systems [191].

In the end, convergence issues, though often overlooked, can significantly affect

the reliability of computational results. These problems can arise in different con-

texts, such as sampling convergence, which is commonly encountered in MetaD

simulations, or computational convergence, which occurs when using specific free

energy estimators. Achieving convergence is essential for obtaining robust, repro-

ducible results. For free energy estimators, performing rigorous statistical analyses

is crucial to evaluate and validate convergence. For instance, in our work [P1], we

presented a detailed study on the convergence of free energy calculations, emphasiz-

ing the importance of systematic convergence assessments to ensure the reliability

and accuracy of computational results.

In conclusion, all of these recent advancements are paving the way for the broader

adoption of MD-based methodologies in drug discovery, enriching the toolkit for es-
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timating binding and unbinding free energies. These computational strategies hold

the potential to accelerate the identification and optimization of novel bioactive

compounds, thereby significantly advancing the drug discovery process.

Building upon the theoretical framework presented thus far, the following chapters

detail the practical application of these principles. I present the development and

progressive refinement of our novel computational pipeline based on nonequilibrium

methodologies. All data and scripts necessary to reproduce our results are publicly

available at https://gitlab.iit.it/hpc/FreeEnergyPath/. Some scripts and

simulations require the BiKi Software, and a temporary license can be requested

for free to reproduce our findings. In addition, the concluding chapters explore

complementary investigations that continue to hold significance within the broader

context of drug discovery.
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Chapter 4

Bidirectional Path-based

nonequilibrium simulations for

binding free energy [P1]

4.1 Aim and Objectives

Driven by the growing interest in nonequilibrium techniques [192, 193, 194, 195]

and the advancements in parallel and GPU-based computing architectures, we

want to propose a new computational pipeline for calculating binding free energy

in the nonequilibium scenario. This novel approach builds on a previous workflow

developed in our laboratory [180] and introduces novel features that facilitate easy

parallelization of simulations. As a result, this method based on nonequilibrium

simulations and nonequilibrium estimators has the potential to significantly reduce

the time needed to obtain accurate estimates of binding free energy, while also

providing valuable insights into the molecular-level binding mechanism.

4.2 Introduction

The binding free energy ( ∆Fb ) of a potential drug to its macromolecular tar-

get is a critical metric directly linked to the drug’s affinity. As such, it is a key
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parameter in optimizing new drug candidates during the drug discovery process

[4, 11]. Estimating binding free energy, however, remains a significant computa-

tional challenge, especially in complex biological systems with many degrees of

freedom. Indeed, modern computational methods frequently struggle with practi-

cal applications in pharmaceutical systems, primarily due to challenges in achieving

reliable convergence in free energy estimations.

To address these limitations, enhanced sampling methods can be used. As out-

lined in Section 2.5.1, these methods generally follow two main approaches: (i)

alchemical methods and (ii) path-based methods. The latter not only estimate

free energy, but also provide valuable insights into the binding mechanism at the

molecular level. Additionally, as explained in Section 2.5.2, statistical free energy

estimators used to compute ∆Fb from simulations can be categorized into two cat-

egories: (i) equilibrium free energy estimators [138], and (ii) nonequilibrium free

energy estimators [139]. While the former approaches are well established and

widely used, the latter family has emerged more recently and has gained increasing

attention in recent years due to its inherent advantages.

The presented study explores the possibility to apply nonequilibrium free energy

estimators within path-based methods for binding free energy estimation. The

proposed protocol incorporates novel features that facilitate straightforward paral-

lelization of simulations, potentially leading to a substantial decrease in the com-

putational time needed to achieve accurate binding free energy estimates.

4.3 Methods

Nowadays, various path-based enhanced sampling methods are available to accu-

rately sample rare events and reconstruct the free energy profile related to protein-

ligand binding [105]. However, selecting an ideal CV to describe the physical path

remains a challenge. Starting from previous research from our laboratory on free

energy calculations of protein-ligand interactions [180], we expanded this method-

ology to a nonequilibrium framework. In this work, we propose replacing the inher-

ently sequential MetaD algorithm with a straightforwardly parallelizable approach
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that also offers improved control over convergence. Additionally, we introduce a

semi-automated protocol for PMF reconstruction utilizing SMD and PCVs. This

protocol allows to estimate the standard protein-ligand binding free energy, which

can be compared successively with experimental values.

As highlighted in Section 2.4.2, SMD is a nonequilibrium technique, thus nonequi-

librium estimators as the CFT [148, 186] or the JE [144, 145] are required to

reconstruct the PMF and calculate the binding free energy. In our pipeline, SMD

is applied in combination with PCVs, leading to the following equation for the

time-dependent harmonic potential R(x, t):

R(x, t) ≡ 1

2
k(S(x)− Ŝ(t))2 (4.1)

where Ŝ(t) represents the pulling coordinate, which advances at a constant velocity

throughout the simulations, transitioning from the initial to the final state.

The details of our computational pipeline are reported below, where we provide

a thorough explanation of the definition and formulation of the PCVs used, the

reconstruction of the PMF from work values, and the calculation of the standard

free energy of binding.

Figure 4.2 illustrates the five key steps of this innovative workflow: (i) generation

of an initial guess path, (ii) preparation and optimization of the minimum free

energy path, (iii) SMD simulations via PCVs, (iv) application of nonequilibrium

estimators and PMF reconstruction, and (v) computation of the standard binding

free energy.

4.3.1 Path collective variables and Path definition

The first stage of the pipeline is an exploratory step aimed at identifying an opti-

mized minimum free energy path, which will subsequently be used in combination

with PCVs. To generate initial candidate trajectories that explore the unbind-

ing event under investigation, ABMD simulations [135] are employed, using an

electrostatic-like collective variable [196, 197, 198]. In this approach, a target

value for the CV is set, and a moving harmonic restraint ensures it is reached
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within a finite time [135]. A key advantage of this method is its gentle application

of restraints, allowing the system to evolve through thermal fluctuations rather

than a predefined time schedule, as seen in SMD. To run these simulations, we

employ an electrostatics-like CV previously validated in in our laboratory [198].

Essentially, this electrostatics-like CV is a Yukawa (or screened-Coulombic) poten-

tial that, instead of relying on the original system charges, assigns equal formal

charges (opposite in signs) to the ligand and the binding site, respectively. Thus,

the resulting electrostatics-based ABMD uses a fictitious electrostatic potential to

promote ligand dissociation. Through this approach we guide the systems towards

a zero electrostatic-interaction energy between the protein and the ligand, which

corresponds to the complete dissociation of the two partners. This method ensures

a smooth dissociation of the ligand over time.

From this initial set of unbinding trajectories, the one with the shortest unbinding

time, highest frequency of occurrence, and a mechanistically relevant pathway is

selected as the starting point for subsequent path optimization. The refinement

process of the path involves two sequential algorithms: the principal path algorithm

[199] and the equidistant waypoint algorithm [180]. The principal path algorithm, a

machine learning-based approach, constructs a smooth transition pathway between

the bound and unbound states by selecting a series of representative conformations

from MD data. The equidistant waypoint algorithm then refines this path using

consecutive short SMD steps, ensuring equally spaced configurations in the path

(based on RMSD), which is crucial for the definition of PCVs.

The equations defining the two PCVs, S(x) and Z(x), are provided in Section

2.4.1, specifically in Equations 2.41 and 2.42. As anticipated, PCVs describe the

position of the system in configurational space relative to a predefined transition

path, providing an effective framework for analyzing ligand unbinding mechanisms.

Moreover, a graphical representation of S(x) and Z(x) using a simplified host-guest

complex is shown in Figure 4.1. This illustration provides a visual understanding of

how these collective variables describe the system’s progression along the binding

and unbinding pathway.
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4.3.2 Nonequilibrium Simulations and Free Energy Esti-

mation

During 2-sided SMD simulations, PCVs guide simulations along the predefined

pathway reducing ambiguities in the process evolution and effectively acting as an

implicit restraint. This approach enables the implementation of bidirectional al-

gorithms, where both forward and reverse calculations contribute to the analysis.

The SMD harmonic restraint at constant velocity (Eq. 4.1) is applied along the

pulling coordinate Ŝ(t), which tracks movement along the reference path. Addi-

tionally, harmonic restraints are imposed to confine the system along Z(x), which

are activated only when a specified threshold is exceeded.

During all these irreversible simulations, the Jarzynski work (Eq. 2.60) is computed

and than used to reconstruct the PMF. Particularly, for the systems investigated

in this study, we conduct 50 independent binding and unbinding simulations using

the same protocol, and we collect WJ values to construct work profiles. Moreover,

simulations are performed at different pulling speeds to assess how the pulling rate

and the number of replicas influence the convergence of free energy estimates.

In nonequilibrium scenario, the observed WJ represents the energy required to

transition the ligand between bound and unbound states. On average, this value

exceeds the binding free energy by an amount known as the dissipated Jarzyn-

ski work (Eq. 2.61). Higher pulling speeds in SMD lead to increased dissipation

of work. Thus, balancing computational efficiency and accuracy presents a chal-

lenge: while shorter simulations maximize the benefits of parallel high-performance

computing, excessively fast trajectories can lead to significant dissipation. In this

study, we explore the optimal trade-off between execution speed and the reliable

convergence of free energy estimates. Moreover, we analyze the contribution of

WJ to the overall calculations while distinguishing its impact from the statistical

efficiency and potential bias of the estimators.

Subsequently, nonequilibrium estimators are applied to the WJ values obtained

from the simulations to compute the PMF. The protocol relies on both JE and

its bidirectional version the CFT, with a maximum likelihood formuation of the
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CFT [142]. Practically, with the same number of forward and backward replicas,

we solve iteratively the following equation in a self-consistent way:

⟨{1 + exp[β(W f
J −∆FAB)]}−1⟩A→B = ⟨{1 + exp[−β(W b

J −∆FAB)]}−1⟩B→A (4.2)

where ∆FAB is the free energy difference between the states A and B of the system

(∆FAB = F (B) − F (A)); and the subscripts f and b denote the forward and

backward transformations, respectively.

Considering the PCVs definition in our workflow, we effectively solve the following

equation:

⟨{1 + exp[β(W f
J −∆FSiSi+1

)]}−1⟩A→B = ⟨{1 + exp[−β(W b
J −∆FSiSi+1

)]}−1⟩B→A

(4.3)

where W f
J and W b

J are the work values from forward and backward simulations

related to the Si, Si+1 interval. The PMF F (Si+1) is F (Si) + ∆FSiSi+1
and the i

index represents the i-th configuration along the path. The PMF is reconstructed

by progressively solving Eq.4.3 for increasing values of i. A similar method is

applied for the JE too.

4.3.3 Overall Computational pipeline

In summary, our novel nonequilibrium workflow consists of five key steps:

1. Generation of an initial trajectory describing the unbinding event under in-

vestigation with ABMD coupled with an electrostatic-like CV [198]. Multiple

exploratory simulations are run, and from these preliminary trajectories, the

one with the highest frequency and mechanistic relevance is selected as the

initial guess path.

2. Identification of a putative minimum free energy path through two path al-

gorithms. First, the unbinding guess path is optimized in the configurational

space using the machine learning-based principal path algorithm [199]. This

is followed by refinement using an enhanced version of the Equidistant Way-

points Algorithm [180]. The result is a smooth path composed of equidistant
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molecular configurations that accurately represent the unbinding process.

3. Running nonequilibrium bidirectional SMD simulations following the refer-

ence path via PCVs. During these irreversible simulations, the WJ values

are computed and collected to reconstruct the work profiles. Particularly,

for each integer value Si, the WJ corresponding to each replica is computed.

Several binding and unbinding SMD simulations are run (following the same

transformation protocol) until convergence of the binding free energy estimate

is reached.

4. PMF reconstruction through the use of nonequilibrium estimators via the

devised automatic procedure. Specifically, JE and CFT are applied to all

replica WJ values associated with a given Si to determine individual points

along the PMF profile. This process is repeated for all integer values of Si,

ultimately generating the free energy profile along S.

5. Finally, the standard binding free energy is determined by summing the bind-

ing free energy obtained from simulations with the standard volume correc-

tion term, as suggested by Doudou et al. [200]:

∆F ◦
b = ∆Fb −∆Fv = −RT ln

Qsite

Qbulk

−RT ln
Vbulk
V ◦ (4.4)

Here, ∆Fb is the ratio of the canonical partition functions of the bound (Qsite)

and unbound (Qbulk) states, calculated by integrating the PMF:

Qsite

Qbulk

=

∫
site

exp
(
−F (S)

RT

)
dS∫

bulk
exp

(
−F (S)

RT

)
dS

(4.5)

To compute this ratio, a reference frame that distinguishes between the two

regions is necessary. The discriminating value of S(x) corresponds to a spe-

cific molecular configuration along the reference path. This value is deter-

mined through an analysis of the PMF, supplemented by visual inspection of

the trajectories.

Than, the standard volume correction term (∆Fv) is computed to obtain
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standard estimates that can be compared with experimental values. ∆Fv ac-

counts for the difference in free energy when considering the standard-state

volume V ◦ of 1661 Å3(corresponding to a 1 M concentration) instead of the

unbound volume Vbulk sampled during the simulations. Specifically, we first

identify ligand configurations along the reference path that represent the un-

bound state. These configurations are aggregated, and the solvent-excluded

surface is computed over the merged structure. The resulting volume serves

as an estimate of the effective unbound space sampled by the ligand. This

correction is calculated using NanoShaper [201] and the BiKi software [202].

Notably, all these steps are designed under the assumption of a stiff spring approx-

imation, ensuring a clear correspondence between the instantaneous value of S(x)

during the simulation and the time-dependent center of the harmonic potential

Ŝ(t), thereby avoiding any ambiguity.

In the end, the errors associated to our estimates are evaluated using the boot-

strapping method [203], which is a standard approach for statistical error esti-

mation. This procedure involves generating multiple virtual datasets by sampling

with replacement from the original n samples. The statistical quantity of interest is

calculated for each virtual dataset, and the final estimate is obtained by averaging

the results across all bootstrap samples. In this study, n trajectories associated

with Jarzynski work values are used. Bootstrapping is applied to the work values

corresponding to each integer value of the pulling coordinate. The nonequilibrium

estimator is then used to compute multiple estimates of ∆Fb, and their average

provides both the average binding free energy and its associated uncertainty.

More detailed information on each stage of the pipeline, along with the specifics of

system preparation and simulation setups, can be found in reference [P1].
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Figure 4.1: Pictorial representation of PCVs for the host-guest system. S(X) quantifies
the position along the predefined path connecting the bound and unbound states. Z(X)
measures the deviation of actual trajectories from this reference path, capturing how far
the system strays from the intended route.

Figure 4.2: Graphical overview of the semi-automatic computational workflow

Figure 4.3: The three selected systems, arranged in order of increasing size and com-
plexity. From left to right: HST-GST (curcubit[8]uril(CB8)-G8) serves as a toy model
for fine-tuning and validating the pipeline; Trypsin-Benzamidine is used as a standard
benchmark system for free energy methodologies; and Abl tyrosine kinase-Gleevec rep-
resents a challenging yet therapeutically significant system.
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4.4 Results and Discussion

The proposed computational strategy is first tested on a simplified toy model to

evaluate its validity in reconstructing the free energy profile along S(x). After suc-

cessful validation, the approach is applied to a more complex system: the Trypsin-

Benzamidine binary complex. Finally, the method is used to study a challenging

system involving the c-Abl tyrosine kinase and its inhibitor, Gleevec. The three

chosen systems exhibit progressively larger dimensions and greater complexity, as

illustrated in Figure 4.3. All simulations are conducted using GROMACS 2021.4

[204] integrated with PLUMED 2.9 [205].

4.4.1 CB8-G8 System

The host–guest complex formed by cucurbit[8]uril (CB8) and the guest molecule

G8 serves as a simplified molecular model for validation purposes (depicted as

the first molecule in Figure 4.3). This system was previously studied using Well-

Tempered MetaD with PCVs to reconstruct its PMF [180]. The primary objective

of this application is to evaluate the ability of our new protocol, which leverages

bidirectional SMD and nonequilibrium estimators, in accurately reproducing the

PMF along the defined PCVs.

The CB8-G8 complex is parameterized using the GAFF with AM1-BCC point

charges. The system is solvated with TIP3P water molecules, and sodium and

chloride ions are added to neutralize it. By using the previously defined reference

path [180], we run 50 replicas of bidirectional SMD with PCVs in the NVT en-

semble, using different steering velocities. Non-bonded interactions are handled

with a 12 Å cutoff, and long-range electrostatic interactions are computed using

the Particle Mesh Ewald method with a grid spacing of 1.6 Å. For production

runs, all simulations start from the same initial configuration but with different

initial velocities (i.e., utilizing different random number seeds). Additionally, to

ensure accurate and reproducible results, PME cutoff adjustments by GROMACS

are disabled during the calculations.

To evaluate the impact of pulling speed on the free energy profile along S(x) and
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Figure 4.4: PMF of the CB8-G8 complex along S(x) obtained by applying the CFT to
150 ns long SMDs on PCVs overimposed to PMF resulting from Ref. [180]. The overlay
demonstrates nearly perfect quantitative consistency between the two results

the convergence of the estimator, SMD simulations are performed at five simu-

lation times: 10 ns, 25 ns, 50 ns, 100 ns, and 150 ns. Than, all the PMFs (at

different velocities) are reconstructed by using iteratively both CFT and JE. As

demonstrated in Figure 4.4, the CFT-derived PMF from the longest simulations

(i.e., 150 ns) show excellent agreement with previous MetaD results [180],

4.4.2 β-Trypsin-Benzamidine System

As a more realistic benchmark, we select the β-Trypsin-Benzamidine (TRY-BEN)

binary complex, a widely studied model for testing computational approaches for

protein-ligand binding [200, 128, 206]. In this system (depicted as the second

molecule in Figure 4.3), the ligand-receptor interactions are mainly electrostatic

forces and hydrogen bonding, giving an experimental binding free energy of -6.2

kcal/mol [207].

Following Ref. [208], the crystallographic structure with PDB code 3PTB is used

as a starting point to model the TRY-BEN complex. The Trypsin protein is mod-

eled using the AMBER99SB [71] FF, while the Benzamidine ligand is represented

with GAFF parameters and AM1-BCC point charges. The system is solvated in
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explicit TIP3P water molecules within a cubic box, with the protein placed 1.2

nm away from the box edges. Sodium and chloride ions are added to achieve a

physiological salt concentration of 0.15 M and ensure electric neutrality. Than, the

solvated and neutralized complex is energetically minimized using 50000 steps of

the Steepest Descendent algorithm. This energy minimisation process is followed

by three equilibration stages:

1. An initial NVT simulation of 500 ps. The Bussi-Donadio-Parrinello thermo-

stat [87] is used to thermostat the system at 300 K, with harmonic restraints

of 1000 kJ/mol applied to the heavy atoms of both the protein and ligand.

2. NPT simulation of 500 ps. The Berendsen Barostat [86] controls the pressure

at 1 atmosphere, while the system is thermostated at 300 K. 1000 kJ/mol

harmonic restraints are applied to the non-hydrogen atoms of both the protein

and ligand.

3. NPT 1 ns equilibration simulation at 1 atmosphere and 300 K (using the

same barostat and thermostat) where all atoms can move freely.

The structure obtained from the final equilibration step is used as the starting

point for the production simulations in the NVT ensemble.

Path Collective Variables and nonequilibrium simulations

The initial guess path is generated by performing several 10 ns ABMD simulations

in the NVT ensemble using BiKi [202], with the electrostatics-like CV [198] as de-

scribed earlier. Chemical bonds involving hydrogen atoms are constrained by using

the LINCS algorithm, enabling a 2 fs integration step. Non-bonded interactions are

handled with a 12 Å cutoff, while long-range electrostatic interactions are computed

using the PME method with a grid spacing of 1.6 Å. After identifying the most

likely unbinding trajectory, path algorithms are employed to define a minimum free

energy path, consisting solely of the ligand atoms. This optimized minimum free

energy path is composed of 52 equidistant conformations representing the ligand

(un)binding process.

Following this path, we perform bidirectional SMD simulations via PCVs with
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different steering velocities in the NVT ensemble. The same parameters and SMD

protocol used for the toy model are employed for this system as well. In theory,

conducting fast SMD simulations with a small number of trajectories could enable

quick free energy calculations. However, in practice, this approach may result in

poor convergence of the estimates. To assess the accuracy of our method when

using a finite number of nonequilibrium trajectories and high pulling speeds, we

conduct 50 binding and 50 unbinding SMD simulations, varying the simulation

durations from 10 to 150 ns.

From these bidirectional SMD simulations, we calculate the WJ performed on the

system during the irreversible processes. These work profiles for the two limiting

cases are illustrated in Figure 4.5. As shown in the upper section of Figure 4.5,

during unbinding simulations the cumulative WJ starts close to zero, as the com-

plex is initially in the bound state. As the simulation progresses, the cumulative

WJ gradually increases, reaching eventually a plateau when the system is in the

unbound state. Notably, for longer simulation times, the cumulative WJ tends to

decrease, as slower steering velocities lead to less dissipated work and, consequently,

lower WJ . In contrast, during binding simulations (lower section of Figure 4.5),

WJ begins close to zero, since the ligand is initially in the unbound state within the

solvent. As the simulation progresses, the absolute value of the work increases but

becomes more negative (to maintain consistency with the unbinding simulations).

For very fast SMD simulations, the total WJ is largely positive, reflecting a higher

amount of dissipated work. However, for longer simulations, the dissipated work is

reduced, and negative values of WJ become more likely.

PMF and Binding Free Energy estimation

With our semi-automatic algorithm, both the CFT and JE derived PMFs at differ-

ent simulation times along S(x) are reconstructed, as shown in Figure 4.6. Here,

S(x) = 0 corresponds to the bound state, while S(x) = 1 to the unbound state

(normalized [1, p] to [0, 1]). As can be seen, the longer the simulation times, the

lower the free energy values associated with the fully solvated ligand state (repre-

sented by the plateau in the PMF).
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To compare the free energy profiles obtained using the bidirectional CFT estimator

and the unidirectional JE, we reconstruct the PMFs for both binding and unbind-

ing simulations with the JE. In unbinding simulations (Figure 4.6b), the trend

seen in the CFT-derived PMFs for different simulation times is also observed in

the Jarzynski-based PMFs. However, the plateaus corresponding to the unbound

state occur at higher free energy values when using this estimator. In binding simu-

lations, applying JE results in significant noise in the PMF (Figure 4.6c), especially

at higher pulling speeds. This is due to the high dissipated work, which influences

the exponential average used in the Jarzynski-based PMF calculation. Despite the

noisy PMF from the 10 ns SMD, the trend in the binding simulations reverses

compared to the CFT-derived profiles. Longer binding simulations generate more

negative values of Jarzynski work, allowing more replicas to reach negative values

in the bound state.

Subsequently, we compute the binding free energy from the obtained PMFs. Bind-

ing free energy estimation requires the calculation of the ratio between the bound

and unbound partition functions. This ratio is computed as the PMF integral over

the bound region divided by the integral over the unbound region (Eq. 4.5). The

value of S(x) discriminating these two regions, as suggested by Doudou et al [200],

corresponds to the point where the PMF stabilizes within the statistical noise, and

the ligand is solvated. Accordingly, a discriminating configuration between the 6th

(partially docked conformation) and the 8th (partially solvated state) points of the

free energy profile results meaningful. In this study, the discriminating frame is

selected corresponding to the 8th configuration.

Lastly, all the PMF-derived binding free energies are corrected with the standard

volume correction term, resulting in ∆F ◦ comparable with the experimental bind-

ing affinity. Outcomes for all simulation times are reported in Table 4.1 and sum-

marized in Figure 4.7. These results indicate that, as the simulation time increases,

the estimated binding free energies progressively converge toward the experimental

values. Particularly, for 100 ns SMD simulations, the binding free energy is -6.6 ±

0.5 kcal/mol, demonstrating a strong agreement with the experimental value. No-

tably, even with longer simulation times (i.e., 150 ns), we do not observe substantial
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changes in the estimate, reaching a binding free energy of -6.5 ± 0.4 kcal/mol.

Moreover, to further refine our estimates, we extrapolate the free energy value by

evaluating the complete free energy series as a function of steering time. The bind-

ing free energy convergence is modeled using a parameterized exponential function:

y = a(d− exp(−bx+ c)) (4.6)

where y is ∆F , x is the simulation time and a, b, c, and d are the exploration’s

parameters. For a quasi-static transformation (at infinite time), the extrapolated

binding free energy is -6.5 kcal/mol, showing a good agreement with the experi-

mental value.

The comparison between the bidirectional CFT and the unidirectional JE reveals

distinct biases in the latter. Specifically, applying the JE to binding simulations

tends to overestimate the binding free energy, whereas its application to unbind-

ing simulations leads to an underestimation. Consequently, the JE estimates from

binding simulations serve as the upper bound for the CFT-derived estimates, while

those from unbinding simulations represent the lower bound as represented in Fig-

ure 4.7 (it is a common characteristic of such estimation methods [149]). In ac-

cordance with the second law of thermodynamics, the Jarzynski work is always

equal or greater than the free energy difference, thus ⟨W f
J ⟩ and ⟨−W b

J⟩ represent
the limiting bounds of ∆F . The free energy difference obtained by integrating

forward and backward transformations (∆F̂CFT ) is expected to be constrained by

the forward and backward Jarzynski estimates (∆F̂f and ∆F̂b) following the rela-

tion: ∆F̂f ≤ ∆F̂CFT ≤ ∆F̂b. However, this condition is not strictly required [149].

Nonetheless, the use of one-sided free energy differences as bounds is generally

valid, as the average work serves as the first cumulant approximation of the JE.

Binding simulations show no clear trend in free energy or error reduction, but at

150 ns, the estimate (-5 ± 1 kcal/mol) aligns fairly well with experiments. In

contrast, unbinding simulations exhibit slow convergence, with the 150 ns result

(-10.2 ± 0.3 kcal/mol) still deviating from experimental values. Therefore, for the

β-Trypsin-Benzamidine complex, our study highlights the robustness and supe-
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10 ns 25 ns 50 ns 100 ns 150 ns

JE binding −4± 2 −2.7± 0.9 −3.7± 0.8 −5± 1 −5± 1
JE unbinding −20± 1 −17.1± 0.3 −14.2± 0.4 −10.6± 0.7 −10.3± 0.3
CFT −12± 1 −8.9± 0.3 −8.1± 0.3 −6.6± 0.5 −6.5± 0.4

Table 4.1: Standard binding free energies (kcal/mol) for TRY-BEN estimated using the
JE and CFT for increasing simulation times.

riority of the two-sided CFT estimator over the one-sided JE. The JE struggles

with poor convergence due to its reliance on rare low-work events, which dominate

the exponential average. These rare trajectories become even scarcer as the SMD

pulling speed increases, significantly amplifying the computational effort needed for

convergence. Consequently, the number of simulations required to achieve reliable

results with the JE can become impractically large. The bidirectional CFT estima-

tor, which leverages both forward and backward simulations, may appear to involve

higher computational costs compared to unidirectional estimators due to the need

to simulate both binding and unbinding processes. However, as highlighted by

Pohorille et al. [139], and supported by our results, two-sided estimators are more

reliable for estimating free energy estimates within the same computational time,

demonstrating their efficiency and robustness over one-sided approaches.

In addition, we evaluate the sensitivity of the binding free energy estimates to the

discriminating configuration selected to compute the ratio of partition functions

of the bound and unbound regions. To assess the impact of this PCV S(x) cutoff

selection on the estimation, we perform a sensitivity analysis: we extend the range

of the PCV S(x) between the 4th and the 16th configurations, which corresponds

to the fully unbound state. The analysis of the 150 ns simulations (Figure 4.8)

shows that variations in the binding free energy across different discriminating

configurations (x∗) remain minimal, within 1 kcal/mol for all estimators, even when

extending to the 16th configuration for the CFT estimator. This analysis indicates

that our estimates are insensitive to the choice of x∗, confirming the robustness of

using the ratio of partition functions for computing binding free energies.
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Figure 4.5: WJ profiles for the TRY-BEN system are presented for both unbinding (top)
and binding (bottom) simulations, with measurements taken over simulation durations
of 10 ns and 150 ns.
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Figure 4.6: Free energy profiles along S(x) for TRY-BEN obtained by applying the (a)
CFT to binding and unbinding SMD, (b) JE to unbinding SMD, and (c) JE to binding
SMD for increasing simulation times.
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Figure 4.7: Standard binding free energies (kcal/mol) for TRY-BEN estimated using
the JE and CFT for increasing simulation times compared to the experimental value of
-6.2 kcal/mol. Uncertainty is three times the bootstrap standard deviation.

Figure 4.8: Standard binding free energies (kcal/mol) variation for TRY-BEN computed
using the JE and CFT for 150 ns SMD simulations as a function of the discriminating
configuration compared to the experimental value of -6.2 kcal/mol.
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Convergence analysis

For the TRY-BEN system, we also perform a convergence evaluation of the binding

free energy with the number of replicas. As previously explained, to estimate

the binding free energy, 50 binding and unbinding simulations are performed at

different simulation times. Despite the inherent bias and variance errors in free

energy estimators due to finite samples (i.e., finite number of simulations), 50

replicas result sufficient to achieve convergence. Moreover,the variance dominates

over bias in all the estimates.

Using bootstrapping resampling with 500 repetitions for each number of replicas,

we conduct an extensive statistical analysis (with the error defined as 3 times the

standard deviation), showing that with 150 ns SMD simulations, the CFT estimate

stabilizes within 1% of the final value using around 20 replicas. Errors at this point

are less than 1 kcal/mol, representing under 5% of the binding free energy estimate

(Figure 4.9a).

In contrast, achieving convergence with the one-sided JE is more difficult due to

its poor performance with limited simulations. Additionally, its biased nature

and the kinetic asymmetry between binding and unbinding mean that convergence

in forward simulations does not guarantee convergence in backward simulations.

Figure 4.9b illustrates the trend of the binding free energy estimate and its relative

error as the number of replicas increases for unbinding simulations, while Figure

4.9c shows the same for binding simulations. For Jarzynski unbinding estimates,

convergence is reached within fewer than 10 simulations of 150 ns, with a bootstrap

error below 2%. However, despite low variance, the estimates stabilize around -10

kcal/mol, deviating from the experimental value of -6.2 kcal/mol. This indicates

that while the number of replicas is sufficient for low variance, true convergence

requires longer simulations to observe a stable reduction in dissipated work. In

contrast, Jarzynski binding estimates require more replicas for convergence, with

stability achieved around 40 replicas for 150 ns simulations, yet still showing a

percentage error exceeding 10% even with 50 replicas. The estimates resulting

from at least 40 binding replicas are about -5 kcal/mol, thus less biased than the

unbinding estimates. This can be attributed to the significant inherent variability
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of the binding process. In fact, the binding process introduces high variance but

maintains limited bias in JE due to relatively low kinetic barriers and dissipated

work. In contrast, the unbinding process, characterized by higher dissipated work,

exhibits significant bias but reduced bootstrap variance in the JE due to its more

constrained nature. Remarkably, the CFT estimator is able to get the best of these

two scenarios.

Considering the convergence analysis of the estimates with respect to the number

of replicas for simulations at other time scales, both CFT and JE estimates at 100

ns exhibit similar behavior to those at 150 ns, confirming the reliability of CFT

for the TRY-BEN system. However, achieving convergence in faster simulations is

more challenging, leading to greater errors compared to the experimental value.

In conclusion, our novel nonequilibrium approach using the CFT estimator achieves

convergence with 40 simulations (20 binding and 20 unbinding) of 100 ns each, to-

taling 4 µs of simulation time. While this may seem less efficient than other meth-

ods, the ability to run all simulations in parallel allows convergence to be reached

in just 100 ns of real-time execution when utilizing high-performance computing

resources. A deeper explanation of this statistical analysis is available in Ref. [P1].

4.4.3 Abl-Gleevec System

The c-Abl tyrosine kinase-Gleevec complex (shown as the third structure in Figure

4.3) is a highly relevant system, due to the therapeutic role of kinases in treating

various diseases and the strong inhibitory effect of Gleevec on c-Abl (∆Fb = -10.8

kcal/mol [209]). To further challenge our protocol, we apply it to this pharmaceu-

tically relevant complex. Gleevec, a widely used anticancer drug today, exhibits

high molecular flexibility and a large size, thereby introducing additional complex-

ity and making this system more demanding than previously studied benchmarks.

The protocol presented for TRY-BEN system is applied to Abl-Gleevec, generating

a putative minimum free energy path with 90 molecular configurations describing

the ligand (un)binding process. Than, two-sided SMD simulations are run at three

simulation times: 10 ns, 50 ns, and 100ns. Notably, the large size of the solvated

Abl-Gleevec system, with hundreds of thousands of atoms, significantly increases
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Figure 4.9: Standard binding free energies (kcal/mol) for TRY-BEN estimated using
the (a) CFT and JE on (b) unbinding and (c) binding simulations for 150 ns SMD as
a function of the number of replicas. Uncertainty is three times the bootstrap standard
deviation.
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the computational cost of all the simulations.

As discussed earlier, Jarzynski work profiles for binding and unbinding simulations

are reconstructed at each simulation time (Figure 4.10). In the early stages of

unbinding simulations, the WJ remains low, corresponding to the bound state. As

the unbinding progresses, WJ gradually increases, eventually reaching a plateau

at the unbound state. Similar to the results observed for TRY-BEN, this plateau

occurs at lower WJ values as the simulation time increases, primarily due to the

dissipation reduction. For binding simulations, WJ starts near zero while Gleevec

is in the bulk solvent. As the simulation progresses and the binding event occurs,

the work increases rapidly, eventually reaching values comparable to or even higher

than those observed during the unbinding simulations. Interestingly, the observed

behavior contradicts the expected trend. Binding appears to be an unfavorable

event, even for the 100 ns simulations, where only a small reduction in the cumula-

tive WJ is observed. This suggests that for this complex system, 100 ns SMD still

corresponds to a high pulling speed, resulting in significant dissipated work. Due

to this high dissipated work, nonequilibrium estimators fail to produce converged

estimates, unlike in the TRY-BEN case, where the pulling time selected was suf-

ficient. The binding free energy estimates from 50 binding and 50 unbinding 100

ns simulations using the unidirectional JE are -72 kcal/mol for unbinding and +57

kcal/mol for binding. In contrast, the bidirectional CFT estimator gives a value of

-4 kcal/mol. While the bidirectional CFT estimator reduces the large discrepancies

between the forward and backward processes compared to the experimental value,

the result still deviates from the experimental data. The associated estimated error

is ±8 kcal/mol, indicating that the simulations have not yet converged. Addition-

ally, the trend of the binding free energy estimate for Abl-Gleevec as a function of

simulation time shows no signs of flattening by 100 ns. In comparison, for TRY-

BEN, the trend’s slope decreases with longer simulation times, converging at 100

ns (Figure 4.7).

The primary factor contributing to the lack of convergence is the significant dissipa-

tion observed during binding and unbinding events. Although reducing the pulling

speed in SMD simulations could mitigate this effect, doing so would demand sim-
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Figure 4.10: The Jarzynski work profiles are presented for both unbinding (upper
section) and binding simulations (lower section) for Abl-Gleevec system. Measurements
are taken over simulation time of 10 ns and 100 ns.

ulation times exceeding 100 ns per trajectory, rendering the approach impractical

for drug discovery applications. Consequently, alternative strategies must be con-

sidered when dealing with large and complex systems. We believe these should

focus on minimizing dissipation and involve the development of specific criteria for

optimally defining the reference path and PCVs. The Abl-Gleevec system, in par-

ticular, highlights the current limitations of our protocol, which will be discussed

and addressed in detail in the following sections.

4.5 Conclusion

Starting from previous research on binding free energy calculations [180], we adapt

this methodology to a nonequilibrium framework. The proposed approach is first

validated on a simplified toy model before being applied to the well-established

trypsin-benzamidine system as a benchmark. Finally, we test the new computa-

tional pipeline on a more complex pharmaceutical system to further evaluate its
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performance. The results confirm the applicability of this innovative approach

while also identifying its limitations. Furthermore, the study underscores the rele-

vance and effectiveness of Jarzynski [144, 145] and Crooks [148, 186] estimators in

the context of nonequilibrium free energy calculations for biological systems.

In particular, this study explores the integration of nonequilibrium methods with

PCVs, leveraging their computational advantage of natural parallelism. The results

demonstrate that this approach can yield accurate binding free energy estimates for

small to moderately sized systems while providing detailed molecular-level insights.

Moreover, our investigation highlights that, while the WJ is statistically inefficient

when applied via the JE, combining WJ with the CFT produces reliable results.

This method aligns with previous findings [210] and emphasizes the importance of

distinguishing the inefficiency of the JE.

Therefore, for moderate-sized systems, our CFT-based results correlate well with

experimental data. However, the method encounters challenges with larger, more

complex systems, such as the Abl-Gleevec complex, where results are less accurate.

Efforts to refine the protocol for its application to larger systems while maintaining

reasonable computational costs are presented in the following sections.

In conclusion, the combined use of CFT, SMD via PCVs, andWJ is a promising ap-

proach for estimating binding free energy in systems of moderate size and complex-

ity. This method shows potential for broader applications, such as protein-protein

interactions. Furthermore, its suitability for massively parallel computational ar-

chitectures and straightforward convergence assessment makes it a valuable tool

for computational drug discovery researches.
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Chapter 5

Minimizing dissipation in

nonequilibrium binding free

energy simulations [P2]

5.1 Aim and Objectives

As anticipated, equilibrium methods for free energy estimation are now well estab-

lished, whereas nonequilibrium approaches offer both promising computational ad-

vantages and inherent challenges. While nonequilibrium simulations enable straight-

forward parallelization, the substantial irreversible work produced during the steer-

ing process can impede the convergence of free energy estimators. Starting from our

established nonequilibrium pipeline and recognizing its limitations (Section 4 [P1]),

this work aims to investigate key factors that contribute to the dissipation observed

during irreversible SMD simulations. Our focus lies in examining the influence of

both the water model and the parametrization of PCVs on the convergence rate

of nonequilibrium free energy estimators. In the end, we want to propose prac-

tical strategies to accelerate convergence and reduce dissipation in protein-ligand

binding free energy computation using physical path-based approaches.
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5.2 Introduction

In the context of MD simulations, several computational approaches have been

developed to estimate the free energy difference between two equilibrium states of a

system. Among them, nonequilibrium techniques have gained increasing attention

in recent decades [105]. These methods rely on a crucial measured quantity, the

Jarzynski work (Eq. 2.60), which represents the cumulative time-dependent change

in the system’s Hamiltonian [143]. According to the second law of thermodynamics,

in a quasi-static ideal transformation, WJ corresponds to the difference in free

energy. However, for nonequilibrium, irreversible transformations in real world

systems, the work typically exceeds the free energy difference by an additional

amount known as the dissipated work, W diss
J (Eq. 2.61) [144].

During a single simulation, the observed Jarzynski work is a random variable that

can be decomposed into two contributions: its deterministic part, which is the free

energy difference, and the dissipation that occurs during the process. Therefore,

in addition to Eq. 2.61, the W diss
J can be formulated as:

W diss
J = ⟨∆FAB +W diss,traj

J ⟩ −∆FAB ≥ 0 (5.1)

where ∆FAB = F (B)− F (A), and W diss,traj
J is the incurred dissipation.

In the nonequilibrium scenario, calculating ∆FAB requires nonequilibrium estima-

tors in order to consider WJ values obtained from multiple irreversible trajectories

(executed under the same simulation protocol). As highlighted in Chapter 2.5, the

primary nonequilibrium estimators include JE [144, 145] and CFT [148, 186], which

follow different estimation approaches. Particularly, JE determines the equilibrium

free energy difference between the system’s states by relating it to the external WJ

through an exponential averaging method (Eq. 2.62). This exponential average

is computed using N sampled unidirectional trajectories, and due to its inherent

properties, JE is classified as a unidirectional estimator. Unidirectional JE is com-

monly applied for free energy estimations, but it is known to present challenges

in statistical convergence (a limitation we have also demonstrated in our previous
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work [P1]). This issue arises because JE estimator relies on an exponential aver-

age, where the lowest WJ values (often infrequently sampled) heavily influence the

result. As a consequence, a significantly large number of finite-time simulations

may be required to obtain reliable convergence.

To overcome this limitation and enhance the accuracy of free energy estimates, the

bidirectional nonequilibrium CFT estimator is a valuable option (Eq. 2.63). Like

the unidirectional JE, CFT is also affected by dissipation. However, its bidirec-

tional framework yields improved efficiency in free energy estimation. By leveraging

CFT, the computation of ∆FAB is obtained by determining the point where theWJ

forward and backward distributions intersect. In contrast, JE requires precise sam-

pling of the tails of either the forward or backward WJ distribution. Consequently,

the bidirectional nature of the CFT facilitates a more straightforward discounting

of dissipated work during the estimation process. As discussed in the literature

[139] and reinforced by our previous work [P1], CFT is therefore more reliable than

JE for estimating free energy differences within a given computational budget.

In the last decade, both CFT and JE have been utilized in free energy calcula-

tions, whether following alchemical routes [146, 152] or path-based strategies [147].

However, convergence challenges frequently hinder the practical use of these esti-

mators. Their ability to reliably approach the correct free energy estimate is heavily

influenced by the amount of dissipated work produced during nonequilibrium sim-

ulations. Reducing this dissipated work leads to lower WJ , which accelerates the

convergence of nonequilibrium estimators to the true free energy difference. Thus,

minimizing dissipation becomes crucial for improving convergence and developing

efficient nonequilibrium strategies. Dissipation depends not only on the transfor-

mation path but also on the system’s physicochemical parameters, including the

endpoint Hamiltonians. All these factors must be considered when designing novel

nonequilibrium protocols.

As previously noted, nonequilibrium methods are computationally attractive due

to their inherent parallelizability, making them particularly suitable for resource-

intensive simulations such as protein–ligand binding studies. Consequently, they

serve as valuable tools for estimating binding free energies, ∆Fb (Eq. 2.52), in
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the context of drug discovery. In our initial work (Chapter 4), we investigated

the combination of nonequilibrium SMD via PCVs and nonequilibrium estimators,

prooving that CFT offers greater robustness and is less sensitive to convergence

issues than JE [P1]. Moreover, the approximate number of samples required for

the convergence of these nonequilibrium estimators is known to be influenced by

the amount of dissipated work during the transformation, following an exponential

relationship [139]. As dissipation increases, the number of trajectories needed for

convergence of ∆Fb becomes rapidly impractical. Therefore, the effectiveness of our

nonequilibrium protocol is closely tied to its ability to minimize dissipated work

throughout the process.

Based on our original nonequilibrium pipeline [P1], here we deeply examine the

challenges of estimating protein-ligand binding free energy using physical path-

based approaches. We identify two key factors that contribute to dissipation in

irreversible SMD simulations: the choice of the water model and the parametriza-

tion of PCVs. We want to define general applicable suggestions for selecting an

appropriate water model in nonequilibrium scenario and provide protocol-specific

insights for PCVs definition. Overall, we believe that strategies proposed in this

study significantly enhance both the convergence and accuracy of nonequilibrium

free energy estimations.

5.2.1 Water Models

In protein-ligand binding simulations, accurately representing water behavior is

crucial for obtaining meaningful results from MD simulations [91, 92]. Indeed,

more than 90% of the solvated system consists of the surrounding aqueous en-

vironment, which plays a crucial role in contributing to both the potential and

kinetic energy of the system. As explained in Chapter 2.3.6, explicit water models

are typically preferred for this purpose, as they offer sufficient accuracy for solvent

modeling. However, no single explicit model can perfectly replicate all experimen-

tal properties of water [96]. As a result, selecting the appropriate solvent model

requires careful consideration of its ability to capture the specific water-related

characteristics that are most relevant to the biological process under investigation
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[93, 94]. In protein–ligand binding simulations, fixed-charge 3- and 4-point models

remain the most widely used, striking a balance between accuracy and computa-

tional efficiency, despite the availability of more advanced models.

In this study, we systematically investigate how different water models affect dis-

sipation, the reconstruction of the potential of mean force in nonequilibrium sim-

ulations, and the estimation of binding free energies. In contrast with equilibrium

methods, nonequilibrium approaches like SMD are highly sensitive to kinetics and

energy barriers, influencing the amount of dissipated work. In this scenario, the

kinetic and mechanical properties of the water model play a crucial role, particu-

larly in small protein-ligand complexes with limited degrees of freedom. For these

systems water results the primary contributor to dissipation. Our analysis focuses

on assessing the effect of widely used water models on work dissipation and their

suitability for nonequilibrium simulations. For this work, we select two protein-

ligand complexes: β-Trypsin-Benzamidine, and glycogen synthase kinase 3 beta

(GSK-3β) with its ATP-competitive inhibitor.

5.2.2 Path collective variables

During nonequilibrium SMD simulations, the system evolves along a pathway con-

necting the initial and final states, which necessitates the definition of appropriate

CVs. CVs are function of a few coordinates that track the process progression, and

by using nonequilibrium estimators, the PMF can be reconstructed. To meet the

bidirectional simulation requirements of the CFT, our pipeline utilizes a specific

type of CVs, namely the PCVs [115]. PCVs (S(x) and Z(x) formulated in Eq. 2.41

and 2.42, respectively) are particularly suitable as they represent the position of

a point in the configurational space relative to a predefined path, enabling precise

tracking of both forward and backward transformations. Once the optimal path

describing the unbinding event is identified, the free energy profile along the PCV

S(x) can be reconstructed, leading to the correct estimation of binding free en-

ergy. However, if the reference path includes a mechanism that deviates from the

physically true binding process, it may introduce significantly high energy barriers,

resulting in increased dissipated work. This dissipation can hinder the accurate
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estimation of the binding free energy.

In this study, we examine the impact of the putative minimum free energy path and

PCVs on both the reconstructed free energy profile along S(x) and the estimation

of free energy from nonequilibrium simulations. We specifically investigate the T4

Lysozyme-N-phenylglycinonitrile complex, which presents unique challenges due to

the ligand being deeply embedded within the protein [211], a scenario not seen in

the systems studied before [P1]. Additionally, we provide strategies for selecting

an appropriate reference path, taking into account the specific characteristics of

the system under consideration.

5.3 Methods

To run SMD simulations with PCVs, reconstruct the PMF along S(x), and estimate

the binding free energy, we utilize our validated computational pipeline [P1]. Our

approach is based on the bidirectional CFT, which offers improved robustness and

faster convergence compared to the JE. However, in this study, both estimators are

applied to examine the varying amounts of dissipated work generated during the

binding and unbinding simulations.

The five key steps of our nonequilibrium approach have been previously outlined

in Section 4 and summarized in Figure 4.2. Accordingly, multiple SMD simula-

tions for both binding and unbinding processes are conducted iteratively until the

binding free energy estimate converges. The computational performance for the

analyzed systems ranged between 80 and 120 ns per day, utilizing a dual-socket

node equipped with Intel(R) Xeon(R) Silver 4210 CPUs and two Tesla V100 GPUs.

5.3.1 Selected systems

To evaluate the influence of water models on the binding free energy estimate and

the PMFs, we analyze two dyfferent complexes: β-Trypsin-Benzamidine binary

complex (TRY-BEN), and the glycogen synthase kinase-3 beta (GSK-3β) complex.

We start our systematic study with the TRY-BEN complex, which has an exper-

imental binding free energy of -6.2 kcal/mol [207]. Based on literature [211] and
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our findings, Benzamidine is partially buried within the β-Trypsin pocket. This

analysis includes both three-point water models (TIP3P, TIP3P-flexible, OPC3)

and four-point models (TIP4P, TIP4P-flexible, OPC). Since we have previously

examined TRY-BEN using TIP3P combined with SMD, PCVs, and CFT, we use

the reference path in TIP3P from our earlier work [P1]. TRY-BEN complex is

solvated with all the selected water models, resulting in 12847 and 12777 water

molecules for three- and four-point models, respectively. Each system undergo the

same minimization and equilibration steps as those performed for TIP3P.

To further evaluate the influence of water models on binding free energy esti-

mates, we analyze a second biologically relevant system: GSK-3β and its ATP-

competitive inhibitor 3-azanyl-N-(3-methoxypropyl)-6-[4-(4-methylpiperazin-1-yl)

sulfonylphenyl]pyrazine-2-carboxamide, a potential therapeutic target for Alzheimer’s

disease. Unlike TRY-BEN, this complex shows a shallow and exposed binding

pocket, with an experimental binding free energy of -10.5 kcal/mol [212]. The sys-

tem is first solvated in a cubic box using TIP3P water molecules, based on the

crystallographic structure with PDB code 4ACH. The protein is represented using

the AMBER14SB FF [63], while the ligand is modeled with GAFF [73] and AM1-

BCC point charges, assigning a +1 charge to the nitrogen in the 4-methylpiperazine

group (the detailed protocol is reported in Ref. [198]). To investigate the influ-

ence of various solvent models while also considering the TRY-BEN results, we

conduct additional simulations employing the three-point OPC3 model and the

four-point TIP4P and OPC models. Each system is solvated in a cubic box with a

1.2 nm buffer between the protein and box edges, resulting in 19213 water molecules

for OPC3 and 19519 for TIP4P/OPC simulations. To ensure electric neutrality,

Sodium and Chloride ions are added to the systems. The fully solvated protein-

ligand complexes then undergo energy minimization and equilibration, following

the same protocol used for TRY-BEN.

Finally, informed by the results on the most effective water model for minimizing

dissipation, we evaluate how inaccuracies in the reference path affect binding free

energy calculations. We explore how including different system degrees of freedom

in the reference path, as well as the effect of the upper wall on Z(x), influence work
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dissipation and convergence in nonequilibrium simulations. For this purpose, we

select T4 Lysozyme (Figure 5.15), a protein consisting of an N-terminal domain

(residues 1–70) and a C-terminal domain (residues 71–162), which forms an eight

α-helices barrel-shaped domain where the binding site is located. The binding

cavity properties vary with mutations: the L99A mutant has an apolar, solvent-

free pocket, whereas the L99A/M102Q mutant introduces a polar cavity able of

hydrogen bonding [213]. While previous research has extensively analyzed ligand

unbinding pathways in the L99A mutant, we focus on the less-studied L99A/M102Q

double mutant. Here, the M102Q substitution creates a buried more polar binding

site. Indeed, the replacement of Leucine with Alanine at position 99 generates a

150 Å3 hydrophobic pocket within the C-domain of the protein. However, the addi-

tional Methionine-to-Glutamine mutation at position 102 introduces a more polar

engineered cavity, which remains shielded from the bulk solvent. Particularly, we

select T4 Lysozyme L99A/M102Q in complex with N-phenylglycinonitrile (PDB

ID: 2RBN), a challenging system due to the deeply buried position of the ligand

[211, 12]. The binding interactions primarily involve electrostatic forces and hy-

drogen bonding (notably, a hydrogen bond between the (phenylamino)acetonitrile’s

amino group and Gln102), with an experimental binding free energy of -5.52 ± 0.18

kcal/mol [207]. The complex is modeled using AMBER99SB [71] for the protein

and GAFF with AM1-BCC charges for the ligand (with a total charge 0). Since

the crystallographic PDB structure lacked several lysine side chains, Swiss Model

[214] is used for preliminary modeling. Following the same protocol as for previous

systems, the complex is solvated with TIP3P water, neutralized, and equilibrated.

Additional information on the systems setup can be found in Ref.[P1, P2].

5.4 Results and Discussion

During nonequilibrium transformations, dissipation leads to irreversible processes

where the average work exceeds the free energy difference. This excess work is

defined as dissipated work (Eq. 2.61). Thus, the practical application of nonequi-

librium estimators is frequently limited by convergence challenges, as their accuracy

in obtaining reliable estimates is strongly influenced by the extent of dissipation
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occurring during simulations. This can be seen by substituting the definition of

WJ in the JE equation (Eq. 2.62) with the expression of the dissipated work (Eq.

2.61)

exp(−β∆FAB) = ⟨exp(−β(W diss,traj
J +∆FAB))⟩

1 = ⟨exp(−βW diss,traj
J )⟩

(5.2)

Here, a zero dissipation would lead to a straightforward identity.

Therefore, reducing dissipation is crucial for optimizing nonequilibrium protocol.

To achieve this, we systematically analyze two major contributors to dissipation:

the choice of water model and the definition of PCVs. Our study aims to develop

a nonequilibrium approach that effectively minimizes dissipation in both aspects.

5.4.1 Dissipation due to water model

In the initial part of the study, we examine how the choice of water model affects

the dissipated work during irreversible simulations. Particularly, we quantify the

dissipated Jarzynski work (Eq. 2.61) with the difference between the average final

cumulative Jarzynski work (Eq. 2.60) obtained from SMD and the converged CFT

estimate, ∆F̂CFT . W diss
J is evaluated for binding and unbinding simulations by

changing the water model. For this systematic study, both the TRY-BEN and

GSK-3β complexes are analyzed.

Considering the TRY-BEN system, the reference path previously established with

the TIP3P model is assumed to remain consistent across different water models.

This assumption is valid as the path was derived from unbinding simulations, where

water network displacement is not the key factor. Unlike binding simulations, which

may exhibit slight variations depending on the water model, the unbinding process

remains largely unaffected. Therefore, the same TIP3P-derived path is applied in

all bidirectional SMD simulations.

For the GSK-3β system, we determine the putative minimum free energy path using

our protocol, resulting in an optimized reference path comprising 118 equidistant

ligand conformations. This path is generated from ABMD unbinding simulations

performed in a TIP3P-solvated system. This path captures the ligand unbinding
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process and includes additional fictitious end-point conformations. Similar to TRY-

BEN case, it is assumed that the path remaines unchanged across different water

models, allowing its use in all bidirectional SMD simulation replicas.

To evaluate the impact of water FFs and steering velocities on the binding free

energy estimates, bidirectional SMD simulations are conducted at three different

simulation times with different water models. Following the same simulation setup

outlined previously [P1], 10 ns, 50 ns, and 100 ns bidirectional simulations are

run. To achieve stable and converged estimates, the TRY-BEN system required 50

replicas for 10 ns, 30 replicas for 50 ns, and 20 replicas for 100 ns. Similarly, the

GSK-3β system required 30, 25, and 15 replicas for the 10 ns, 50 ns, and 100 ns

simulations, respectively. This results in total simulation times of up to 4 µs for

TRY-BEN and 3 µs for GSK-3β. Notably, all these simulations can be executed in

parallel to optimize computational efficiency.

All the work profiles obtained from SMD simulations at different pulling speeds

and with different solvation models are reported below. For the TRY-BEN system,

the work profiles from the 10 ns unbinding and binding simulations are represented

in Figures 5.1 and 5.2, respectively. Similarly, Figures 5.3 and 5.4 display the

corresponding work profiles for the 100 ns simulations, providing insight into the

impact of different water FFs and longer simulation times on the binding and un-

binding processes. Moreover, for the GSK-3β system modeled with different water

modelss, the work profiles from the 10 ns SMD unbinding and binding simulations

are illustrated in Figures 5.5 and 5.6, respectively. Additionally, Figures 5.7 and

5.8 present the corresponding work profiles for the 100 ns simulations.

Than, by using our semi-automatic pipeline, we reconstruct the free energy profiles

along S(x), where S(x) = 0 corresponds to the bound state and S(x) = 1 represents

the unbound state. The resulting profiles obtained via CFT are shown in Figure 5.9

for TRY-BEN and Figure 5.10 for GSK-3β. The binding free energy is estimated by

computing the ratio of partition functions between the bound and unbound regions,

with the discriminating configuration identified as the 8th configuration along the

path for TRY-BEN and the 35th configuration for GSK-3β. Finally, the standard

volume correction term is used to refine the estimates, providing standard binding
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free energies that are directly comparable to experimental binding affinities.

For a comprehensive analysis, we compare the results obtained using the bidirec-

tional CFT estimator with those from the unidirectional JE estimator. The stan-

dard binding free energies calculated using the JE for both binding and unbinding

simulations across different water models are reported in Table 5.1 for TRY-BEN

and Table 5.2 for GSK-3β. According to these outcomes, the TIP3P model leads to

∆F̂J,u and ∆F̂J,b values showing the best agreement with the experimental affinity

for both systems.

In the end, the effectiveness of the method is evaluated in terms of both convergence

(variance) and accuracy (bias). Convergence is assessed by examining the stability

of the estimates as simulation time increases, while accuracy is determined based

on how well the estimates align with the experimental binding free energy upon

reaching convergence.

MODEL 10 ns 50 ns 100 ns

∆F̂J,u ∆F̂J,b ∆F̂J,u ∆F̂J,b ∆F̂J,u ∆F̂J,b

TIP3P -20 ± 1 -4 ± 2 -14.3 ± 0.5 -4 ± 1 -11 ± 1 -4 ± 2
TIP3P/Fw -16 ± 1 -2 ± 1 -14.5 ± 0.8 -4 ± 2 -9 ± 1 -5 ± 1
OPC3 -28 ± 2 0 ± 3 -17.7 ± 0.9 -2 ± 2 -15 ± 1 -1 ± 1
TIP4P -25 ± 2 -1 ± 4 -15.8 ± 1 -3 ± 3 -18.6 ± 0.9 -2 ± 2
TIP4P/Fw -23 ± 2 0.1 ± 0.9 -13 ± 2 -2 ± 6 -11.7 ± 0.3 -2 ± 3
OPC -22 ± 1 0 ± 2 -16.9 ± 0.6 -1 ± 1 -10 ± 2 -2 ± 2

Table 5.1: Standard binding free energies (kcal/mol) computed with the Jarzynski
estimator (from unbinding and binding simulations) for TRY-BEN solvated with different
water models for different simulation times.
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MODEL 10 ns 50 ns 100 ns

∆F̂J,u ∆F̂J,b ∆F̂J,u ∆F̂J,b ∆F̂J,u ∆F̂J,b

TIP3P -41.3 ± 0.8 5 ± 13 -21 ± 1 -3 ± 2 -15.6 ± 0.4 -7 ± 2
TIP4P -42 ± 2 6 ± 10 -28.8 ± 0.9 2 ± 2 -24.7 ± 0.6 -4 ± 4
OPC3 -41 ± 2 8 ± 4 -35 ± 3 2 ± 4 -34.3 ± 0.6 -2 ± 3

Table 5.2: Standard binding free energies (kcal/mol) computed with the Jarzynski
estimator (from unbinding and binding simulations) for GSK-3β solvated with different
water models for different simulation times.

Figure 5.1: Unbinding work curves for 10 ns simulations of the TRY-BEN system
solvated with different water models.
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Figure 5.2: Binding work curves for 10 ns simulations of the TRY-BEN system solvated
with different water models.

Figure 5.3: Unbinding work curves for 100 ns simulations of the TRY-BEN system
solvated with different water models.
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Figure 5.4: Binding work curves for 100 ns simulations of the TRY-BEN system solvated
with different water models.

Figure 5.5: Unbinding work curves for 10 ns simulations of the GSK-3β system solvated
with different water models.

Figure 5.6: Binding work curves for 10 ns simulations of the GSK-3β system solvated
with different water models.
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Figure 5.7: Unbinding work curves for 100 ns simulations of the GSK-3β system solvated
with different water models.

Figure 5.8: Binding work curves for 100 ns simulations of the GSK-3β system solvated
with different water models.

152



Impact of water models on TRY-BEN

The unbinding work profiles of TRY-BEN presented in Figures 5.1 and 5.3 show

that cumulative WJ increases over time until reaching a plateau at the unbound

state. Across all water models, cumulative WJ decreases as simulation time in-

creases, as lower steering velocities reduce dissipated work. During binding simu-

lations, the binding work profiles presented in Figures 5.2 and 5.4 show that WJ

values initially remain near zero as the ligand is solvated and becomes increasingly

negative over time. However, for all water FFs, a significant decrease in dissipated

work is observed only in sufficiently long SMD simulations.

The influence of different water models on work profiles diminishes with longer

simulations. In 100 ns SMD simulations, the dissipated work is more consistent

across models. Whereas, in 10 ns simulations kinetic effects significantly impact

the results, amplifying differences among water models. This is particularly evident

in fast binding simulations (Figure 5.2), where the ligand must displace water

molecules from the pocket, making the process highly dependent on water behavior.

In contrast, unbinding is largely influenced by protein interactions, where work is

mainly generated by disrupting ligand-protein contacts.

Similar trends are observed in the PMFs obtained using the CFT estimator. The

choice of water model affects local heat production, influencing dissipated work

and, consequently, the PMF. In fast simulations (10 ns), PMFs and binding free

energy estimates vary significantly with the water model as shown in Figure 5.9

and Table 5.3. Here, kinetics has a more prominent role amplifying differences

among water FFs. In contrast, longer simulations lead to more consistent results

across different water models as highlighted in Table 5.3. From 100 ns simulations,

CFT estimates converge to comparable standard binding free energy values.

Nevertheless, TIP4P deviates from this pattern, showing low variance in estimates

regardless of pulling speed but a significant bias. Indeed, free energy estimations

from all other water models show convergence towards the experimental value as

the total simulation time increases, while TIP4P results seem rather invariant to

different pulling speeds, demonstrating low variance across the simulation lengths.
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MODEL 10 ns 50 ns 100 ns

TIP3P -12 ± 1 -8.1 ± 0.5 -6.4 ± 0.8
TIP3P/Fw -6.9 ± 0.9 -8.6 ± 0.7 -5.1 ± 0.8
OPC3 -11.6 ± 0.9 -7.5 ± 0.5 -6.5 ± 0.8
TIP4P -9.7 ± 0.8 -9 ± 1 -9.2 ± 0.6
TIP4P/Fw -8.4 ± 0.7 -7 ± 1 -5.9 ± 0.7
OPC -7.5 ± 0.8 -7.3 ± 0.4 -4 ± 1

Experimental -6.2

Table 5.3: Standard binding free energies (kcal/mol) for TRY-BEN estimated using
CFT for increasing simulation times compared to the experimental affinity.

Even with 10 ns simulations, TIP4P CFT-derived estimates converge rapidly to-

ward a stable value, whereas the 3-point models require extended 100 ns simula-

tions to reach convergence. However, the TIP4P model exhibits a noticeable bias

in the estimates, deviating significantly from both the experimental values and the

converged estimates obtained with other water models.

On the other hand, TIP3P and OPC3 models require longer simulation time to

reach convergence. They give estimates with minimal bias, aligning closely with

experimental values. Conversely, OPC, despite being one of the higher-quality wa-

ter model [104], shows high variance and bias. Results from OPC simulations lead

to overall unsatisfactory results in this nonequilibrium setup. Lastly, flexible mod-

els provide reasonable agreement with experimental values (no substantial bias)

but come with higher computational costs, making TIP3P and OPC3 preferable

options.

The findings from the TRY-BEN complex analysis leads to further investigation of

the TIP3P, OPC3, and TIP4P models in a more challenging system.

Impact of water models on GSK-3β

For the GSK-3β complex, the work profiles obtained with different solvent mod-

els and pulling speeds exhibit trends comparable to those observed for TRY-BEN.

Consequently, similar conclusions can be drawn. Analysis of the PMFs (Figure

5.10) and binding free energy estimates (Table 5.4) show that TIP3P simulations
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MODEL 10 ns 50 ns 100 ns

TIP3P -22 ± 3 -12 ± 1 -10.7 ± 0.7
OPC3 -16 ± 3 -17 ± 3 -16 ± 1
TIP4P -19 ± 2 -13.8 ± 0.6 -14 ± 1

Experimental -10.5

Table 5.4: Standard binding free energies (kcal/mol) estimated using CFT for GSK-3β
increasing simulation times compared to the experimental affinity.

exhibit slower convergence and greater variance, with fluctuations in PMFs and

estimates across different simulation times. Nevertheless, at 100 ns, the TIP3P

estimate closely aligns with the experimental binding free energy (-10.5 kcal/mol)

and shows minimal bias. In contrast, the OPC3 and TIP4P models exhibit lower

variance, with their estimates stabilizing at 10 ns and 50 ns, respectively, demon-

strating faster convergence. However, despite their reduced variance, their final

estimates remain more biased than those obtained with TIP3P, even at 100 ns,

showing a greater deviation from the experimental value. Lastly, we note that for

both TRY-BEN and GSK-3β, the binding process occurs with minimal barriers.

The reason of this observation for the TRY-BEN complex may be primarily at-

tributed to the ligand small size. Instead, for GSK-3β, the well-optimized ABMD-

derived path and the solvent-exposed nature of the binding site facilitate a smooth

binding process.

Discussion

From a technical standpoint, all the examined water models are compatible with

the AMBER FFs used to describe the proteins and ligands in our analysis. How-

ever, because a specific water model is usually used to develop a specific protein

FF, the selection of a particular model can influence the accuracy of predictions.

Furthermore, to maintain consistency and reliability in simulation results, it is

crucial to ensure that also the ion parameters used for system neutralization are

appropriately matched to the chosen water model.

In this study, for each water model, dissipation is evaluated from two different

point of view: (i) in terms of cumulative dissipated work during long simulations
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and (ii) in terms dissipation variation over the total simulation length. The cumu-

lative dissipated work during 100 ns binding and unbinding simulations is shown

for TRY-BEN in Figure 5.11 and for GSK-3β in Figure 5.12, illustrating how dis-

sipation evolves over time. During 100 ns unbinding simulations, dissipation is

relatively similar across water models, with TIP3P (both flexible and rigid) ex-

hibiting the lowest dissipation. During binding simulations, dissipation increases

towards the end as the ligand displaces water molecules to bind the target. This

observation can be attributed to the significant work performed by the ligand as

it displaces water molecules while approaching the protein surface. This effect is

more pronounced with OPC3, OPC, and TIP4P, as these water models are more

resistant to displacement by the ligand. In contrast, TIP3P/Fw and TIP4P/Fw

show a more moderate increase, while TIP3P exhibits only minimal changes in

dissipation.

Moreover, figures 5.13 and 5.14 illustrate the variation in dissipation with increasing

simulation time for TRY-BEN and GSK-3β, respectively. These plots evaluate the

efficiency of different water models in reducing dissipation over long simulation

times, providing a quantitative measure of each model’s ability to mitigate energy

loss during the process. Specifically, a steeper work reduction indicates a greater

capacity for facilitating convergence, though rapid convergence does not always

guarantee accuracy. As shown in these results, all models benefit from longer

simulations, highlighting the importance of extended simulation durations. By

examining the derivative of dissipated work with respect to the total simulation

time, we observed that the analyzed 4-point water models are more significantly

affected by longer simulations. However, although TIP3P does not show the most

substantial improvement with longer simulation times, it consistently exhibits the

lowest overall dissipation.
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Figure 5.9: Free energy profiles along S(x) (S(x) = 0 bound state and S(x) = 1
unbound state) obtained by applying CFT to varying time length SMD simulations of
the TRY-BEN system solvated with different water models.

Figure 5.10: Free energy profiles along S(x) (S(x) = 0 bound state and S(x) = 1
unbound state) obtained by applying CFT to varying time length SMD simulations of
the GSK-3β system solvated with different water models.

Figure 5.11: Evolution of dissipated work during 100 ns binding (left) and unbinding
(right) simulations for TRY-BEN with different water models.
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Figure 5.12: Evolution of dissipated work during 100 ns binding (left) and unbinding
(right) simulations for GSK-3β with different water models.

Figure 5.13: Dissipated work vs total simulation time for unbinding (left) and binding
(right) simulations of TRY-BEN with various water models.

Figure 5.14: Dissipated work vs total simulation time for unbinding (left) and binding
(right) simulations of GSK-3β with various water models.

Our findings suggest that the TIP3P water model is the most effective choice for

minimizing dissipation in nonequilibrium simulations while maintaining accurate
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estimates for both systems studied. This advantage may be linked to TIP3P lower

viscosity compared to the other water models analyzed, which facilitates water dis-

placement and reduces dissipated work. A key reason behind this lies in its orig-

inal parametrization strategy. Unlike other models, TIP3P was not parametrized

to match the experimental self-diffusion coefficient, resulting in an overestimated

value. In contrast, models such as TIP4P, OPC3, and OPC have diffusion coeffi-

cients closer to experimental data, leading to stronger hydrogen bonding and higher

viscosity. Since TIP3P exhibits weaker hydrogen networks and lower viscosity, the

ligand encounters less resistance when displacing water molecules during binding,

ultimately reducing dissipation. Another factor influencing viscosity is the magni-

tude of partial atomic charges in water molecules. The analysed 4-point models,

such as TIP4P and OPC, generally have higher absolute charge values than their

3-point counterparts, leading to increased viscosity. Among the models examined,

OPC has the highest partial charges, followed by OPC3, which has the highest

charges among 3-point models. Despite their accuracy in reproducing experimen-

tal viscosity, this characteristic results in greater dissipated work in nonequilibrium

simulations [94].

Furthermore, as observed in the TRY-BEN and GSK-3β complexes, when electro-

static interactions play a critical role, the dielectric constant of water becomes a

key factor. Specifically, the dielectric constant influences the strength of water-

water interactions, with higher values leading to weaker electrostatic forces. TIP

water models were not parameterized to accurately reproduce experimental dielec-

tric constants, resulting in an overestimation for TIP3P and an underestimation

for TIP4P relative to experimental values. Consequently, TIP4P exhibits stronger

electrostatic interactions, reinforcing hydrogen bonding networks and making wa-

ter displacement more difficult. This explains its higher viscosity and increased

dissipation compared to TIP3P.

In summary, combining the Amber protein FF with GAFF for the ligand and the

TIP3P water model yields the most favorable setup for nonequilibrium simulations.

TIP3P demonstrates minimal work dissipation and low estimation bias, ensuring

reliable agreement with experimental data at a reasonable computational cost. De-
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spite not being the most recently developed model or the best for accurately cap-

turing hydrogen bonding networks, its lower viscosity makes it the optimal choice

for practical nonequilibrium applications. Moreover, its superior performance may

also stem from the fact that TIP3P was used during GAFF parametrization [215],

further enhancing its compatibility in these nonequilibrium scenario.

5.5 Dissipation due to PCVs

This section aims to explore the influence of PCVs on the Jarzynski work derived

from SMD simulations. In the cases of the TRY-BEN, GSK-3β, and CB8-G8

systems, the definition of PCVs using our pipeline was relatively straightforward

[P1]. This is primarily due to the moderate complexity of these systems, which

involve small to medium-sized ligands binding to shallow or fully exposed pockets,

with minimal degrees of freedom orthogonal to the PCVs.

However, applying the same approach to more complex systems, where substantial

protein conformational changes occur, proved challenging. In such cases, defin-

ing appropriate PCVs became more difficult, leading to higher Jarzynski work

values and making it harder to obtain reliable binding free energy estimates in

agreement with experimental data. While extending SMD simulations could help

accommodate additional degrees of freedom, this strategy would be computation-

ally expensive for large systems. To successfully adapt our computational pipeline

for real-world pharmaceutical applications, refinements are needed, particularly in

optimizing the reference path and PCVs. This analysis aims to assess how PCVs

impact work dissipation in nonequilibrium simulations of complex systems and to

explore strategies for minimizing dissipation. This ultimately improves the conver-

gence of binding free energy estimators.

We select the T4 Lysozyme complex with the N-phenylglycinonitrile ligand, focus-

ing specifically on the L99A/M102Q double mutant. This less-explored variant is

particularly suited for our analysis due to its deeply buried binding pocket, mak-

ing it an excellent candidate for investigating how different PCVs definitions and

unbinding pathways influence dissipation. Moreover, the lack of a well-defined un-
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binding route also provides an opportunity to study orthogonal deviations from the

reference path during SMD simulations. As seen in previously studied systems, the

choice of water model can significantly affect outcomes in nonequilibrium settings.

Given its lower viscosity, the TIP3P model is expected to be the most appropriate

for the selected system and its buried pocket. The properties of the TIP3P model

may promote more efficient water displacement during ligand binding, thereby fa-

cilitating the desolvation process within the binding pocket.

Here we present our findings for the T4 Lysozyme-N-phenylglycinonitrile complex

and offer practical guidelines for the parametrization of PCVs, tailored to the spe-

cific features of the system. The goal is to enhance the convergence and reliability

of nonequilibrium binding free energy calculations.

5.5.1 Reference path definition

Identifying the minimum free energy path is crucial for ensuring a low-dissipation

unbinding pathway. A reference path that deviates from the real mechanism, on

the other hand, can lead to high free energy barriers, resulting in significant dis-

sipation and inaccurate binding free energy estimates. The systems studied so far

have superficial or semi-superficial binding pockets, which made identifying an un-

binding path relatively straightforward. However, for systems with deeply buried

binding pockets, determining the most probable exit pathway for the ligand be-

comes more challenging [211, 12, 216]. Buried binding pockets often trap water

molecules, making the exchange of water between the cavity and the bulk solvent

particularly slow. This process may require significant conformational changes in

both the protein and solvent network to facilitate water escape, complicating the

identification of the proper pathway.

The first step of our protocol involves sampling the ligand exit using multiple 10 ns

unbinding ABMD TIP3P simulations. While ABMD is a relatively mild method

[135], it still requires long simulation times to accurately capture the conformational

changes for buried ligands and flexible proteins, as well as the exchange of water

molecules inside and outside the binding cavity. This complex scenario makes

it difficult to identify a single predominant escape route. ABMD simulations help
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identify meaningful pathways from a mechanistic perspective. Specifically, we focus

on pathways that are associated with low energetic barriers, as these are expected

to result in lower dissipation. Such paths would facilitate faster convergence when

used in free energy calculations.

Differently from the previous systems, where a unique unbinding path was defined,

the T4 Lysozyme ABMD trajectories reveal multiple escape routes. Here, the

deeply buried pocket lacks distinct tunnels leading to the protein surface, a finding

also supported by our NanoShaper investigation [201]. The NanoShaper analy-

sis computes the Connolly-Richards molecular surface and distinguishes between

exposed pockets and cryptic cavities. This pocket characterization is facilitated

by our newly developed graphical interface for the original NanoShaper code, now

integrated into a dedicated web server [P4]. NanoShaperWeb will be described

in detail in Chapter 7. The consequence of this pocket depth is that the protein

must undergo conformational ”breathing” and structural fluctuations to facilitate

the ligand entry or exit from the binding cavity [12]. Additionally, the two-point

mutations (L99A and M102Q) make the cavity polar, adding further complexity

as the ligand molecules must be properly oriented to form hydrogen bonds with

Gln102.

ABMD simulations and subsequent analysis reveal two predominant unbinding

paths, designated as Path 1 and Path 2. Among these, Path 2 appears to be the

most probable, although Path 1 still maintains a non-zero likelihood of occurring.

To account for both possibilities, we apply the path algorithms to both routes

obtaining the two final reference paths depicted in in Figure 5.16. Path 1 and Path

2 are composed of ligand atoms only, with 49 and 73 equidistant conformations,

respectively (the Cα atoms of the protein pocket are used for alignment before

calculating the RMSD). As shown by the pink-colored path in Figure 5.16, Path 1

involves the ligand escaping from the pocket by passing between the lower regions

of helices D and G. This route is consistent with observations from the single

L99A mutant [216]. In contrast, the light-blue path in Figure 5.16 illustrates

Path 2, where the ligand exits through a region between helices D and G but

closer to helix F. This pathway requires a significant conformational rearrangement
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in the upper part of the buried binding site, particularly involving substantial

motions of helix F (residues 108–114), which expands the cavity and facilitates

ligand unbinding. It is important to note that the primary goal of the ABMD

simulations is to reveal mechanistically relevant unbinding pathways. Particular

attention is given to those with low energy barriers and minimal dissipation, as

these features enhance the convergence of free energy calculations. While our

investigation identified two main routes that meet these criteria, it is relevant

to acknowledge that additional alternative binding or unbinding trajectories may

exist for the T4 Lysozyme L99A/M102Q mutant, as suggested in previous studies

[217, 216].

Following our nonequilibium protocol, for the two reference paths, 25 bidirectional

PCVs-SMD simulations are run, each lasting 100 ns, totaling 5 µs of simulation

time per path. We then reconstruct the Jarzynski work profiles for each simulation

series and we apply the CFT estimator to reconstruct the PMFs. Subsequently, the

standard binding free energies, comparable with the experimental value of -5.52 ±

0.18 kcal/mol, are obtained.

For Path 1, the work curves are reported in 5.17, and the final ∆F ◦
b estimate is

-4 ± 1 kcal/mol. Additionally, we calculate the dissipated work for both forward

and backward transformations, which is determined as the difference between the

average WJ and the CFT estimate ∆F̂CFT . The binding free energy and the cor-

responding work dissipation for Path 1 are reported in Table 5.5. In contrast, the

work curves for Path 2 (shown in the upper section of Figure 5.18) reveal an un-

expected behavior. When the system reaches a partially unbound conformation

(S(x) values around 39 and 40), the ligand remains attached to the protein surface

and fails to transition toward the unbound state. Visual inspection of the tra-

jectories indicates that the ligand becomes trapped due to multiple contacts with

side chains of residues from helix F and neighboring regions (especially residues:

Arg125, Arg119, Asn116, Met120, and Gln123). Because of these interactions, the

ligand is not able to follow the moving SMD center synchronously. As a result, the

Jarzynski work, which depends on the distance between the ligand and the cen-

ter of the bias, increases exponentially, hindering the accurate calculation of the
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binding free energy. This issue may arise because Path 2 involves significant con-

formational rearrangements in the binding pocket to allow the ligand to fully exit,

particularly with helices F and G. In system with deeply buried binding sites, our

finding (further validated through Well-Tempered MetaD analysis) underscores the

importance of pocket flexibility and rearrangements. The details of Well-Tempered

MetaD analysis are reported in the Supporting Information (Chapter 9).

The challenges encountered highlight the need to adjust our approach for defining

the reference path for more intricate systems. Even if the ligand path appears

mechanistically accurate, our original strategy (successful for simple systems) do

not capture the degrees of freedom of the protein in the reference path, which how-

ever are relevant to the binding mechanism. In simpler cases, the SMD bias only

influences the ligand atoms along the optimized path, while the protein may be-

have differently from what the actual binding mechanism requires. To address this

issue, it becomes clear that relevant protein degrees of freedom must be included

in the reference path definition. By incorporating both the ligand and protein

pocket atoms into the path, we ensure that during SMD simulations the bias po-

tential would not only guide the ligand toward the binding pocket but also support

the necessary transitions of the protein between open and closed conformations.

Therefore, using the same ABMD trajectories, we apply the refined approach to

generate new reference paths that include both the ligand and pocket heavy atoms

(within 6 Å of the ligand). As a result, the updated optimized paths now consist

of 20 and 29 conformations for Path 1 and Path 2, respectively.

By utilizing these refined paths, we run 25 binding and 25 unbinding replicas

of SMD. According to the resulting work profiles (lower section of Figure 5.18),

incorporating pocket atoms into Path 2 significantly reduced the generated work.

This adjustment allows us to estimate the binding free energy for both paths using

the CFT estimator. These estimates, along with the dissipated work for both paths

relative to their converged CFT values, are presented in Table 5.5.

The differences in dissipation and binding free energy across different path defini-

tions highlight the sensitivity of the results to the definition of the PCVs for this

complex system. While including the pocket improves the results for Path 2, it had
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PATH ∆FCFT Wdiss,bind Wdiss,unbind

Path 1 -4 ± 1 32 40
Path 2 * * *
Path 1 with Pocket -2 ± 4 55 29
Path 2 with Pocket -8 ± 2 29 58
Path 1 with Pocket and smaller Z -7.8 ± 0.9 8 32

Table 5.5: Standard binding free energies (kcal/mol) estimated using CFT and dis-
sipated work values (kcal/mol) for 100 ns SMD simulations of the T4 Lysozyme using
different paths. Values for Path 2 are missing as the high dissipated work prevented their
calculation.

the opposite effect for Path 1. The new version of Path 1 (including pocket atoms)

shows an increase in dissipated work during binding, which causes the binding free

energy estimate to diverge further from the experimental value. The binding work

profiles for the updated Path 1 (upper section of Fig. 5.19), reveal a noticeable

increase in WJ upon reaching the bound state.
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Figure 5.15: Crystal structure of the T4 Lysozyme (PDB ID: 2RBN). Helices involved
in ligand binding are labeled from C to H, following Ref. [217].

Figure 5.16: Reference paths for T4 Lysozyme in complex with N-phenylglycinonitrile:
Path 1 in pink and Path 2 in light blue.
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Figure 5.17: Unbinding (left) and binding (right) work curves of 100 ns for the T4
Lysozyme system with Path 1 defined by using ligand atoms only.

Figure 5.18: Jarzynski work profiles for unbinding and binding simulation of 2RBN
using Path 2 with only ligand atoms (upper section) and refined Path 2 including ligand
and pocket atoms (lower section).

Figure 5.19: Jarzynski work profiles and corresponding evolution of S(x) for binding
simulation of 2RBN using Path 1 with ligand and pocket atoms with an upper wall
centered on Z = 0.05 nm2 (upper section) and Z = 0.005 nm2 (lower section).

167



5.5.2 Orthogonal deviation from the path

Considering Path 1, the results remain suboptimal despite efforts to refine the

definition of the PCVs. Upon visual inspection, we observe that in some binding

trajectories, the PCV S(x) struggles to closely follow the center of the SMD bias

Ŝ(t), which evolves linearly with time, as shown in the upper section of Figure

5.19. As a result, in these trajectories the stiff-spring approximation is not satisfied,

meaning that the evolution of S(x) is not in synchronized with that of Ŝ(t). The

reduced spring stiffness k could be one possible cause of this observation. While

increasing this parameter may help the system better track Ŝ(t) [218], doing so

can lead to excessively high values of WJ introducing undesirable dissipation. To

resolve this issue, it is essential to ensure that the evolution of the system aligns

with the reference path (following the SMD center) avoiding getting trapped on the

protein surface. For this reason, our approach focuses on controlling the orthogonal

deviation of the system from the path, specifically targeting the PCV Z. Thus,

during the SMD simulations, we apply an upper wall along Z to prevent significant

deviations from the reference path. Previously, the threshold for this upper wall

was set at Z = 0.05 nm2, meaning the harmonic restraint becomes active only when

the orthogonal deviation Z exceeds 0.05 nm2. This threshold was chosen to allow

for proper trajectory progression while still accommodating ligand conformational

changes. However, in this case, this threshold of the harmonic wall appears too

loose. Z = 0.05 nm2 permits the ligand to deviate too far from the reference path.

To address this, we recommend lowering the threshold at which the wall on Z

becomes active to maintain tighter control over the system evolution.

Bidirectional SMD simulations are repeated using the same Path 1 (without mod-

ifying S) but with a decreased threshold for the upper wall, hence Z = 0.005 nm2.

As illustrated in Figure 5.19 (lower section), this adjustment significantly lowered

the work required during binding simulations. Figure 5.19 also depicts the S(x)

evolution over time, confirming the correct behavior of S(x). Now, S(x) evolves

linearly over time, closely following Ŝ(t), underling better synchronization between

the system evolution and the reference path (i.e., S(x) closely follows Ŝ(t)). Using

these optimized simulations, we reconstruct the PMF and estimate the binding free
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Path JE binding JE unbinding CFT

Path 1 -1 ± 10 -22±0.8 -10±3
Path 2 * * *
Path 1 with Pocket 1 ± 12 -15±1 -2±4
Path 2 with Pocket 2±7 -20±4 -8±2
Path 1 with Pocket and smaller Z -4±1 -10±1 -7.8±0.9

Table 5.6: Standard binding free energies (kcal/mol) estimated using the Jarzynski and
CFT estimators for 100 ns SMD simulations of the T4 Lysozyme using different paths.
Values for Path 2 are missing as the high dissipated work prevented their calculation.

energy, yielding ∆F ◦
b = −7.8± 0.9 kcal/mol. Notably, the dissipated work during

binding simulations with Z = 0.005 nm2 is substantially lower than the dissipated

work with Z = 0.05 nm2, as detailed in Table 5.5. The binding free energy estimate

obtained using Path 1 with Z = 0.005 nm2 aligns more closely with the estimate

from Path 2, which incorporates the pocket degrees of freedom. In contrast, all

trajectories generated with Path 2 (including the pocket) are already within the

stiff-spring approximation, eliminating the need to tighten the upper wall further.

For a complete comparison, the results of all T4 Lysozyme paths obtained using the

Jarzynski estimator are reported in Table 5.6. Results of Path 2 are not reported

because the high dissipated work prevented their calculation.

Overall, our findings emphasize the critical role of properly defining PCVs in bind-

ing free energy calculations, particularly when applied to complex systems such as

T4 lysozyme. All relevant degrees of freedom (as protein rearrangements) must

be considered when constructing reference paths. Additionally, adjusting the ac-

tivation threshold of the harmonic wall for the PCV Z based on system size and

behavior is essential to ensure the system remains within the stiff-spring approx-

imation. By including these refinements, T4 Lysozyme results become better,

albeit not in perfect agreement with the experimental affinity. In the literature,

it is largely recognized that systems with buried pockets (such as T4 Lysozyme)

pose a significant challenge when using geometric CV approaches, with alchemi-

cal routes being more suitable for buried cavities [211]. Compared to alchemical

methods, path-based methods are in general more computationally demanding and

require higher human intervention. However, systems with deeply buried pockets
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can be challenging also for alchemical methods. In fact, buried protein pockets

may require very long simulation times to be completely solvated after the ligand

annihilation. Additionally, path-based methods provide more interesting mecha-

nistic information than alchemical ones. They can be the preferred choice in highly

intricate systems, for instance in protein-protein binding free energy calculations

[112]. This empathize the actual importance of geometrical routes in biophysical

computations [112].

Our refinements push the practical limits of the method, demonstrating that, even

for highly complex systems, it is possible to develop protocols with reduced dissi-

pation while maintaining mechanistic accuracy.

5.6 Conclusion

The two primary challenges faced in nonequilibrium simulations are: exhaustively

sampling the transformation process and accurately computing the free energy dif-

ference from these samples. While CFT efficiently addresses the latter, challenge of

optimal sampling remains unresolved. In this context, minimizing dissipated work

is crucial, as identifying the most efficient transformation paths leads to minimally

dissipative routes.

Here, we present practical guidelines for refining our semi-automated protocol for

free energy calculations, with an emphasis on minimizing dissipation. Our results

highlight the significant impact of both the water model and the parametrization

of PCVs on the convergence rate of nonequilibrium estimators. Notably, despite

its lower accuracy in representing pure water, the TIP3P model exhibited superior

convergence when paired with AMBER protein FFs in two-sided nonequilibrium

simulations. This can be attributed to TIP3P lower viscosity, which reduces heat

transfer during simulations and decreases dissipation, thereby speeding up conver-

gence in free energy calculations. These conclusions are validated using two model

systems, namely TRY-BEN and GSK-3β.

In the third test complex (T4 Lysozyme), we do not achieve chemical accuracy.

However, we successfully optimized the reference path and PCV definitions to
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minimize dissipation in nonequilibrium strategies. Including protein pocket de-

grees of freedom in the reference path proved to be highly beneficial. Our results

highlight the difficulties posed by buried binding pockets, as even MetaD struggled

to provide accurate free energy estimates. Consistent with literature, systems with

buried pockets present substantial challenges when using geometric CV approaches.

Nonetheless, through careful refinement of PCV definitions, we maximized the prac-

tical utility of the method.

We hope that the presented guidelines will support the broader application of

nonequilibrium path-based approaches in drug design, as these methods offer sig-

nificant promise for future research and practical applications in the field.
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Chapter 6

Expanding the applicability of

nonequilibrium binding free

energy estimation: from protein

to RNA [P3]

6.1 Aim and Objectives

Following the definition of practical guidelines to enable broader application of

nonequilibrium techniques in drug discovery (Chapter 5); in this Chapter we aim

to apply our refined nonequilibrium strategy to tackle the challenge of accurately

estimating binding free energies in biologically and pharmaceutically relevant sys-

tems, including both protein-ligand and RNA-ligand complexes. As representative

case studies, we investigate the binding of the anticancer drug Gleevec to Abl-

tyrosine kinase, as well as the interaction of two distinct ligands with the preQ1

RNA riboswitch. The Abl-Gleevec system presents challenges related to its large

molecular size and the significant conformational transitions of the Abl-tyrosine

kinase, whereas the RNA-based systems demand strategies capable of capturing

substantial structural flexibility. To overcome the specific complexities of these

systems, we further refine our methodology based on nonequilibrium SMD and
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PCVs. Overall, this work aims to expand the applicability and demonstrate the

robustness of our path-based SMD approach in handling structurally dynamic and

complex biomolecular targets, offering a reliable framework for predicting binding

free energies across diverse classes of molecular systems.

6.2 Introduction

Building on our previous work on ∆Fb estimation using PCVs combined with

nonequilibrium approaches (successfully applied to systems of moderate complex-

ity) we now turn our attention to a key unresolved challenge: the Abl-Gleevec

complex. This system resulted particularly complex due to the high amount of

work dissipation observed during simulations, which leads to poor convergence in

free energy estimates (Section 4.4.3 and Reference [P1]). The difficulties associ-

ated with accurately estimating binding free energies steams from multiple factors,

including the high number of degrees of freedom and the substantial conforma-

tional flexibility of both the receptor and the ligand. To enhance convergence in

large and flexible systems, we previously developed a refined strategy specifically

designed to reduce dissipative effects during nonequilibrium simulations (Section 5

and Reference [P2]).

In the present work, we apply this enhanced nonequilibrium methodology for bind-

ing free energy estimation to intricate biomolecular systems, including both protein

and RNA targets. We examine the Abl-tyrosine kinase bound to Gleevec and two

RNA-ligand complexes, demonstrating the flexibility and robustness of our com-

putational framework. For the RNA systems in particular, we introduce a tailored

strategy that leverages electrostatic interactions to construct reliable unbinding

pathways.

6.2.1 Systems

The systems selected for this study exhibit distinct and noteworthy features that

need detailed discussion. Here, we provide an analysis of these two biologically and

pharmaceutically relevant complexes, highlighting their complementary challenges.
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On one hand, the Abl-Gleevec complex poses difficulties primarily due to significant

conformational rearrangements of the protein, driven by the size and complexity

of the ligand. On the other hand, the RNA-ligand systems are challenging mainly

because of the inherent flexibility of the RNA receptor.

Abl-Gleevec

Imatinib, a 2-phenylaminopyrimidine derivative marketed under the name Gleevec,

is an anticancer drug designed to mimic the structure of ATP, the natural substrate

of Abl kinase. This structural similarity enables it to occupy the ATP-binding

pocket of the kinase, thereby inhibiting ATP access and effectively blocking the

enzymatic activity of the protein.

From a computational standpoint, accurately modeling the binding and unbinding

processes of Imatinib to Abl kinase presents substantial challenges. These arise

primarily from the extensive conformational changes of Abl kinase required for

the transition between the active state (predominant in solution) and the inactive

conformation stabilized upon Imatinib binding [219]. To illustrate these extensive

conformational changes, Figure 6.1 presents the X-ray crystallographic structures of

c-Abl kinase in the two distinct states. The top panel shows the active conformation

(left), characterized by an open activation loop (A-loop) and the DFG motif in the

“in” position (PDB ID: 2F4J), and the inhibited conformation (right), where the

A-loop is closed and the DFG motif adopts the “out” conformation upon binding

to Gleevec (PDB ID: 1IEP). One of the most critical structural transitions in Abl

kinase involves the A-loop, which regulates access to the catalytic site and includes

a tyrosine residue whose phosphorylation modulates enzymatic activity [220]. In

the active form of Abl, the A-loop adopts an open conformation that facilitates

substrate (ATP or ADP) binding and subsequent phosphorylation. Upon Imatinib

binding, however, the A-loop undergoes a substantial structural rearrangement,

including a rotation that displaces central residues by as much as 35 Å. Another

important structural element is the conserved DFG (Asp-Phe-Gly) motif within

the A-loop. In the active, uninhibited conformation, the DFG motif adopts the

“DFG-in” orientation, with the aspartate residue positioned to coordinate with
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Mg-ATP in the active site. In contrast, in the inhibited conformation stabilized

by Imatinib, the DFG motif rotates approximately 180°, shifting to the “DFG-

out” position. This flip repositions the Phe side chain into the catalytic pocket,

effectively blocking substrate binding and enzymatic activity.

The therapeutic effectiveness of Imatinib is closely related to the ability of Ima-

tinib to induce extensive protein conformational changes, affecting over 20 residues.

Moreover, the considerable flexibility and substantial size of Imatinib further com-

plicate computational modeling of the binding and unbinding processes. Despite

these challenges, studying the interaction dynamics of the Abl-Gleevec complex

remains highly relevant due to its biological and pharmaceutical importance [221].

To address this, we apply our nonequilibrium protocol, which leverages physically

relevant unbinding pathways, as a suitable framework for estimating the binding

free energy of this complex. This approach not only facilitates accurate free energy

calculations but also yields mechanistic insights into the binding process. As such,

the Abl-Gleevec complex serves in this work as a prototypical example of a phar-

maceutically important, yet computationally demanding, protein-ligand system.

Riboswitch-ligand

The complexity observed in the Abl-Gleevec system is similarly reflected in the

challenges of targeting RNA with small molecules. RNA has recently emerged

as a highly attractive pharmaceutical target, driven by its critical biological roles

and structural versatility [222, 223, 224, 225, 226, 227]. This interest has been

further reinforced by the FDA approval of Risdiplam, the first small-molecule drug

designed to modulate RNA function [228, 229].

RNA molecules present unique challenges as drug targets due to their complex

structural dynamics, high charge density, and the limited understanding of RNA-

ligand interactions [230, 231, 232]. As a result, further exploration into RNA-ligand

recognition is crucial, as it could drive significant progress in the development of

small-molecule drugs targeting RNA. In particular, RNA riboswitches [233] have

gained attention as promising drug targets [234, 235, 236], due to their ability to

bind metabolites and regulate gene expression. Their importance is amplified by
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their prevalence in bacteria, including human pathogens, making them especially

relevant in the context of the growing threat of bacterial resistance, as highlighted

by the World Health Organization (WHO) [234, 235]. A notable example is the

ongoing efforts to target the bacterial FMN riboswitch, with a compound cur-

rently in preclinical stages [237]. With available experimental structures of RNA-

riboswitch-ligand complexes and corresponding affinity data [238, 239], we use the

preQ1 riboswitch as a test case to demonstrate our method for RNA-ligand binding

studies.

6.3 Methods

The key steps of our nonequilibrium strategy, which integrates SMD, PCVs, and

the CFT, are outlined in Section 4 and summarized in Figure 4.2. As anticipated,

the approach utilizes multiple parallel SMD replicates to sample the binding and

unbinding processes along a predefined physical pathway that connects the bound

and unbound states. The definition of this reference path is especially critical

for the highly complex system examined here, warranting particular emphasis on

the initial stages of the pipeline. Than, by performing bidirectional simulations,

the CFT enables the calculation of the PMF using data from both binding and

unbinding trajectories.

6.3.1 ABMD and PCVs

The first step of the workflow involves defining the PCVs by running multiple

ABMD trajectories of ligand unbinding from the native bound pose, as resolved in

the corresponding X-ray crystallographic structures. For protein-ligand systems,

unbinding is initiated from the bound complex and sampled using ABMD, where

the bias is applied along the defined electrostatic-like CV. An ABMD force constant

of 10−17 (kJ/mol)−3 is employed in all simulations.

In contrast, for the RNA-ligand complexes, we leverage the intrinsic electrostatic

properties of the systems. Due to the strongly negative electrostatic potential of

RNA and the positively charged nature of the ligands, ABMD simulations are per-
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formed using a CV based on the Debye-Hückel interaction energy. This approach

effectively steers the system toward a state of negligible electrostatic interaction be-

tween the RNA and the ligand, resulting in complete dissociation. Force constants

of 10−1 and 10−2 (kJ/mol)−3 are employed during these ABMD simulations.

Multiple ABMD simulations are run for each complex to explore the diversity of

all possible unbinding pathways. Among these, the trajectory occurring with the

highest frequency is choosen as the initial guess for the unbinding path definition.

The selected trajectory is then refined using the two path optimization algorithms

(i.e., the Principal Path algorithm and an enhanced version of the Equidistant

Waypoint algorithm). The resulting equidistant, optimized path is then employed

to perform bidirectional SMD using PCVs. PCVs enable an unambiguous mapping

of each configuration position relative to the predefined unbinding path within the

configurational space.

6.3.2 SMD and PMF estimation

To sample the binding and unbinding events, two-sided SMD simulations with

PCVs are run. Multiple nonequilibrium trajectories are generated at a defined

pulling speed, which governs the motion of the SMD restraint along the path.

As the restraint moves at a constant velocity, the duration of each simulation is

inversely related to the pulling speed. The pulling speed and the number of SMD

replicas are selected to ensure the convergence of free energy estimates. For all

complexes studied, 30 binding and 30 unbinding SMD trajectories of 100 ns each

are required. To assess robustness across different pulling regimes, additional SMD

simulations of the Abl-Gleevec complex are conducted with extended durations of

200 ns. A moving harmonic restraint with a force constant of 20 kJ/mol is applied

in all cases. Additionally, to maintain the system along the path, a half-harmonic

(flat-bottom) potential is also applied along Z PCV. This upper wall activates

only when the Z(x) value exceeds a threshold of 0.05 nm2, preventing excessive

deviation from the reference path.

During SMD simulations, the primary quantity of interest is the Jarzynski work

(Eq. 2.60), which reflects the work done on the system along the nonequilibrium
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path. Notably, increasing the pulling speed leads to a higher total WJ , which in

turn results in greater dissipated work (Eq. 2.61), thereby affecting the accuracy

and convergence of free energy estimates.

Subsequently, the free energy profiles along S(x) are reconstructed from the SMD

simulations using the bidirectional nonequilibrium CFT estimator, as defined in

Equation 2.63. By incrementally solving Equation 2.64 for increasing values of i,

the complete free energy profiles along S(x) are obtained. Here, S(x) is normalized

between 0 and 1, with S(x) = 0 representing the bound state and S(x) = 1

corresponding to the unbound state. Finally, for comparison with the bidirectional

estimates, unidirectional free energy calculations are also performed using the JE.

This approach involves applying the same nonequilibrium protocol to unidirectional

trajectories, where the system evolves from the initial to the final state (identical

protocol). The free energy is then estimated by averaging the exponential of the

negative work, following the Jarzynski relation (Eq. 2.62).

6.3.3 Standard Binding Free Energy Estimation

To enable comparison between our computational results and experimental data,

we calculate the standard binding free energy (∆F ◦
b ), which includes both the

computed binding free energy (∆Fb) and a standard-state volume correction term

(∆Fv), as outlined in Equation 4.4. This approach involves selecting the value of

the PCV S(x) that delineates the transition between bound and unbound states

based on analysis of the PMF and visual inspection of the trajectories. Finally,

uncertainties in the binding free energy estimates are assessed using bootstrap

resampling analysis, as outlined in our previous methodology [P1].

6.3.4 Well-Tempered MetaDynamics simulations

To benchmark our results against established methodologies [240, 241, 242, 179],

we run WT-MetaD simulations with PCVs. During these enhanced simulations,

Gaussians are deposited every 250 MD steps, using a bias factor of 15. The initial

Gaussian height is set to 1.0 kcal/mol, with widths of 0.2 along S(x) and 0.01 nm2

along Z(x). Consistent with the SMD protocol, a restraining wall is applied along
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the orthogonal coordinate Z at a threshold of 0.05 nm2, using a force constant of

4· 107 kJ mol−1 nm−4. The production runs yielded 1 µs of simulation for each

riboswitch-ligand system and 1.5 µs for the Abl-Gleevec complex. Convergence

is assessed using two main criteria: (i) complete exploration and diffusivity along

the S(x) collective variable and (ii) reduction of the deposited Gaussian height to

below 10% of its initial value, consistent with established practices in the laboratory

[180].

For each system, the free energy profile from WT-MetaD is reconstructed, and the

global minimum (corresponding to the bound ligand state) is used as the refer-

ence point and set to zero. The standard binding free energies are then computed

from the free energy profile using the same approach employed for the SMD-based

estimates. Finally, to quantify statistical uncertainty, bootstrap analysis is per-

formed by dividing each simulation into 10 blocks and conducting 400 resampling

iterations.

6.3.5 Setup of the systems

Abl-Gleevec

The Abl kinase structure features a compact N-terminal lobe, made up of five β-

strands and one α-helix, and a more expansive C-terminal lobe that contains several

α-helices. These two domains form a cleft that serves as the binding pocket for

ATP. Figure 6.1 displays the crystallographic structure of the Abl-Gleevec complex

and contrasts it with the active form of Abl kinase, highlighting the structural

differences between the ligand-bound and active conformations.

The binding selectivity and mechanism of Abl kinase are mainly influenced by

two critical structural elements: the A-loop (residues 384-403) and the glycine-rich

loop (P-loop, residues 248-257). The A-loop, beginning with the conserved DFG

motif, is essential for modulating the kinase conformational state, adopting a folded

structure in the inactive form and extending outward when the kinase is active.

Meanwhile, the P-loop ( also known as the phosphate-binding loop), located in the

N-terminal lobe, facilitates ATP binding mainly through hydrophobic interactions.
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Additionally, the gatekeeper residue Thr338 plays a key role in controlling access

to the active site, further contributing to ligand selectivity and kinase regulation.

The Abl-Gleevec complex is modeled using the X-ray crystallographic structure

available under PDB code 1IEP (chain A). In this conformation, the A-loop within

the C-terminal lobe adopts a closed conformation, and the conserved DFG motif is

observed in the DFG-out arrangement, characteristic of the inactive kinase state.

Gleevec binds within the cleft between the amino- and carboxy-terminal lobes,

stabilizing this inhibitor-bound configuration. Key hydrophobic interactions are

formed with two conserved residues, Leu248 and Val256, which contribute signifi-

cantly to ligand binding. The amide group of Gleevec plays a crucial anchoring role

by forming hydrogen bonds with nearby Glu and Asp residues, guiding the ligand

into its optimal orientation. Moreover, the secondary amine’s NH group engages

in a specific interaction with the side chain of the gatekeeper residue, further rein-

forcing binding stability. The AMBER99SB FF [71] is used to model Abl kinase,

while the GAFF and the AM1-BCC point charges are used for Gleevec. Assuming

standard pKa values, the protonation states of amino acids are assigned according

to their expected ionization states at physiological pH. Moreover, the piperazine

moiety of Gleevec is known to carry a positive charge when bound within the Abl

active site, enhancing its interactions with nearby residues. Therefore, the outer-

most N-methyl nitrogen of the piperazine ring is modeled in its protonated form,

consistent with previous computational and structural studies [243, 221]. Based on

our previous findings [P2], the system is solvated using the TIP3P water model,

with the complex placed in a cubic box measuring 1.5 nm per side to ensure suf-

ficient space for complete ligand dissociation from the protein binding site. To

mimic physiological conditions, sodium and chloride ions are added to achieve a

salt concentration of 0.15 M, ensuring system neutrality. The solvated protein-

ligand complex then undergoes energy minimization and equilibration, following

our standard protocol [P1].
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Figure 6.1: (Top) X-ray crystallographic structures of the c-Abl kinase (left) in an
active state (A-loop in the open conformation and DFG-flip in the ”in” conformation,
PDB ID: 2F4J) and (right) in an inhibited state, in complex with the ligand Gleevec (A-
loop in the close conformation and DFG-flip in the ”out” conformation, PDB ID: 1IEP).
The smaller ammino-terminal part is the upper lobe, while the lower lobe represents
the carboxyl-terminal part. The catalytic site lies in a cleft between the two lobes, and
the relative orientations of the two lobes open or close the cleft. The activation loop
adopts different conformations in the active/inactive states and it begins with the DFG
sequence. (Bottom) Focus on the DFG motif (left) in the ”in” conformation and (right)
in the ”out” conformation.
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Riboswitch-ligand

For the PreQ1 riboswitch bound to its two ligands, the topology and initial struc-

ture are derived from a recent study by Wang et al. [238]. Here, the RNA-ligand

complexes are modeled using the X-ray crystallographic structures with PDB codes

6E1W and 6E1U for the complexes with the cognate and synthetic ligands, re-

spectively. Ligands are parametrized using the GAFF and AM1-BCC charges,

accounting for a total charge of +1 due to the presence of a quaternary nitrogen

in both ligands. TIP4P-D water model [244] is used to solvate the systems. This

water model is a a four-site water model commonly employed in combination with

the DESRES FF for RNA simulations [245]. To neutralize the systems, sodium

and chloride ions are added to achieve a salt concentration of 0.15 M. The sol-

vated systems are than equilibrated in two steps, following the procedure outlined

in Reference [238]. Additionally, the cognate ligand, is re-parameterized using a

more accurate charge representation by deriving RESP charges [75] and optimiz-

ing dihedral parameters. RESP charges are computed using QM methods with

the 6 − 311 + +G∗∗ basis set at the wB97X-D level of theory, while the dihedral

angles are optimized using the xTB method [246]. Because of the starting X-ray

structure (PDB: 6E1W) lacks hydrogen atoms, the cognate ligand may adopt two

different tautomeric states when bound to the RNA receptor. To account for this,

an additional complex is constructed, starting from the X-ray structure, but with

a different protonation state for the ligand, representing the alternative tautomeric

form.

6.4 Results and Discussion

In this section, we discuss the results for these two complex systems, characterized

by their large size and significant conformational flexibility.
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6.4.1 Abl-Gleevec: ligand flexibility and large conforma-

tional rearrangements

The Abl-tyrosine kinase complexed with its inhibitor Gleevec is significant both

therapeutically and structurally. Gleevec is a widely used cancer drug with strong

inhibitory potency, experimentally shown to bind with a ∆Fb = of -10.9 kcal/mol

[209].

In our previous study (Chapter 4 [P1]), we faced significant challenges with this

system due to its large size and intricate binding mechanism. In this work, we

successfully address these difficulties, achieving a reliable binding free energy esti-

mate for the Abl-Gleevec complex. Furthermore, we optimize the computational

workflow to extend our protocol applicability to larger, pharmaceutically relevant

biomolecular systems with intricate structures and dynamics, using Abl-Gleevec as

a representative prototype.

Path definition and PCVs for Abl-Gleevec

As discussed in Chapter 5 [P2], proper parametrization of PCVs is essential for

minimizing the dissipated work generated during SMD simulations. This is a crit-

ical factor, as excessive dissipation (i.e., heat production) can significantly hinder

the convergence of binding free energy estimates. Improved PCVs can be achieved

by incorporating, alongside ligand atoms, additional system degrees of freedom

that are relevant to the binding process into the reference path. This primarily

affects the definition of the S(x) PCV, as these added components are pulled by

the SMD bias during the simulation.

To improve the PCV definition for the Abl-Gleevec system, we visually analyze

the binding trajectories, as the binding proces (rather than unbinding) is the pri-

mary source of dissipated work. The simulations show that the rapid pulling of

the ligand into the binding pocket do not allow adequate time for the pocket to

undergo the necessary conformational adjustments. Consequently, the Abl bind-

ing site remains largely closed as the ligand approaches, resulting in substantial

dissipated work. This analysis is consistent with previous studies [221, 247, 248].

183



Here, the ligand binding to the apo-kinase is described as a highly complex process

involving a hybrid mechanism of conformational selection and induced fit. Addi-

tionally, significant conformational changes in the activation loop and glycine-rich

loop must be considered, as they enable the Abl binding pocket to adopt the dis-

tinctive tunnel-like shape previously reported [243]. For this reason, a key degree

of freedom in the overall process is the opening and closing of the Abl binding

pocket during both binding and unbinding simulations. To accurately capture this

conformational rearrangement in SMD simulations, heavy atoms of the binding

pocket located within 6 Å of the ligand in its bound pose are included in the ref-

erence path. Therefore, during binding SMD simulations, the bias potential pulls

the ligand into the binding pocket and also guides conformational rearrangements

within the protein binding site. This improved reference path is expected to re-

duce dissipated work and to facilitate the structural changes required for effective

binding mechanism.

Moreover, an optimal path definition also requires that the ligand exit trajectory

(particularly its main axis) remains as orthogonal as possible to the protein surface

during unbinding. This consideration is particularly critical for proteins like Abl,

which feature solvent-exposed binding pockets. Furthermore, traditional solvation

shell definitions, suitable for smaller ligands, fail to adequately characterize the

unbound state of large and charged ligands like Gleevec. In the final configuration

of the reference path, the ligand must be placed at least 15 Å from the protein

surface to minimize residual electrostatic interactions in the unbound state. This

value corresponds to more than three solvation shells. Finally, the reference path

must also capture all relevant intermediate metastable states that occur during the

binding process.

As previously discussed, the initial trajectories used to define PCVs are gener-

ated through exploratory studies involving multiple ABMD simulations. Longer

ABMD runs can promote a more gradual, realistic, and spontaneous unbinding

process. Therefore, using the same setup described in Chapter 4, we perform

several 20 ns ABMD simulations (increased from the previous 10 ns). These sim-

ulations are designed to sample the unbinding of Gleevec from Abl, lasting until
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a separation of at least 15 Å is reached between the centers of mass of the lig-

and and the binding pocket. Based on the observed frequency of the unbinding

mechanism and the orthogonality of the ligand trajectory relative to the protein

surface, we select a candidate guess path from this ensemble of simulations. This

path is then refined using the path optimization algorithms, resulting in a refined

pathway composed of 42 equidistant molecular configurations. Each configuration

includes the ligand and the heavy atoms of binding pocket residues located within

6 Å of the ligand in the bound pose, totaling 51 residues. Among these residues

(used to refine the path definition) we ensure the inclusion of residues known to

be involved in key protein conformational changes, as supported by both literature

reports and our ABMD trajectories. Specifically, this selection encompasses the

DFG motif (Asp381, Phe382, Gly383), the initial residue of the activation loop

(Leu384), and most residues from the glycine-rich loop. Notably, two highly con-

served residues from the glycine-rich loop, Leu248 and Val256, are incorporated,

as they consistently form interactions with Gleevec across bound states and re-

main in contact throughout the unbinding process until the ligand becomes fully

solvated. Figure 6.2 depicts the key structural configurations that define the re-

fined reference path. This path begins with the X-ray structure of the Abl-Gleevec

complex, where Gleevec is in its bound pose. In this conformation, the pyridine

and pyrimidine rings of the inhibitor occupy the same region as the natural sub-

strate, while the rest of the molecule extends into the hydrophobic core of the

kinase, effectively stabilizing it in an inactive state. Along this reference pathway,

substantial conformational rearrangements in the P-loop and C-helix facilitate the

unbinding of Gleevec, accompanied by coordinated movements of the activation

loop. The ligand exits orthogonally through the cleft between the N-terminal and

C-terminal lobes, reaching a fully unbound state in the solvent. These structural

transitions are consistent with previously reported mechanisms of Gleevec binding

to Abl [221, 219]. However, fully capturing the conformational transition of Abl

from its inactive to active state remains challenging and would require plain MD

simulations on the microsecond timescale [221]. Consequently, the reference path

derived from fast ABMD simulations does not capture the DFG-motif flip within

the activation loop, nor does it reflect the full extent of its conformational rear-
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rangement, which includes a rotation of the A-loop and displacements of up to 35

Å for central residues [219]. It is important to note that our aim is to apply a

standard protocol rather than tailoring the protocol for each specific system. As

a result, the activation process is not fully captured, and the generated pathway

provides only a simplified, coarse-grained representation of the binding event. Fi-

nally, to reduce boundary artifacts in the PCVs that could distort the free energy

surface, we append fictitious configurations (generated through short SMD runs) at

both ends of the reference path. Although these configurations are not physically

sampled during the actual simulations, they enhance the representation of the true

bound and unbound states, thereby improving the overall quality of the sampling.

Binding free energy estimates

Using the newly refined reference path, composed of 42 molecular configurations,

we conduct 30 SMD production runs for both the binding and unbinding processes.

Simulations are carried out at two different durations (i.e., 100 ns and 200 ns) cor-

responding to different pulling velocities, as a constant-velocity restraint is applied.

To evaluate whether these simulation times are sufficient to achieve convergence of

the free energy estimates, we conduct a statistical analysis assessing convergence

as a function of the number of replicas.

The Jarzynski work profiles are calculated over simulation times of 100 and 200

ns for both binding and unbinding processes. These profiles are shown in Figure

6.4, with the upper panel depicting the binding trajectories and the lower panel

showing the unbinding ones. These profiles reveal a notable reduction in dissipated

work during the SMD simulations compared to those presented earlier in Section 4

attributable to the inclusion of pocket atoms in the reference path. Additionally,

the close similarity between the work curves at 100 ns and 200 ns indicates that

a 100 ns simulation time already achieves a sufficiently gentle pulling speed to

approach convergence.

Using our CFT-based approach, we reconstruct the free energy profiles along S(x),

as shown in Figure 6.5. Furthermore, Figure 6.8 provides detailed bootstrap error

estimates for each point on the free energy profiles. As shown in these plots,
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the free energy profile at 100 ns exhibits a higher activation energy barrier for

binding. This is likely because faster SMD simulations are more influenced by

kinetic effects, which can lead to artificially elevated barriers in the free energy

landscape. However, the similarity between these free energy profiles (and the

work curves) at both pulling speeds means that 100 ns is adequate for obtaining

thermodynamically accurate, though not kinetically detailed, results.

To calculate the binding free energy, we compute the ratio of the bound and un-

bound partition functions, using the 18th configuration as discriminating structure

between these states. After applying the standard volume correction, the resulting

standard binding free energies are found to be in agreement with the experimental

value of -10.9 kcal/mol. Particularly, the CFT-derived binding free energy esti-

mates from the 100 ns and 200 ns SMD simulations are -12.5 ± 1 kcal/mol and

-13.0 ± 2 kcal/mol, respectively. These results demonstrate that incorporating the

protein pocket degrees of freedom reduces dissipated work, thereby enhancing the

convergence and precision of the binding free energy calculations

Finally, we assess the necessity and impact of the new path criteria by applying an

independent sampling method. Specifically, we run WT-MetaD simulations using

both the previous and the newly refined reference paths. With the refined path,

Gleevec is able to explore regions further from the protein, more thoroughly sam-

pling the bulk unbound state. The resulting free energy and S(x) profiles are shown

in Figures 6.7, 6.6. These plots demonstrate that Gleevec is able to move away

from the protein surface, allowing an exhaustive sampling of the unbound state.

This qualitative improvement highlights the significance of the newly introduced

path refinement criteria.
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Figure 6.2: Schematic representation of the Abl-Gleevec complex’s path. Abl is in grey
in a ribbon representation, with the pocket atoms included in the path in green and
licorice. The surfaces of the path configurations of Gleevec are represented from dark
red for the bound state to dark blue for the unbound state.

Figure 6.3: Fluctuations of the P-loop (green) and of the A-loop (yellow), with high-
lighted in red the DFG sequence. Conformational rearrangements occur for the loops
during simulations, while the DFG sequence remains more stable
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Figure 6.4: Jarzynski work profiles of Abl-Gleevec for binding (upper section) and
unbinding simulations (lower section), measured over simulation times of 100 and 200 ns

Figure 6.5: Free energy profiles along S(x) obtained by applying CFT to SMD of 100
and 200 ns with the refined PCVs for Abl-Gleevec.
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Figure 6.6: Reweighted free energy profile as a function of the collective variable S(x)
from metadynamics simulation for Abl-Gleevec system.

Figure 6.7: Time series of the collective variable S(x) along the metadynamics trajec-
tories for Abl-Gleevec system. The red dotted line represents the discriminating frame
used for free energy calculations

Figure 6.8: Free energy profiles along S(x) obtained by applying CFT to SMD of
100 and 200 ns with the refined PCVs for Abl-Gleevec, along with their corresponding
bootstrap errors.
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Conformational rearrangements and DFG-Flip transition

The key role of the DFG-motif in mediating Gleevec inhibition of Abl has been

demonstrated through numerous experimental and computational studies [243, 221,

249]. Schindler et al. [250] report that Gleevec binding to the Abl pocket requires

a conformational change in the DFG-motif, involving a 180◦ rotation known as the

DFG-flip, which transitions the motif from an active to an inactive state. In the

Abl-Gleevec complex, the DFG-motif adopts the out inactive conformation, while

the activation loop remains closed, thereby preventing the binding of the natural

substrate. Additionally, the glycine-rich loop folds into a kinked conformation di-

rected toward the binding pocket, promoting favorable interactions with the bound

ligand. This conformation of the glycine-rich loop is stabilized by a specific hydro-

gen bond between Tyr253 and Asn322. Several computational studies have been

conducted to evaluate the impact of the DFG-flip on the overall binding free energy

of the Abl-Gleevec complex. For instance, Roux and colleagues [243] report that

the DFG-flip contributes significantly to binding, accounting for approximately 1.4

kcal/mol of the total free energy.

However, throughout our 200 ns simulations, the DFG-flip is not observed. While

conformational changes occurred in both the P-loop and A-loop, the DFG-motif

remains comparatively stable. This behavior is illustrated in Figure 6.3, where

the DFG sequence is highlighted in red. This RMSF analysis further confirms the

dynamic flexibility of the loops compared to the relative stability of the DFG motif

in its out conformation. Even if our refined reference path includs the DFG-motif

residues, the ABMD simulations did not capture the transition of this motif from

the closed to open state. Simulating the DFG-flip would require either a specifically

designed collective variable or significantly longer simulation times. For example,

Lovera et al. [251] observe this rearrangement only after running a 200 µs plain

MD simulation. Accordingly, during our 20 ns unbinding ABMD runs, using an

electrostatic-like collective variable between ligand and pocket atoms, the DFG

motif remains in the out conformation even as the ligand reaches the unbound

state.

To qualitatively account for the significant free energy contribution of the DFG-flip
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into our results, we apply a correction term of ∆Fin→out = 1.4 kcal/mol (as reported

in Reference [243]) to our standard binding free energy estimates. Specifically, the

standard binding free energy of the Abl-Gleevec complex, ∆F ◦
bind,in→out corresponds

to the following reaction:

Ablin +Gleevec→ Ablout : Gleevec (6.1)

However, we comput ∆F ◦
bind,out corresponding to a reaction where the DFG-motif

of Abl is in the out conformation in both the bound and unbound states:

Ablout +Gleevec→ Ablout : Gleevec (6.2)

Therefore, by adding ∆Fin→out to ∆F ◦
bind,out, we can recover the standard binding

free energy accounting for the DFG-flip:

∆F ◦
bind,in→out = ∆F ◦

bind,out +∆Fin→out (6.3)

Including this contribution, the CFT estimates for the 100 ns and 200 ns simulations

adjust to -11.1 and -11.6 kcal/mol, respectively, thus bringing the results closer to

the experimental value.

6.4.2 Riboswitch-ligand: Receptor Flexibility and Confor-

mational Rearrangements

Building on the methodology developed for protein systems, we extend our inves-

tigation to a challenging class of biomolecules: RNAs.

Path definition and PCVs for RNA-ligand systems

As shown, properly parametrized PCVs reduce dissipated work in nonequilibrium

SMD simulations, enhancing the convergence of free energy estimates. Likewise,

establishing an optimized and realistic unbinding pathway is equally crucial for

RNA-ligand systems.
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We perform 10 exploratory ABMD simulations, each lasting 10 ns, to generate ini-

tial trajectories for the two RNA-ligand complexes in the TIP4P-D water model.

These simulations are guided by a CV based on the Debye-Hückel interaction en-

ergy, capturing the electrostatic interactions between the highly negative RNA

charges and the positively charged ligands. Specifically, these simulations are

guided toward a CV value of zero, representing complete ligand unbinding. Tra-

jectories are truncated once the ligand-RNA distance exceeded 20 Å to ensure a

realistic unbound state. As shown in Figure 6.9, during these runs both ligands con-

sistently dissociate via a solvent-exposed pathway situated between loop 2 (residues

U12-U13-A14-U15-A16-C17) and stem 1 (residues U9-A10-G11 and C31-U32-A33-

A34). This recurring unbinding route involves structural rearrangements of loop

2 and stem 2, which opens the binding pocket and facilitates ligand release. The

3D structure of the riboswitch depicted in Figure 6.9 emphasizes its key structural

elements, specifically:

• Loop 1: residues U6-U7-C8;

• Loop 2: residues U12-U13-A14-U15-A16-C17;

• Loop 3: residues A23-U24-A25-A26-A27-A28-A29-A30;

• Stem 1: residues A1-G2-A3-G4-G5 and C18-C19-U20-C21-U22;

• Stem 2: residues U9-A10-G11 and C31-U32-A33-A34.

Figure 9.5 in the Supporting Information section (Chapter 9) shows the Debye-

Hückel interaction energy throughout these ABMD simulations. The graphs illus-

trate a clear decrease in interaction energy as the ligands dissociate, reaching final

values of 1.73 kcal/mol for the cognate ligand and 1.14 kcal/mol for the synthetic

ligand.

A major difference between protein and RNA systems is the significantly higher

structural flexibility of RNA [252, 232, 231, 253]. As a result, establishing a refer-

ence pathway for PCVs in RNA-ligand complexes required tailored modifications

to accommodate this increased dynamism. The PCV calculation assumes that

the optimal-alignment RMSD between the reference path configurations and the
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instantaneous simulation configuration is inherently reliable. For protein-ligand

complexes, alignment is typically performed using the protein’s Cα atoms. How-

ever, due to the pronounced flexibility of RNA, selecting appropriate atoms for

alignment is more challenging but essential for obtaining accurate PCV values and

alignment. To address this, we conduct three independent 100 ns unbiased MD sim-

ulations and combined the data to compute residue-wise RMSF values, as shown

in Figure 9.6 in SI. Residues with RMSF values below 1.8 Å are considered stable,

and from these, we select specific atoms for alignment: the phosphorus (P ) and

C1′ carbon atoms of the RNA backbone (see Figure 9.7 in SI). This choice aligns

conceptually with the approach used for proteins, ensuring a consistent basis for

PCV calculation. Moreover, selecting the appropriate RNA and ligand atoms to

include in the reference pathway is particularly critical for RNA-ligand systems.

This is because ligand (un)binding events often involve significant conformational

changes in regions such as stem 1, which forms a complex hydrogen-bond network

with the cognate ligand. Notably, structural adaptations, including specific confor-

mations of residue C15, are necessary to accommodate the bulkier synthetic ligand

in the binding site (Figure 6.10) [239]. Thus, to accurately capture these structural

changes, atoms within 6 Å of the ligand during ABMD unbinding trajectories are

incorporated into the path definition. For purine nucleotides, the atoms N1, C8,

and C1′ are selected, while for pyrimidines, C6, N3, and C1′ are used (see Fig-

ure 9.7 in SI). This atom selection strategy results in a refined unbinding reference

path composed of approximately 35 equidistant configurations for each RNA-ligand

system, as illustrated in Figure 6.11.
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Figure 6.9: 3D structure of Riboswitch preQ1 with its cognate ligand (Q1) with residues
colored according to their secondary structure.

Figure 6.10: Structural superposition of the apo (white), cognate ligand-bound (pur-
ple), and synthetic ligand-bound (yellow) states of the receptor, highlighting the confor-
mational rearrangement of loop 1 (distinct orientations of residue C15).

Figure 6.11: Schematic representation of the paths of riboswitch-preQ1 in complex
with (left) the cognate ligand and (right) the synthetic ligand. The RNA is shown in
light gray.
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Binding free energy estimates

Following our established protocol, we conduct 30 replicates of bidirectional SMD

simulations, each lasting 100 ns. The Jarzynski work is computed for each trajec-

tory, and the resulting work profiles over time are shown in Figure 6.12. Figure

6.12A presents the unbinding work profiles for the cognate ligand, which increases

almost monotonically. This indicates the presence of an energy barrier that needs

to be overcome by the ligand to disrupt the interactions of the bound state and

escape the binding pocket. These simulations reveal greater work dissipation asso-

ciated with breaking the hydrogen-bonding network within the binding pocket, in

contrast to the synthetic ligand. Once the ligand reaches a fully solvated unbound

state, the work values stabilize (plateau at around 45 ns), indicating the completion

of the unbinding process. Conversely, Figure 6.12B shows the work profiles for the

binding simulations, where the ligand initially resides in the solvent, resulting in

near-zero work values. As the ligand approaches the RNA target (around 45 ns

into the simulation) the work begins to rise, reflecting the energetic cost of entering

the binding site. This increase continues until the bound state is achieved. Over-

all, the work required to reach the bound state appears comparable for both the

cognate and synthetic ligands. The dissipation variability across different replicas

highlights the intrinsic complexity of the binding process. Despite this, the overall

work dissipation remains modest in both cases, indicating that the reference path

criteria effectively capture the key structural transitions and are well-suited for

modeling RNA-ligand interactions.

Using our protocol, we reconstruct the free energy profile along S(x) for both the

cognate and synthetic ligands in the TIP4P-D water model, as shown in Figure 6.13.

To estimate the binding free energy we select the discriminative conformations cor-

responding to S(x) values of 16 for the cognate ligand and 14 for the synthetic one.

The estimated standard binding free energies, which include the standard volume

correction, are compared with experimental affinity data reported in recent studies

[238, 239]. For the RNA-synthetic ligand complex, the calculated ∆F ◦ is -5.6 ±
1 kcal/mol, showing a modest deviation from the experimental reference of -7.9

kcal/mol. In contrast, the RNA-cognate ligand complex yielded an estimated ∆F ◦
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of -17.2±1 kcal/mol, indicating a more substantial deviation from the experimental

value of -10.9 kcal/mol.

While CFT-derived free energy profiles for the cognate ligand appears consistent,

the profiles derived from binding simulations using the JE display a scattered and

irregular pattern, as depicted in Figure 6.14A. This behavior may stem from the

reduced ability of JE to compensate for dissipative work during highly nonequi-

librium processes. Dissipation likely contributes to the deviation observed in the

binding free energy estimate for the cognate ligand.
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Figure 6.12: Work profiles for the cognate ligand (A) and synthetic ligand (B) regarding
unbinding (upper section) and binding (lower section) 100 ns simulations in TIP4P-D.

Figure 6.13: Free energy profiles along S(x) obtained by applying CFT to SMD (sim-
ulation time of 100 ns in TIP4P-D) for the cognate (A) and synthetic (B) ligands

Figure 6.14: JE-derived FES for unbinding (upper section) and binding (lower section)
simulations in TIP4P-D for the cognate (A) and synthetic (B) ligands.
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Water model effect on binding free energy estimates

Up to this point, all simulations have been conducted using the TIP4P-D water

model. However, as discussed in Section 5 [P2], four-site models may not pro-

vide the best agreement with experimental data in the context of nonequilibrium

simulations. Indeed, the TIP3P water model may exhibit reduced sensitivity to

dissipative effects, potentially resulting in free energy estimates with lower bias.

While TIP3P is neither the most advanced nor the most accurate model for repre-

senting RNA hydration, its computational efficiency and lower dissipation make it

a pragmatic choice for nonequilibrium simulations.

Therefore, in line with the rationale outlined in Section 5, we investigate the po-

tential impact of the water model on binding free energy predictions. To this end,

we repeat the entire set of SMD simulations using the TIP3P water model, which

is expected to introduce less dissipative work. Importantly, all other parameters

and setup, including the reference path, are kept unchanged to isolate the effect

of the solvent model. The work profiles obtained with the TIP3P water model are

shown in Figure 6.15. For the synthetic ligand (Figure 6.15B), the profiles resem-

ble those from TIP4P-D simulations (Figure 6.12B). In contrast, for the cognate

ligand, the choice of water model has a more pronounced impact, as reflected in

the work curves (Figure 6.15A) and the resulting free energy values summarized in

Figure 6.16. Based on our results, the most marked differences between the TIP3P

and TIP4P-D water models emerge during the binding simulations. Similar to

what was observed for protein-ligand systems, the TIP3P model exhibits reduced

dissipation in RNA-ligand systems as well. This results in a lower amount of work

required to achieve the bound state compared to TIP4P-D, as illustrated in Figure

6.12A.

The visual analysis of the MD simulations reveals notable conformational differ-

ences in the RNA bound state when comparing results obtained with TIP3P and

TIP4P-D water models. Specifically, simulations using TIP4P-D show difficulties

in accurately following the reference pathway during the final stages of binding. In

these cases, stem 1 fails to adopt the precise conformation observed in the X-ray

structure, indicating limited structural convergence near the bound state.
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As a result, for the synthetic ligand, the CFT-derived profile (Figure 6.17B) and

the corresponding binding free energy obtained using the TIP3P water model differ

from those calculated with TIP4P-D. Specifically, the estimated standard binding

free energy with TIP3P is -8.7 ± 0.7 kcal/mol (14th configuration of the reference

path selected as discriminating frame), which shows improved agreement with the

experimental value. In contrast, the TIP4P-D model produced a less accurate

estimate of -5.6 ± 1 kcal/mol. For the cognate ligand, both the free energy profile

(Figure 6.16A) and the standard binding free energy estimated using the TIP3P

model are comparable to those obtained with TIP4P-D. The TIP3P-based estimate

of ∆F ◦ is -18.5 ± 3 kcal/mol, which, despite the consistency across water models,

still significantly deviates from the experimental reference value of -10.9 kcal/mol.

The findings for the synthetic ligand underscore the critical role of the water model

in determining the accurancy of nonequilibrium free energy calculations. Simula-

tions performed with the TIP4P-D model tended to underestimate the binding

free energy, whereas those using the TIP3P model produced estimates more con-

sistent with experimental measurements, falling within the expected error margins.

However, even when using the less viscous TIP3P model, the SMD simulations for

the cognate ligand continue to show a substantial deviation from the experimental

binding free energy values.

To deeper understand the impact of the nonequilibrium approach on RNA-ligand

systems, we complement our analysis with an independent sampling method. Specif-

ically, we carry out WT-MetaD simulations using the previously defined PCVs

and reference pathways, along with the TIP4P-D water model. These simulations

enables thorough sampling along the S(x) PCV, successfully capturing multiple

binding and unbinding transitions for both ligands within a single simulation (SI

of Reference [P3]). This outcomes indicate that the employed PCVs and refer-

ence paths are capable of describing the essential conformational space involved in

the ligand (un)binding processes. Notably, the cognate ligand remains predomi-

nantly in the bound state throughout a large portion of the MetaD simulations.

This behavior can be attributed to its strong interaction network with the RNA

in the bound conformation. Following the reconstruction of the free energy profile,

200



SMD (TIP4P-D) SMD (TIP3P) MetaD

Cognate -17.2 ± 1 -18.6 ± 3 -19.4 ± 2
Synthetic -5.6 ± 1 -8.7 ± 0.7 -7.4 ± 0.9

Table 6.1: Standard binding free energies (kcal/mol) for the cognate and synthetic
ligands using the TIP4P-D water model in MetaD simulations and TIP4P-D and TIP3P
in Steered Molecular Dynamics.

the corresponding binding free energies are computed and they are summarized in

Table 6.1.

The binding free energies obtained from WT-MetaD differ from those calculated

using SMD with the TIP4P-D water model. This comparison is rather interesting

because WT-MetaD does not rely on the Jarzynski work for the free energy estima-

tion. On the other hand, the nonequilibrium approaches based on the CFT and JE

estimators are heavily dependent on this parameter. Interestingly, the MetaD re-

sults using TIP4P-D align more closely with the SMD results performed in TIP3P

water, indicating that TIP3P may be more appropriate to reduce dissipation. This

characteristic can make it a more suitable choice for nonequilibrium SMD simula-

tions. Conversely, computationally more demanding water models like TIP4P-D

may offer enhanced accuracy for equilibrium-based methods, such as MetaD.
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Figure 6.15: Work profiles for the cognate ligand (A) and synthetic ligand (B) for
unbinding (upper section) and binding (lower section) 100 ns simulations in TIP3P.

Figure 6.16: FCFT-derived FES along S(x) (simulation time of 100 ns in TIP3P) for
the cognate (A) and synthetic (B) ligands

Figure 6.17: JE-derived FES for unbinding (upper section) and binding (lower section)
simulations in TIP3P for the cognate (A) and synthetic (B) ligands.
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Possible source of errors for the cognate ligand

The binding free energy values calculated for the cognate ligand show a significant

deviation from the experimental reference. Both SMD and WT-MetaD simulations

suggest a stronger binding affinity for the cognate ligand than what is observed

experimentally. In contrast, the binding affinity estimated for the synthetic ligand

aligns well with the experimental data. The experimentally observed higher affinity

of the cognate ligand likely contributes to this discrepancy. Because the cognate

ligand binds more tightly to the RNA target, accurately estimating its binding

affinity is inherently more challenging than for the synthetic ligand.

Particularly, Figure 6.20B and Figure 6.18 illustrate the crystallographic binding

poses of both ligands, highlighting that the cognate ligand engages in a greater

number of interactions with the RNA target, which drives its binding mode. Both

ligands exhibit a similar extent of stacking interactions with the RNA. However,

the cognate ligand forms seven hydrogen bonds with the target, in contrast to just

two hydrogen bonds formed by the synthetic one. Thus, the strong interactions

between the RNA and the cognate ligand introduced challenges in achieving an

accurate estimation of the binding free energy for this complex.

In this context, we examine potential factors contributing to the observed discrep-

ancies between our calculated results for the cognate ligand and the corresponding

experimental binding affinity. One possible source of error may stem from lim-

itations in the FFs used for RNA-ligand simulations. Although FFs for macro-

molecules like proteins and RNAs have seen significant advancements and now

offer increasingly reliable and quantitatively accurate predictions of experimental

data, small molecule parameterization still remains problematic. As explained in

Section 2.3.2, this difficulty mainly arises from the wide diversity and complexity

of the chemical space occupied by small organic compounds, which makes accurate

modeling more demanding. Particularly, inaccuracies in parameters such as atomic

charges and dihedral angles can substantially affect simulation outcomes [254]. Cur-

rently, it is common practice to use the AM1-BCC method for assigning partial

charges to ligands in simulations, as it generally provides a reliable description of

ligand electrostatics. However, in more complex cases, AM1-BCC charges may not
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be sufficiently accurate. Under such circumstances, higher-level approaches, such

as deriving charges from Density Functional Theory calculations combined with

the RESP fitting method, can offer improved accuracy [75]. For the systems exam-

ined here, many heteroatoms of the ligand form critical hydrogen bonds with the

RNA target in the bound state. To better capture these interactions, we refine the

parametrization of the cognate ligand by adopting RESP-derived charges and op-

timizing dihedral angle parameters. Next, we apply our protocol to produce a new

initial unbinding pathway using ABMD simulations, followed by production SMD

runs. Notably, the preferred unbinding route, passing between loop 2 and stem 1,

remains consistent with that observed using the previous ligand parametrization

and results reproducible across all ABMD trajectories. To evaluate the influence of

different solvent models combined with the updated ligand parameters, simulations

are performed with both TIP4P-D and TIP3P water models. Table 6.2 summarizes

the outcomes of these simulations.

TIP4P-D TIP3P

N1 - RESP -21.2 ± 1 -21.4 ± 1
N1 -AM1-BCC -17.2 ± 1 -18.6 ± 3
N2 -AM1-BCC -13.2 ± 1 -11.9 ± 1

Table 6.2: Binding free energies (kcal/mol) for the cognate ligand in the tautomeric
form N1 with RESP and AM1-BCC charges and the tautomeric form N2 with AM1-BCC
charges in different water models.

According to these results, the binding free energy values show minimal sensitivity

to the choice of water model after applying RESP parametrization. The estimates

obtained using TIP3P and TIP4P-D solvents are comparable and fall within the

statistical error, consistent with the trend observed when using AM1-BCC charges.

However, the results obtained with RESP parameters resemble those with AM1-

BCC charges, with both sets deviating from the experimental values. This suggests

that the choice of charge model may not be the primary source of error in this case.

To further validate our findings and conclusively exlude ligand parameterization

as a source of error, we reparameterized all ligands, including both the synthetic

and cognate compounds. Instead of relying on the topologies from Reference [238],
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we rebuild the ligand topologies (i.e the synthetic and the cognate one in both

tautomeric forms N1 and N2) using the AM1-BCC charge model combined with

the GAFF. Additional simulations (with both TIP4P-D and TIP3P water mod-

els) are performed for all complexes using this newly generated set of parameters.

With these updated parameters, we repeat the entire workflow, (i.e., ABMD, path

definition, two-sided SMD simulations) obtaining the binding free energy values

in the end. Figure 6.19 summarizes all these additional results. The consistency

of these outcomes with previous findings provides further evidence that parameter

selection is not the primary source of error for the cognate ligand. Moreover, it

demonstrates that our nonequilibrium pipeline is both reproducible and stable.

The second source of inaccuracy for the cognate ligand may arise from the presence

of different tautomeric states in solution.[255]. We conduct QM calculations using

Jaguar, a Schrödinger software package, to investigate the two tautomeric forms of

the cognate compounds, referred to as N1 and N2. These tautomers differ by the

position of a hydrogen atom on one of the nitrogen atoms in the pyrimidine ring.

Specifically, the previously considered cognate tautomer, referred to as N1, can

undergo tautomerization through the migration of a proton from the N1 nitrogen

to the N2 nitrogen atom, resulting in the alternative tautomer N2, as illustrated

in Figure 6.20A. In solution, the N2 form may be stabilized by an intramolecu-

lar hydrogen bond formed between the carbonyl group and the protonated amine,

potentially favoring its population. To assess the relative stability and potential

coexistence of these forms, we employ ab initio QM calculations with the B3LYP-

D3 functional and the 6-311G++** basis set. Solvation effects are accounted for

using the Poisson-Boltzmann Finite Element method. Our results indicate that

the hydration free energy of the N1 tautomer is favored by 1.85 kcal/mol compared

to N2. These findings suggest that multiple tautomeric states may be present in

solution. To ensure a comprehensive analysis, we expand our study to include the

alternative tautomeric form N2 of the cognate ligand by repeating the entire sim-

ulation workflow using this tautomer. Moreover, to obtain a complete perspective

and enable comparison with previous findings, we carry out SMD simulations us-

ing both TIP4P-D and TIP3P water models, as well as WT-MetaD simulations,
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for the cognate ligand in its N2 tautomeric form. The binding free energy com-

puted for the N2 tautomer is notably lower than that of the previously studied

N1 form. Importantly, these new results show much closer agreement with exper-

imental data. In particular, simulations with the TIP4P-D water model yields a

standard binding free energy of - 13.2 ± 1 kcal/mol, and TIP3P yields - 11.9 ± 1

kcal/mol. Both values align well with the experimental reference of -10.9 kcal/mol

(Table 6.2). Additionally, these estimates are consistent with the outcome from

the MetaD simulation in TIP4P-D, which reports a value of - 13.9 ± 0.4 kcal/mol.

A comprehensive summary of all binding free energy results for the cognate ligand

is presented in Figure 6.21.

Interestingly, the N2 tautomeric state is less intuitive, as the cognate ligand in

the N1 form structurally mimics the Guanine nucleobase, differing only by mi-

nor modifications. This close resemblance enables the N1 form to establish the

canonical hydrogen-bonding network within the RNA binding pocket, particularly

through Watson-Crick-like interactions with residue C15. Such behavior aligns well

with Guanine’s known interaction pattern in this three-dimensional context (Figure

6.20B). In contrast, as illustrated in Figures 6.20B-C, the N2 form of the cognate

ligand loses key hydrogen bonds. Specifically, two interactions with residues C15

and A29 are no longer present. Additionally, analysis of 500 ns plain MD simula-

tions (two replicas) reveal distinct hydrogen bonding patterns for the two tautomers

within the binding pocket over time. Figures 6.22 and 6.23 show these patterns

for the two forms. Specifically, in the N1 tautomer simulations (Figure 6.22), the

number of hydrogen bonds remains stable at approximately seven, whereas in the

N2 tautomer (Figure 6.23), the average number of hydrogen bonds is five. These

observations on the hydrogen bond network may help explain the lower binding

affinity calculated for the N2 tautomeric form.
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Figure 6.18: 2D representation of the hydrogen bonds established by the synthetic
ligand within the riboswitch-preQ1 complex.

Figure 6.19: Binding free energies results. Dashed lines indicate experimental values
(green: synthetic, blue: cognate). The x-axis represents the calculation method (SMD
in TIP4P-D and TIP3P), while the y-axis shows the corresponding binding free energy.
Ligands are color-coded: synthetic (green), cognate with AM1-BCC charges (orange)
and cognate tautomer (light blue).
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Figure 6.20: (A) Structures of the two tautomeric forms of the cognate ligand: N1 (left)
and N2 (right). (B) Hydrogen bonding networks formed between the RNA target and
the cognate ligand in the tautometric form N1 and (C) in the tautometic form N2. The
two tautometic forms establish a different hydrogen networking with the RNA target.

Figure 6.21: Binding free energies for all complexes tested. Dashed lines indicate exper-
imental values (green: synthetic, blue: cognate). The x-axis represents the calculation
method (SMD in TIP4P-D and TIP3P or MetaD), while the y-axis shows the corre-
sponding binding free energy with associated errors. Ligands are color-coded: synthetic
(green), cognate with AM1-BCC charges (orange) and cognate tautomer (light blue).
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Figure 6.22: The number of hydrogen bonds for the N1 tautomer remained consistently
around seven throughout the 500 ns of plain MD simulations.

Figure 6.23: The number of hydrogen bonds for the N2 tautomer remained consistently
around five throughout the 500 ns of plain MD simulations.

Ultimately, the coexistence of both tautomeric forms in solution may account for

the observed discrepancy between the experimental binding affinity of the cognate

ligand and the simulation results obtained for the N1 tautomer alone. Since both

N1 and N2 are likely present in equilibrium in solution, the experimentally mea-

sured binding free energy likely reflects an average over both species. As a result,

the presence of the lower-affinity N2 tautomer could reduce the overall observed

affinity, leading to a value that is lower than what would be predicted by simula-

tions considering only the more strongly binding N1 form.
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6.5 Conclusions

In this applicative and conclusive study, we tackle the challenge of estimating bind-

ing free energies in complex and pharmaceutically relevant biomolecular systems

using the nonequilibrium pipeline developed at the outset of my PhD work (Sec-

tion 4 [P1]). Here, our investigation centers on two case studies: the binding of

the anticancer drug Gleevec to its protein target Abl, and the interaction of two

distinct ligands with the preQ1 RNA riboswitch. These systems exemplify typical

challenges in computational drug discovery, ranging from the substantial size and

conformational flexibility of the Abl-Gleevec complex to the dynamic nature and

structural plasticity of the RNA receptor.

Building on our recent findings on minimizing dissipation during nonequilibrium

simulations (Section 5 [P2]), we refine the strategy for constructing reference bind-

ing pathways used to define PCVs. A key improvement is the explicit inclusion of

all molecular degrees of freedom essential to the binding process, specifically atoms

from both the ligand and the receptor’s binding pocket. This enhancement proves

critical for accurately capturing the structural rearrangements occurring in the

binding sites. It results particularly relevant for the Abl-Gleevec complex, which

involves a complex induced-fit mechanism, as well as for the riboswitch-ligand sys-

tems, where RNA flexibility plays a major role. With these improved reference

pathways, we successfully applies our PCV-based protocol to estimate standard

binding free energies across both protein- and RNA-ligand systems.

Moreover, consistent with the findings discussed in Section 5, our results rein-

force the conclusion that the less dissipative TIP3P water model is better suited

for nonequilibrium simulations. Its use led to binding free energy estimates that

aligned more closely with experimental data, outperforming the more complex

four-site TIP4P-D model in this context. Conversely, when applied within the

framework of WT-MetaD, the four-site TIP4P-D water model yields results that

are consistent with experimental observations. This contrast underscores the higher

sensitivity of nonequilibrium SMD to the kinetic properties of the system, empha-

sizing the critical role of choosing an appropriate water model based on the specific
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simulation methodology employed.

In conclusion, even-if equilibrium-based approaches remain the standard for free en-

ergy calculations in molecular simulations [256], nonequilibrium methods still pose

methodological challenges but may offer distinct computational advantages. A key

strength of our nonequilibrium pipeline is its inherent capacity for straightforward

parallelization, which contrasts with more sequential techniques like MetaD. While

the overall simulation time for the nonequilibrium SMD approach is longer than

that of MetaD, all trajectories are independent and can be run in parallel. As a

result, when utilizing high-performance computing infrastructure, the total time-

to-solution is effectively reduced to the duration of a single trajectory, 100 ns for

the systems examined in this final study. Moreover, our workflow enables a more

direct and transparent evaluation of convergence, which is often less accessible in

MetaD simulations. Finally, although the approach is computationally more in-

tensive than widely used and efficient ”end-point” methods (discussed in Section

2.5.1), it provides additional advantages. Beyond yielding reliable estimates of

binding free energies, our protocol offers mechanistic insights into the ligand bind-

ing process and the identification of intermediate states along the pathway. These

features are particularly valuable in pharmaceutical research, where understand-

ing the dynamics and energetics of molecular recognition can significantly enhance

rational drug design strategies.
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Chapter 7

NanoShaperWeb: molecular

surface and pockets detection

made visual [P4]

7.1 Aim and Objectives

In the last three chapters, I presented our novel computational pipeline for calculat-

ing binding free energies in the nonequilibrium regime, detailing its advantages as

well as its limitations. We conducted an in-depth analysis of the trade-off between

computational efficiency and accuracy, and investigated the sources of dissipation

that hinder convergence during nonequilibrium simulations. While we propose

practical guidelines to minimize dissipation, we also challenged the methodology

on highly complex protein systems and RNA complexes. These efforts contribute

to establishing a robust nonequilibrium framework for binding free energy calcu-

lations, leveraging the inherent advantages of such approaches (such as paralleliz-

ability) while also yielding valuable mechanistic insights from the simulations.

Differently, this chapter presents a complementary project in the field of compu-

tational drug discovery, focusing on the development of a web-based interface for

the NanoShaper code, aimed at molecular surface calculation and binding pocket
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identification.

In structural biology and drug discovery, identifying protein cavities and analyz-

ing molecular surfaces are crucial tasks that aid in functional site prediction and

rational drug design. Over the years, various surface and pocket-detection tools

have been developed, with NanoShaper being one of the available options. To

enhance its accessibility, we introduce NanoShaperWeb, a web-based tool that

integrates NanoShaper into an interactive user-friendly interface. This platform

enables molecular surface and pocket detection, provides DrugPred descriptors

[257] for deeper pocket analysis, and facilitates result visualization and download.

By streamlining molecular analysis, NanoShaperWeb offers an efficient and user-

friendly solution for researchers, supporting key stages of the drug development

pipeline. Typical execution times are relatively short and depend primarily on the

size and complexity of the system under analysis. For simple systems, such as

the TRY–BEN complex, the analysis is usually completed within a few seconds.

For larger or more complex biomolecular systems, execution times may increase

accordingly. In addition, since NanoShaperWeb operates through a queue-based

submission system, waiting times can occasionally extend the overall turnaround,

depending on server load and user demand.

In the work presented thus far, NanoShaper has been employed for multiple pur-

poses, including the evaluation of the standard volume correction term for ∆G◦
binding

calculation [P1, P2, P3] and the examination of cryptic cavities in T4 lysozyme

L99A/M102Q bound to N-phenylglycinonitrile [P3]. The NanoShaperWeb tool fa-

cilitates these analyses, thereby supporting our group’s ongoing and future research

efforts.

The NanoShaperWeb tool is freely available online at https://nanoshaperweb.iit.it/,

without the need for registration.

7.2 Introduction

As thoroughly explained in Chapter 1, the drug discovery process is complex and

time-intensive [258], often relying on a multi-step pipeline that integrates various
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computational methods [11]. Particularly in the early stages, computational mod-

eling plays a crucial role in analyzing molecular surfaces and identifying cavities,

aiding in the detection of pockets capable of accommodating small therapeutic

molecules.

Proteins are among the primary molecular targets in drug discovery, as they play

pivotal roles in numerous human cellular processes. Exogenous small molecules

capable to bind proteins (i.e., ligands), are designed to bind specific protein pockets,

thereby modulating their function and activity. Structure-based CADD leverages

known protein structures to identify binding sites and support the design of new

targeted therapeutics.

In this context, computational approaches for analyzing molecular surfaces and de-

tecting protein cavities are essential for guiding drug discovery efforts. Among the

many available pocket identification algorithms, typically classified as either geo-

metric or energy-based, NanoShaper [201] emerges as a reliable tool for analyzing

molecular surfaces and detecting protein cavities.

In this work, we introduce NanoShaperWeb, an application developed on the

foundation of the original NanoShaper code. It is designed to offer an easy-to-

use interface for accessing NanoShaper functionalities. Moreover, we integrate a

NanoShaper-based implementation of the DrugPred descriptors [257], offering a

rapid computation of both geometric and chemical descriptors for each identified

pocket. This provides a comprehensive understanding of the pockets’ characteris-

tics and may serve as foundation for machine learning approaches.

7.3 Implementation

We have modified the original NanoShaper source code, transforming it into a

more flexible and structured software. Additionally, we have incorporated the

descriptor builder [259] for generating DrugPred descriptors [257] within the code.

The NanoShaperWeb application is designed using a microservices architecture

consisting of three key components: the NanoShaper executable, a Flask-based web

server, and the Browser App. Flask manages back-end processing of requests and
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response handling, while the Browser App offers an interactive interface. The three

components work together to create a fully integrated web application. Moreover,

all components are containerized with Docker, ensuring reliable deployment and

scalability. An overview of the system architecture is shown in Figure 7.1.

7.3.1 NanoShaper and Descriptors

The NanoShaperWeb application is built around the two core algorithms of the

original NanoShaper code: surface computation and pocket detection. It also offers

visualization for all results generated by NanoShaper, along with the additional

DrugPred descriptors.

Surfaces: NanoShaper provides the capability to triangulate various molecular

surface definitions [260, 261]. In general, NanoShaper operates by embedding the

protein into a cubic grid and triangulating the molecular surface using ray-casting.

Rays are cast along grid edges to analytically sample the surface while simultane-

ously obtaining the in/out information required for triangulation. All the molecular

surfaces are generated through the NanoShaper interface by running the tool mul-

tiple times. NanoShaper supports the following surfaces: van der Waals surface

(WDW), skin surface [262], blobby surface [263], and Connolly-Richards surface or

solvent-excluded surface (SES).

Pocket detection: Within the algorithm, the region of space that is accessible to

a water molecule but not to a larger spherical probe is defined as a pocket. This

pocket is identified by calculating the volumetric difference between two regions

defined by two distinct solvent-excluded surfaces. These SESs are computed using

different probe radii, namely R and r where R > r. This volumetric difference

is calculated over the grids, followed by a clean-up step to eliminate noisy grid

points, and then a flood-filling algorithm is applied to isolate the pockets. The

definition of the pocket shapes is affected by the size of the probe: a smaller radius

r smooths gaps in the inner surface, while a bigger radius R helps to identify

shallow pockets. The default values used are R = 3.0 Å and r = 1.4 Å . The

smaller radius r = 1.4 Å is selected to represent the approximate size of a molecule

of water. Additionally, NanoShaper is capable of detecting closed cavities within
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Figure 7.1: The chart depicts the architecture of NanoShaperWeb, highlighting the
interactions between the user, browser application, storage system, computational tools,
and worker processes. Users interact with the web interface, which communicates with a
Flask-based server. Submitted tasks are stored in a job folder and processed via a queue
system. Worker processes handle computational tasks, utilizing tools like NanoShaper
and Descriptors Builder. Once the computations are complete, results are saved and
made available for users to download.
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the surface and estimating their volume. In NanoShaper, pockets and cavities are

distinct objects, namely pockets have a defined body and entrance, while cavities

do not exhibit such structure.

Descriptors builder: subsequently, every pocket is characterized by the entrance

area and points provided by NanoShaper, as well as by geometric and chemical

descriptors [257]. The descriptor computation is done through a Python script

running on top of the NanoShaper executable. The complete list of calculated de-

scriptors and their corresponding abbreviations is presented in Table 7.1. In this

set of descriptors, those related to amino acid composition are determined based

on the frequency of different amino acid classes, categorized by their physicochem-

ical properties. The occurrence of each amino acid type (inX) is represented as a

descriptor, calculated by summing the surface areas surrounding the amino acid

X. Moreover, pocket properties include surface areas for hydrogen-bond donors

and acceptors (dsat and asat), which are calculated around polar atoms. By sub-

tracting the donor and acceptor areas from the total surface area, the hydrophobic

surface area (hsat) is also derived. Additionally, to provide relative measurements,

descriptors (dsar, asar, and hsar) are obtained by normalizing each value by the to-

tal binding site surface area. The relative polar surface area (psar) is defined as the

sum of dsar and asar. Lastly, a compactness descriptor is included to characterize

cavity and pocket shapes.

7.3.2 Web Server

The NanoShaperWeb server is developed using Flask, a lightweight Python web

framework to manage HTTP requests, user sessions, PDB file processing, and job

execution. For molecular structure manipulation and preprocessing, the server uses

the ProDy library [264, 265]. This includes parsing PDB files with parsePDB for

structure loading, applying atom subselections using VMD-like syntax, eliminat-

ing duplicate atoms, and converting structures into the .xyzr format required by

NanoShaper. To maintain consistency in atom naming, Amber FF parameter files

are used.

To optimize performance for computationally demanding tasks, some routines are
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Descriptor Name

Binding site volume vol
Total surface area areab
Entrance area areae
Binding site compactness cness
Relative hydrogen-bond donor surface area dsar
Hydrogen-bond donor surface area dsat
Relative hydrogen-bond acceptor surface area asar
Hydrogen-bond acceptor surface area asat
Relative hydrophobic surface area hsar
Hydrophobic surface area hsat
Relative occurrence of polar amino acids paa
Relative occurrence of non-polar amino acids haa
Relative occurrence of multifunctional amino acids maa
Relative occurrence of charged amino acids caa
Relative polar surface area (dsa r + asa r) psar
Incidence of amino acid X in the binding site relative to the surface inX

Table 7.1: Descriptors and their corresponding names.

implemented in C and enhanced with AVX2 vector instructions when available.

The backend architecture follows a modular design with five key components, in-

cluding the API Layer, Session Management, Job Queue System, Worker Process,

and Finalizer Process. Further technical details can be found in our application

note [P4].

7.3.3 Browser App

The browser app serves as the client-side interface, enabling user interaction with

the web server through asynchronous HTTP requests. It is developed using modern

web technologies and follows a structured design for efficient usability and perfor-

mance. The implemented frameworks and components are following summarized.

Frontend Framework: uses HTML5, TailwindCSS for styling, and vanilla JavaScript

to handle interactivity. The layout is organized into distinct sections for configuring

inputs, managing jobs, and displaying results.

3D Visualization: the molecular visualization (incorporating custom wrappers)
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is obtained by employing 3DMol.js [266]. It supports interactive selection, multiple

rendering modes, and different pocket coloring.

State Management: stores visualization settings, selected pockets, and UI pref-

erences on the server filesystem, synchronizing client-side updates in real time.

Session data, including viewer states, is saved in JSON files on the server, ensuring

users can resume analysis across multiple sessions.

Web Workers Architecture: uses dynamically generated web workers for multi-

threaded client-side processing, handling resource-intensive tasks like large file

downloads while tracking progress. This approach maintains UI responsiveness

and includes fallback mechanisms if web workers are unavailable.

The application features a responsive design, ensuring compatibility across different

devices and screen sizes. Results can be downloaded as ZIP directories containing

explanatory log files, surface meshes, pocket and cavity PDB files, and descriptor

data in convenient CSV format for succesive analysis. Finally, the entire application

is containerzed using Docker.

7.4 Web server interface

The interface of NanoShaperWeb front page is shown in Figure 7.2. As can be

seen, the bottom panel of the web server provides three links to individual pages:

Find Pockets!, About NanoShaper and Pocket Descriptors.

The About NanoShaper page offers a brief overview of the underlying methods,

while the Pocket Descriptors page provides a summary of the DrugPred descriptors

[257] computed using NanoShaper. In the Find Pockets page, users can either

initiate a new session or resume a previous analysis by entering a session ID. When

starting a new session, users can submit a job by downloading from the web or

uploading a PDB/PDBx-mmCIF file.

Additionally, key information is displayed through tooltips, allowing users to ac-

cess helpful information by hovering over specific elements in the NanoShaperWeb

interface.
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Figure 7.2: Interface of the NanoShaperWeb front page

7.4.1 Input, Settings, Viewer and Pocket Table

The usage of NanoShaperWeb is rather intuitive, and it is illustrated in the How

to Use section within the web application. As a representative example to demon-

strate the usage of NanoShaperWeb, we present the structure of T4 lysozyme

L99A/M102Q bound to N-phenylglycinonitrile (PDB code: 2RBN) previously ana-

lyzed in Chapter 5 [P2]. Specifically, Figure 7.3 represents the inputs, while Figure

7.4 reports the output of this system.

As anticipated, in the Find Pockets page, users can retrieve a previous analysis (us-

ing the session ID) or start a novel analysis with a new session. Selecting the latter

option opens the input section, where the main input (uploaded or downloaded)

is the protein file. The PDB/PDBx-mmCIF protein file undergoes preprocessing,

and is automatically displayed in molecular cartoon mode (Figure 7.3b). Inter-

esting structural details such as the number of residues, chains, and atoms are

also displayed. Moreover, users can customize the molecular visualization by inter-

actively change representation, highlighting ligands or selecting specific chains to

better suit their needs. By simply clicking Submit, the standard analysis can start

and it appears in the Jobs Management feed. Here, users can verify the analysis

status, the queue position and execute actions such as view or download results.

Additionally, in the Job Submission Settings tab, advanced users can run analysis
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(a) In the Find Pockets page, users can start a new job session. Here, users
can specify the protein for analysis by uploading or downloading the PDB of
interest. As a representative example, the 2RBN protein is selected.

(b) The PDB file has been successfully downloaded and is ready for analysis.
Key structural information is displayed, and users can interactively adjust
the PDB visualization (e.g., atom-based views). Clicking the ”Submit Job”
button initiates the pocket detection process, placing the job in the queue with
a unique job ID. The ”Job Submission Settings” tab allows users to fine-tune
parameters for more precise control over the analysis.

Figure 7.3: User interface of the Find Pockets pahe, with a visual walkthrough of how
to initiate a new analysis session.

only on a subset of the chains, or they can set custom parameters such as the

SES probe radii and the Skin smoothness. In the Jobs Management feed, once

the submitted job is finished, users can visualize the results by clicking the View

button. This action loads the results into the interactive viewer and the pockets

table components.

At the heart of the application is the molecular viewer, providing an interactive

display of molecular structures as shown in Figure 7.4a. The viewer offers intuitive
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(a) After the analysis, the protein can be visualized using four dif-
ferent surface representations: Connolly-Richards surface, skin sur-
face, blobby surface, and van der Waals (VdW) surface. Pockets and
cavities are highlighted by default in distinct colors for easy identi-
fication.

(b) Fullscreen screenshot of the 2RBN protein
visualization.

Figure 7.4: Visualization of NanoShaper output for the 2RBN protein, highlighting
different surface types and pocket detection features.
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3D interaction using standard mouse controls, allowing users to easily rotate, pan,

and zoom the molecular structure. Surrounding it there are several control panels,

each serving a dedicated purpose. An opacity slider allows users to adjust surface

transparency in real time, while theMolecule Controls panel offers options to toggle

molecular surfaces and visualize individual atoms. In the bottom-right corner,

the Pocket Controls panel provides options to toggle the visibility of pockets and

cavities. In addition, a dedicated visualization mode highlights pocket entrances in

red, distinguishing them clearly from the rest of the pocket structure, as shown in

Figure 7.4b. This distinction between the pocket entrance and body is particularly

valuable, as it helps identify potential access points to binding sites. All visibility

settings, color configurations, and selected pockets used during the analysis can

be saved using the tools in the Viewer State Controls located in the top-right

corner. This feature allows users to easily restore the entire viewer state at any

time, ensuring consistent and reproducible analysis across different sessions. In

the top-left corner, the Screenshot Controls panel allows users to capture high-

resolution images of the current view. For a clearer and more detailed snapshot,

the visualization area can be maximized using the fullscreen option before taking

the screenshot.

Positioned below the viewer and designed to work in synergy with it, the pockets

table serves as an interactive summary for pocket analysis and visualization. Users

can add or remove individual pockets from the viewer by clicking the correspond-

ing buttons in the table, and customize their appearance using the built-in color

picker. Once the NanoShaper analysis is complete, the viewer initially loads only

the 10 largest pockets or cavities by default. Researchers can then use the inter-

active pocket table to take full control over which pockets are displayed and how

they appear. Each entry in the table presents key metrics such as surface area,

type, and volume. Additionally, pockets and cavities can be sorted by any of these

metrics simply by clicking on the corresponding column header. The pockets table

allows for efficient multi-selection using Shift+click to select consecutive pockets

and Ctrl+click to choose non-consecutive ones. Any modifications or selections

made in the pocket table are instantly reflected in the viewer. This seamless inte-
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gration between the tabular data and 3D visualization fosters an efficient workflow,

enabling researchers to quickly explore and analyze potential binding sites within

the molecular structure. For a more detailed analysis, each table entry features a

Show Details button that reveals the full set of descriptors calculated by the server.

These can easily be copied and pasted or downloaded directly from the outcomes.

7.4.2 Mail Notification and Results Download

In the Job Submission Settings tab, users can optionally enter an email address to

receive automatic notifications upon job completion. These emails include impor-

tant details, such as the session ID. Additionally, two links are provided: one to

resume the session for immediate visualization and analysis, and another for direct

downloading of the results. This email notification service ensures that researchers

stay informed about the progress of their analyses, particularly for lengthy compu-

tations. Finally, all results are packaged into a well-organized ZIP directory, which

can be downloaded either through the link provided in the notification email or

directly from the webserver. The files within the ZIP archive comprehensively doc-

ument the analysis and include Molecular Surface Files, Individual Pocket/Cavity

PDB Files, Log Files, and Descriptor Data. Specifically, the Molecular Surface

Files are provided for all surface types and include mesh representations of the

computed surfaces, available in either MSMS or .off format. Individual PDB files

are created for each detected pocket and cavity, while the log file serves as a com-

prehensive summary containing key information from the analysis (such as volume

measurements, surface area calculations, and detailed lists of the constituent atoms

for all internal cavities and pockets identified within the molecular system). The

descriptor data is organized in a CSV file, presenting the descriptors for each pocket

in a machine learning-ready format. This organization of the results ensures that

users have access to both visual representations and the underlying quantitative

data, providing everything needed for a thorough analysis of molecular surfaces

and binding sites.
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7.5 Conclusion

NanoShaperWeb improves access to the NanoShaper framework by offering a web-

based platform that eliminates the need for installation. Its intuitive interface

enables researchers to perform molecular surface analysis and pocket detection

effortlessly, with computations executed remotely in parallel. The inclusion of

DrugPred descriptors enhances pocket characterization, providing valuable insights

into their properties. By simplifying molecular analysis, NanoShaperWeb serves as

a powerful and accessible tool, aiding key stages of both my PhD research and of

the drug design process.
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Chapter 8

Absolute residence times

estimation from scaled molecular

dynamics simulations: application

to Mcl-1 inhibitors

8.1 Aim and Objectives

This chapter describes a complementary project focused on ligand-binding kinet-

ics, with a particular emphasis on the feasibility of accurately predicting not only

relative but also absolute residence times. As described in Section 1.2.1, RT is

a key parameter for the success of drug development. Here, we aim to introduce

and validate a MD-based approach capable of both ranking compounds by their

RTs and, importantly, estimating their absolute RT values. The ultimate goal is

to validate this methodology against experimental data for a biologically relevant

pharmacological system, Mcl-1 and its inhibitors, while striving for an optimal bal-

ance between computational efficiency and predictive accuracy. The corresponding

article describing this work is currently under submission. Some results and graph-

ical analyses are still under investigation and refinement; for this reason, they are

not fully presented here and will be reported in detail in the final published work.

226



8.2 Introduction

In recent years, the crucial role of biomolecular kinetic parameters on the biological

activity of small molecules has become progressively recognized. While binding

affinity remains a key factor, drug efficacy is increasingly understood to depend on

the RT which can influence both potency and therapeutic outcomes. As discussed

in Chapter1.2.1, the prediction and optimization of RT play a pivotal role in drug

development, particularly during the early discovery phases [27, 13]. Therefore,

the ability to computationally predict and optimize RT can significantly accelerate

drug discovery. Particularly, structure-kinetics relationship studies have gained

considerable attention, although the challenges in this domain remain larger than

those in equilibrium free energy calculations [43].

While MD simulations are ideally suited for providing the atomistic detail needed

to study binding kinetics, the long timescales involved make brute-force simula-

tions impractical for routine RT estimation. This timescale problem, introduced in

Section 2.4, has motivated the development of various enhanced sampling methods.

Techniques such as MetaD, SMD, and US, which are reviewed in Section 2.4, have

been applied to this challenge [27, 35, 43].

However, calculating absolute kinetic rates remains computationally expensive, of-

ten requiring microsecond-scale simulations for a single ligand, which is unfeasible

for high-throughput screening. This has led to the development of simplified ap-

proaches for estimating relative RTs, which are valuable for ranking compounds.

One valuable technique is scaled-MD, which accelerates unbinding by applying a

smoothing parameter (λ) to the system’s potential energy surface, effectively ”flat-

tening” the energy barriers. The degree of smoothing is controlled by λ, where

lower values correspond to more aggressive scaling and faster unbinding. Previous

work has demonstrated the utility of scaled-MD for ranking molecules based on

their dissociation rates [267, 268].

In this study, conducted in collaboration with Servier, we explore the feasibility of

extending the scaled-MD methodology to predict not only relative but also abso-

lute RTs for a large set of 71 small-molecule inhibitors of myeloid cell leukaemia-1
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(Mcl-1). Mcl-1 is a well-validated anti-apoptotic protein and an interesting thera-

peutic target in oncology. By applying our refined methodology to this extensive

and pharmacologically relevant dataset, we aim to demonstrate a computationally

efficient path towards absolute RT prediction.

8.3 Methods

The experimental data and initial scaled-MD simulation data for the 71 Mcl-1

inhibitors were previously generated through a collaboration with Servier. My

contribution to this project focuses exclusively on the development and implemen-

tation of the post-processing algorithms for predicting relative and absolute resi-

dence times from the existing simulation data. The preparatory steps, including

the use of in-house X-ray crystal structures and the specific scaled-MD protocol,

are described in detail in the manuscript currently under submission.

Here, we develop two distinct methods for estimating the physical unbinding time

from scaled-MD simulations. First, we introduce a simple, closed-form approximate

formula for a quick estimation of absolute RTs. Second, we present a more rigor-

ous and comprehensive algorithm that leverages simulations performed at multiple

scaling values λ to deliver more robust estimates of absolute RTs. The statistical

significance of all predictions is assessed using bootstrap analysis.

8.3.1 From Scaled to Relative Unbinding Times

As previously established [267], a scaled-MD simulation with a scaling factor λ is

analogous, from a Boltzmann distribution perspective, to running the simulation

at a scaled temperature T̃ = T/λ. To recover relative physical RTs from the

computed scaled unbinding times (t̃λ), we assume an Arrhenius-like relationship

for dissociation. By normalizing the scaled and experimental unbinding times with

respect to a reference ligand (here, the fastest one), the relative physical RTs can

be ”unscaled” using the following relation:

t̃2,λ

t̃1,λ
=

(
t2
t1

)λ

(8.1)
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where the subscript 1 refers to the reference ligand and 2 refers to the ligand for

which the relative RT is being determined.

8.3.2 From Scaled to Absolute Unbinding Times

Predicting absolute RTs requires a more robust theoretical framework to properly

account for the biasing introduced by the potential scaling. Here, we use transition

state theory and the Eyring–Polanyi equation introduced in introduced in Chapter

1 (Eq. 1.22). The physical residence time t (the inverse of koff ) is given by:

t =
1

koff
=

h

kBT
exp (β∆G‡) (8.2)

where ∆G‡ is the Gibbs free energy of activation for the dissociation process. Our

goal is to derive a clear relationship between the computationally observed scaled

RT, t̃, and the physical RT, t.

8.3.3 Relationship between scaled and physical RT

Here, we derive a relationship between the physical time and the scaled time by

analyzing the system’s potential within the harmonic approximation. Relying on

the harmonic approximation, the harmonic potential of the unperturbed system is:

V (x) = V0(x) +
1

2
(x− x0)tH(x− x0) (8.3)

where H is the Hessian matrix. The corresponding harmonic free energy is:

G = V0 − kBT
3N∑
i=1

log

(
kBT

ℏωi

)
(8.4)

where ωi are the harmonic modes of the system. For the scaled potential system,

λV (x), the scaled angular frequencies become ωs
i =
√
λωi. The scaled free energy

G̃ can thus be related to the unscaled free energy G:

G̃ = G+ V0(λ− 1) +
3

2
N log λ (8.5)
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From this, we can relate the scaled and unscaled free energy barriers of activation,

∆G̃‡ and ∆G‡:

∆G̃‡ = ∆G‡ +∆V (λ− 1) (8.6)

By substituting this expression into the Eyring-Polanyi equation for the scaled

system, the scaled residence time t̃ becomes:

t̃ =
h

kBT
exp

(
−β∆G̃‡

)
(8.7)

=
h

kBT
exp

(
−β(∆G‡ +∆V (λ− 1))

)
(8.8)

Considering Eq. 8.2 for the physical unbinding time t, we arrive at a direct rela-

tionship between the scaled and physical RT:

t̃ = t exp (β∆V (λ− 1)) (8.9)

This equation relates the scaled unbinding time t̃, recovered in scaled MD simula-

tion, to the physical absolute unbinding time t. It forms the theoretical basis for

our absolute RT estimators.

Simple Enthalpic Approximation

As a first approach, we propose a simplified, single-λ enthalpic approximation. We

assume that the free energy barrier scales linearly with the potential, ∆G̃‡ ≈ λ∆G‡,

and that the simulation at a scaled potential is equivalent to a simulation at a scaled

temperature T̃ = T/λ. This leads to the expression for the scaled residence time:

t̃ ≈ h

kBT̃
exp(β∆G̃‡) = λ

h

kBT
exp[βλ∆G‡] (8.10)

By rearranging this equation and using the definition of the physical time t (Eq.

8.2), we can solve for t:

t =
t̃1/λ

λ1/λ
(

h
kBT

) 1−λ
λ

(8.11)
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This provides a straightforward, closed-form equation to estimate the absolute

physical RT from a single set of scaled-MD simulations performed at a given λ.

Multiple Scaling Method

To obtain a more robust estimate, we developed a method that leverages multiple

scaled-MD simulations performed at different λ values. This approach is analogous

to how the Arrhenius constant is determined experimentally from reactions run at

different temperatures.

Starting from a slightly different derivation based on the harmonic approximation

of free energy, we obtain the following relationship between scaled and physical

RT:

t̃ = λ t exp[β∆V ‡ (λ− 1)] (8.12)

where ∆V ‡ is the potential energy of activation. While λ is a known simulation

parameter, ∆V ‡ is unknown. To solve for both t and ∆V ‡, we can perform simu-

lations at multiple λ values.

Taking the natural logarithm of Eq. 8.12, we get a linear equation for each ligand

l and each scaling factor λi:

ln(t̃l,i) = ln(λi) + ln(tl) + β∆V ‡
l (λi − 1) (8.13)

This can be rewritten as γl,i = νl + β∆V ‡
l (λi − 1), where γl,i = ln(t̃l,i/λi) is the

known quantity from simulations and νl = ln(tl) and ∆V ‡
l are the two unknowns

for each ligand.

For a set of NL ligands simulated at nλ different scaling factors, we can construct

an over-determined system of linear equations. We can formulate this using abso-

lute relationships (Eq. 8.13) for each simulation, as well as relative relationships

between pairs of ligands. The full system of equations can be expressed in matrix

form:

γ = Ax (8.14)

where γ is the vector of known simulation results, A is the design matrix con-
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structed from the known λ values, and x is the solution vector containing the

unknown ln(tl) and ∆V ‡
l values for all ligands.

Given that this system is ill-conditioned, we solve it using Tikhonov regularization

to ensure a numerically stable solution:

min
x
||Ax− γ||2 + θ||x||2 (8.15)

The closed-form solution is:

x = (ATA+ θI)−1ATγ (8.16)

The optimal regularization parameter θ is determined automatically using the gen-

eralized cross-validation (GCV) method. This approach allows for the simultaneous

and robust determination of the absolute physical RTs for all ligands in the subset

for which multiple-λ data is available.

The complete numerical derivations, along with additional considerations and anal-

yses, are provided in the manuscript currently under submission.

8.4 Results and Discussion

We applied our computational methods to the dataset of 71 Mcl-1 inhibitors, which

span a wide range of experimental RTs from 2 to 523 seconds.

8.4.1 Calibration of the Scaling Factor

For the single-λ analysis of the full 71-compound set, an optimal scaling factor was

required. Four λ values (0.36, 0.40, 0.42, 0.45) on a subset of 7 diverse compounds

were tested. Values below 0.45 resulted in a diffusive regime with poor discrim-

ination, while higher values led to computationally prohibitive simulation times.

Therefore, λ = 0.45 was chosen as the optimal balance between computational cost

and accurate kinetic ranking for the entire series. Twenty independent scaled-MD

simulations were then run for each of the 71 complexes using this scaling factor.
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8.4.2 Relative and Absolute Unbinding Time Predictions

First, we compute the scaled RTs (t̃) and we confirm a strong correlation with

experimental data (Pearson’s R = 0.85, R2 = 0.72). We then calculate relative RTs

using the Arrhenius-like correction (Eq. 8.1), which maintains the same excellent

correlation, validating the approach for ranking compounds.

Next, we apply the novel absolute RT estimators.

Simple Enthalpic Approximation: Using Eq. 8.11, we convert the scaled RTs

from the λ = 0.45 simulations into absolute physical RTs. This simple method

preserves the high correlation with experimental data (Pearson’s R = 0.85, R2 =

0.72) and yields absolute RTs in the correct order of magnitude. The mean relative

error across the 71 compounds is 0.8, demonstrating a good predictive capability

for such a straightforward and computationally inexpensive method.

Multiple Scaling Method: We apply the more rigorous multiple scaling method

to the subset of 7 compounds for which we have simulation data at four different λ

values. We solve the regularized system of equations (Eq. 8.16) to simultaneously

find the absolute RTs. This approach yields good correlations with experimental

data, with Pearson’s R values as high as 0.86. Moreover, when we treat one com-

pound, known to be in a non-optimal docked pose, as an outlier, the correlation

for the remaining 6 compounds improves dramatically to R = 0.97. This highlights

the high accuracy of the method when provided with high-quality input structures

and multi-λ data.

A comparison of the different methods (Table 8.1) shows that while the simple

enthalpic approximation provides a good balance of speed and accuracy for large-

scale screening, the multiple scaling method offers a path to even higher accuracy

for smaller, focused sets of compounds, confirming its potential for lead optimiza-

tion stages. A more detailed conclusive table, together with an in-depth analysis,

is provided in the manuscript.

Finally, the predicted RTs have been used to analyze the structure-kinetics rela-

tionships within the chemical series. By projecting the compounds onto similarity
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Table 8.1: Summary of correlation results for the benchmark subset (7 compounds).
”No outlier” refers to the calculation on 6 compounds, excluding a known non-optimal
pose.

Method R (log vs log) R (no outlier)
Simple Enthalpic Approx. 0.72 0.95
Multi-scaling (Abs+Rel) 0.86 0.97
Multi-scaling (Abs+Rel) + Prior 0.86 0.97

maps, we confirm that our predictions correctly cluster compounds with high and

low RTs, mirroring the experimental data and identifying ”kinetic cliffs”-pairs of

structurally similar compounds with different kinetics.

8.5 Conclusion

In this study, we successfully develop and validate a computational methodology

based on scaled-MD simulations for the prediction of ligand residence times. We

demonstrate that:

1. A simple, Arrhenius-like correction can be used to reliably rank a large series

of congeneric ligands, achieving excellent correlation with experimental data.

2. We introduce a novel, closed-form ”Simple Enthalpic Approximation” that al-

lows for the straightforward and rapid estimation of absolute residence times

with a remarkable degree of accuracy, making it suitable for large-scale com-

pound screening.

3. We develop a more rigorous ”Multiple Scaling Method” that leverages data

from simulations at several scaling factors to deliver highly accurate absolute

RT predictions, ideal for in-depth analysis during lead optimization.

By applying these methods to a challenging and extensive dataset of 71 Mcl-1

inhibitors, we shown that computationally efficient approaches can move beyond

relative ranking to provide quantitative, absolute predictions of a crucial kinetic

parameter. This work represents a significant step towards the integration of pre-

dictive kinetics into the early stages of the drug discovery pipeline.
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Chapter 9

Supporting Information

This chapter collects supplementary results, analyses, and methodological details

that support the main body of the Thesis. In order to avoid overloading individual

chapters with extensive data and technical information, these additional materials

have been gathered here. The information presented in this chapter is intended

to provide the necessary depth to fully understand and reproduce each step of

the work, while preserving the readability of the main chapters. Where relevant,

references to this Supporting Information are made throughout the Thesis to guide

the reader to detailed results and complementary discussions.

9.1 Minimizing dissipation is nonequilibrium bind-

ing free energy simulations

9.1.1 Well-Tempered MetaDynamics

To ensure comprehensive validation of our findings, we also perform WT-MetaD

simulations. This method provides an interesting point of comparison, as it re-

mains a nonequilibrium technique due to its use of a time-dependent Hamiltonian.

However, unlike approaches that rely on CFT or JE estimators, it does not require

the calculation of work values.
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MODEL TIP3P OPC3 TIP4P OPC

Height 0.2 0.5 0.5 0.5
Bias Factor 10 15 15 15
Peace 750 500 500 500
Binding Free Energy -4.108 -6.966 -6.853 -6.691

Table 9.1: WT-MetaD parameters for different water models and corresponding binding
free energies (kcal/mol).

Well-Tempered MetaDynamics of TRY-BEN

The optimal parameter selection for simulations depends on the specific water

model employed. Models with higher viscosity, such as TIP4P, typically require a

stronger bias potential to achieve effective sampling. Additionally, WT-MetaD is

generally less affected by dissipative effects compared to SMD, which is more sen-

sitive to kinetic factors. Following parameter optimization, all simulations reached

convergence at 1.5 µs, allowing for successful reconstruction of the PMF profiles.

The resulting PMFs are presented in Figure 9.1, while a summary of the simulation

parameters and outcomes is provided in Table 9.1.

Figure 9.1: PMFs from WT-MetaD simulations with different water models.

Beginning with the simplest water model, TIP3P, the results diverge from those

obtained using our nonequilibrium protocol. Specifically, the free energy estimate
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Figure 9.2: PMF from WT-MetaD in TIP3P with the same simulation parameters used
for the other water models.

derived fromWT-MetaD shows weaker agreement with experimental data. This ob-

servation supports our earlier hypothesis: although TIP3P may not be the most ac-

curate model in general, it proves to be particularly well-suited for non-equilibrium

SMD simulations.

Although OPC3 is a 3-point water model, it is clear that the simulation parame-

ters optimized for TIP3P are not directly transferable. In terms of physical behav-

ior, OPC3 more closely resembles higher-viscosity models like TIP4P and OPC.

While our nonequilibrium protocol produced comparable results for both TIP3P

and OPC3, the latter demonstrates superior performance in this context. This

finding is consistent with recommendations from the AMBER development team

and reports in the literature. Notably, OPC3 WT-MetaD simulations yielded free

energy estimates more closely aligned with experimental values.

In line with our previous findings, TIP4P (despite its limitations in SMD simu-

lations) demonstrates clear advantages over TIP3P in the context of WT-MetaD.

While TIP4P may not consistently perform well with nonequilibrium estimators, it

proves more effective in methods that are less sensitive to kinetic effects. This sug-

gests that more sophisticated water models are particularly beneficial in equilibrium-
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Figure 9.3: PMFs fromWell-Tempered MetaD: a) With the harmonic restraint centered
in Z=0.05 nm2 for the T4 Lysozyme system with Path 1 defined with ligand atoms only.
b) With the harmonic restraint centered in Z=0.05 nm2 for the T4 Lysozyme system with
Path 1 defined with ligand and pocket atoms. c) With the harmonic restraint centered in
Z=0.05 nm2 for the T4 Lysozyme system, using Path 2 defined exclusively with ligand
atoms.

like approaches. Similarly, OPC also produced free energy estimates in WT-MetaD

that closely matched experimental values, further highlighting the strengths of ad-

vanced water models in this simulation framework.

Lastly, for completeness, the PMF profile generated using the TIP3P water model,

employing the same simulation parameters as those used for the other water models,

is also shown in Figure 9.2.

Well-Tempered MetaDynamics of T4 Lysozyme

Here the WT-MetaD results of T4 Lysozyme with PCVs and distinct reference

paths are reported. For all simulations, convergence is achieved at 1 µs and PMFs

are successfully reconstructed.

As shown in Figures 9.3, the discrepancies in binding free energy observed in SMD

simulations are mirrored in the results from the WT-MetaD analysis. This consis-

tency indicates that the issue does not stem from the nonequilibrium protocol itself,

but is more likely related to the choice of PCVs and the construction of the refer-

ence path. Additionally, Figure 9.4 illustrates that using Path 2, defined solely by

ligand atoms, leads to a system behavior similar to that seen in SMD, where it be-

comes trapped on the protein surface around S(x) values of 39-40. This emphasizes

the importance of including pocket atoms in the path definition to more accurately
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Figure 9.4: S(X) as a function of the simulation time during WT-MetaD with the
harmonic restraint centered in Z=0.05 nm2 for the T4 Lysozyme system, using Path 2
defined exclusively with ligand atoms.

represent system dynamics. Taken together, the WT-MetaD results validate the

optimized choice of both the reference path and the PCVs. Furthermore, they

underscore the inherent complexity of modeling deeply buried binding pockets, a

challenge that is evident in both equilibrium and nonequilibrium simulations.

9.2 Expand the applicability of nonequilibrium

binding free energy estimation: from protein

to RNA

9.2.1 Additional results for RNA-ligand systems

In this section, additional results of RNA-ligand systems are reported. Particularly:

the Debye-Hückel interaction energy profiles, the RMSF analysis, and the selected

atoms for the course-grain like unbinding path.
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9.2.2 Debye-Hückel interaction energy profile

Figure 9.5 illustrates the Debye-Hückel interaction energy profiles recorded during

the ABMD simulations. As the ligands dissociate, a clear decrease in interaction

energy is observed, reaching final values of 1.73 kcal/mol for the cognate ligand

and 1.14 kcal/mol for the synthetic counterpart.

Figure 9.5: Debye-Hückel interaction energy profile of the cognate (A) and synthetic
(B) ligands over simulation time

9.2.3 Analysis of PCV and Path definition

To determine suitable atoms for structural alignment, we performed three inde-

pendent 100 ns unbiased MD simulations and aggregated the data to compute

residue-level root-mean-square fluctuations (RMSF). Residues exhibiting RMSF

values below 1.8 Å were selected for further consideration (Figure 9.6), and a

subset of their atoms was used for alignment. The atoms chosen to define the

coarse-grained unbinding pathway are depicted in Figure 9.7. Specifically, align-

ment of the RNA structure was based on phosphorus (P ) and C1 carbon atoms of

the backbone. Notably, this strategy mirrors the selection principles adopted for

the protein system.
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Figure 9.6: Root Mean Square Fluctuation analysis for cognate (blue) and synthetic
(orange) ligands calculated across three combined 100 ns unbiased trajectories. Black
and red dots represent phosphate atoms of residues with RMSF < 0.18 Å, included in
the unbinding pathway.

Figure 9.7: Schematic representation of the selected atoms for the course-grain like
unbinding path. It is represented in orange the atom selection for the alignment and in
yellow the ones for the RMSD calculation
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Chapter 10

Conclusions

This thesis has investigated the application and development of binding free energy

methods in the context of computational drug discovery, with a particular focus

on nonequilibrium approaches and the use of path collective variables. Through a

combination of theoretical analysis, methodological innovation, and practical case

studies, this work contributes to the growing body of knowledge aimed at enhancing

the accuracy, efficiency, and applicability of free energy simulations within the drug

development pipeline.

We began by presenting a comprehensive review of binding free energy techniques,

outlining the theoretical foundations of molecular dynamics simulations, enhanced

sampling strategies, and equilibrium and nonequilibrium free energy estimators.

This foundational review, recently published in an Account article, synthesized

recent advances in the field and highlighted key methodological challenges that

informed the direction of our research.

Building upon this foundation, we designed and implemented a novel computational

pipeline that leverages nonequilibrium estimators, PCVs, and enhanced sampling

techniques. This semi-automated framework was developed with a focus on scal-

ability and usability, featuring straightforward parallelization and convergence di-

agnostics, making it a practical tool for broader adoption in drug discovery efforts.

We validated this workflow on standard benchmark systems, such as host-guest
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complexes and the TRY-BEN protein-ligand system. These studies demonstrated

that our nonequilibrium approach achieves robust accuracy and performance, sup-

porting its utility as a valuable alternative to computationally intensive equilibrium

methods.

A significant insight from our investigations is the central role of dissipation in

nonequilibrium simulations. In response, we proposed practical guidelines for re-

ducing dissipation, with particular attention to the choice of water models and the

optimal parametrization of PCVs. These considerations are essential for maximiz-

ing the reliability and convergence of free energy estimates in realistic biomolecular

systems.

Furthermore, we extended our computational strategy to complex and pharmaceu-

tically relevant targets, such as the Abl-Gleevec kinase-inhibitor complex and RNA-

ligand systems. These case studies required specific adaptations of the pipeline,

illustrating its flexibility and broader applicability beyond model systems.

Nevertheless, despite notable advances in methodologies, algorithms, and comput-

ing power, several open challenges continue to hinder the full potential of these

techniques in routine applications. One of the primary obstacles remains adequate

sampling of rare events, such as protein-ligand binding and unbinding, which of-

ten involve high energy barriers and long timescales. Standard MD approaches

are limited by quasi-non-ergodicity, requiring the use of enhanced sampling meth-

ods, whose effectiveness is often constrained by the choice of appropriate CVs.

The development of CVs that can accurately capture the relevant slow degrees of

freedom is both critical and nontrivial. Promisingly, recent work has explored ma-

chine learning-based CVs, offering new strategies to improve sampling efficiency in

high-dimensional systems.

A second key challenge lies in the accuracy of the FFs. Conventional FFs may lack

the flexibility to describe polarization effects and subtle chemical changes, particu-

larly for systems involving charged or flexible ligands. This limitation becomes even

more pronounced when non-standard atoms or moieties are involved, as standard

FFs may not provide reliable parameters for such cases, potentially compromising
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the accuracy of the results. In response, machine learning-based force fields, such

as neural network potentials, have emerged as a compelling direction for refining

the energy landscape representation. The integration of such models into free en-

ergy workflows offers an opportunity to improve the accuracy of simulation results,

though their adoption still requires further validation and standardization.

A third important limitation linked to MD simulations (whether standard or en-

hanced) is the assumption of fixed protonation states for ionizable groups. In

practice, the protonation state of most biomolecules is not static, but fluctuates

over time in response to the pH of the surrounding environment. For many systems,

pH-induced protonation changes are essential to their biological function, directly

affecting conformational dynamics and molecular interactions. However, conven-

tional MD simulations neglect this aspect by assigning fixed protonation states,

typically based on the most probable state at the starting pH, thereby limiting the

realism of the simulation. This simplification is particularly critical when studying

processes such as protein-ligand binding, where dynamic protonation changes can

significantly alter binding mechanisms and free energy profiles. To address this

challenge and improve the chemical realism of biomolecular simulations, efforts

have been directed toward the development of constant-pH MD protocols. One

promising approach involves the use of λ-dynamics combined with fast multipole

method electrostatics, enabling the on-the-fly sampling of protonation states dur-

ing the simulation. While computationally demanding, these methods represent a

crucial step toward more accurate and predictive modeling of biochemical systems

under physiological conditions.

Another, often underestimated, challenge is convergence. Regardless of the method

employed (be it equilibrium or nonequilibrium free energy estimators) convergence

is essential for generating reproducible and statistically robust results. In practice,

this remains a critical bottleneck, particularly for nonequilibrium methods such as

those based on JE. Systematic approaches for assessing convergence, including bidi-

rectional estimators and statistical error analyses, must therefore become standard

practice in computational workflows.

Finally, the balance between physical and alchemical methods presents both an
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opportunity and a challenge. While alchemical methods are powerful for large-scale

affinity predictions (e.g., in hit-to-lead campaigns), they are limited in scope due to

convergence issues with large or highly polar ligands. Conversely, physical, path-

based approaches provide mechanistic insight but rely heavily on prior knowledge of

suitable CVs. Emerging hybrid methods, such as the Alchemical Transfer Method,

seek to bridge these paradigms, but further research is needed to fully integrate

such frameworks in the drug discovery context.

Overall, while the free energy landscape has seen substantial methodological and

theoretical progress, the path to routine, high-confidence application in drug dis-

covery remains complex. Overcoming current limitations will depend on a syner-

gistic effort involving improved sampling techniques, next-generation FFs, robust

statistical estimators, and the incorporation of machine learning at various lev-

els of the simulation workflow. Addressing these challenges will ultimately enable

the broader and more reliable use of MD-based free energy methods in real-world

drug development, accelerating the transition from computational predictions to

therapeutic impact.

In conclusion, the research presented in this thesis makes a substantial contribution

to the advancement of computational methodologies for drug discovery, with a

particular focus on the application and development of nonequilibrium free-energy

approaches. The results obtained in the published works demonstrate that these

methods can provide accurate, robust, and computationally efficient estimates of

protein–ligand binding free energies for biologically and pharmacologically relevant

systems. By validating the proposed strategies against experimental data, this work

highlights the practical predictive power of nonequilibrium techniques, reinforcing

their relevance for real-world drug discovery applications.

Beyond the core methodological developments, the inclusion of complementary

projects, such as the development of NanoShaperWeb and the investigation of lig-

and residence time estimation, strengthens the interdisciplinary scope of this thesis.

These side projects are closely connected to the central theme, as they address key

aspects of molecular recognition, binding-site characterization, and kinetic behavior

that are essential for a comprehensive understanding of protein–ligand interactions.
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Together, the methodologies and tools presented here support the ongoing trans-

formation of in-silico drug design and are expected to serve as valuable assets for

future studies in both academic and pharmaceutical research settings.
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siete sempre state un sostegno imprescindibile, il mio punto fermo, e sarete per

sempre la mia luce di riferimento in mezzo al mare.

Mamma Effe, anche se a volte dura e testarda, sei riuscita a renderci ciò che siamo
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banale, il mio primo grazie nei tuoi confronti è un grazie infinito per esserci. Lo
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sostenitrice. Spero che tu possa vedere per sempre la stessa figura in me. La nostra
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ahimè, una parte buia dell’anima, ma insieme a te mi è sembrata meno cupa e più
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