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Abstract

G protein-coupled receptors (GPCRs) are a large superfamily of

transmembrane proteins found in eukaryotes. They play a crucial role in the

transduction of signals across the plasma membrane of cells, and are involved

in the regulation of a plethora of processes. Due to their function in countless

biological pathways they have a primary role in many pathological

conditions, and are thus therapeutic targets of great importance.

Notwithstanding the growing availability of X-ray and cryo-EM structures

and the intense involvement of the scientific community, many gaps are still

present in our understanding of the mechanisms of ligand binding, receptor

activation and allostery. Computational methods open the possibility for the

study of the dynamics of such processes at atomistic resolution,

complementing experimental findings.

In this work key processes of a number of different GPCRs are explored with

the use of computational approaches. Molecular dynamics and enhanced

sampling methods are leveraged for sampling rare events of great interest and

for the calculation of the associated free energy landscapes.

In the first place our study of ligand binding and the selectivity mechanism in

adenosine A2a and A1 receptors is reported, elucidating how selectivity arises

from an interplay of structural factors. The activation mechanism of glucagon

receptor and the coupling with a G protein is then investigated, highlighting

the cooperative action of glucagon and G protein in the process. A detailed

overview of allosteric antagonism in chemokine receptors is built by mining

databases of experimental data and complementing this picture with insights
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on the dynamics of these receptors. Finally, the performance of TS-PPTIS

(Transition State-Partial Path Transition Interface Sampling), a method for

the calculation of kinetic rate constants, is studied for the prediction of ligand

binding kinetic rates.

The findings of this study add to the understanding of the mechanism of signal

transduction through GPCRs, and detail this process from its origin outside

the cell to the intracellular medium.
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This thesis explores several crucial elements of the function and

pharmacological regulation of G protein-coupled receptors. From ligand

binding, to activation and allosteric antagonism, computational modelling

and data mining are leveraged for detailing mechanisms that are at the core

of a wide range of pathological diseases and their treatment.

The results provide structural insight into the determinants of ligand selectivity

for adenosine A2a and A1 receptors, identifying the role of ligand solvation, a

salt bridge at the opening of the binding sites, and a hydrophobic subpocket of

A1R as elements that can be leveraged for the development of safer and more

effective drugs. Furthermore, the activation process of GPCRs is investigated,

yielding rich information on the mechanism of transmission of signal across the

cell membrane and revealing a complex role of extracellular and intracellular

partners. We reveal how orthosteric agonism in the glucagon receptor is not

sufficient for activation, but coordinated action of glucagon and a G protein are

necessary to achieve full transition. Next, allosteric intracellular antagonism in

the chemokine receptor family is here studied, identifying key determinants of

selectivity for small molecule antagonists. Finally, the power of computational

modelling in predicting ligand binding kinetic rates with TS-PPTIS is studied,

contributing to the ongoing effort of the scientific community.

Overall this work offers mechanistic insight on GPCR function and ligand

binding kinetics, and its findings provide new information for the

development of more selective compounds and of effective allosteric drugs,

and for the understanding of the interplay that dominates GPCR-mediated
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signal transmission.

A broad academic, economic and societal impact is envisioned. From the

academic standpoint, researchers in the fields of computational chemistry,

medicinal chemistry, drug discovery, physical chemistry and biophysics may

benefit from the results in their study of GPCR function and ligand binding

kinetic prediction. From the economic point of view biotech and

pharmaceutical companies, such as the co-sponsor of this work Sosei

Heptares, will be able to gain useful insight for drug discovery. Finally,

GPCR research is deeply impacting the treatment and cure of a large number

of pathological conditions, with significant effects on society as a whole. This

work adds to the knowledge of these crucial receptors, contributing to the

advancement of the field.
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Chapter 1

Introduction

In this work the function of G protein-coupled receptors (GPCRs), a

superfamily of transmembrane proteins of great pharmaceutical interest, is

explored with the use of computational tools, and the mechanism of a

number of crucial processes is detailed at atomistic resolution.

This chapter introduces GPCRs and the state of the research of these receptors,

the motivation behind this work are presented, and a description of the families

of GPCRs that are here studied is provided. In Chap. 2 the theory behind

the methods that have been used in this research is described.

Four chapters presenting the results follow. The first three focus on important

elements of GPCR function and pharmacological modulation.

Chap. 3 focuses on the antagonistic action of two small molecules towards two

adenosine receptors, proposing a model for the determinants of selectivity for

their extracellular orthosteric binding sites.

Chap. 4 explores a process that involves the transmembrane core of GCPRs:

activation. The activation of glucagon receptor is studied, describing the

complex rearrangement of this protein, and the discovery of the fundamental

role of intracellular partners for receptor activation is reported.

In Chap. 5 the attention is brought to the intracellular side of GPCRs.

There an allosteric site in the chemokine receptor family is investigated: with

the development of a data mining pipeline an overall picture of the known

intracellular allosteric binders is built, their binding modes are proposed, and
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the dynamics of a number of these receptors both in complex and absence of

intracellular binders is studied.

Chap. 6 reports on the use of a novel implementation of TS-PPTIS, a

computational methods developed in a previous collaboration with our

research group, for the calculation of kinetic rate constants of ligand binding.

The method is tested on a series of inhibitors of Heat-Shock Protein 90

(HSP90), a non-GPCR protein, and its potential for tackling complex

binding processes is assessed.

Finally, in Chap. 7 conclusions and lessons learned are presented, and future

steps for this research are proposed.

1.1 GPCRs

GPCRs are a superfamily of transmembrane receptors that recognise a

diverse range of endogenous and exogenous molecules, as well as light. Found

in the cell membrane of eukaryotes, they are identifiable by their

characteristic transmembrane α-helical fold of 7 helices (Fig. 1.1). GPCRs

are crucial for the communication between the cell and its environment,

particularly for multicellular organisms such as animals. As metabotropic

receptors they allow the exchange of information from the environment to

the cytosol by binding substrates on the extracellular side of the receptor and

transducing the signal to the interior of the cell (Fig. 1.2) by means of a

conformational change with crucial involvement of the intracellular side.

With over 800 different GPCRs encoded in the genome,2 human physiology

highly depends on these proteins to transduce signals across the cell

membrane, with particularly significant contribution in the central nervous

and the digestive systems.3,4 Due to the crucial role in cell homeostasis and

activation, GPCRs have been under heavy investigation by the scientific

community.2 As of early 2020, about 35% of drugs approved by the US Food

and Drugs Administration (FDA) primarily target GPCRs, covering a wide

range of therapeutic applications and accounting for an estimated 27% of the

2
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Figure 1.1: Overview of β2 adrenoceptor, a class A GPCR, bound to an inverse
agonist, and its position in the plasma membrane (PDB 5X7D7). The seven helices
of the transmembrane domain thread through the plasma membrane of the cell,
leaving the N terminus exposed on the extracellular side and the C terminus on the
intracellular side. The three extracellular and three intracellular loops are visible,
with ICL2 only partially resolved in this crystal structure. Helix 8 is positioned
on the intracellular side, roughly parallel to the membrane. The inverse agonist
(blue spheres) is bound to the orthosteric pocket created by an opening of the
transmembrane domain on the extracellular side.

global market share of therapeutics.5

In 2000 the breakthrough work of Palczewski et al.6 lead to the publication

of the first X-ray structure of a GPCR, the bovine rhodopsin. The

availability of structural data, together with the growing number of studies

using computational techniques, reflects the strong interest of the scientific

community for this important proteins, also highlighted by the Nobel Prize

in Chemistry awarded to Lefkowitz and Kobilka in 2012 for their pioneering

work on these receptors.

According to the most common classification method, 6 different classes of

GPCRs exist (A, B, C, D, E, F), with A (”Rhodopsin-like”), by far the largest

and estimated to account for about 85% of GPCR genes in humans. Most

members of class A GPCRs bind to endogenous small organic molecules, of

which a large part are neurotransmitters.8 Among these are molecules such

as serotonin, adrenaline, adenosine, dopamine and histamine. Other class A

3
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Figure 1.2: Mechanism of beta adrenergic receptor (a GPCR family) signalling,
from Ref. 12. Upon binding of an agonist on the extracellular side of the plasma
membrane, and in presence of G protein, GPCRs undergo a conformational change
that results in the interaction with G protein. G proteins then exchange GDP for
GTP, releasing the α subunit which then regulates the function of enzymes such
as adenylyl cyclase. A parallel process involves the phosphorylation of the GPCR
and the interaction with arrestin, and ultimately leads to the internalisation of the
complex, one of the main mechanisms of desensitisation. Image subjected to PNAS
license, copyright © 2018 National Academy of Sciences.

GPCRs bind peptides,9 such as opioid peptides and prolactin, while others

different proteins (e.g.: chemokine receptors).

Class B (”Secretin-like”) GPCRs are also well represented in the human

genome, with 15 known different receptors. They bind endogenous peptide

hormones and play important roles in human development and

homeostasis.10 Among the members of the class are calcitonin receptor,

corticotropin-releasing hormone receptors, glucagon receptor, glucagon-like

peptide 1 and 2 receptors and secretin receptors.11

The overall structure of GPCRs comprises 7 transmembrane helices (TM)

of variable length that thread the membrane and form the transmembrane

domain (TMD), with the N-terminus exposed on the extracellular side and

the C-terminus in the interior of the cell. The alternation of the helices creates

three intracellular (ICL) and three extracellular (ECL) loops that connect them

(Fig. 1.1). At the end of TM7, after a short loop, helix 8 (H8) is projected

along the plane of the membrane, interacting with it.

The length of the terminal domains varies considerably between the families,

4



1.1. GPCRs

with notable differences in the N-terminal domains (NTD) of class A and class

B receptors. While the region is short in class A, class B receptors possess a

long and well structured domain, separated from the TM domain by a stalk

region. The NTD of class B GPCRs aids the recognition and binding of peptide

substrates.13 The secondary structure and length of ECLs and ICLs also varies.

In class A, in particular, ECL2 is often the most prominent and adopts specific

secondary and tertiary structures, and has been shown to be a crucial partner

in the process of substrate binding.14

The orthosteric binding site of GPCRs is found in the extracellular portion

of the TMD, where the ligands interacting with key residues mediate their

signalling.15 Extracellular loops and N-terminal domains can also be involved

in the stabilisation of the ligands, particularly in the case of class B GPCRs.16

According to the generally assumed mechanism, upon recognition of an agonist

on the extracellular orthosteric site, GPCRs undergo a conformational change

that involves a complex rearrangement of residues in the core of the protein

and results in the opening of a cavity in the intracellular side. While the

mechanism is different in each class, from the available information it is clear

that the most significant conformational change invariably involves TM6 and,

to a lesser extent, TM5.16,17,18

Once the intracellular cavity is available G proteins are allowed to bind to

the receptor (Fig. 1.2). G proteins are a large family of monomeric and

multimeric proteins that are activated upon binding to a GPCR and

transduce the signalling downstream.19 The proteins, in their inactive form,

bind guanosine triphosphate (GTP) to the Gα subunit and, when activated,

convert it to the diphosphate counterpart. After converting GTP the protein

subunit detaches and binds to a variety of target proteins modulating their

function. The most represented Gα proteins are Gαs, that activate the

cAMP-dependent pathway by stimulating adenylyl cyclase, Gαi, that inhibits

the production of cAMP, and Gαq that mediates their action by activating

phosphlipase C, increasing the levels of PIP2 and IP3.20

5
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A second family of intracellular GPCR partners exists: arrestins. Arrestins

also bind activated GPCRs, but instead of transmitting the signalling

downstream they promote the activation of pathways involved in the

internalisation of the receptor, ultimately leading to the degradation of the

GPCR.21 The proteins bind to phosphorylated GPCRs, and recruit the

clathrin-dependent internalisation machinery, resulting in sequestration of

the GPCR from the cell membrane to endosomes. They play a crucial role in

the adaptation of the cell to external signalling, allowing for regulation of the

number of receptors in response to the strength of the extracellular signals.22

Orthosteric antagonists of GPCRs generally act by stabilising the inactive

conformation of these receptors, and prevent the conformational change

associated with activation. Although their binding sites are the same or are

highly overlapping to those of the respective orthosteric agonists, they

disrupt the rearrangement of residues that trigger the activation of the

receptors. While some molecules work purely by hindering the interaction of

agonists with their binding sites, and are therefore proper antagonists, other

have been found to also reduce the intrinsic, agonist-independent, activity of

GPCRs and are therefore better described as inverse agonists.23,24

Another avenue for modulation of GPCR is available: allosterism. Allosteric

modulators act on binding sites other than the orthosteric site, and influence

the signal transmission across the receptor. G proteins aside, a plethora of

endogenous allosteric molecules and ions have been identified to alter the

activation landscape of GPCRs;25 this is the case of sodium ions disfavouring

activation of class A receptors,26 or cholesterol increasing the affinity of

orthosteric agonists and promoting receptor multimerisation by

compartimentalisation in lipid rafts.25,27

Allosterism is also a very promising avenue for pharmacological modulation

of GPCRs. While, to date, most GPCR-targeting drugs act as orthosteric

ligands, increasing attention is being dedicated to the investigation of allosteric

sites. Targeting sites other than the orthosteric can be appealing for a number
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1.1. GPCRs

Figure 1.3: Examples of X-ray or cryo-EM structures of GPCRs in complex with
allosteric modulators.29,28,30,31,32,33,34,35,36 Selected PDB structures were aligned,
and here the allosteric modulators are shown as spheres. A2aR is shown as ribbon.
The ligands are in complex with CCR2, CCR7, CCR9, GPR40, C5a, GCGR, CRF1,
PAR2, mGlu5 and P2Y1.

of reasons: this new site can provide opportunity for new molecular scaffolds,

as well as a modulation that is partially decoupled from the concentration of

the orthosteric agonist.28 While developing molecules that target these sites

can be challenging, as they may not be optimal for small molecule binding, they

can provide particular benefit when targeting a receptor that binds endogenous

proteins (such as chemokine receptors) or peptides (such as class B receptors).

Here, the orthosteric site is often poorly suited for tight interaction with small

molecules, and allosteric sites can provide great benefit.

1.1.1 Motivation for this Work

This work explores a number of crucial elements of GPCR function and its

pharmacological modulation. We leverage different computational techniques
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1.1. GPCRs

for modelling these events at the atomistic resolution and we describe their

structural and dynamical characteristics.

Experimental research on GPCRs is very active, and has allowed for the

discovery of a great wealth of information about the function of these

receptors and about ways to modulate their function in order to treat and

cure diseases. The bulk of the experimental activity in the study of GPCRs

involves aspects such as synthesis and affinity assessment of small molecule

compounds,37 mutagenesis studies38 and crystallographic and cryo-EM

structural research.39

While these efforts are providing priceless insight to the scientific community,

in recent years a growing contribution to the research is represented by com-

putational methods including chemoinformatics,2,40 docking,41,42 and molecu-

lar dynamics-based algorithms.43,44,45,46,47,48

Computational investigation of the function of GPCRs allows for easing some

issues that riddle the experimental study of these receptors: in particular,

GPCRs are notoriously difficult to handle due to their instability when

removed from their membrane environment. This requires extensive and time

consuming efforts into stabilisation techniques, such as thermostabilising

mutations.49 Even when an appropriate set of mutations is introduced,

studying the conformation of GPCRs via X-ray crystallography remains

challenging due to they complex conformational ensembles. Moreover, potent

ligands are generally needed to sufficiently stabilise the receptors in a

relevant conformation state, precluding the crystallisation of weaker binders.

Computational methods allow to avoid these limitations by exploring binding

of potentially any ligand, and modelling the dynamics of the receptors in

their wild-type forms.

In this work we build on the experience with these computational tools in

order to detail ligand binding selectivity, activation dynamics and allosterism

in GPCRs. We leverage molecular dynamics for the description of the

dynamics of receptors and receptor-ligand complexes. We couple molecular

8



1.1. GPCRs

Figure 1.4: Illustration of the Ballesteros-Weinstein numbering scheme.

dynamics with enhanced sampling methods such as metadynamics50 to

explore rare events associated with these processes and calculate the

associated free energy. Furthermore, chemoinformatics approaches provide a

detailed picture of the landscape of receptor-ligand interactions.

This work uses experimental data as a starting point for the computational

investigation of these processes and complements it with atomistic modelling,

providing mechanistic insight that sheds light onto the picture of GPCR

function.

1.1.2 Residue Numbering in GPCRs

Within a given class of GPCRs one can easily realise that there is a high degree

of structural consistency, particularly of the transmembrane domain. By that

it is meant that well-ordered domains such as the seven transmembrane helices

and helix 8 possess a large number of structurally conserved positions. While

the overall sequence identity between two receptors may be low, the positioning

of the backbone of these regions will most likely be similar.

With this notion in mind, alternative residue numbering schemes have been

devised for various classes of GPCRs. These schemes denote the position of a

given amino acid in the context of the structurally conserved skeleton of the

receptor. For class A GPCRs this takes the name of Ballesteros-Weinstein

numbering,51 while is referred to as Wootten numbering for class B GPCRs.52

These schemes are extremely useful when working with GPCRs, as they allow

to easily convey the approximate location of a given residue and compare

positions across receptors. For these reasons they are extensively used in this

work, alongside the standard progressive numbering.

The Ballesteros-Weinstein and Wootten systems are essentially analogous, but
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1.2. Adenosine Receptors

are only consistent within their own class. In practical terms, a structurally

conserved position is identified with two integer numbers separated by a dot

in the form of a.b. The first number denotes the conserved structural element

the residue belongs to, with 1 to 7 associated with the 7 transmembrane helices

and 8 with helix 8. For the second number the most conserved residue of the

structural element (within the given class) is arbitrarily labelled as position

50. The remaining residues in the same element are then labelled with respect

to position 50 (51, 52, etc. towards the C-terminus; 49, 48, etc. towards the N-

terminus). In the Wootten scheme the letter ”b” is then added to differentiate

it from the numbering systems of other classes.

As an example, the most conserved residue of helix 3 of class A GPCRs is

then labelled 3.50, the previous residue 3.49, and the following 3.51 (Fig. 1.4).

These schemes rely on the absence of insertions or deletions of residues in a

given element, which would cause shifts in the numbering. This is mostly true,

although exceptions exist.

The numbering is generally used as superscript to the residue name and number

(e.g.: A3547.34), but the reader will find the residue number missing when

referring to the position across multiple receptors, or to reduce visual clutter in

figures (e.g: A7.34). Furthermore, given that for less conserved elements such

as ICLs and ECLs the numbering schemes often do not apply, in this work

we use the acronym of the element instead (e.g.: A123ECL2). Additionally,

when describing the interaction of GPCRs with other non-GPCR proteins,

the acronym of the protein partners will be used (e.g: A123P).

1.2 Adenosine Receptors

Adenosine receptors are class A GPCRs that are widely expressed in neurons

in the central nervous system, immune system cells, and vascular system.53

Adenosine signalling has long been shown to be crucial in mediating

cytoprotective response in tissues,54 with significant involvement in

pathological processes such as reperfusion and ischaemic damage, Parkinson
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1.2. Adenosine Receptors

Figure 1.5: Schematic overview of a GPCR (adenosine 1 receptor, A1R): the
transmembrane (TM) domain is formed by 7 helices (TM1-7), connected by
intracellular (ICL) and extracellular (ECL) loops. Adapted from gpcrdb.org.

Disease (PD), dementia and anxiety.55 Of four subtypes (A1R, A2aR, A2bR,

and A3R), the first two have been subjected to the greatest attention of the

scientific community, in particular for their therapeutic potential in the

treatment of reperfusion injury and neuropathic pain (A1R) and cancer and

Parkinson’s Disease (A2aR). Notwithstanding the effort of the community,

the success in developing molecules with high potency and selectivity in

humans has been limited. To date, only three molecules have received

approval: adenosine itself as antiarrhythmic, the A2aR antagonist

istradefylline for the treatment of PD, and the A2aR agonist regadenoson for

myocardial perfusion imaging.

The nearly ubiquitous presence of adenosine receptors in human tissues, as

well as their involvement in very diverse physiological pathways, requires a

remarkable attention to ligand receptor selectivity in order to design potent

and safe medicines. Of the many known compounds that target adenosine

receptors, very few were able to progress through clinical trials due to serious

adverse effects mediated by the interaction with off-targets.56

The recent availability of X-ray and cryo-EM structures of A1 and A2a receptors

11
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1.2. Adenosine Receptors

Figure 1.6: A1R (a) and A2aR (b) bound to ZM241385. c) Schematic
representation of A2aR embedded in the POPC membrane. d) Chemical structure
of the two adenosine receptor antagonists: ZM241385 (top) and LUF5452 (bottom).

has deepened our understanding of the interaction of small molecules with

these proteins, with the first structure of A1R being published only in 2017.57

The structural information, together with a substantial amount of mutagenesis

data, has provided some understanding of the determinants of ligand selectivity

to these receptors.

Although the proteins show a sequence identity of only 37%,58 the overall

structural differences are limited: the comparison of the available

conformations of the receptors indicate how the orthosteric binding sites of

A1R and A2aR show remarkable similarity, with all the key residues being

conserved and with the sole exception of the position 7.35. The lack of clear

determinants of selectivity between the proteins poses a challenging puzzle to

researchers, as the interactions available for stabilising the ligand in the

pocket are almost overlapping.

ZM241385 is an A2aR-selective antagonist that has been widely used in the

research of adenosine receptors, and a number of crystal structures of the

complex have been published.59,60 While ZM241385 shows greatly reduced

affinity for A1R, its deshydroxy derivative LUF545261 does not show
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1.3. Glucagon Receptor

substantial difference in binding affinity between the two proteins (Tab. 1.1).

The very similar structure of the two antagonists (Fig. 1.6c) does not explain

their differential selectivity towards the receptors, especially given that the

structures of ZM241385 and a series of derivatives59 bound to A2aR show

that substituents to the exocyclic secondary amine project toward the

entrance of the pocket and, in the case of ZM241385, the

(4-hydroxyphenyl)-ethyl tail does not appear to form significant interactions

with the binding site residues.

Table 1.1: Binding affinity of ZM241385 and LUF5452 to A1R and A2aR.
Superscripts refer to the source organism: rat (a) or human (b). Data from de
Zwart et al.61 and Guo et al.,62 and expressed in kcal/mol.

A1R A2aR
ZM241385 -9.05a -12.90b, -12.01a

LUF5452 -11.19a -11.35a

The peculiar differential behaviour of the two ligands when interacting with

the two receptors make them ideal systems for investigating the determinants

of selectivity, and the need for atomistic detail and information on the

dynamical properties of the complexes calls for the use of molecular

dynamics-based computational methods. With the goal to better understand

the mechanism of ligand selectivity in A2aR and A1R, in Chap. 3 we use

molecular dynamics and metadynamics to study the interaction of ZM241385

and LUF5452 with the receptors.

1.3 Glucagon Receptor

Glucagon receptor (GCGR) is a class B GPCR that binds glucagon. Glucagon

is a 29 amino acid-long peptide secreted by α cells in the pancreas, and has

a crucial role in human metabolism.63 Its name (GLUCose AGONist) can

be traced back to the time of its first discovery as an impurity of pancreatic

extracts of insulin, and refers to its ability to increase the concentration of

glucose in the blood in mammals.64 Indeed, glucagon acts as one of the main

catabolic hormones, and secretion of this peptide results in increased glycolysis
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1.3. Glucagon Receptor

and gluconeogenesis, as well as increased production of ketone bodies.65

In diabetic patients, and particularly for those affected by type 2 diabetes,

a misregulation of glucagon secretion is observed.66 The lack of inhibitory

effect exerted by insulin on the release of the hormone contributes to the high

blood glucose concentration of the patients. Glucagon receptor, together with

the related glucagon-like peptide 1 receptor (GLP-1R), are therefore under

investigation for the modulation of this signalling pathway.67

Class B GPCRs have been elusive targets due to their complex dynamics of

agonist binding and activation, with stabilisation and crystallisation proving

to be much more challenging than for class A GPCR, resulting in fewer X-ray

and cryo-EM structures.16,11 In recent years, progress in GPCR stabilisation

and the remarkable advances in cryo-EM technology have provided us with

structures of several members of this class, with inactive glucagon

receptor68,69,70,71 and the closely related inactive, intermediate and active

glucagon-like peptide 1 receptor13,72,73,74 among them.

As a class B GPCR, glucagon receptor possesses a 7-helical transmembrane

domain, with three intracellular and extracellular loops, and a terminal helix

8. Unlike class A receptor, the N-terminal region is substantially longer and

well structured, generating a N-terminal domain (NTD) (Fig. 1.7). When not

bound to a peptide, the NTD is thought to freely rotate, while being tethered

to TM1 by a flexible stalk region. Recent theories of peptide binding involve

the interaction of the C-terminus of the peptide with the NTD, which is then

able to guide the N-terminus towards the binding site in the transmembrane

domain.68

The interaction between the receptor and the N-terminus of the peptide

determines then the activation of the receptor, resulting in the opening of the

intracellular cavity and interaction with Gα protein or arrestin. At the time

of writing of this work, no X-ray or cryo-EM structure is available of active

glucagon receptor, but a number of structures of active class B GPCRs have

been released.75,74,76,77,78 Moreover, to our knowledge, the active
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Figure 1.7: a) X-ray structure of inactive glucagon receptor bound to a partial
agonist peptide.68 b) Schematic of a hypothetical binding event between glucagon
receptor and an agonist peptide, followed by coupling with a G protein.
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1.3. Glucagon Receptor

Figure 1.8: a) X-ray structure of GCGR bound to an allosteric antagonist.70 b)
Zoom of the binding site. c) The allosteric antagonist.

conformation of glucagon receptor has never been obtained with

computational tools such as molecular dynamics.

As for class A GPCRs, there is great interest by the scientific community in

exploring the dynamics of activation of these receptors. Understanding the

mechanism of such processes provides precious information about the

chemical determinants of agonism and antagonism of peptide and small

molecule ligands. Of particular interest are also a number of series of

GCGR70 and GLP-1R79 allosteric antagonists that have been shown to bind

the transmembrane domain in a site covering TM5, TM6, TM7 and H8 (Fig.

1.8). Given the crucial involvement of TM6 and TM5 in the activation

process, it can be seen how study of the dynamics of this event is of great

importance for understanding and designing allosteric modulators.

In Chap. 4 we use molecular dynamics and metadynamics in order to calculate

the free energy landscape of receptor activation and Gαs coupling of GCGR.

We performed two different sets of simulations so to better elucidate the effect

of Gαs: one comprising glucagon receptor bound to glucagon, and one with

the receptor bound to the same peptide and in presence of Gαs. Our results

highlight crucial interactions between GCGR and the two partners, detail how
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the receptor is able to transmit and couple the signalling by glucagon and Gαs,

and discover that the activation process requires an active role of Gαs, in an

induced fit fashion, for achieving complete conformational rearrangement of

the receptor.

1.4 Chemokine Receptors

Inflammation is a vital process in animals, and allows the body to react to a

range of threats to the health of the organism, from infection to tissue

damage. The inflammatory process is characterised by a multifactorial

signalling cascade that involves a large number of signalling proteins and cell

lines. One of the key elements of this process is the role of chemokines in

inducing and maintaining the inflammatory response.80

Chemokines are soluble proteins of the cytokine family. Their name derives

from their nature of CHEMOtactic cytoKINES, revealing their role in guiding

the chemotaxis (concentration gradient-mediated migration) of a variety of

immune cells.81 Many play therefore a crucial role in attracting leukocytes

to the area where the inflammatory stimulus originates. In addition to the

role in inflammation, some members of the family have important role in the

maturation of immune cells in humans.82

Around 50 different chemokines have been identified in humans, and they

bind 18 known chemokine receptors.84 Chemokine receptors are class A

GPCRs (Fig. 1.9), and are classified in different families: CC, CXC, CX3C,

and XC. This classification scheme is related to the subfamily of chemokines

that they preferentially interact with,85 and reflect the number and

positioning of cysteine residues in their N-termini:

� CC chemokines have two adjacent cysteine residues

� CXC chemokines bear two cysteine residues separated by one position

� CX3C chemokines separate the cysteine residues with the positions

� X3 chemokines have only one N-terminal cysteine residue
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Figure 1.9: X-ray structure of cytomegalovirus (CMV) chemokine receptor US28
bound to human CX3CL1 variant. US28 is highly homologous to a series of human
chemokine receptors.83

In addition to the 18 typical chemokine receptors, four atypical chemokine

receptors have been reported: ACKR1, ACKR2, ACKR3 (CXCR7) and

ACKR4. Interestingly, atypical receptors act as decoys, binding chemokines

without eliciting any cellular response, and are used by the organism to

modulate their signalling.86

The inflammatory cascade is at the root of a wide array of pathological

conditions, often marked by chronic activation of the immune system. The

role of chemokines in eliciting inflammatory response characterises them as a

key step in this detrimental process.87 For this reason, chemokine receptor

have been identified as promising targets for the treatment of pathological

conditions marked by chronic activity or hypersensitivity of the immune

system.88
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In particular, CCR1, CCR3, CCR4 and CXCR2 are under investigation for

conditions involving the respiratory system such as asthma and chronic

obstructive pulmonary disease (COPD).89,90,91 CCR1 and CCR2 are being

studied for the treatment of multiple sclerosis and rheumatoid

arthritis,92,93,94 The monoclonal antibody Mogalizumab has been marketed

for treatment of refractory or relapsed CCR4+ adult T-cell

leukaemia/lymphoma, and refractory or relapsed CCR4+ cutaneous T cell

lymphoma.95

The research of CCR9 is instead mostly focused on its potential as target for the

modulation of conditions involving the gastrointestinal system, with Crohn’s

disease and coealiac disease among them.96,97 Members of the CXC family such

as CXCR1 and CXCR2 play a role in the maturation of hematopoietic cells

and Plerixafor, a CXCR4 antagonist, has been marketed for the mobilisation

of hematopoietic stem cells.98

Lastly, CCR5 plays a role unlike the other receptors as it is used by HIV virions

for fusing into T-cells and infect them. This results in CCR5 being a promising

target for HIV infection treatment, with Maraviroc, a CCR5 antagonists, being

marketed for this application.94

Chemokines are soluble proteins that act by binding to an extracellular binding

site of the extracellular surface of the transmembrane domain of chemokine

receptors. Many synthetic compounds have been developed for targeting this

site, and blocking the action of chemokines in a competitive fashion.99 Most

of the compounds are amines, and form a key ionic interaction with the side

chain of the conserved glutamate in position 7.39100,101,102,103

Targeting this site poses two problems: the shape of the cavity is engineered for

binding chemokines, and deviates from the ideal small, hydrophobic, and rigid

site that is most easily targeted with organic small molecules. Additionally,

selectivity is very challenging given the promiscuity of the receptors and the

chemokines for their binding partners.94

In recent years growing evidence of a druggable allosteric intracellular pocket
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has been accumulated. This was confirmed by the release of a number of

X-ray structures of chemokine receptors in complex with intracellular

binders,32,33,104 demonstrating the presence of the pocket for CCR2, CCR7

and CCR9. Furthermore, mutagenesis and similar methodologies have shown

that a similar pocket is present also in CXCR1 and CXCR2,105,106,107 CCR1

and CCR2.108,109,110,111,112 Similar results are also available for CCR4,113

CCR7104 and CCR9.33

The compounds that target this intracellular pocket, also referred to as

non-amines,33 are thought to interact with the intracellular pockets and

stabilise the inactive conformation of the receptors, impairing coupling with

G proteins.99,33,32 Experimental findings highlight how this antagonism is

insurmountable,108,114 which can prove to be advantageous in presence of

high concentrations of chemokines in inflamed tissues.

In Chap. 5 we mine two publicly available databases in order to identify

putative intracellular allosteric antagonists of chemokine receptors. With this

data we build a comprehensive picture of the known binders, and propose

binding modes of the main chemotypes. We complement this by modelling

the dynamics of a number of receptors, in presence or absence of intracellular

ligands. This presents an overall view of the interactions of the different

chemotypes with the receptors, and highlights key interactions in the binding

sites, providing new information for the design of novel compounds.

1.5 Ligand Binding Kinetics in the Discovery

Pipeline

For the GPCRs discussed so far we have focused on the traditional

optimisation approach based on ligand-receptor affinity. However, this

strategy proves not to be always predictive of functional efficacy, with

especially high attrition rates in the clinical setting.115,116 The changing drug

concentration in the organism after the administration makes measures of

equilibrium quantities not always optimal for such systems; since the
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timescale of binding and unbinding processes can be comparable, if not

longer, to the drug clearance time from the bloodstream, it is clear that

kinetics-based parameters can play an important role in developing effective

molecules. Moreover, given the non-equilibrium nature of drug

administration, favourable kinetic parameters contribute towards fewer

interaction with off targets reducing the risk of side effects.116

Unlike most experimental setups, the human body is an open system. The

interplay between various concurrent physical and biological processes prevent

the drug concentration in the tissues from reaching true equilibrium. Starting

from the administration, the drug can take a significant time to be absorbed in

the bloodstream. After reaching the bloodstream, molecules will be distributed

in the various tissues with different timescales and concentrations, depending

on the overall chemical properties of the tissue and transport pathways, where

they will bind to their target. The subsequent interaction between ligand and

receptor follows itself complex kinetics. During these processes metabolism

and excretion lower the drug concentration in plasma, eventually leading to

complete elimination from the body.

While the understanding of drug blood pharmacokinetics is quite solid, and

the prediction of tissue distribution is quickly improving, much work is still

needed in studying the kinetics of drug-target interactions.115 A number of

assays are available to researchers, from radioligand binding117 to surface

plasmon resonance (SPR), yet the precise dynamics of the event is often

elusive. Additionally, working with membrane proteins such as GPCRs adds

the complexity of having to reproduce the physico-chemical environment of

the membrane in experiments.

SPR is a spectroscopic method that can be used for computing binding affinity

and kinetic parameters. Briefly, receptor units are tethered to a thin gold plate,

that is backed by a glass pane. The receptor is exposed to a constant flow of

aqueous medium, and a laser light source is shone to the gold plate, from

the side of the glass layer. Small changes of the local environment, such as
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binding of a small molecule to the receptors, interfere with the surface plasmon

resonance in the gold layer, excited by the laser light. This results in a change

of the reflection angle of the laser light, and is measured by a detector. When

a ligand is introduced in the flowing medium, a progressive change is SPR

signal is observed, and corresponds to binding events. Flushing with medium

(regeneration) leads to removal of the ligand, which again affects the signal.

From the time-resolved SPR signal it is then possible to calculate off and on

rates of the compound.118

Radioligand-based assay instead employ radiolabelled compounds, for which

the concentration can be assessed even for very high dilutions. Here, the

receptor is incubated with the radioligand, and the signal is detected at various

time points until steady state is achieved and the association constant can be

inferred. Similarly, following the decrease of signal upon addition of high

concentrations of a second unlabelled ligand, for which kinetic constants are

known, or upon ”infinite” dilution of the sample, provides a way to calculate

the dissociation constant.

In its simplest formulation, the drug-target interaction can be modelled as a

one-step process, such that:

D + T −−⇀↽−− DT

Kd =
CD · CT
CDT

(1.1)

where D is the drug, T is the target, DT is the complex, Kd the dissociation

constant Ci is the concentration of the species i. Given this equilibrium, Kd is

related to the kinetic rate constants by:

Kd =
koff
kon

(1.2)

where koff and kon are the rate constants of the unbinding and binding

processes, respectively. It is evident now how two molecules can show the
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same affinity for their target, while binding and unbinding with completely

different timescales. It is for example the case of the work by Guo et al.,62

where derivatives of ZM241385 with similar affinity but very different kinetic

constants were synthesised. Again, for a series of Fabl enoyl reductase

inhibitor the lifetime of the interaction of the drug-target complex has better

correlation with efficacy than binding affinity.119

Due to the complexity of the interaction between ligand and receptor, and

the difficulties involved in experimentally determining kinetic rate constants,

a variety of computational approaches have been developed over the years.

Atomistic simulations offer the appealing prospect of being able to pinpoint

the structural elements that determine the binding kinetics of ligands, thus

helping the lead optimisation process.

Extensive unbiased molecular dynamics trajectories can in principle be used to

this end by sampling the event enough to converge an estimate of the transition

rate between bound and unbound states. As the timescales of these processes

are often beyond what can be simulated in a reasonable amount of time, only

very weak binders may be studied with such approach. Markov state models

allow for calculating rates from swarms of many shorter trajectories,120 thus

reducing the amount of data that needs to be collected. Other algorithms, such

as infrequent metadynamics121 or τ -random accelerated molecular dynamics122

rely on artificial bias or force being applied to the system.

While many choices are available, they all come with downsides. In particular,

they either do not account for recrossing along the transition state or they

struggle to perform well with tight binders due to the free energy barrier that

needs to be overcome. The general consensus is that much work still needs to

be done in this direction before we will have an efficient and robust tool for

determining binding kinetic rate constants.123

In this study we present our ongoing contribution towards tackling this arduous

problem. Transition State-Partial Path Transition Interface Sampling (TS-

PPTIS)124 is a molecular dynamics-based method for the calculation of kinetic
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rate constants that has proven to be effective in accurately predicting the

complex kinetics of folding of the Trp-cage peptide and of ligand binding.125,126

We report here the development of a new implementation of the algorithm and

its testing on a ligand binding system. The theory behind the algorithm is

introduced in Chap. 2, while the results of the testing are presented in Chap.

6. Due to the availability of experimental data HSP90 has been chosen as a

test system for evaluating the effectiveness of TS-PPTIS in calculating binding

kinetic rate constants. The method was here applied for computing the rates

of a number of small molecules inhibitors of its N-terminal site.127

We believe that in the near future this approach may prove to be useful in the

prediction and optimisation of ligand binding kinetics in complex targets such

as GPCRs.
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Chapter 2

Methods

The recent advances in the engineering of central processing units (CPUs) of

computers and the exponential growth of computing power of graphical

processing units (GPUs) of graphic cards have given access to unprecedented

resources for numerical calculations. The prospect of conducting experiments

in silico instead of in a real-life setting has appealed researchers for decades.

The possibility of predicting quantities of interest in a well-defined and

controllable setting, performing experiments with a reduced need of

manpower and investment in expensive equipment and reagents, or exploring

experimental conditions not obtainable in a laboratory is attracting the

attention of academia and industry in all fields of science.

Material engineering and structural biology are among the realities that are

seeing a heavy application of computational modelling in the study of chemical

systems. A wide range of methods have been developed in order to study such

atomistic systems, each with their strengths and downsides. In particular, the

study of systems of biological and pharmaceutical interest such as peptides,

proteins, protein-ligand complexes and nucleic acids has greatly benefited from

the flourishing of computational tools. The complexity of these systems well

suits the computing capabilities of clusters: from quickly evaluating the affinity

of molecules in a wide volume of the chemical space against specific protein

targets to obtaining detailed mechanistic information on the dynamics of an

event, the common denominator the need for fast and efficient computations.



2.1. Molecular Dynamics

When approaching the problem of studying the structural and dynamical

properties of biological systems different methods can be used. The choice

will generally be determined by a trade-off between precision and calculation

speed: to one end of the spectrum we have quantum mechanical modelling,

that has the potential to model the system with great accuracy and provide

massive amounts of information, while at the other end we can find

coarse-grained models, where multiple atoms are grouped together in order

to reduce the dimensionality of the problem. In the middle we have full-atom

models, where each atom is modelled with a single particle, and interatomic

interactions are modelled as interactions between these objects.

Of the available methods to study the properties of such atomistic and

coarse-grained systems, Monte Carlo (MC) and molecular dynamics (MD)

have proven to be among the most successful due to the ability to efficiently

sample the conformational space of complex systems.

2.1 Molecular Dynamics

Molecular dynamics is a computational method that is being widely used for

the study of the dynamical properties and time evolution of chemical

systems, and from that derive useful ensemble averages. After its first

application in 1957 by Alder and Wainwright128 as a mean to simulate the

behaviour of an artificial many-body system, it saw its introduction in the

investigation of the dynamics of proteins in 1977 by McCammon and

Karplus.129 Notwithstanding the novelty of this approach, the computing

power that was available at that time was extremely limited, and many years

had to pass before the technological advances made the use of this method

practical for the study of biological systems.

Briefly, the atomistic system is treated as a collection of particles that

generally obey classical mechanics, and the evolution of the system is

computed by integrating Newton’s equations of motion with a given time

step. The interactions between the particles are parametrised using empirical
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or ab initio approaches, and these parameters are collectively referred to as

force fields. From the time series that is generated one can then observe

events of interest and, using the ergodic principle, calculate ensemble

averages and explore the phase space of the system.

The reduced complexity of this approach with respect to quantum mechanical

modelling allows to reach simulation speeds and sizes that are well beyond

those possible for a quantum system. Although modelling atoms in a classical

fashion reduces the precision in reproducing the interatomic interactions and

generally prevents studying the breaking and formation of covalent bonds, it

is commonly feasible to simulate systems of up to hundreds of thousand of

particles for several microseconds.

2.1.1 The Algorithm

Given a system of N point particles with coordinates r = {r1, r2, ..., rN} MD

integrates the equation of motion of the system, that can be expressed as:

fi = mi
d2ri
dt2

= −∇iU(r) (2.1)

where fi is the force acting on the i-th particle, mi and ri its mass position, and

U(r) is the potential of the interaction between the particles of the system.

In this formulation, in the assumption of conservative and pairwise additive

interatomic forces, the potential energy U(r) of the system and the force acting

on a particle fi can be calculated by summing all pairwise interactions:

U(r) =
1

2

∑
i,j

U(ri,j) (2.2)

fi =
N∑
j=1

fij, (j 6= i) (2.3)

where U(ri,j) is the potential of the interaction between particles i, j.

As an analytical solution to such functions is not available for most large multi-

body systems, it is necessary to numerically integrate it in order to obtain the
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time evolution of the system. The equations are then discretised and positions

and momenta of the particles are integrated forward in time with a given time

step δt, which needs to be small enough not to have numerical instabilities

in the computation of the highest frequency motions, often covalent bonds

involving hydrogen atoms in a fully atomistic MD simulation. Over the years

a series of algorithms, such as SHAKE130 and LINCS,131 have been developed

in order to restrain the length of these bonds, allowing for an increase in

maximum δt to 2 fs and beyond.

Different algorithms are available for integrating the equations of motion of

such systems, each with their benefits. One common choice, which is the one

used in most simulations in this work, is the leap frog integrator. Briefly, this

second-order method calculates the motion in half time step intervals such

that:

vi(t+
1

2
δt) = vi(t−

1

2
δt) +

fi(t)

m
δt (2.4)

ri(t+ δt) = ri(t) + vi(t+
1

2
δt)δt (2.5)

where vi is the velocity of the i-th atom. One drawback of the method is that

velocities and positions are calculated at alternating half time steps, and not at

the same time. Important characteristics of the integrator are the long-term

energy conservation, time reversibility and conservation of the phase-space

volume.

2.1.2 Force Fields

The potential energy of the system U(r) for any given set of coordinates r can

be expressed, as mentioned earlier, as the sum of a series of pairwise additive

functions. In reality, the interactions between particles in molecular systems

are often modelled with the use of terms of different order. A general expression

of the interaction potential can then be written as a series of n-body terms

{v1, v2, ...}:
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U(r) =
∑
i

v1(ri) +
∑
i,j

v2(ri, rj)+

∑
i,j,k

v3(ri, rj, rk) +
∑
i,j,k,l

v4(ri, rj, rk, rl) + . . .
(2.6)

where the first term can represent the effect of external fields, such as the

electric field or restraining potentials. The second is the pair potential between

pairs of particles, and the third and fourth govern interactions between triplets

and quartets. While high order terms are generally regarded to provide a small

contribution to the total energy, the introduction of three- and four-body terms

for specific sets of particles can be exploited to enforce the geometry of parts

of the systems, such as molecules.

The parameters that govern strength and range of the interactions that

determine the forces, and thus the potential energy, of the system, are

obtained either through empirical approaches or using ab initio calculations,

and are often fine-tuned in order to well reproduce a specific type of system

(e.g: proteins in water, nucleic acids in water, other materials).

The interaction between particles in a MD system can be broken down in two

parts, bonded and non-bonded terms:

Uff = Ubonded + Unonbonded (2.7)

where Uff is the potential energy calculated by the force field. The non-bonded

term is itself divided in two terms, one that takes into account the Coulomb

force between the particle, and a Lennard-Jones potential that models the van

der Waals interaction and the steric repulsive potential.

The Coulomb force between atoms, whose charges are typically modelled as

point charges positioned at the centre of the spheres representing the particles,

scales with the inverse of distance, and depends on the charge of the partners:
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Figure 2.1: A Lennard-Jones potential. The van der Waals and steric contributions
are also independently plotted.

UC(di,j) =
qiqj

4πε0di,j
(2.8)

where qi is the point charge of the i-th atom, di,j is the interatomic distance

and ε0 is the permittivity of free space. As the potential decays as 1/di,j,

its contribution is significant even at long distances between the two atoms,

and computing its value therefore expensive. For this reason the interaction is

divided in a short range and long range contribution. While the short range

contribution is computed in real space, summing long range Coulomb forces

acting on a given particle quickly converges in Fourier space. The algorithm is

called Ewald summation, and a common implementation is the Particle Mesh

Ewald (PME), commonly found in many MD engines, that is able to account

for period boundary conditions.132

The van der Waals and steric components of the Lennard-Jones interaction

scale differently with the distance between two atoms di,j, namely as d−12
i,j and

d−6
i,j , so that the expression takes the form of:

ULJ(di,j) = 4ε

[(
σ

di,j

)12

−
(
σ

di,j

)6
]

(2.9)

with ε being here the depth of the potential well, and σ the distance at which

the potential is zero.

As computing the pairwise Lennard-Jones potential for all atoms pairs is
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very expensive, the function is usually truncated at a given cut-off value,

typically around 1-1.2 nm. The resulting discontinuity generates an artificial

force that would introduce errors in the integration of the motion of the

atoms. A common strategy to mitigate the problem is to apply a switching

function so to progressively deactivate the potential after a cut-off distance.

The bonded component of Eq. 2.7 is itself divided in a series of elements,

and is aimed at restricting the geometry of atoms in a given molecule. As

mentioned, the energy of this term depends on a series of parameters that

are measured either through experiments or ab initio calculation. While more

advanced force fields may introduce additional terms, the basic breakdown of

the component is the following:

Ubonded =
1

2

∑
bonds

kdi,j(di,j − d
eq
i,j)

2

+
1

2

∑
angles

kθi,j,k(θi,j,k − θ
eq
i,j,k)

2

+
1

2

∑
dihedrals

∑
α

kφi,j,k,l(1 + cos(αφi,j,k,l − φeqi,j,k,l))

+
1

2

∑
improper

kψi,j,k,l(ψi,j,k,l − ψ
eq
i,j,k,l)

2

(2.10)

The component is broken down in four terms, and take the form of harmonic

potentials, with the exception of the dihedral term. For each of them equilib-

rium values (superscripts ”eq”) and strength constants (k) are required.

The first term is dependent on the deviation of the interatomic distance di,j

from the equilibrium and is used to restrain the covalent bond length around

the reference value. The second part governs the angles θi,j,k between three

atoms connected by two covalent bonds. The third part defines the

equilibrium value and energy profile of dihedral angles, and is modelled as a

cosine expansion with α minima of the dihedral angle φi,j,k,l. The improper

dihedral term controls the dihedral angle ψi,j,k,l between four atoms that are

not connected in a linear chain. It is used, for example, to enforce planarity
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in rings and their substituents. As only one minimum is necessary, a

quadratic formulation is sufficient.

Figure 2.2: Illustration of distance, angle, and dihedral angle in a molecule.

2.1.3 Periodic Boundary Conditions

In order to better reproduce the properties of condensed-phase systems,

periodic boundary conditions (PBC) are imposed during the simulation. The

effect of these boundary condition results in the fact that atoms that reach

one edge of the simulation box will reappear on the opposite side. Likewise,

the forces that are applied to atoms near the edge will take into account this

periodicity, and will therefore depend also on atoms that are present on the

other side. The overall result is that the simulation is infinitely duplicated,

and each cell is interacting with itself. The major benefit of this approach, in

comparison with other methods such as repulsive boundaries, is that it

prevents the introduction of artefacts due to the potential as the periodicity

reproduces the behaviour of a continuous phase even at the box interface.133

In contrast with the naive approach of simply using a very large simulation

box, PBC obtain a similar effect of reproducing large scale bulk properties

without simulating the dynamics of a very large number of atoms.

With the aim to reduce the O(N2) complexity in the calculation of pairwise

non-bonded force field terms that riddles atomistic simulations, it is possible to

only evaluate the interaction between a given atom and the neighbours found

within a given cut-off. As finding the neighbouring atoms is itself O(N2), it is

possible to define lists of neighbours and update them periodically. A second
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Figure 2.3: Example of PBC in a molecular dynamics system comprising one
single protein unit per cell. The system and its neighbouring images are shown.
The protein is in purple cartoon, ions are represented as spheres. Water is not
shown. The box of the central cell is shown in blue.

approach, used in this study, is to divide the simulation box in cells and keep a

list for each cell. This simplifies the calculation, as it is only necessary to take

into account the cell an atom is found and the cells around it. Moreover, this

setup greatly eases the parallelisation of the simulation; as the communication

between cells is only limited to neighbour cells, the need for exchange of data

among processes is reduced, improving the scaling of the system.134

Although the continuity of a phase is generally welcome when using PBC, it

is sometimes necessary to make sure that certain parts of the system do not

interact with the counterparts in the adjacent cells. It is the case when

studying the behaviour of individual molecules or molecular complexes

(individual organic molecules, proteins, protein-ligand complexes). In these

cases the interaction between an object and its neighbour may introduce

unwanted artefacts in its behaviour. One simple solution is to make the box
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large enough that the minimum distance between their atoms is at least as

much as the largest cut-off of non-bonded interactions.

Ewald Summation

As mentioned in the previous section, calculation of the Coulomb interactions

with PBCs requires to take into account the periodicity of the system. Ewald

summation135 and related methods, such as Particle Mesh Ewald, allow for

efficient evaluation of this term.

In this basic formulation, Ewald summation approximates the Coulomb

potential of Eq. 2.8 for a cubic PBC box as a sum of two series, one in real

space and one in reciprocal space, such that the potential experienced by a

particle i is:136

UC(ri) =
∑
n

N∑
i 6=j

qj
erfc(α|rij + n|)
|rij + n|

+
4π

L3

∑
k

∑
j

qjexp

(
−|k|2

4α2

)
exp{ik · (rj − ri)} −

2α√
π
qj

(2.11)

with L the side of the box, n = (ix, iy, iz)L the translation vector of the

periodic lattice given iα = 0,±1,±2, . . . ,±∞ the box indices, and |rij + n| is

the distance between particle i and j accounting for the periodic images. Here,

erfc(x) = 1 − erf(x) = 1 − 2√
π

∫ x
0
e−t

2
dt, and α is an arbitrary number than

controls the width and height of the Gaussian function that the point charges

are mapped to. k is the translation vector in Fourier space.

While the Ewald summation has a complexity of O(N2), with N the number

of particles in the PBC cell, more recent implementation using Fast Fourier

Transform (FFT) for the reciprocal term reduce it to O(Nlog(N)).136 The

length of the cubic side has effect on the reciprocal term of the summation,

where the volume L3 scales the term.

Different box geometries are available, from truncated octahedron to

orthorhombic. The choice of the shape of the box can be tuned in order to

reduce the volume of phases that are not of particular interest in the
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simulation, such as bulk solvent.

2.1.4 Temperature and Pressure

In the simplest formulation of MD we can imagine simulating a cubic box of

particles with given initial positions and momenta and appropriate force field

while keeping total energy and volume of the box constant. This

microcanonical ensemble, often referred to as NVE (constant number of

particles, volume and energy), is thus isolated from the external environment

and can not exchange matter or energy with it. When investigating events

such as ligand binding and conformational changes of proteins we are aiming

at reproducing the dynamical behaviour of these systems in an experimental

setting, or in a living organism. We therefore realise that these systems are

not isolated, but are coupled with the surroundings in their temperature and

pressure. In most cases these conditions well reflect the isothermal-isobaric

ensemble (NPT), although it is not uncommon to perform simulations in the

isothermal-isochoric ensemble (NVT) in the assumption that the change in

pressure of the system during the event of interest will not be significant.

It is then necessary to ensure that in this ensemble number of particles, pres-

sure and temperature are on average constant. Enforcing constant number of

particles is trivial, while for the remaining two quantities various thermostats

and barostats have been devised.

The v-rescale thermostat,137 of which this work makes extensive use, relies on

rescaling velocities by the same factor α so that the average kinetic energy K

of the system is equal to that associated to the target temperature, T̄ :

K̄ =
Nf

2β
=

3

2
kBT̄ (2.12)

whereNf is the number of degrees of freedom and kB is the Boltzmann constant

and β = 1/kBT . The scaling factor α is defined as:

α =

√
K̄

K
(2.13)
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In the original paper the authors point out that by this simple rescaling

procedure the ensemble that is sampled is not explicitly known, and that this

method may not be compatible with canonical sampling. They then

introduce a stochastic regime to enforce canonical sampling by redefining the

factor as α =
√
Kt/K where Kt is drawn from the canonical equilibrium

distribution for the kinetic energy:

P̄ (Kt)dKt ∝ K
Nf/2−1
t e−βKtdKt (2.14)

The velocity update is performed at arbitrary time intervals, and the system

is evolved using Hamilton’s equation between rescalings. In order to dampen

fast fluctuations in the velocities caused by this thermostats a scheme whereby

the choice of Ki also depends on K was formulated by the authors, resulting

in smoother enforcement of the correct velocity distribution.

V-rescale has been successfully employed for a wide array of systems, from ion

transport through nanopores to protein conformational changes and ligand

binding138,139,140,141

Another thermostat used in this work is the Nosé-Hoover

thermostat,142,143,144 in its implementation145 in the Desmond (Schrödinger)

molecular dynamics engine. The basic Nosé-Hoover algorithm evolves the

motion of the i-th particle as:

mi
d2ri
dt2

= fi − ζmivi (2.15)

dζ(t)

dt
= Q−1

[ N∑
i=1

mi
v2
i

2
− 3(N + 1)

2
kBT

]
(2.16)

where ζ(t) is a friction coefficient, mi and vi the mass and velocity of the

particle, and Q determines its relaxation dynamics. We can see that the

equation in the sum evaluates to zero at steady state. Note that here the

kinetic energy is proportional to N + 1 as we have introduced ζ as additional

degree of freedom. A large number of applications of the Nosé-Hoover
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thermostat for the simulation of biological systems can be found as

well.146,33,43,147

In cases when enforcing constant pressure is necessary barostats are used.

In this work we mainly make use of the Parrinello-Rahman148 and Martyna-

Tuckerman-Tobias-Klein149 barostats.

The Parrinello-Rahman barostat allows for pressure control by varying both

size and shape of the simulation box. Given a cell defined by lattice vectors

a,b, c and h = {a,b, c} a 3× 3 matrix, the volume can be expressed as:

V = det h = a · (b× c) (2.17)

And the position of the i-th particle ri can be formulated as:

ri = hsi = ξia + ηib + ζic (2.18)

with si = {ξi, ηi, ζi} and 0 ≤ ξi, ηi, ζi ≤ 1. Given a metric tensor G = hTh and

a proportionality constant W , the Lagrangian can be written as (dot denotes

time derivative):

L =
1

2

∑
i

miṡ
T
i Gṡi −

∑
i

∑
j>i

U(rij) +
1

2
WTr

(
ḣT ḣ

)
− pextV (2.19)

where U(rij) is the pairwise potential between atoms i and j and pext the

externally applied pressure.

Once the appropriate ensemble is enforced in the molecular dynamics

simulation it is possible to estimate averages of observable in the ergodic

hypothesis.150 In the long time limit of a molecular dynamics simulation:

Ā = lim
t→∞

1

t

∫ t

0

A(t′)dt′ = 〈A〉 (2.20)

where Ā denotes the observed average of a time-dependent observable A(t),

and 〈A〉 indicates the ensemble average of the observable.
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2.1.5 Enhancing the Sampling

With the growing raw computing power that is nowadays available it is

possible to simulate events that were previously inaccessible. From the fist

experiment with MD simulation of a protein,129 where a 8.8 ps-long

trajectory was produced, it is now feasible to simulate fully solvated proteins

for several microseconds, an improvement of 7-8 orders of magnitude.

Notwithstanding this fantastic improvement of the hardware, many events of

biological interest still lay beyond our simulation capabilities. While the

typical relaxation times of various motions such as bond vibration are very

fast compared to the length of a typical simulation, states that are separated

by high energy barriers or that are highly entropic are still poorly sampled.

Figure 2.4: Timescale of a typical molecular dynamics simulation in comparison
with events of interest. Adapted from Ref. 151 (Creative Commons Attribution
License, copyright © 2012 Ode, Nakashima, Kitamura, Sugiura and Sato).

As illustrated in Fig. 2.4, events that involve large scale motions or that are

separated by high free energy barriers are beyond the simulations capabilities

of most supercomputers. Although purpose-built hardware, such as Anton

(a supercomputer built by D. E. Shaw Research for massively parallel, high

performance, molecular dynamics simulations), can reach fantastic simulation

speed and extend the boundaries of MD,152 many events are often observed

a very limited amount of times. Much information can be gathered by these

simulations, but a statistical analysis of poorly sampled events is often not

possible.

In order to overcome these limitations and be able to study events of interest

even in smaller clusters, a wide array of enhanced sampling methods have
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been developed. The common denominator of many of the most commonly

used algorithms is the alteration the underlying free energy landscape or of

the sampled ensemble so to speed the exploration of the phase space. While

some methods, such as parallel tempering,153 rely on the exchanges between

replicas at different temperature, others, like umbrella sampling,154 use

harmonic restraints. A number of other methods, such as metadynamics,50

exploit a history-dependent adaptive bias to push the system out of free

energy basins.

Due to the presence of bias or to the use of unphysical conditions (exchanges

with high-temperature replicas, scaling of the strength of specific

interactions, etc.) enhanced sampling methods often disrupt the time

evolution of a molecular dynamics simulation. Although this can complicate

the study of the dynamics of an event, it is often possible to reconstruct the

free energy profile of the event of interest as a function of selected order

parameters. This enables researchers to gather precious statistical insight on

such systems.

In parallel, a number of enhanced sampling methods that do not alter the

underlying probability distribution, and do not make use of replicas run in

different conditions, exist. Notable examples among them are algorithms such

as Markov-State models (MSM)155 and Weighted Ensemble (WE).156

MSM allows for the calculation of the free energy landscape and the

associated kinetic rates of transitions of a molecular system by partitioning

the order parameter space in a number of discrete states. In the Markovian

approximation, the transitions from one state to another is independent of

the previous history of the system, thus allowing to sample the landscape

with the use of swarms of replicas of the system initialised in different

positions. One can then compute the pairwise transition matrix across all

states at a given lag time τ , and derive the probability associated with the

states, as well as their transition rates.157,120 In its basic formulation, WE

works instead by dividing the order parameters space of an event in a
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molecular dynamics simulation in a number of bins. Multiple asynchronous

replicas of the system are run, and the algorithm aims at maintaining a

constant number of ”walkers” for any given bin. When in a bin there are

fewer bins than the target value, a walker is duplicated (also inheriting the

parent’s history). If there are more than the target value, multiple targets

are merged. Each walker is given a statistical weight, that sums to unity over

the whole pool of replicas. When a walker is split, then the resulting pair

inherits half the weight each. Conversely, when walkers are merged, the

resulting walker inherits the sum of the parent walkers. The calculation of

equilibrium and kinetic properties from the simulations takes then account

for this weight, ensuring correct expectation values.158

Of the many enhanced sampling methods available, metadynamics and parallel

tempering have gained significant popularity and were the primary methods

of choice for this research.

2.2 Metadynamics

Metadynamics50 is a well established MD-based enhanced sampling method

that can be used to calculate the free energy of chemical and biological events

as a function of a set of order parameters and greatly speed up sampling during

the dynamics simulation.

The algorithm relies on the dimensionality reduction of the accessible

conformational space of interest, a common expedient used to easily monitor

and influence an event during an MD simulation. Given a system

conformation r ∈ R3N (with N being the number of atoms), one can define d

order parameters S(r), commonly referred to as collective variables (CVs),

functions of r that provide a meaningful mapping of the 3N dimensional

space onto a d dimensional space, such that S(r) = {s1(r), ..., sd(r)}, with

d � 3N . In this formulation the probability of observing the system in a

given position in the CV space in an unbiased simulation is given by:159

40



2.2. Metadynamics

P (S) = 〈δ(S − S(r))〉 (2.21)

where δ is the Dirac delta function and angle brackets denote an ensemble

average over the simulation. The probability distribution over the CV space

simplifies the expression of the free energy along the event:

F (S) = −β−1 log

(∫
δ(S − S(r))e−βU(r,t)dr

)
(2.22)

where β = (kBT )−1 and T the temperature.

As mentioned above the sampling of MD simulation of events of biological

interest is often poor, making the convergence of such quantities difficult. In

order to speed up the CV space exploration, metadynamics progressively adds

bias energy to the system in the form of Gaussian kernel functions centred on

the position of the system in the CV space at every given time interval. The

history-dependent bias V (S, t), that depends on the simulation time and the

order parameter position, evolves according to:

V (S, t) =

∫ t

0

dt′ω exp

(
−

d∑
i=1

(si(r)− si(r(t′)))2

2σ2
i

)
(2.23)

with si(r) being the position in the space of the i-th CV of a given system

conformation r, and ω = W · τ−1
G an energy rate that depends on the Gaussian

height W and the deposition stride τG.

Reformulating the previous equation accounting for the fact that

metadynamics deposits Gaussian kernels with a discrete time step τG we

have:

V (S, t) =
∑
kτG<t

W exp

(
−

d∑
i=1

(si(r)− si(r(kτG)))2

2σ2
i

)
(2.24)

with k being the number of Gaussian kernels. The result of the

history-dependent bias of metadynamics is that the total energy landscape,

consisting of the sum of the true and the artificial contributions, will
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eventually be approximately flattened and the system will reach a diffusive

behaviour in the CV space. From the cast of the deposited bias it is then

possible to reconstruct the unbiased landscape as function of the CVs.

At convergence, the bias is an estimate of the free energy as a function of the

biased CV in the long time limit:

V (S, t→∞) ∼ −F (S) + C (2.25)

with C being a constant. This relation allows therefore to study equilibrium

quantities in the metadynamics simulation, even if the bias acting on it is

disrupts the Boltzmann distribution of the system.

When performing a metadynamics simulation it is of crucial importance to

define a set of CVs that well captures the conformational change of the system,

describing all basins and barriers that involve the event. A suboptimal choice

of CVs may lead to the oversight of barriers and can hinder the sampling of

the states of interest. A hidden, slowly exchanging, motion that is not biased

by the metadynamics may result, together with a slow convergence of the bias,

in local over or underestimation of the free energy. As finding the CV that

exactly describes the motion is practically unfeasible, it is generally sufficient

to identify and bias the main slowly exchanging degrees of freedom of the

system, relying on the assumption that the motions that have been overlooked

can be treated as noise.160

2.2.1 Well-Tempered Metadynamics

In the well-tempered formulation161 the height of the hills is reduced over time

in order to asymptotically converge to the exact free energy surface, modulo

a constant. Unlike the standard metadynamics algorithm the Gaussian height

W is not constant, and is driven by the equation:

W (S, t) = W0e
−V (S,t)
kB∆T (2.26)

where S is the position in the CV space, t the time, W0 the initial height, and
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∆T has the unit of a temperature.

Figure 2.5: Visual comparison of metadynamics (a) and well-tempered metady-
namics (b). The well-tempered scheme allows to avoid overfilling basins and reduces
the error by achieving a smoother bias deposition.

In the long time limit, the bias has been shown to converge smoothly and

exactly to:162

V (S, t→∞) = −
(

1− 1

γ

)
F (S) + c(t) (2.27)

where γ is the bias factor, F (S) is the free energy as a function of the collective

variables, and c is a time-dependent constant. The bias factor is related to the

∆T factor in Eq. 2.26 as:

γ =
T + ∆T

T
(2.28)

The choice of the bias factor influences the convergence of a well tempered

metadynamics: if too low the hill height will become negligible before the

basin have been filled, leading to poor sampling and potentially poor

reconstruction of the free energy landscape; if too high the landscape will be

overfilled, requiring more time to reach convergence. An empirical rule of

thumb that is often used is to set the parameter to the estimated height of

the highest barrier that needs to be overcome, in units of kcal/mol.

In standard metadynamics the probability distribution of a set of CVs

converges approximately to a flat distribution. In well-tempered

metadynamics the CVs approach instead a well-tempered distribution:159
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Figure 2.6: Unbiased probability distribution of the free energy profile in Fig. 2.5
and corresponding well-tempered distributions for a series of bias factors.

P (S)WT ∝ [P (S)UNB]1/γ (2.29)

Where P (S)WT is the well-tempered distribution and P (S)UNB is the

unbiased probability distribution. As can be seen in Fig. 2.6, the

well-tempered distribution promotes the sampling of low probability regions

of the unbiased distribution.

At convergence the free energy surface as a function of the biased CVs can be

calculated, within a constant, from the deposited bias using Eq. 2.27. The

free energy can alternatively be projected onto a subset Sp of the CVs that

were biased by integrating over the remaining ones Si:

F (Sp) = −β−1log

∫
dSi e

−βF (Si,Sp) (2.30)

where F (Sp) is the free energy as a function of the subset Sp and F (Si, Sp) is

the free energy as a function of the whole CV set S.

2.2.2 Parallel Tempering

Parallel tempering153 is an enhanced sampling method that allows to

overcome free energy barriers by simulating a number of parallel replicas of

the system at increasing temperatures, and attempting the exchange of the

conformations of adjacent replicas with an arbitrary step interval (Fig. 2.7).

44



2.2. Metadynamics

The benefit of the algorithm consists in moving high temperature

conformations to lower temperature simulations, improving the sampling of

states that would otherwise be rarely explored at the lower, experimentally

significant, temperatures.

Figure 2.7: Four replicas of a toy system, alanine dipeptide, exchanging
temperatures over a parallel tempering simulation.

Given a set of n parallel simulations with temperatures T = {T0, T1, .., Tn−1},

the acceptance probability of the exchange between two adjacent replicas i, j

is defined as a Metropolis criterion:

P (i→ j) = min{1, e∆i,j} (2.31)

where ∆i,j is a function of the potential energy and the temperature of the two

replicas:

∆i,j =

(
1

kbTi
− 1

kbTj

)
[Ui(ri)− Uj(rj)] (2.32)

With Ui(ri) being the potential energy of the simulation i with atomic coor-

dinates ri.

The temperature of the i-th replica can be chosen, among different schemes,

with the geometric progression:163

Ti = T0 · eki (2.33)

where T0 is the lowest, most experimentally representative, temperature, and
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Figure 2.8: Energy distribution of four parallel tempering replicas of a small toy
system, alanine dipeptide, at different temperatures.

k is an arbitrary constant that can be tuned to achieve the correct distribution

by solving the equation by k given a chosen temperature range and number of

replicas. As it is shown in Eq. 2.32, the overlap of the energy distribution of

two adjacent replicas is correlated with an increased exchange probability. As

a rule of thumb, for a system such as a protein in explicit solvent it is common

to aim for an exchange probability around 0.2.

As first shown by Bussi et al.,164 combining parallel tempering and

metadynamics greatly aids the convergence of the free energy calculations by

helping the system overcome energy barriers, particularly when the choice of

collective variables is suboptimal, and allowing a more uniform sampling of

the CV space thanks to the exchanges between the replicas. In following

years the approach has been used in a number of other studies, ranging from

ligand binding to protein conformational changes,165,166,138 proving the

usefulness for tackling complex free energy landscapes.

2.2.3 Well-Tempered Ensemble

Parallel tempering provides an important increase of sampling of a molecular

dynamics simulation and is especially useful for highly entropic, often

overlooked, barriers. Notwithstanding the gain provided by this method, the

computational cost of running several parallel replicas is not negligible. In

particular, covering a large temperature range with replicas of a large system

is hampered by the low overlap of their potential energy distributions. This
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requires the use of many replicas, closely spaced in the temperature space.

The well-tempered ensemble167 (WTE) was devised to overcome this

limitation and greatly enhance the sampling in a blind fashion. In this

framework a parallel tempering well-tempered metadynamics simulation is

run using the potential energy U(r) of the replicas as CV. This effectively

results in an increase in fluctuations of the potential energy, whereas the

averages are unchanged. In the long time limit the partition function Zγ can

be expressed as:

Zγ =

∫
dre−βUγ(r) (2.34)

and

Uγ(r) = U(r)− (1− γ−1)[U(r)− β−1logN(U(r))] (2.35)

with γ being the bias factor and N(U) =
∫
drδ(U − U(r)) being the number

of states of energy U.

The partition function can be reformulated as:

Zγ =

∫
dUP (U)1/γ (2.36)

where P (U) = e−βUN(U) is proportional to the canonical distribution of the

energy.

We can see how the WTE preserves the mean of the energy distribution, while

enhancing fluctuations, by assuming normal distribution of this quantity:

P (U) ∝ e−(U−〈U〉2)/2∆U2

P (U)1/γ ∝ e−(U−〈U〉2)/2γ∆U2
(2.37)

with P (U) being the distribution in an unbiased simulation and P (U)1/γ the

same quantity from a simulation in the well-tempered ensemble in the long

time limit, with bias factor γ.

The authors of the original paper argue that the assumption is not valid for
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systems close to ground state or to a critical point. In our experience with

large biological systems composed of protein, aqueous medium and

phospholipid membrane, we observe energy distributions that closely follow

normal distributions.

When WTE is combined with parallel tempering the overlap of replicas at

different temperatures is increased, allowing to space them further apart and

therefore cover a larger temperature range. In the WTE the acceptance

criterion in Eq. 2.31 depends now on a revised exponent:

∆WTE
i,j = γ−1

(
1

kbTi
− 1

kbTj

)
[Ui(ri)− Uj(rj)] (2.38)

WTE parallel tempering has been successfully used for the study of the folding

process of monomers of HIV-1 protease167 and of TRP-cage.168 In Chap. 4

we leverage WTE for increasing the temperature range covered by parallel

tempering replicas while performing well-tempered metadynamics on a set of

CVs that describe the event of interest, in an approach that draws from the

successful experience of Deighan et al.168

2.2.4 Multiple Walkers

Multiple walkers169 is a parallel metadynamics implementation whereby a

number of walkers, or replicas, perform metadynamics on the same set of

collective variables and at the same temperature, and share a common bias.

This method possesses a sampling power, in broad terms, similar to

performing one single long metadynamics simulation. The main advantage is

therefore the capability of parallelising the calculation by having a number of

replicas depositing bias on a common space, thus substantially reducing the

time needed for convergence.

More precisely, the scheme does not require strict parallelisation as with

methods such as parallel tempering. Replicas can be run asynchronously as

long as they can read and write the bias with a sufficient frequency. There is

also not a strict requirement for a constant number of walkers, as it is
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possible to turn walkers on and off as required, although never done in this

work.

While multiple walkers does not add the benefit of exchanges with high

temperature replicas as parallel tempering metadynamics, it is well suited for

efficiently converging free energy surfaces of events where slowly exchanging,

entropy-driven CVs have not been overlooked. Unlike parallel tempering

metadynamics, in this method every Gaussian is deposited in the same space,

and therefore contributes to the estimate of the surface.

Multiple walkers has been applied for the study of ligand binding and

interaction of organic host-guest systems.169,170,48 In Chap. 4 and 6 we use

multiple walkers well-tempered metadynamics for the calculation of ligand

binding and protein activation free energy landscapes.

2.2.5 Funnel-like Restraint

When calculating the free energy landscape of a ligand binding to its target

using metadynamics many repeated binding and unbinding events need to be

recorded before reaching convergence. The selected collective variables need

to describe the proximity of the ligand to the binding site, and include any

additional slowly equilibrating motion. In order to limit the volume of the CV

space to a reasonable value the exploration of the ligand needs to be limited

to the protein and its proximity. When describing the binding motion with

simple geometrical collective variables, one trivial solution can be restraining

the ligand sampling to a cylindrical area, with one base of cylinder positioned

at the binding site and its axis aligned to the pocket opening.

A more elaborate approach, formalised by Limongelli et al.,171 is to constrain

the ligand using a funnel-shaped restrain, with its larger base positioned

towards the protein and its thin end towards the bulk water. This allows for

the sampling of a large volume near the binding site, while the exploration of

bulk solvent is limited to a smaller volume due to the reduced radius of the

restraint. After the implementation by Limongelli et al., the approach has

been applied to different ligand binding metadynamics simulations,48,172,173
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where the benefit of the method has been confirmed.

Figure 2.9: Schematic description of the collective variables used for defining the
funnel-like restraint aligned to the Z-axis.

In this study, similarly to Ref. 48, we use a variant of the restraint that allows

for more flexible control of the included volume. The funnel is defined as a

function of the projection (hereby referred to as CVZ) of the ligand-pocket

distance vector onto the main unbinding axis, that we assume being aligned to

Z axis of the coordinate system, and constrains the sampling in the space of

the projection of the same distance onto the plane orthogonal to the unbinding

axis, referred to as CVrad (Fig. 2.9). In our in-house implementation the

function that controls the funnel width as a function of CVZ is defined as a

sigmoid such that:

r = h · 1

1 + es(d−i)
+ b (2.39)

where r is the CVrad value, (h + b) is the maximum funnel width, s is the

steepness of the sigmoid, d the CVZ value, i the inflexion point, and b the

wall width for d→∞ nm. During the dynamics a simple quadratic repulsive

potential is then applied outside the funnel, discouraging the exploration of

states outside its volume.

A practical implementation of the funnel-like restraint in this study is

illustrated in Fig. 2.10, where the exploration of a ligand is limited near the

extracellular side of a GPCR, where the orthosteric binding site of this
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receptor can be found.

Figure 2.10: Schematic view of a funnel-like restraint. a) Illustration of the funnel-
like restraint. The restraining potential limits the exploration of CVrad depending
on the position along the Z axis. b) Illustration of the funnel like restraint and a
GPCR system.

It is to be noted that during a MD simulation soluble proteins will freely

translate and rotate, making a straightforward application of a funnel potential

aligned to the external coordinate system impossible. In order to compensate

for the rotation the structure needs to be aligned to a reference conformation

at every MD step, requiring the calculation of the appropriate roto-translation

matrix. As this computation is expensive and not easily parallelisable it can

result in a significant loss in performance. One option is to define the CVs in

a coordinate system internal to the protein, as done in Chap. 6. Membrane

proteins, on the other hand, have the benefit that the phospholipid bilayer

limits the tilting of the structure, and in this study we have found that the

motion is small enough not to require alignment of the protein to a reference.

The restriction of the accessible solvated microstates along the funnel calls for

a correction of the apparent free energy difference between bound and unbound

states F 0
b by taking into account the radius of the funnel in the bulk state:171

Fb = F 0
b − β−1log(πR2

uC0) (2.40)

where πR2
u is the area of the section of the funnel at the bulk state and C0 =
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1/1.660 nm-3 is the standard concentration.

2.2.6 Reweighting

Reweighting174 is a powerful tool that can be used to project a posteriori

the probability distribution calculated by metadynamics onto any set of CVs.

This can be used to gather additional insight into the dynamics of a system

by reweighting onto CVs that were not biased. Furthermore, reweighting onto

the very same CVs that were biased can provide insight on the degree of

convergence of a simulation.

We first recall the relation between bias and free energy in a well-tempered

simulation presented earlier:

V (S, t→∞) = −
(

1− 1

γ

)
F (S) + c(t) (2.41)

where V (S, t) is the metadynamics bias acting on the CV space S at time t,

F (S) the free energy, γ the bias factor and c(t) a time-dependent constant,

which has been shown to have interesting properties,175,176 and represents the

key element for reweighting a simulation.

In the assumption that the bias evolves slowly compared to the dynamics of the

system, and that the system is therefore at equilibrium, the biased probability

distribution over the conformational space r that is mapped to the CV space

S(r) is related to the Boltzmann probability density P0(r) by:

P (r, t) =
e−β[U(r)+V (S(r),t)]∫
dr e−β[U(r)+V (S(r),t)]

(2.42)

= P0(r) · e−β[V (S(r),t)−c(t)] (2.43)

where U(r) is the potential energy of the system in the configuration r.

The c(t) quantity in Eq. 2.41 can be written as:159

c(t) =
1

β
log

∫
dSe−βF (S)∫

dSe−β(F (S)+V (S,t))
(2.44)
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where c(t), independent of S, represents therefore an offset of the free energy

surface and is a lower bound estimate of the work done reversibly by the bias

during the simulation.176

This quantity can then be recast so as not to depend on F (S):

c(t) =
1

β
log

∫
dS exp

{[
γ
γ−1

βV (S, t)
]}

∫
dS exp

{[
1

γ−1
βV (S, t)

]} (2.45)

Using Eq. 2.43 and Eq. 2.45 we can construct an unbiased estimator of any

observable O(r) of the metadynamics simulation:

〈O(r)〉0 =
〈
O(r)eβ[V (S(r),t)−c(t)]〉 (2.46)

where 〈O(r)〉0 represents an ensemble average of the observable over a Boltz-

mann distribution.

2.3 Transition State-Partial Path Transition

Interface Sampling

Transition State-Partial Path Transition Interface Sampling (TS-PPTIS) is

an MD-based method than can be used for calculating kinetic rate constants

of events such as ligand binding, peptide folding and protein activation that

was developed in a collaboration between our group and Prof. van Erp’s

from the Norwegian University of Science and Technology.124 An evolution of

PPTIS,177 TS-PPTIS allows to tackle the challenges of converging the

calculation of kinetic rates where a deep, enthalpic basins A and B are

separated by a highly diffusive transition region, a common characteristic of

complex ligand binding events.

Given an order parameter s(r) of the system coordinates r that well

describes the transition of the system between the two states, the algorithm

first employs a Transition State Theory (TST) approximation in order to

predict the probability of the system to reach the transition state (TS) from
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Figure 2.11: Graphical illustration of TS-PPTIS. A binding free energy profile
divided by the TS-PPTIS interfaces. 1. The system reaching the transition state.
2. Calculation of RTST . 3. Calculation of the crossing probabilities through an
interface.

state A and then commit to state B. This requires the free energy profile of

the transition along the order parameter to be known: a variety of enhanced

sampling methods can be used for reconstructing it, of which metadynamics

was used for this study.

The probability of reaching the TS is defined as:

PA→TS =
e−βF (sTS)∫ sTS

sA
e−βF (s′)ds′

(2.47)

with F (s) being the free energy as a function of s and F (sTS) the free energy

at the transition state. The transmission coefficient at the transition state can

instead be expressed as:

RTST =
1

2〈|ṡ|−1〉TS
(2.48)

where ṡ denotes the time derivative of the order parameter and 〈. . . 〉TS is the

ensemble average on top of the barrier, computed from unbiased molecular

dynamics simulations, weighted by the number of crossings of the TS in each

sampled path.

The method allows then to account for recrossings over the rugged transition
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region, refining the initial rate RTST . This is done by dividing the region in a

number of interfaces {λ−n, ..., λ0, ..., λn} in the order parameter space, and

computing the crossing probabilities through them with the use of unbiased

molecular dynamics. TS-PPTIS introduces a memory loss assumption that

allows the calculation of the quantities with the use of very short trajectories,

thus dramatically reducing the required sampling. The system is thought to

lose memory after travelling beyond the distance of two interfaces, so that is

it possible to determine the crossing probabilities across an interface λi by

sampling paths that span the region between three consecutive interfaces,

referred to as windows, with λi being the central one (Fig. 2.11). In this

scheme it is then possible to compute the probabilities of the interface from a

series of MD trajectories spanning the interval [λi−1, λi+1] of the order

parameter: furthermore, a high level of parallelisation is granted by the fact

that the simulations of a window are independent from those of the others.

Starting from the uncorrected coefficient RTST , calculated from the trajectories

crossing an interface positioned on top of the barrier, the crossing probabilities

across neighbouring interfaces are used to correct the quantity for recrossings:

R0 = RTST

R1 =
1

2
RTST (p−0 p

±
0 + p+

0 p
∓
0 )

. . .

Rm =
1

2
RTST (p−0 p

±
0 + p+

0 p
∓
0 )

AmĀm
p±0 Am + p∓0 Ām + AmĀm(1− p±0 − p∓0 )

(2.49)

where p−, p+, p±, p∓, etc. are the PPTIS short distance crossing probabilities

of the interfaces on the transition region, with λ0 being the transition state,

such that:

55



2.3. Transition State-Partial Path Transition Interface Sampling

p±j ≡ P

(
j + 1

j − 1

∣∣∣∣ j

j − 1

)
p∓j ≡ P

(
j − 1

j + 1

∣∣∣∣ j

j + 1

)
p

+
+
j ≡ P

(
j + 1

j − 1

∣∣∣∣ j

j + 1

)
p
−
−
j ≡ P

(
j − 1

j + 1

∣∣∣∣ j

j − 1

)
p+
j ≡ P

(
j + 1

j

∣∣∣∣ jj−
)

p−j ≡ P

(
j − 1

j

∣∣∣∣ jj+

)

(2.50)

With P
(
i
j

∣∣k
l

)
being the probability that the system will cross λi before λj,

given that two conditions are respected:124

1. The system is about to cross λk in a single ∆t timestep (here, a molecular

dynamics step)

2. The system has crossed lambdal more recently than λk

Am and Ām are quantities recursively computed as:

Am+2 =
p=
mp
±
m+1AmAm+1

(p∓mp
=
m+1 + p=

mp
±
m+1)Am − p∓mp=

m+1Am+1

Ām+2 =
p

+
+
−mp

∓
−m−1ĀmĀm+1

(p±−mp
+
+
−m−1 + p

+
+
−mp

±
−m−1)Am − p±−mp

+
+
−m−1Ām+1

(2.51)

As can be seen, the crossing probabilities for an interface are computed only

within its window, thus negating the need for generating long trajectories that

span the space between states A and B.

In more detail, the crossing probabilities through the central interface of a

window are calculated by initialising the system in a random order parameter

position within that window, selected from the last accepted trajectory or from

a starting trajectory if none is available. A second replica of the system, with

inverted velocity, is generated. The evolution of each replica is independently

simulated with unbiased MD and stopped when it reaches one of the outer
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Figure 2.12: Probability of starting and ending at either outer interfaces of a
TS-PPTIS window converging over 2000 accepted trajectories.

interfaces, or a maximum simulation time is reached. The maximum length

of the trajectory i, tmaxi , is determined as tmaxi = ti−1/c , with ti−1 being the

length of the previous trajectory and c a sample from a uniform distribution

in the interval (0,1].

If the maximum time has not been reached, the time evolution of the backward

replica trajectory is inverted, and the two paths are joined. This results in a

trajectory that appears to generate and end up in either outer interface of the

window. If the reconstructed simulation has also crossed the central interface

at least once, then is is considered to be accepted, and therefore taken into

account.

The final rate constant for the A → B transition is then computed from the

probability of reaching the transition state from state A (Eq. 2.47) and the

corrected transmission coefficient (Eq. 2.49):

kAB = PA→TS ·Rm (2.52)

where Rm is m-th approximation of the transmission coefficient through m

interfaces. The opposite rate kBA can then be calculated by simply integrating

the partition function of Eq. 2.47 from B to the TS.

The convergence of the estimates of the crossing probabilities through an

interface λi can be checked by making sure that, for each window, the

probabilities of recombined trajectories to start and either λi−1 or λi+1, and
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ending in one of the two, adopt an asymptotic behaviour with the addition of

more trajectories (Fig. 2.12). This four probabilities are here referred to as

p
−
−, p

+
−, p

−
+ , and p

+
+ , with superscript denoting the probability of originating

(top superscript) and ending (bottom superscript) in any possible set of the

two outer interfaces (”+” for i+ 1, or ”−” for i− 1). Around the main basin

A, the steepness of the free energy makes the convergence of the probabilities

of interfaces very challenging. The main purpose of the TST approximation

of TS-PPTIS was introduced for tackling this issue, avoiding the need to

sample these regions, instead approximating the flux out of the basin using

Eq 2.47.

Further information can be found in the original paper by Juraszek et al.124

In order to complement the information on the binding free energy obtained

with metadynamics with insight on the kinetics of the ligand binding process

we have developed an improved implementation of TS-PPTIS. The software

is written in Python in an object-oriented fashion and allows for easy setup

and analysis of the simulations. In Chap. 6 the implementation was tested on

a series of HSP90 inhibitors binding to their target. The beta code is freely

available for download at github.com/ucl-tspptis/TS-PPTIS.
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Chapter 3

Understanding Ligand Binding

Selectivity in A1 and A2a

Adenosine Receptors

Adenosine receptors have long been under investigation by the scientific

community for a range of pathological conditions such as cancer, Parkinson’s

disease and Alzheimer’s disease.178 Notwithstanding the efforts, drug

candidates have had little success in clinical trials. Given their role in crucial

physiological process, receptor selectivity is a major consideration for ligand

design.179,57

In this chapter we investigate a peculiar pattern of selectivity for two

adenosine receptors, A2aR and A1R, of two similar adenosine receptor

antagonists: the A2aR-selective ZM241385 and the non-selective LUF5452

(Fig. 3.1). Available mutagenesis and structural data are not able to explain

this selectivity pattern towards A2aR and A1R in light of the minor difference

between the compounds (Fig. 3.2). While ample structural data on

ZM241385 and a series of derivatives in complex with A2aR is available, much

information is lacking for the interaction of A1R with ligands. Moreover, no

X-ray or cryo-EM structure is available for LUF5452 in complex with

adenosine receptors, nor of ZM241385 with A1R.

In this study, unbiased molecular dynamics of the four systems in the bound
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Figure 3.1: ZM241385 and LUF5452. The tail of the ligands is highlighted

state was performed in order to elucidate the role of water in the orthosteric

pocket and probe the stability of the molecules in the cavity. Additionally,

parallel tempering well-tempered metadynamics was used to calculate the

binding free energy landscape of the two molecules for each of the two

adenosine receptors.

We conclude that the different receptor selectivity of the two ligands arises

from a number of structural features of the proteins, namely the nature of a

salt bridge at the opening of the pockets, a hydrophobic side pocket, and the

extent of the stabilisation of the core of the molecules by the pocket-lining

residues. Furthermore, the desolvation of hydrophobic regions of the ligands

appears to drive the interaction of the ligands and strongly influences the

stabilisation of the molecules. Understanding the structural determinants of

ligand selectivity in A2aR and A1R can provide important information for the

design of safer and more selective adenosine receptor antagonists.

This work resulted in a publication in a scientific journal (Mattedi et al. JCIM

2019).180

3.1 Simulation Details

The simulations started from the X-ray structures of A1 and A2a human

adenosine receptors. The structures were download from the Protein Data

Bank (A1R: 5N2S,181 A2aR: 5IU459). 5N2S was chosen as, to this date, it is

the only available structure of A1R bound to a non-covalent antagonist. 5IU4
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Figure 3.2: Binding affinity of ZM241385 and LUF5452 to A1 and A2aR.

was instead selected as it is the structure of A2aR with the highest resolution

in the PDB. In both structures the receptors were fused with other proteins

with the aim to aid crystallisation. For the same reason, a set of

thermostabilising mutations is present. The apocytochrome b562 (bRIL)

inserted in the ICL3 or at the N-terminus was removed. Stabilising

mutations were corrected to wild-type. The mutations introduced for the

crystallisation were A54L, T88A, R107A, K122A, N154A, L202A, L235A,

V239A, S277A, G318A (A2aR) and A57L, T91A, N159A, T205A, L236A,

L240A, T277A, C309S (A1R). Missing ICL3s were added with MODELLER

9.19,182 as well as the missing H8 of A1R. No mutation introduced for the

crystallisation is near the binding sites, and radioligand displacement affinity

data confirms that they do not significantly influence the affinity of the

cocrystallised compounds.59,181 The missing ICL3s that were modelled are in

the intracellular side of the receptor, far from the binding sites. The final

constructs used for the simulations spanned the sequence positions 1-306

(A2aR) and 6-306 (A1R).

The proteins were then embedded in a pre-equilibrated patch of POPC lipids.

The membrane was aligned to the XY plane of the simulation box, with the

main axis of the receptors being therefore roughly parallel to the Z axis.

With the exception of the A2aR-ZM241385 system, ligands were placed in the

orthosteric pockets by superposition of the proteins onto the crystal structure
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Figure 3.3: ZM241385 bound to the binding sites of A2aR (a) and A1R (b) in the
enhanced sampling simulations. The salt bridge hindering the pocket entrance (c)
is shown as spheres. A zoomed view of the ligands in the binding sites and the key
residues is presented in the boxes. Adapted from Ref. 180.
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of A2aR. Histidines exposed to the solvent were protonated, after which the

complexes were solvated with TIP3P water and chloride ions to balance the net

charge. Ligands were parametrised with the generalised AMBER force field

(GAFF)183 and charges were calculated using Gaussian09184 with a 6-31G*

basis set at the Hartree-Fock level. Protein, water and ion parameters were

generated with the AMBER14SB force field,185 and LipidBook phospholipid

topologies were used.186

Simulations were run using GROMACS 5.1.4187 with the PLUMED 2.3.1

plugin.188 Temperature and pressure were enforced with the v-rescale

thermostat137 and the Parrinello-Rahman barostat.189 Electrostatics were

treated with the PME-Switch algorithm and the cut-off for van der Waals

and electrostatic interactions was set to 1.0 nm. Simulations were run in the

NPT ensemble.

Clashes were fixed by energy minimisation using a steepest gradient descent

integrator until the maximum force exerted on the atoms dropped below

1000.0 kJ/mol/nm. Over the span of 60 ns the systems were then

progressively heated to 300 K applying positional restraints to the α carbon

atoms of the proteins. A 25 ns long unrestrained molecular dynamics

simulation followed. The metadynamics simulations were run using a parallel

tempering scheme. Six replicas for each system were equilibrated for 250 ps

to temperatures from 300 K to 310 K, and in the production run exchanges

were attempted every 1000 steps at an exchange acceptance probability

around 15%.

The exploration of the bulk water region by the ligand was restrained with the

use of a funnel-like restraint, as described in Chap. 2, with inflexion point of

4 nm, steepness of 2 nm-1, wall width of 1.6 nm and wall buffer of 0.15 nm.

The pocket-ligand distance vector was calculated using the α carbon of the

conserved W6.48 at the bottom of the binding site and the centre of mass of the

carbon and nitrogen atoms at the interface between the triazole and triazine

rings of the ligands. The main unbinding axis position, CVZ, was defined as the
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projection of the vector onto the Z-axis, whereas the CVrad collective variable

was the projection onto the XY-plane, parallel to the membrane. The shape of

the funnel was tuned in order to include the whole extracellular portion of the

protein, including the whole prominent ECL2s. When biasing the E172ECL2-

K265ECL3 salt bridge distance in A1R, the CV was calculated using the position

of the carbonyl carbon of the glutamate side chain and εN of the side chain.

During the production metadynamics runs, Gaussians were deposited every 1

ps in the well-tempered scheme with a bias factor of 15. The Gaussian width

was set to 0.1 nm for CVZ and CVrad, and to 0.033 nm for the salt bridge

distance. In the simulations where two CVs were biased the initial height was

1 kJ/mol, whereas when biasing three CVs it was set to 1.5 kJ/mol. The

simulations were considered converged when the binding free energy estimated

adopted an asymptotic behaviour.

The binding free energy was calculated as the difference of the free energy of

unbound and bound basins in the free energy landscapes using Eq. 3 of Ref

159. The binding site was defined as a circle of radius 1 in the free energy

landscapes, centred on (CVZ,CVrad) = (1,0.5). The unbound state was instead

defined using a radius of 0.25 centred on (4.5,0.25).

GRID maps of the extracellular cavity of A1R were calculated using

GRID.190,191 GRID uses atomic probes in order to generate a map of the

properties of binding sites of proteins. The methyl C3 probe can be used in

order to gauge the available volume for ligand binding, while the lipophilic

C1= probe highlights lipophilic hotspots.

3.2 Results and Discussion

3.2.1 Interaction of the Ligands with the Binding Sites

The conformational ensemble of the ligands in their binding sites and the role

of interfacial water in stabilising the binding poses were elucidated by running

1 µs-long unbiased MD simulations for A2aR and A1R in complex with either

ZM241385 or LUF5452, starting with the ligands bound to the binding site.
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Figure 3.4: Overlap of the binding site of ZM241385 in the unbiased MD
simulations and the endogenous agonist adenosine in A1R in an X-ray structure
(PDB 6D9H192). ZM241385 and LUF5452 act as competitive antagonists of A2aR
and A1R.

The convergence of the simulations was monitored and confirmed by means of

principal components analysis (PCA, Fig. 3.5).

In their main binding poses the compounds are stabilised by stacking their

planar cores between F168ECL2 or F171ECL2 (A2aR and A1R respectively) and

hydrophobic positions such as 7.35 and 7.39 (Fig. 3.3). In our simulations we

observe poorer stacking of the cores in A1R with respect to A2aR, as shown

by increased RMSD of the ligands. In A1R the presence of threonine T2707.35

in position 7.35 instead of M2707.35 of A2aR results in a wider binding site

and less effective stabilisation of the ligands. Indeed, the role of the position

in determining the selectivity of small molecules with bulky substituents has

been proposed in previous studies.57 Yet, given that ZM241385 and LUF5452

possess the same bicyclic core, the observed effect is comparable and does not

contribute to the different pattern of selectivity.

High degree of overlap of the binding poses of the ligands and of the

endogenous agonist adenosine can be identified (Fig. 3.4) in the simulations.

The positioning of the bicyclic core, in particular, very closely matches the

adenine system of adenosine, as shown by a cryo-EM structure of A1R bound

to the agonist.192 It can be seen therefore how these molecules act then as

orthosteric antagonists.
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3.2. Results and Discussion

Figure 3.5: Projection of the unbiased molecular dynamics trajectories onto the
first two principal components (PC) of the alpha carbon atoms of common residues
of the helical transmembrane bundle.

Conformational Flexibility of the Tail Portion

In the molecular dynamics simulations of A2aR the ligands interconvert

between two distinct conformations of their tail, with one being close to the

starting X-ray structure (PDB 5IU459), marked by the

(4-hydroxy)phenyl-ethyl tail directing upwards towards the extracellular side

of the protein, and the other being similar to the X-ray structure of the

thermostabilised receptor (PDB 3PWH),193 with the moiety extending

towards TM1. While the ligands adopt conformations resembling that seen

in PDB 3PWH, it is important to state that in the crystal structure the

density for the tail is very poor. The alternation of the conformations was

thus monitored using the RMSD of the common heavy atoms of the tails of

the two ligands (Fig. 3.6).

In the simulations of A2aR, ZM241385 preferentially adopts the upright (5IU4-

like) position, while LUF5452 shows a prevalence for 3PWH-like conformations

(Fig. 3.6, conformations a1 and b2). The phenolic hydroxy group of ZM241385

in the 5IU4-like state forms extensive hydrogen bond interactions with the
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Figure 3.6: Conformations adopted by ZM241385 and LUF5452 in the binding
pocket of the two adenosine receptors over the unbiased MD simulation. The
trajectories are projected onto the space of the RMSD of the common heavy atoms
of the ligands to the pose adopted in PDB 5IU4 or 3PWH. The systems were aligned
to the backbone of the proteins. Adapted from Ref. 180.
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Figure 3.7: Solvation of the 4-hydroxyphenyl or phenyl groups of the tails of
the ligands over the unbiased MD simulations, represented by the number of water
oxygen atoms within 0.4 nm from the heavy atoms of the groups. The plots illustrate
the average solvation and its standard deviation as a function of the RMSD of the
ligand to an upright, 5IU4-like conformation (see Fig. 3.6). Conformations A and
B show the displacement of water molecules in the hydrophobic ECV cavity of A1R
by LUF5452. Adapted from Ref. 180.

solvent, aided by the increased exposure of the tail in the conformation. The

lack of a polar group on the phenyl ring of LUF5452 instead does not allow

for these interactions. In the 3PWH-like state ZM241385 can form hydrogen

bonds with residues of the extracellular vestibule (ECV) such as Y91.35, E131.39,

and A632.61. The interconversion of the poses results in a strong effect on the

hydration of the tail, where partial desolvation is seen for 3PWH-like states,

allowing LUF5452 to minimise the exposure of the hydrophobic phenyl-ethyl

tail to the solvent, as seen in Fig. 3.7.

A network of hydrogen bonds involving water molecules and the cores of the

ligands is crucial for the stabilisation of the molecules in the pocket of A2aR.

The endocyclic nitrogen atoms and the exocyclic secondly amine of the
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3.2. Results and Discussion

Figure 3.8: Water network stabilising ZM241385 in the binding site of A2aR in the
starting X-ray structure (PDB 5IU4).

ligands are the groups that take part in the network, and form bonds with

the solvent molecules (Fig. 3.6, conformations a1 and b1). The role of the

interactions is confirmed by crystallographic data,59,60 where clear networks

of solvent molecules were shown to interact with the nitrogen atoms of the

core and the secondary amine of ZM241385 (Fig. 3.8). In A1R a similar

arrangement is observed (Fig. 3.6c1 and d1). While the cavity of both

receptors is wide enough for observing much movement of water molecules, in

the simulations there is a tendency to adopt ordered patterns of hydrogen

bonds that are lost in 3PWH-like states due to the tails occupying the

region. In A2aR, the desolvation of the phenyl ring of LUF5452 imparts high

propensity towards the adoption of this conformation, and results in

arrangement of solvent molecules that lacks the structured network observed

in crystal structures and has been shown to be crucial for binding

affinity,194,59 contributing to the lower affinity for the receptor with respect to

ZM241385.

Rearrangement of LUF5452 in A1R

Overall in A1R an increased mobility of the ligands with respect to A2aR is

evidenced. ZM241385 maintained a preference for upright 5IU4-like
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3.2. Results and Discussion

conformations due to the increased affinity of the phenyl-ethyl tail for solvent

molecules. Transient interactions between ZM241385 and an hydrophobic

cavity of the ECV are observed. This region, hereafter referred to as

hydrophobic ECV cavity, is formed by ECL2 and the extracellular ends of the

transmembrane helices 2 and 3, and is lined by L652.60, A662.61, I692.64,

V833.28, C169ECL2, E170ECL2, and F171ECL2 (Fig. 3.9a). The nature of the

residues imparts a marked hydrophobic nature to the cavity. In A2aR the

cavity is instead absent, as an inward shift of TM2 results in the collapse of

the element (Fig. 3.9b).

In A1R, while ZM241385 temporarily interacts with the hydrophobic ECV

cavity, LUF5452 instead undergoes a more marked conformational

rearrangement that involved the rotation of the core away from the upright

orientation and extending the tail portion of the ligand toward the

hydrophobic cavity, tightly interacting with the region (Fig. 3.6,

conformation d2). In this state the hydrogen bond between the exocyclic

primary amine of the ligand and N2546.55 is lost to allow the phenyl ring of

the molecule to bury into the pocket. The distance between the exocyclic

amine nitrogen of LUF5452 and the side chain carbonyl oxygen of N2546.55

increases from 0.3 nm to 0.6 nm. The repositioning of the ligand results in a

notable rearrangement of interfacial water molecules, with detrimental effects

on the water network that stabilise the cores in 5IU4-like conformations.

Unlike the case of A2aR, where interaction of the tail of the compounds with

the extracellular vestibule (3PWH-like conformations) results in significant

desolvation of the moieties (0.30 > ligand RMSD to 5IU4 > 0.45 nm in Fig.

3.7), the larger extracellular cavity of A1R prevents effective shielding of the

tails from the solvent. While for A1R the interactions of the tail of ZM241385

with water is stabilised by its hydrogen bonding ability, effective desolvation

of LUF5452 is achieved only through interaction with the hydrophobic ECV

cavity, driving the rearrangement of the ligand.
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3.2. Results and Discussion

Figure 3.9: Cross section of the surface of the crystal structure of A1R (a) and
A2aR (c). The hydrophobic ECV cavity is indicated with a red circle. Note the lack
of a the cavity in A2aR. b) Residues involved in the cavity in A1R. Adapted from
Ref. 180.

3.2.2 Binding Free Energy Landscapes

In order to better quantify the relative free energy of the conformational

states of the ligands and explore the interactions of the compounds with the

receptor throughout the binding process, the binding free energy landscape of

the four complexes was calculated using parallel tempering well-tempered

metadynamics (PT-metaD) simulations.164

With the membrane aligned to XY plane, the main axis of receptor is roughly

parallel to the Z axis and the exit vector of the ligands from their binding sites

is also approximately aligned with it. The selected collective variables were

two projections of the vector connecting the binding site of the protein with

the ligands: CVZ is the projection of the vector onto the Z axis, and CVrad

the projection onto the XY plane, parallel to the membrane. CVZ therefore

approximately describes the position of the ligand along the binding path,

while CVrad enhances the orthogonal exploration of the space.

Following previous experience of our research group48 we run initial binding

metadynamics simulations using CVZ for the four systems, with the addition

of CVrad in order to aid thorough sampling of the available funnel volume. This

setup proved to be effective for studying the binding process of ZM241385 and

LUF5452 in A2aR, while the simulations of A1R were marked by histeresis and

slow convergence.
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3.2. Results and Discussion

Figure 3.10: Binding free energy landscapes of the four systems. The surfaces
are obtained by reweighting the metadynamics free energy onto CVZ and CVrad.
The boxes illustrate representative conformations of the main minima and barriers.
Adapted from Ref. 180.
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Upon analysis, we identified a salt bridge at the entrance of the binding site as

responsible for the poor sampling of the trajectories. For this reason, in A1R

this interaction (E172ECL2 and K265ECL3) was biased with the aim to enhance

the dynamics of this slow collective variable. In the case of ZM241385 using

CVZ and the salt bridge distance showed marked improvement, while LUF5452

still maintained suboptimal sampling due to the complexity of its dual binding

pose, as shown in the unbiased molecular dynamics simulations. In this case

it was necessary to employ all three variables: CVZ as main descriptor of

the binding process, CVrad in order to thoroughly sample all binding poses

and transient interaction sites and the salt bridge distance to speed up the

sampling of this slow variable.

The free energy landscapes were then compared by reweighting them onto the

same set of CVs, CVZ and CVrad, with the reweighting procedure described in

Methods. The role of the salt bridge in A1R and how its counterpart in A2aR

does not significantly imparts metadynamics are detailed below.

Main States

The binding free energy surfaces of the two ligands show a number of states

and intermediate conformations. The most stable free energy minimum

corresponds, in all simulations, to bound states, with the ligands interacting

with their binding site. In this state the conformations of the ligands

matches the crystallographic binding pose of ZM24138559,60 for A2aR, and

closely resembles it in A1R (Fig. 3.10o1-4). As hinted by the analysis of the

crystallographic structures of the proteins, the presence, in A1R of a similar

set of key residues in the binding sites of the ligands allows the compounds to

form analogous interactions and therefore adopt similar conformations in this

state with respect to A2aR. The calculated PT-metaD binding free energy for

all four systems well agrees with reported experimental values (Tab. 3.1).

As also seen in the unbiased MD simulations, in A1R LUF5452 presents a dual

binding mode, with and equally stable secondary minimum associated with

contact with the hydrophobic ECV cavity of the receptor (Fig. 3.10h). The
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Table 3.1: Experimental and calculated binding free energy of ZM241385 and
LUF5452 to A1R and A2aR. Experimental affinity data was obtained from de Zwart
et al.61 and Guo et al.,62 and was converted with the relation ∆G = −RTln(Ka).
Superscripts refer to the source organism: rat (a) or human (b). Data in kcal/mol.

A1R A2aR
∆Gexp ∆Gcalc ∆Gexp ∆Gcalc

ZM241385 -9.05a,-7.81b -8.23 ± 0.73 -12.01a,-12.90b -11.87 ± 0.43
LUF5452 -11.19a -10.34 ± 0.27 -11.35a -10.57 ± 0.53

interaction with the pocket allows the ligand to rotate the core away from the

pose observed in the other simulations, breaking the hydrogen bond interaction

between the exocyclic amine of the compound and the side chain of N2546.55.

In this state the phenyl group of the ligand is oriented in a nearly parallel

fashion with respect to TM2, and is positioned between I692.64 and F171ECL2.

The aromatic side chain of F171ECL2 is involved in a stacking interaction with

the planar core of LUF5452, and in a T-shaped aromatic interaction with the

phenyl-ethyl tail of the ligand. The presence of the moiety in the hydrophobic

ECV cavity of A1R forces the expulsion of a number of loosely interacting

solvent molecules out of the region (Fig. 3.7, conformations A and B).

Analysis of the extracellular cavity of the receptor with the GRID software190

confirms the highly lipophilic nature of the surface of the hydrophobic ECV

cavity. A clear hotspot of the C1= (lipophilic carbon sp2 probe) well overlaps

with the phenyl ring of LUF5452 when interacting with the cavity (Fig. 3.11).

As observed in the unbiased MD simulations the hydrophobic character of

the region determines unfavourable interactions between its surface and the

solvent, which is expelled from the cavity when the LUF5452 interacts with

it. Displacing then these “unhappy waters” positively contributes to the

strength of the interaction of the cavity with the ligand, stabilising this

secondary free energy minimum. Indeed, the crucial role of “unhappy

waters” in ligand binding in GPCRs and their potential for developing high

affinity compounds has been previously proposed in other G protein-coupled

receptors.195,196
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Figure 3.11: GRID maps of the extracellular cavity of A1R, from representative
snapshot of the unbiased molecular dynamics with LUF5452 interacting with the
hydrophobic ECV cavity (red arrow) The available volume of the region is defined
by the C3 methyl probe (gray mesh, contoured at 1 kcal/mol). The C1= probe
(yellow surface, contoured at -2.8 kcal/mol) highlights lipophilic hotspots of the
binding site, including the hydrophobic ECV cavity. Adapted from Ref. 180.

A Salt Bridge Hinders Binding and Unbinding

The entrance of the binding pockets of A2aR and A1R is characterised by the

presence of a salt bridge. This interaction hinders the binding and unbinding

processes of the ligands. In A2aR the bridge is formed by the side chains

of E169ECL2 and H246ECL3, while in A1R the histidine residue is replaced by

lysine K265ECL3. The different nature of the interaction in the two receptors

leads to a significantly higher stability of the bridge E172ECL2-K265ECL3 in A1R

when compared with its counterpart in A2aR. The difference in the strength

of the interactions was reflected, in the metadynamics simulations of A1R, in

the need to bias its distance in order to achieve efficient sampling. Indeed,

a formed salt bridge is generally incompatible with the binding process, due

to the side chains occupying a large portion of the entrance of the binding

site (Fig. 3.12a). Conversely, the weaker salt bridge of A2aR more easily

interconverts between formed and broken states, exerting a smaller degree of

influence on the binding dynamics (Fig. 3.12b).

The entrance of the binding site has its lowest cross-sectional area in
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Figure 3.12: a) Comparison of the salt bridge distance between E172ECL2-
H264ECL3 and E172ECL2-K265ECL3 in a metadynamics simulation of A1R and
ZM241385 biasing CVZ and CVrad. Throughout the simulations K265ECL3 is the
preferential partner of E172ECL2 and tightly interacts with it. b) Comparison of
the salt bridge length distributions in the unbiased simulations of ZM241385 bound
to A2aR and A1R (E169ECL2-H246ECL3 in A2aR and E172ECL2-K265ECL3 in A1R).
The remarkable difference in stability can be noted.

correspondence of the helical turn of ECL2 hosting E169ECL2 (A2aR) or

E172ECL2 (A1R) and ECL3 (Fig. 3.9). This region forces the molecules to

approach the salt bridge at a right angle between the axis of the bridge and

the plane of the rigid cores. In our simulations we observe a preference for

the ligands to initially form contacts with the salt bridge with either the

furane rings of with the bicyclic systems of the cores. In A2aR the molecules

are also able to form π − π stacking between the cores and the side chain of

H246ECL3 (Fig. 3.10�1,2).

The role of the E169ECL2-H246ECL3 interaction of A2aR in the binding process

is also supported by mutagenesis data and crystallographic structures59,117

where similar triazolo-triazines with more prominent aromatic tails were

shown to interact with the side chain of H246ECL3 and stabilise the salt

bridge, influencing binding kinetics. The presence of a salt bridge for A1R

had also been speculated by a previous work197 on the basis of the salt bridge

in A2aR, although available X-ray and cryo-EM structures of the receptor do

not show a formed interaction.181,192,57 In the X-ray structures it is likely

that the bulky and hydrophobic ligands bound to the binding sites force the

interaction in a broken state by steric hindrance. In the cryo-EM model192
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we may speculate that the resolution of ECL2 and ECL3 was not sufficient to

reliably model the side chains of the residues. Nonetheless, our unbiased MD

and PT-metaD of A1R clearly indicate that the E172ECL2-K265ECL3 bridge is

stable and influences binding dynamics (Fig. 3.12b).

3.2.3 Binding Pathways

The binding free energy surfaces of the ligands provide information on the

important role of the ECV and the extracellular loops in guiding the binding

process. ECL2 is generally the first point of contact due to its prominence

and to its significant hydrophobic character. Previous computational studies

on class A β-adrenergic receptors198 also highlighted the effect of the domain

in channelling small molecule ligands to their binding sites. The conformation

of ECL2 differs in A2aR and A1R. In both receptors a short helical turn is

present near the orthosteric binding pocket, and involves crucial residues such

as F168ECL2 and E169ECL2 (A2aR) or F171ECL2 and E172ECL2 (A1R). A longer

helical region extends towards the bulk solvent and has different conformation

and length in the two proteins (see Fig. 3.3): in A2aR two helical turns are

found, and the region is parallel to the membrane, while A1R shows three turns,

oriented in a roughly perpendicular fashion with respect to the membrane.

Analysis of the free energy surfaces and the associated trajectories reveals

frequent contact between the ligands and the loops, in particular with

A151ECL2, A155ECL2, A158ECL2, and K173ECL2 in A1R and K150ECL2 or

K153ECL2 in A2aR. The interaction with ECL2 is functional in pre-orienting

the molecules for approach of the salt bridge at the entrance of the binding

sites through hydrophobic interaction with the cores (Fig. 3.13a). The

solvation of the ligands is strongly affected by interactions with ECL2, with

progressive desolvation happening along the binding path (Fig. 3.13b). This

progressive shedding of water molecules is likely functional in guiding the

hydrophobic molecules. This observed mechanism is compatible with what

observed by Dror et al.198 for β-adrenergic receptors, where desolvation of

the ligands was identified as a fundamental element for driving ligand
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Figure 3.13: a) Representative binding or unbinding paths of the ligands, extracted
from the PT-metaD simulations. The ligands need to break the salt bridge at the
entrance of the binding site in order to unbind. Extensive interactions with ECL2
are found before complete solvation of the ligands in the fully unbound states. b)
Desolvation of the ligands along the Z axis of the simulation box measured as the
number of solvent molecules within 0.4 nm of ligand atoms. Adapted from Ref. 180.

binding to the binding sites.

3.3 Conclusions

Unbiased molecular dynamics and metadynamics simulations of the four

systems reveal a complex interplay of factors that drive receptor selectivity of
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the two molecules. The crucial difference in position 7.35 results in a poorer

stabilisation of the core of both ligands in A1R, while the bulky M2707.35 of

A2aR provides a hydrophobic surface that well lines with the bicyclic core of

the compounds. In both receptors, LUF5452 attempts to reduce the solvation

of its phenyl ring by positioning it against TM1, TM2, and TM7 in the ECV.

In A2aR this results in the flipping of the tail of the ligand in an alternative

pose (3PWH-like). In A1R the LUF5452 undergoes instead a more significant

rearrangement and buries the ring in a well defined lateral pocket formed by

the ends of TM2, TM3 and ECL2, the hydrophobic ECV pocket. By burying

the hydrophobic tail LUF5452 disrupts the water network that stabilises the

bicyclic cores of the compounds in the bound state. While transient flipping

of the tail portion of ZM241385 is observed in both receptors, the more

favourable interaction between its hydroxyphenyl ring and the solvent leads

to more effective solvation and more limited contact with the proteins.

The nature of the salt bridge at the entrance of the orthosteric pocket suggests

strong influence in binding kinetics, with K265ECL3 of A1R engaging in a stable

ionic interaction with E172ECL2, and H264ECL3 of A2aR forming contacts with

shorter life with E169ECL2. The metadynamics simulations also highlight the

role of ECL2 in funnelling small molecules to their extracellular binding site

via a set of hydrophobic interactions that promote desolvation of the ligands.

The paths of the molecules involve breaking the salt bridge interaction in

order to bind, that acts therefore as gating mechanism for ligand binding and

unbinding.

Our results show how the selectivity of the two ligands is multifaceted: the

wider orthosteric site of A1R leads to poor interaction between the core of

the molecules with the pocket of the protein. For ZM241385 this results in a

decreased affinity with respect to A2aR, while in LUF5452 the effective

desolvation of the ligand when interacting with the hydrophobic ECV pocket

appears to compensate for this effect. In A2aR the presence of M2707.35

allows for good contact between the core and the pocket, and while the
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hydroxy group of ZM241385 is able to mediate a favourable solvation of the

tail of the ligand, LUF5452 attempt to rotate it towards the rest of the

cavity, resulting in poorer desolvation in comparison with A1R and

disruption of the water molecule network.

These findings contribute to the description of structural determinants of

ligand selectivity in two important pharmaceutical targets, and add to the

growing evidence of the role of ECL2 in the binding process. To our

knowledge, the hydrophobic ECV pocket has never been investigated for

achieving selectivity, and may prove to help the design of new small molecule

ligands. Similar computational approaches could also benefit the

investigation of the mechanism of adenosine small molecule agonists, possibly

highlighting structural elements that determine selective activation of

adenosine receptors.
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Chapter 4

A Combined Activation

Mechanism for the Glucagon

Receptor

Scientific research on class A GPCRs has shed light on many functional,

structural and dynamical aspects of this class. Conversely, class B GPCRs

have proven to be even more challenging targets due to their prominent

N-terminal domain and the proteic nature of the orthosteric antagonists.199

Class B GPCRs have also so far mostly eluded atomistic modelling of their

function with the use of enhanced sampling methods, contrasting with the

richer literature about class A receptors. In this chapter we aim at

complementing the available structural data of class B GPCRs by exploring

the crucial and highly complex event of activation of the glucagon receptor

(GCGR).

Glucagon receptor and its related glucagon-like peptide 1 receptor (GLP-1R)

are under investigation for the treatment of type 2 diabetes,65,64,200,67 and

efforts are being made to develop molecules that can modulate these

proteins.79 The endogenous agonists of class B GPCRs are peptides, and the

orthosteric binding sites host their N-termini. This results in a very large

extracellular cavity that is poorly suited for being targeted with small

molecule ligands. Recent developments have instead identified an allosteric



4.1. Simulation Details

site for small molecule antagonists79,70 that act by interfering with the

conformational rearrangement of the receptors upon activation. This focus

on allosteric sites highlights the need to account for the dynamics of the

whole receptor for the design of effective compounds.

Here we leverage molecular dynamics and metadynamics in order to sample the

activation landscape of glucagon receptor, detailing the mechanism of signal

transmission through the receptor and to the G protein. We describe the

sequential rearrangement of conserved structural elements of the receptor and

the role of G protein in influencing the activation free energy landscape.

We conclude that the full activation process requires direct action of G protein,

working in concert with the glucagon-induced conformational change to achieve

complete rearrangement. This results contrasts with the generally assumed

theory of conformational selection by G protein, and finds parallel in studies

of the pre-coupling of G protein in class A GPCRs.201,202,203

In this chapter the dynamics of the GPCR glucagon receptor, the peptide

glucagon and a G protein are illustrated. For glucagon receptor the Wootten

numbering scheme is used as detailed in Chap. 1. Also, in order to aid the

reader, the superscript ”P” is used when referring to residues of glucagon, and

the superscript ”G” for the α subunit of the G protein.

A manuscript reporting the findings of this chapter has been published on

Proceedings of the National Academy of Sciences of the United States of

America (Mattedi et al. PNAS 2020).1

4.1 Simulation Details

The free energy landscape of activation of the glucagon receptor was calculated

for two complexes:

1. Glucagon receptor in complex with glucagon.

2. Glucagon receptor in complex with glucagon and in presence of Gαs

protein.
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Figure 4.1: (left) Inactive glucagon receptor bound to an agonist peptide (PDB
5YQZ68), (centre) schematic depiction of the main elements of the complex and
the conformational change that the receptor undergoes upon activation, and (right)
cryo-EM conformation of active GLP-1R (PDB 5VAI13). Only the α subunit of the G
protein is shown for clarity. TM6 is coloured in orange in the structures, highlighting
the significant rearrangement.

For the latter system the free energy of Gαs coupling was also computed in

concert with the activation landscape.

The simulations started from the X-ray structure of inactive glucagon

receptor (PDB 5YQZ68) in complex with a glucagon analogue. The T4

lysozyme fused to the ICL2 was removed and mutations (R173, C54, C97)

were corrected using MODELLER.182 The construct of GCGR spanned

positions 27-426. NNC1702, the glucagon analogue cocrystallised with

glucagon receptor in the starting structure, was mutated to wild type

glucagon. For the metadynamics simulation of the activation of glucagon

receptor in conjunction with G protein coupling, the X-ray structure of

human Gαs was used (PDB 6EG8204). The structure of glucagon receptor in

PDB 5YQZ was used as, at the start of the investigation, it was the only

available model of complete glucagon receptor (including ECD) in complex

with a peptide in the orthosteric pocket. While other structures of the

receptor were available, they either lacked ECD or were not complexed with
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orthosteric peptides. PDB 6EG8 was used for modelling Gαs for its

completeness and its good resolution (2.8 Å). Furthermore, 6EG8 was

crystallised in its wild-type form.

The systems were embedded in a pre-equilibrated DOPC membrane186 and

solvated with TIP3P water.205 The net charge of the systems was neutralised

with chloride ions. AMBER14SB185 and LipidBook186 were used for the

parametrisation of the systems. DOPC was chosen as phospholipid for the

simulation in light of the work of Bruzzese et al.,206 who highlighted how in

molecular dynamics simulations DOPC, unlike other phospholipids, does not

bias class A GPCRs towards either inactive or active states. This neutral

behaviour towards the activation state of the receptors was judged to be

beneficial for reliably sampling the activation landscape of glucagon receptor.

Unbiased MD and metadynamics simulations were performed using

GROMACS 2016.3187 with the PLUMED 2.4.3188 plugin. In all molecular

dynamics simulations a timestep of 2 fs was used. Temperature was enforced

with the v-rescale thermostat137 and, in NPT simulations, the

Parrinello-Rahman barostat was employed.148 Electrostatics were treated

with the PME-Switch algorithm, and the nonbonded interaction cutoff was

set to 1 nm.

The systems were energy minimised using a steepest gradient descent

algorithm, stopping when the maximum force exerted on the atoms dropped

below 1000.0 kJ/mol/nm. Equilibration then followed. The systems were

progressively heated to 300 K and 1 bar over 60 ns of molecular dynamics in

the NPT ensemble while restraining the heavy atoms of the proteins. 20 ns of

unstrained MD was then performed.

For the calculation of the free energy landscape of glucagon receptor in absence

of G protein a parallel tempering scheme was employed in the well-tempered

ensemble. The use of parallel tempering allowed for effective enhancement

of the sampling of overlooked order parameters, aiding convergence, and the

use of the well-tempered ensemble made it possible to span a large interval of
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Figure 4.2: Energy distribution of the parallel tempering replicas over the short
metadynamics run biasing the energy in the preparatory simulation of glucagon
receptor in absence of Gαs. Adapted from Ref. 1 (PNAS license, copyright© 2020
National Academy of Sciences).

temperatures with the replicas.

12 replicas of the system were therefore further equilibrated to the 300-360 K

temperature range in the NPT ensemble. The temperature distribution was

determined using Eq 2.33, with k = 0.016575 allowing to cover the

temperature range with the 12 replicas. After this thermalisation phase a 10

ns-long parallel tempering well-tempered metadynamics simulation was run

using the potential energy as CV, in the NVT ensemble. Hills were deposited

every 500 integration steps, with a starting height of 5 kJ/mol, a sigma of

1000 kJ/mol and bias factor of 20. Exchanges were attempted every 1000

integration steps. This preparatory metadynamics run allowed to increase

the oscillations of the potential energy of the replicas, thus increasing the

standard deviation of their distributions (Fig. 4.2). This led to improved

overlap among them and resulted in the acceptance ratio of the parallel

tempering exchanges to reach values around 15%.

Following this preparatory phase, the production metadynamics run of the

system was performed, loading the bias deposited in the energy space. The

collective variables chosen for the simulation were a set of two linear
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Figure 4.3: Schematic representation of the CV used for biasing the activation of
glucagon receptor. Adapted from Ref. 1 (PNAS license, copyright© 2020 National
Academy of Sciences).

combinations of the RMSDCα of TM6 of the receptor to the conformation in

the initial inactive state and the conformation of the cryo-EM structure of

the active glucagon-like peptide 1 receptor (PDB 5VAI13). CVProg was

defined as the difference between the RMSD of the helix of the active and

inactive conformations. CVDist was instead calculated as the sum of the two:

CVProg = RMSDactive −RMSDinactive

CVDist = RMSDactive +RMSDinactive

(4.1)

With this setup reactive activation trajectories approximately follow a

horizontal line in the space, well described then by CVProg (Fig. 4.3). CVDist

instead allows to monitor the distance of conformations from this path.

Hills were deposited every 500 integration steps, with an initial height of 1.5

kJ/mol and a bias factor of 15. The Gaussian width was set to 0.05 nm for both

CVs. Exchanges among replicas were attempted every 1000 steps. The runs

were terminated when thorough exploration of the CV space was achieved and

the estimate of the activation free energy adopted an asymptotic behaviour

over the simulation time. For this system 2.3 µs of aggregate sampling was

accumulated.

For the simulation of glucagon receptor activation and Gαs coupling, the

starting inactive conformation of the glucagon receptor was used, and Gαs

was positioned in the intracellular side of the simulation box, below the

receptor, such that the minimum distance between any atom of the two
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entities was not below 1 nm. The system was minimized and equilibrated to

300 K, without adding bias on the energy of the system. The production

metadynamics simulation was performed in the multiple walkers scheme.169

The choice of this scheme was motivated by the presence of the G protein,

which facilitated receptor activation and thus did not require the use of

parallel tempering. When adequate exploration is achievable without the

help of increased temperature multi walkers is more resource-efficient, as all

walkers share the same bias landscape. Furthermore, this simulation was run

on a GPU-based cluster: simulations in the well-tempered ensemble require

calculation of the energy of the system at each simulation step, which adds

very significant overhead when running GROMACS on GPU-accelerated

hardware.

12 walkers were used for the multiple walker well-tempered metadynamics

simulation. Three collective variables were used: CVProg, CVDist, and CVCoup.

CVProg and CVDist were computed in the same way as in the previous run,

describing receptor activation. CVCoup is instead the Z component of the

distance vector connecting the intracellular cavity of GCGR and G protein,

and enhanced G protein coupling. More precisely Y377G
Cα and the centre

of the alpha carbon atoms of H1772.50b, E2453.50b and Y4007.57b were used to

define the vector. In this setup the membrane is roughly parallel to the XY

plane, and the main axis of the receptor to the Z axis.

In this run for all three CVs an initial height of 1.5 kJ/mol, width of 0.05 nm

and bias factor of 15 were used. The hill deposition stride was again set as

500 integration steps. 12.7 µs of aggregate sampling were produced in this

simulation.

In all metadynamics simulations the exploration of the CV space was limited

to a relevant volume by using a series of harmonic restraints. CVDist was

limited to 1.6 nm in both simulations. In the simulation of glucagon receptor

activation and G protein coupling, CVCoup was restrained below 2.5 nm, and

the XY-plane projection of the GCGR-G protein distance vector (therefore
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Figure 4.4: Experimental reference states for the activation process of glucagon
receptor: the starting inactive conformation of GCGR, the intermediate GLP-1R
(PDB 5NX273), the active GLP-1R (PDB 5VAI13), and the active GCGR (PDB
6LMK).78

orthogonal to CVCoup) was limited to 1.5 nm. In vivo a myristic acid tail is

post-translationally added to the N-terminus of G protein in order to enforce

localisation on the membrane surface.207 Following the example of Saleh et

al.,47 the tether was modelled as an harmonic restraint on the distance of the

N-terminus to the inner leaflet of the membrane.

4.2 Results and Discussion

4.2.1 Glucagon Receptor Activation

The activation process of glucagon receptor in complex with glucagon was

simulated with the use of parallel tempering well-tempered metadynamics.

This scheme has proven to be effective in studying the conformational free

energy landscape of proteins in a number of computational

studies.47,208,172,138,209 TM6 is the single structural element of GPCRs that

undergoes the most significant rearrangement upon activation across all

classes,210,211,212 and is therefore appropriate to account for its movement in

the description of the activation dynamics, as also demonstrated by previous

computational works of class A GPCRs.47,213

Several combinations of collective variables have been tested in order to obtain

effective exchange between inactive and active conformations, the states of
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highest interest for this investigation. Combinations of distances and angles,

and contact maps all have not been able, in our experience, to efficiently sample

activation and inactivation paths. After numerous iterations of CVs, RMSD-

based collective variables have shown to well describe the complexity of the

activation, albeit at a computational cost.

A linear combination of two CVs was then selected for the runs. As further

detailed Simulation Details the first CV is CVProg, or the difference of RMSDCα

of TM6 between active and inactive conformation. The second CV, CVDist,

is the sum of the two RMSDα values (Fig. 4.3). CVProg therefore exactly

describes an ideal reactive trajectory that connects active and inactive states

in a straight line the space of the RMSD values, and CVDist measures and

promotes the sampling of paths that deviate from this trajectory. Higher

values of CVProg represent conformations closer to the inactive reference, while

lower are associated to lower RMSDCα to the active state.

At the start of this investigation, only inactive structures of GCGR were

available. This required us to use the active conformation of another class B

receptor as reference for the RMSDCα of TM6. Fortunately, the cryo-EM

structure of the closely related GLP-1R in the active state was in the public

domain (Fig. 4.4). GLP-1R is structurally and functionally related to GCGR

by virtue of their sequence identity of 54% and by the similar structure and

biological function of the endogenous agonist peptide. Furthermore, all

deposited structures of active class B GPCRs show a consistent conformation

of the TM bundle, suggesting that GCGR can also adopt a similar

arrangement.13,75,74,76,77,78

After the first submission of this thesis, two cryo-EM models of active glucagon

receptor were published by Qiao et al.78 The receptor are in complex with

glucagon and either Gs or Gi. In this chapter, the active state obtained in the

simulations is compared with the cryo-EM model of GCGR in complex with

Gs (PDB 6LMK).
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Figure 4.5: a) Activation free energy landscape of glucagon receptor in the absence
of Gα. The marginal plot shows the projection of the free energy surface onto the
CVProg collective variable. b) Representative conformations associated with the
states indicated on the free energy surface. Adapted from Ref. 1 (PNAS license,
copyright © 2020 National Academy of Sciences).
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Figure 4.6: Polar interactions of glucagon with glucagon receptor in a represen-
tative snapshot from the metadynamics simulation of the activation of glucagon
receptor in absence of Gαs. a) Overview of structural elements interacting with the
peptide. b) Residues involved in polar interactions.

Main States

The calculated free energy landscape describes the transition of the receptor

from inactive to active conformations, and identifies three main states (Fig.

4.5a, states 1, 2 and 3, respectively) of the receptor. The most stable state

evidenced is the inactive state; an intermediate conformation can then be

found. Finally, a higher energy active state is present.

In the inactive state, the receptor adopts a conformation that is compatible

with that of the starting structure of the inactive receptor, as well as X-ray

and cryo-EM inactive structures of other class B GPCRs.70,71,72 TM6 adopts a

fully helical packing, preventing the formation of an intracellular cavity where

G protein can bind (Fig. 4.5b, conformation 1).

In the intermediate state of the receptor, the conformation of TM6 resembles

what observed in a structure of thermostabilised GLP-1R bound to a peptide

agonist73 (Fig. 4.4, intermediate). Helical packing is observed for the helix,

but the intracellular portion of the element is positioned around 0.4 nm farther

away from the TMD when compared with the inactive conformation (Fig.

4.5b, conformation 2). Yet, comparison with active structures of other class B
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receptors clearly indicates that the state is not compatible with full activation

of the receptor, marked by a much more significant rearrangement of TM6.

While a partial opening of the intracellular cavity is observed, this is not wide

and deep enough to host G protein.

At CVProg ≈ -0.30 nm, the conformational ensemble of the receptor is

compatible with the structure of active GCGR and GLP-1R. Nonetheless,

this ensemble is associated with high free energy and with a lack of a distinct

minimum. The receptor is marked by a large scale conformational change of

TM6, and to a lesser extent of TM5 (Fig. 4.5b, conformation 3). A conserved

motif in the central portion of TM6, the PxxG motif (P3656.47b-LL-G3596.50b

in glucagon), acts as a ”hinge” for the full rearrangement of the helix. From

a completely helical conformation, unfolding of the PxxG motif allows for

TM6 to bend and adopt an angle of around 110° between the two halves.

This results in the intracellular half extending even farther away from the

TMD, forming the intracellular cavity where G protein can bind.

Throughout the metadynamics simulation glucagon maintained a stable

interaction with the receptor. The N-terminal domain (NTD) and ECL1

greatly stabilise the peptide and contribute to effective contact of its

N-terminus with the TMD binding site (Fig. 4.6).

Rearrangement of Conserved Elements

The binding site of glucagon in the TMD is hosted in the extracellular cavity of

the domain of the receptor, and involves in particular TM1, TM2, TM3, TM5,

TM6, TM7 and ECL2. The N-terminus of the peptide is constituted by a

number of polar residues, H1-SQG-T5P (Fig. 4.6), while the hydrophobic F6P

interacts with an hydrophobic pocket defined by Y1381.36b, F1411.39b, Y1451.43

and L3867.43. Interactions of this N-terminal portion of glucagon have been

found to be fundamental for the stimulation of the receptor,68 and in our

simulations the portion plays a key role in the activation process.

The N-terminus of the peptide is in proximity of a conserved network of the

TMD, the central hydrogen bond network .214 This system comprises K1872.60,
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Figure 4.7: Key motifs and hydrogen bond networks involved in the activation
of class B GPCRs, and their rearrangement upon activation of the receptor.
Representative snapshots from the metadynamics simulation of GCGR are shown.
Adapted from Ref. 1 (PNAS license, copyright © 2020 National Academy of
Sciences).

N2383.43b, Y2393.44b, H3616.52b, E3626.53b and Q3927.49b (Fig. 4.7), and the

resulting network of interactions was shown to promote the inactive form of

the receptor, therefore preventing transmission of glucagon signalling.215,214 In

our simulations we observe a rearrangement of the pattern in the active state.

In this state, the terminal backbone ammonium nitrogen of H1P and, to a

lesser extent, its side chain form interactions with E3626.53b of the network,

which rotates its side chain in order to interact with the peptide. Conversely,

in the inactive conformation E3626.53b engages Y2393.44b and takes part in

the network of hydrogen bonds. When the interaction between E3626.53b and

Y2393.44b is released the aromatic side chain of the tyrosine can rearrange and

promote the conformational change of TM6.

The central hydrogen bond network exerts its effect on the activation process

through its relation with the aforementioned PxxG motif of TM6. The two

regions are in contact, and loss of hydrogen bonding in the former influences
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Figure 4.8: a) Ramachandran plot of G3596.50b over the metadynamics simulation
of the glucagon receptor activation. The inactive and active states can be clearly
identified. b) Representative conformations of the PxxG motif in the inactive and
active conformations. Adapted from Ref. 1 (PNAS license, copyright © 2020
National Academy of Sciences).

the conformation of the motif. The PxxG motif is located in the middle of

TM6 and is a crucial element that allows for bending of the helix (Fig. 4.7). Its

sequence involves a proline and glycine residues at the distance of a helical turn

from each other, imparting lower helical propensity to the motif: proline and

glycine are well known to destabilise α helices and are often located in regions

denoted by lack of secondary structure.216 The role of the two residues across

class B GPCRs is also confirmed by the necessity to mutate the positions

to amino acids with better α helical propensity or to cysteine (which then

forms disulfide bonds) in order to further consolidate the fully helical secondary

structure of TM6 and promote the crystallisation of the receptors.73,71,72

Upon activation of the receptor, the glycine residue G3596.50b undergoes the

most remarkable change of backbone dihedral values, primarily involving the

φ dihedral angle. The clear change of backbone torsions can be seen in the

Ramachandran plot of the residue (Fig. 4.8a). Here we can identify two main

clusters, associated with inactive and active conformations respectively. The

data also shows how transitions from inactive to active dihedral values happens

through φ = π and corresponds to the unwinding of the helix by one turn.

Paths passing through φ = 0 are forbidden, as they would involve over-winding

the helix. Together with the unfolding of PxxG, a coordinated downward
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motion of the helix is observed and is compatible with the experimental active

structures of other class B GPCRs (Fig. 4.9).

The PxxG backbone dihedrals of all available experimental structures of class

B GCPR were measured and compared with the values associated with

inactive, intermediate and active conformations observed in our

metadynamics simulation (Fig. 4.9a). The data highlights the strong

involvement of the backbone torsions of G6.50b: across inactive structures

values compatible with α helix are found, while shifts to higher values are

consistently seen in all active structures. The intermediate conformation of

GCGR in our simulation indicates an incomplete transition of the φ dihedral

of the glycine residue. In contrast, the intermediate structure of GLP-1R

(PDB 5NX273) maintains inactive-like dihedral values across the motif. This

can be explained by noting that in this structure the key proline and glycine

residues were mutated to alanine in order to aid crystallisation of the protein

(P6.47bA and G6.50bA). The helical propensity of alanine then likely prevents

change of these torsions.

The rearrangement of PxxG results in notable changes of the interaction of

the motif with the rest of the receptor. In particular, positions 6.49b and

6.50b (L3586.49b, G3596.50b) expose their backbones to the core of the protein

in the active state. The backbone carbonyl group of L3586.49b is exposed for

interaction with elements of the central hydrogen bond network, Y2393.44b and

Q3927.49b in particular. The hydrogen bond interactions between the backbone

and the networks that then result contribute to the stabilisation of this new

conformation (Fig. 4.7).

The central hydrogen bond network and PxxG motif are in proximity of

another conserved region, the hydrophobic network (Fig. 4.7). Positions such

as 2.53, 3.46, 3.47, 6.45 and 7.53 are part of this interaction network, and

experimental evidence suggests that they are involved in the stabilisation of

the active state.74 In Fig. 4.7 it can be noted that the local unfolding that

PxxG undergoes results the downward shift of the apolar side chain of
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Figure 4.9: a) Comparison of backbone dihedrals of the PxxG
motif of the available X-ray and cryo-EM structure of class B
GPCRs.68,71,217,70,73,74,218,219,75,72,13,220,76,77,221,222,223,224 a) Superposition
of TM6 of the available active structures. Adapted from Ref. 1 (PNAS license,
copyright © 2020 National Academy of Sciences).

L3586.49b. In this conformation the side chain of the residue essentially takes

the position that L3546.45b, a member of the network, adopts in the inactive

conformation. The burial of the hydrophobic L3586.49b in the apolar network

is another element that contributes to the stabilisation of the active,

unfolded, conformation of PxxG.

Farther along the TMD, towards the intracellular side of the receptor,

another conserved region is found, the HETx hydrogen bond network (Fig.

4.7). This network is formed by H1772.50b, E2453.50b, T3516.42b and Y4007.57b

in GCGR. The hydrogen bond between the side chains of the four residues

tethers TM6, through T3516.42b, to TM2, TM3 and TM7. The role of this

interaction in stabilising the inactive conformation of class B GPCR has been

confirmed in previous studies,13,16 and mutagenesis data indicates that
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T351A6.42b results is significantly increased basal activity of GCGR.225

Cryo-EM and X-ray structure of active class B GPCR present a broken

interaction between the threonine residue and the other three members, as

the extension of TM6 positions its side chain much farther away that what

seen in inactive conformations.

Our metadynamics simulation also evidences this effect, with T3516.42b

detaching from the network upon rearrangement of the PxxG motif.

Furthermore, the unwinding motion of TM6 results in the threonine facing

away from the protein core (Fig. 4.7). The state of the HETx network in the

intermediate conformation is in line with that of GLP-1R in its intermediate

state: here the hydrogen bonds of T6.42b with the other residues is also

broken, although the overall rearrangement is more limited. T3516.42b still

faces the receptor core, but the extension of TM6 away from its inactive

position is sufficient to result in the loss of the interaction.

One last polar network can be found and is part of the intracellular surface

of the receptor (Fig. 4.7). This TM2-TM6-TM7 network involves R1732.54b,

R3466.37b, N4048.47b and E4068.49b.75 The polar interactions of the network

further contribute to anchoring the intracellular end of TM6 to the receptor

via R3466.37b. Activation of the receptor, and rearrangement of TM6, disrupts

the network: R3466.37b detaches from the network, while R1732.45b can interact

with Gαs, as shown below in this chapter, or form a salt bridge with E2453.50b.

Allosteric Ligands Stabilise TM6 in the Inactive State

A number of series of allosteric antagonists of GCGR and GLP-1R have been

recently developed.70,72,79 The compounds bind to the intracellular half of

TM6 and clamp the helix, thus preventing the conformational rearrangement

associated with activation (Fig. 4.10a).

Unbiased molecular dynamics of inactive glucagon receptor in complex with

the allosteric antagonist MK-089370 was performed in order to highlight the

role of the compound in stabilising the TM2-TM6-TM7 network and the whole

TM6. The simulation used the starting inactive conformation of GCGR, with
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Figure 4.10: a) The allosteric antagonist MK-0893 bound to GCGR in the
molecular dynamics simulation. b) Projection of the dynamics onto the first two
principal components (PC) of the PCA of the Cα atoms of TM5 and TM6. Adapted
from Ref. 1 (PNAS license, copyright © 2020 National Academy of Sciences).

MK-0893 in its crystallographic binding pose (PDB 5EE770).

By performing Principal Component Analysis (PCA, Fig. 4.10b) of the Cα

atoms of TM5 and TM6 throughout the 1 µs-long simulation it is possible to

notice the reduced flexibility of the helices when the ligand is bound.

The effect of the compound can be explained by its action on the TM2-TM6-

TM7 network: the carboxylic moiety is wedged between the ends of TM6 and

TM7 and takes part in the network. In particular the formation of a salt

bridge with R3466.37b strengthens the interaction of the residue with E4068.49b,

preventing the opening of the intracellular cavity. Additional, hydrophobic,

interactions are formed at the interface between TM5 and TM6, and involve

positions 5.61 and 6.43.

Glucagon Signalling Alone Does not Lead to Activation

In the metadynamics simulation we observe that the conformation of the

block consisting of hydrophobic network, the PxxG motif, and the
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Figure 4.11: Reweighting of the free energy landscape onto the centres of mass
of the intracellular ends of TM6 and TM3, and the φ dihedral angle of G3596.50b.
The activation of the receptor can be followed along the distance between TM3 and
TM6 and the rearrangement of the crucial dihedral of the PxxG motif. Adapted
from Ref. 1 (PNAS license, copyright © 2020 National Academy of Sciences).

hydrophobic network does not seem to be able to directly influence the HETx

motif and the TM2-TM6-TM7 network just described. Indeed, it appears

that the state of the top motifs and networks is partially decoupled from the

lower portion of the receptor. This suggests that the glucagon-induced

conformational change alone may not invariably result in complete

rearrangement of TM6 and detachment of the lower hydrogen bond networks.

The possibility is further corroborated by the need for an intracellular partner

for the study of class B GPCR structures using X-ray or cryo-EM techniques.

It appears then that direct glucagon signalling terminates at the hydrophobic

network, and starting from the HETx network influence of G protein is a

requirement for consistent activation of the receptor, in a coordinated action

of extracellular and intracellular partners.

This hypothesis was tested by projecting the activation free energy landscape

as a function of the distance between the intracellular halves of TM6 and

TM3, and of φ dihedral torsion of G3596.50b by reweighting174 (Fig. 4.11).

This new reweighted free energy landscape helps us understand the order of

events involving the extension of TM6 away from the core and the unfolding

of PxxG.
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Following the lowest free energy paths on the surface it can be noted that

inactive and active states are connected by trajectories marked by an initial

increase of the distance between TM6 and TM3; the transition of the φ torsion

of G3596.50b then follows. Here d(TM6,TM3) increases from 1.3 nm to 2.5 nm,

and φG3596.50b converts from values compatible with α helical conformation,

around 3
2
π rad, to π/2 rad, unwinding the PxxG motif. The inverse order of

events, with initial change of φ torsion and then extension of TM6 is marked

by much higher free energy. Along the reactive path, the intermediate state

of activation can be noted, and corresponds to incomplete extension of TM6

and φ torsion transition. From there, after overcoming a free energy barrier at

d(TM6,TM3)≈ 2.3 nm, full φ transition is seen. This order of events, involving

initial extension of TM6 and then conformational transition of PxxG, supports

the hypothesis of the concurrent action of the intracellular partner in achieving

full activation: initial interaction of the receptor with the G protein would

contribute to a pre-activated state marked by a partial extension of TM6 away

from the TM bundle, while maintaining the PxxG motif in a conformation

compatible with helical secondary structure. Following this first step, then

the action of glucagon receptor on the more extracellular core motifs (central

hydrogen bond network, PxxG motif ) would induce the complete transition of

TM6 to achieve the bent shape that defines active states.

4.2.2 Gαs Protein Coupling

The activation free energy landscape of glucagon receptor in complex with

glucagon hints at a direct role of G protein in the dynamics of the process. In

order to study the details of this effect we calculated the free energy landscape

of GCGR activation in complex with the α subunit of Gs protein, here referred

to as Gαs. The α subunit of G proteins is the chain that directly interacts with

the intracellular cavity of active GPCRs with their C-terminal α5 helix, and

previous computational studies have also focused on this subunit for the study

of GPCR-G protein interaction.47,226 Gs was used as it is the preferential

intracellular partner of glucagon receptor.227,228,229
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Figure 4.12: Activation and Gαs coupling free energy landscape of the metadynam-
ics simulation of glucagon receptor in presence of glucagon and Gαs. The projection
of the free energy onto CVProg and CVCoup (a) and CVProg and CVDist (b) are
presented. The inactive, intermediate and active states are marked (states 1, 2, 3
respectively). c) Representative conformations from the metadynamics simulation
are shown both in cartoon and surface representation. Adapted from Ref. 1 (PNAS
license, copyright © 2020 National Academy of Sciences).

The setup of the CVs for this metadynamics simulation mirrored the previous

set of simulations: CVProg and CVDist were used to sample and enhance the

activation dynamics of the receptor. One CV was then added in order to

observe coupling and decoupling events between the receptor and Gαs. The

distance vector between Y377G
Cα of α5 helix of Gαs and the centre of the
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Figure 4.13: Projection of the free energy of GCGR activation and Gαs coupling
onto CVCoup only. Inactive uncoupled and active coupled states can be seen, as
well as a number of barriers and metastable minima. Adapted from Ref. 1 (PNAS
license, copyright © 2020 National Academy of Sciences).

alpha carbon atoms of H1772.50b, E2453.50b and Y4007.57b of the HETx motif

was calculated. With the receptor being roughly aligned along the Z-axis, the

Z-projection of this vector was then defined as the collective variable, CVCoup.

Main States

The projection of this three dimensional free energy landscape onto CVProg

and CVCoup indicates the same main activation states found in the previous

simulation, with inactive, intermediate and active conformations. Interestingly

we observe here a shift in the relative free energy of inactive and active states,

with the active state being associated with lower energy (Fig. 4.12a). The

intermediate conformation is here correlated with loose interaction between

GCGR and Gαs.

In the inactive state the conformation of TM6 does not allow for the formation

of the intracellular cavity, preventing coupling with Gαs. In the intermediate

conformation a first partial opening of the cavity can be seen, and it is driven

by the disruption of the HETx and TM2-TM6-TM7 hydrogen bond networks.

Shallow coupling can also be seen. When full activation is reached, complete

rearrangement of TM6 and TM5 forms the cavity where α5 helix of Gαs can

interact (Fig. 4.12c).

The surface provides important information about the order of this set of

events. Activation and Gαs coupling are synchronous events, and the lowest
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Figure 4.14: Interactions between glucagon receptor and Gαs in the active state as
observed in the metadynamics simulations. The HETx motif is coloured in yellow.
The boxes show the residues involved in the interaction between the C-terminal end
of α5 helix of Gαs and the receptor, and between Gαs and ICL3. Adapted from Ref.
1 (PNAS license, copyright © 2020 National Academy of Sciences).

energy paths connecting inactive and active states require an induced fit

mechanism by Gαs. In the inactive state coordinated rearrangement of TM6

(CVProg) and binding of Gαs (CVCoup) guide the complex to the active,

coupled, state (Fig. 4.12a, green). Trajectories involving asynchronous

activation of the receptor followed by interaction with the G protein are

sampled, but are marked by significantly higher free energy barriers (Fig.

4.12a, purple). Similarly, the active non-coupled state shows higher free

energy with respect to its coupled counterpart.

The projection of the landscape onto CVCoup alone allows to observe the free

energy change along the interaction between GCGR and the G protein (Fig.

4.13). The unbound state at CVCoup > 2 nm is marked by higher energy, full

solvation of Gαs, and generally inactive conformation of the receptor. Local

minima are found along the coupling process, and correspond to initial contacts

that promote the pre-activation of the complex. These involve sets of aspecific

contacts, as well as strong interactions with the intracellular loops. Among

the most significant interactions are the stacking between H369ICL3 and Y346G

and a salt bridge network between R366ICL3 and E308G or E313G (Fig. 4.14).

From this pre-coupled state the complex can then transition to full activation,

allowing for deep coupling of Gαs.
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Figure 4.15: Comparison between the cryo-EM structure of active GCGR78 and
active GCGR from the metadynamics simulations in presence of Gαs. Zoomed views
of the NTD and the intracellular side of the receptor are shown. The structures were
aligned onto the backbone atoms of their transmembrane domains. Adapted from
Ref. 1 (PNAS license, copyright © 2020 National Academy of Sciences).

Interaction of GCGR with Gαs

α5 helix is the element of Gαs that interacts with the intracellular cavity of

GCGR. In the sampled active, coupled, states the conformation of this element

is compatible with what observed in X-ray and cryo-EM structures of other

active class B GPCRs. Y377G, in particular, positions its side chain in a region

defined by R1732.46b, Y2483.53b and L2493.54b. The glutamate E378G forms salt

bridge interactions with positively charged positions such as K4058.48b, and

L380G is stabilised by hydrophobic interactions with L2493.54b and L3526.43b

(Fig. 4.14). These positions of GCGR are found in proximity of the HETx

motif and binding of Gαs to the intracellular cavity stabilises the active state

of the motif, characterised by broken hydrogen bonds with T3516.42b.

The TM2-TM6-TM7 network involving R1732.54b, R3466.37b, N4048.47b and

E4068.49b in the intracellular surface of the receptor is found to be broken as
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well, as it would prevent the opening of the intracellular end of TM6. Indeed,

the hydrogen bonds are lost, and R1732.46b can stack with Y377G of the G

protein. E378G can interact with K4058.48b, while the side chain of R3466.37b

is projected away from the protein core and is generally fully solvated (Fig.

4.14).

The active conformation of GCGR found in our simulations was aligned to the

active cryo-EM structure of GCGR.78 The alignment highlights a consistent

conformation of the TMD region (Fig. 4.15). In both structures involvement of

TM5 is evidenced, which follows the rearrangement of TM6 and contributes to

the opening of the cavity. In both receptors the binding of the agonist peptide

induces the opening of the extracellular portion of the TMD, which is able to

accommodate the N-terminus of the peptide. This outward motion involves

mostly the extracellular ends of TM6 and TM7, and imparts the characteristic

V shape to the region, as seen in other agonist-bound class B GPCR structures.

The shape of the intracellular surface of the receptors also indicates a similar

arrangement of the intracellular ends of the helix, creating the cavity where

α5 binds.

4.3 Conclusions

The results presented here describe for the first time the activation process of

glucagon receptor at the atomistic level. Metadynamics was leveraged for

enhancing the sampling of the activation event and obtain an exploration not

otherwise possible with standard molecular dynamics. Furthermore, the

reconstructed free energy landscape provides thermodynamic information

about the main states. The simulations allow to observe the active state of

GCGR, anticipating experimental methods such as X-ray and cryo-EM. We

have also identified an intermediate state of activation that reflects an

incomplete conformational transition of the receptor.

The work provides detail on the complex rearrangement of internal elements

that transmit glucagon signalling from its extracellular transmembrane binding
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Figure 4.16: Illustration of the activation models of glucagon receptor: conforma-
tional selection and induced fit. In this work we propose and induced fit mechanism.

site to the intracellular site of the protein, via the activation process. We show

how the PxxG motif is a key player in the transition of the receptor to active

state, and that other conserved networks play a role in stabilising the active

conformation of the region.

The decoupling of glucagon signalling around the HETx motif was evidenced

in the metadynamics simulations of receptor activation, and was supported

by reweighting of the free energy landscape onto relevant collective variables.

Calculating the activation landscape in concert with G protein coupling has

allowed us to further confirm that G protein has an active role in the

conformational change of the receptor, and is necessary for complete

transition.

This model of activation contrasts with the general assumption that GPCRs

are activated by the extracellular agonists, and coupling with G protein

happens subsequently. Here we show that the process requires synchronous

action of both extracellular and intracellular partners. The G protein binds

therefore in an induced fit fashion, actively influencing the activation free

energy landscape and making activation possible (Fig. 4.16). A similar

106



4.3. Conclusions

process was also suggested for some class A GPCRS,201,202,203 and may hint

at a common underlying mechanism.

A number of questions still remain unanswered. In particular, studying the

activation free energy landscape in absence of the agonist peptide may

provide additional information about its contribution to the activation

process. Furthermore, simulating the dynamical process of glucagon binding

may add important insight for the design of peptide and peptidomimetic

antagonists. The N-terminal domain of GCGR is thought to be highly

mobile in the unliganded state,69 and effectively captures the peptide,

guiding it to the binding site.

The results show the power of molecular dynamics and enhanced sampling

methods in complementing experimental findings by describing the dynamics

of systems of great pharmaceutical interest, and propose structural models of

conformations not yet observed with X-ray and cryo-EM methods.
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Chapter 5

Intracellular Allosteric

Antagonism in Chemokine

Receptors

Chemokine receptors (CKRs) are class A GCPRs that are involved in sensing

the presence of chemokines in the extracellular medium. Chemokine

signalling has crucial role in promoting inflammation and the maturation of

immune system cells.82 Due to the role in inflammation, the receptors are

under investigation for a number of indications that benefit the modulation

of the immune response.99

Growing evidence of the presence of an allosteric intracellular pocket is being

uncovered for various members of the family, and it was shown that it can be

exploited to elicit a negative regulation of the receptors.99,230 Known allosteric

antagonists show a great diversity of chemical scaffolds and properties, hinting

at different patterns of interaction with the targets.

Here we mine databases of biological activity data with the aim of building

an overall picture of the interaction of small molecules with the allosteric

intracellular pocket of chemokine receptors, we then complement the findings

with the prediction of binding poses of key molecular scaffolds, and we model

the dynamics of the interaction of a series of compounds with their target.

The results here presented provide information on the landscape of small



5.1. The Intracellular Pocket In Chemokine Receptors

molecule-chemokine receptor interactions, and contribute to the investigation

of the intracellular pocket for the development of potent and selective

compounds.

This work is part of an exploratory research conducted in collaboration with

Sosei Heptares, the co-sponsor of this thesis, and can be seen in the context of

a broader internal drug discovery campaign on a related protein taking place

at the company. The project also involves the study of other members of the

chemokine receptor family, and the use of yet unreleased structural models.

At present, for reasons of competitive advantage of Sosei Heptares, this data

could not be here included. In the future the findings will be integrated in

a manuscript including the additional data. All material presented in this

chapter is an original contribution of the author of the thesis.

5.1 The Intracellular Pocket In Chemokine

Receptors

Of the 18 chemokine receptors so far identified in humans, X-ray structures in

complex with intracellular small molecule antagonists are available for CCR2,32

CCR7104 and CCR933 (Fig 5.1). CCR7 and CCR9 have been cocrystallized

with only intracellular ligands (PDB 6QZH104 and 5LWE33 respectively) while

CCR2 is found in complex with both an orthosteric and an allosteric ligand

(PDB 5T1A32).

In the structures of the three receptors the binding sites of the intracellular

antagonists are defined by the intracellular ends of TM1, TM2, TM3, TM6,

TM7 and H8, and ICL1. The region overlaps with the binding site of G proteins

in the active state of class A and class B GCPRs,231 as observed in X-ray and

cryo-EM structures. Therefore it is likely that these intracellular ligands exert

their action by interfering with receptor activation or G protein binding, or

through a combination of the two mechanisms.

In order to aid the description of the interactions, a schematic model of

subpockets and interactions sites in the intracellular cavity has been
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5.1. The Intracellular Pocket In Chemokine Receptors

Figure 5.1: a) Superposition of CCR2,32 CCR9,33 and CCR7.104 b) Zoomed view
of the intracellular binding site in the structures. The colouring of the structures of
the antagonists reflects the elements of the intracellular cavity that the compounds
interact with (see Fig. 5.2).

developed (Fig. 5.2).

The intracellular ligand bound to CCR2 is a pyrrolone, CCR2-RA-[R] (Fig

5.1b). The oxygen atoms of the pyrrolone ring and the acetyl substituents of

the antagonist interact with the backbone amide hydrogen atom of E3108.48,

K3118.49, and F3128.51 of the hydrogen bond acceptor site. The 2-F-4-Cl-phenyl

ring protrudes into the hydrophobic pocket , formed by the ends of TM1, ICL1,

TM2 and H8. The cyclohexyl moiety forms contacts with a central pocket

defined by TM2, TM3 and TM6. The acetyl group interacts instead with

A2416.33 and K3118.49.

CCR7 is in complex with a thiadiazole dioxide, Cmp2105.232 The exocyclic

amine nitrogen atoms are oriented towards the side chain of D942.30 of the

hydrogen bond donor site, acting as hydrogen bond donors (Fig. 5.1b). The

oxygen atoms of the thiadiazole dioxide core are projected against the backbone
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Figure 5.2: a) Vercirnon bound to CCR933 in the X-ray structure (top). The
location of the main subpockets and interaction sites across all available X-ray
structures of chemokine receptors is also shown as spheres, superimposed onto
Vercirnon (bottom, intracellular view). b) Schematic depiction of the main features
of intracellular binding sites. Selected positions are indicated by their Ballesteros-
Weinstein numbering. c) Alignment of residues forming the intracellular binding
sites across chemokine receptors.

of K3328.49 and F3338.50 of the hydrogen bond acceptor site, forming polar

interactions with the backbone amide hydrogen atoms of the residues. In this

structure of CCR7 the hydrophobic pocket hosts a branched system of tert-

butyl and 5-methyl-furanyl groups, with the first being buried deep in the

site and the latter being more superficial. An aromatic ring is hosted in the

intracellular vestibule of CCR7, and bears a hydroxy group, a meta-methyl

group, and a dimethylamide moiety. The hydroxy group is projected towards

TM2, in the vicinity of T932.39 and D942.40. The dimethylamide moiety extends
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towards TM3.

The CCR9 antagonist is Vercirnon, and occupies a similar region of the

intracellular cavity (Fig. 5.1b). A sulfonamide oxygen atom interacts with

the backbone amide hydrogen atoms of R3238.49 and F3248.50 of the hydrogen

bond acceptor site, while the t-Bu-phenyl system is hosted by the hydrophobic

pocket . The p-Cl-phenyl region is positioned between TM2, TM3 and TM6,

in the central pocket . The ketone oxygen atom is in proximity of the

beginning of TM6, while the pyridine-N-oxide moiety extends in an

intracellular vestibule, against TM2 and TM3, towards R78ICL1 and D842.40.

Alignment of the region in all CKRs indicates high degree of identity across

the family (Fig. 5.2c). The 8.48, 8.49 and 8.50 positions of the hydrogen

bond acceptor site are crucial for interaction with the hydrogen bond acceptor

oxygen atoms of the compounds in the structures of CCR2, CCR7, CCR9.

8.48 is either glutamate or a small hydrophobic aliphatic residue, while 8.49

is predominately lysine or arginine. At the beginning of the helix, position

8.47 is almost exclusively a glycine, aiding the positioning of H8 parallel to the

membrane. The hydrophobic pocket is lined by a series of hydrophobic aliphatic

residues in positions 1.53, 1.56, 1.57, 2.43, 2.44, 7.53 and 8.50. Across all

CKRs, positions 7.53 and 8.50 are aromatic amino acids, respectively tyrosine

and phenylalanine. Indeed, in all three structures stacking can be observed

with the lipophilic moieties of the ligands that occupy the pocket. Notably,

position 1.57 is a leucine in CCR2, and a tyrosine in CCR7 and CCR9 (L671.57,

Y831.57, Y731.57). The side chain of L671.57 in CCR2 is positioned towards the

binding site, thus defining the lateral surface of the hydrophobic pocket . In

CCR7 and CCR9 the side chains of Y831.57 and Y731.57, respectively, extend

outward towards the membrane, and the backbone of the residue is instead

part of the surface of the pocket. This results in increased volume available to

the tert-butyl para substituent of the phenyl ring of Vercirnon in CCR9, and

to the branched region of Cmp2105 in CCR7 (Fig. 5.1b).

The central pocket is lined by positions 2.44, 3.46, 6.36 and 6.37. Across
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CKRs the positions are occupied by aliphatic hydrophobic residues, with the

exception of T2566.37 in CCR9 (I2456.37 in CCR2, I2656.37 in CCR7).

Interestingly, the X-ray structure of CCR9 shows an outward bend of the

helix of TM6 from the beginning of the TM to K2546.35, exposing the

backbone of the residues to the cavity.

The acetyl group of CCR2-RA-[R] is hosted between TM6 and H8. Positions

6.30 and 6.32 are represented by either lysine or arginine in all CKRs, while

6.33 is primarily alanine. The SAR of a pyrrolone series108 indicates that while

CCR2 tends to tolerate only smaller groups, such as the methyl moiety of the

acetyl group, CCR1 is better able to accommodate bigger aliphatic systems

such as cyclopropyl. This suggests for the presence of a larger subpocket in

CCR1, possibility due to the different residues in positions 6.32 (K2366.32 in

CCR1, R2406.32 in CCR2) or 6.36 (L2406.36 and V2446.36 in CCR1 and CCR2,

respectively).

In H8, 8.47 is almost exclusively glycine whereas 8.48 is less conserved, and

is generally occupied by glutamate or aliphatic hydrophobic amino acids. In

CCR2 and CCR9 the position is a glutamate, and is a valine in CCR7.

The available X-ray and cryo-EM structures of CKRs (CCR2, CCR5, CCR7,

CCR9 and CXCR4) indicate the possibility that for some receptors this

intracellular pocket may be partially defined even when not occupied by a

small molecule (Fig. 5.3). The isoform of CCR2, CCR2a, has been

crystallized in absence of intracellular ligands (PDB 6GPS and GGPX100).

The intracellular pocket of the structure can be identified, although a series

of mutations such as A2416.33D and K318.49E result in the side chains of the

mutated residues occupying the cavity. Structures of CCR5101,102,235,233

suggest the presence of such pocket, although F3048.50 is rotated towards the

centre of the hydrophobic pocket , occluding its volume. In CXCR4103,234 H8

is either unfolded or missing in the available structures, with wide gaps

between TM1 and TM7, and TM6 and TM7. In all CXCR4 structures the

side chain of Y3027.53 occupies the pocket, and the presence of an arginine
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Figure 5.3: Rendering of the surface of the intracellular region of all available X-
ray structures of chemokine receptors.32,104,33,100,101,102,233,103,234 The PDB codes
are indicated in the top right corners.

residue in position 2.43 (R772.43) rather than leucine as in all other CKRs

results in stacking interaction between the ring of Y3027.53 and the side chain

of the residue, conferring to the region a shallow surface. Moreover, position

1.57 is the methionine M631.57, which occupies the hydrophobic pocket with

its bulky side chain.

5.2 Computational Details

5.2.1 Data Mining of ChEMBL and Reaxys Databases

A data mining pipeline was developed for mining the ChEMBL236 and

Reaxys (reaxys.com) databases and identifying putative intracellular

chemokine receptor antagonists. The databases are among the largest and

most reputable repositories of biochemical and biological assay data, and
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have been used by several studies for large scale analysis of data on biological

activity of small molecule compounds.237,238,239

A schematic of the algorithm can be found in Fig. 5.4a, and is here

described. The mining pipeline was developed in Python 3, with the use of

Jupyter notebooks.240

The Pipeline

The databases were initially filtered for small molecule chemokine receptor

binders by applying a set of criteria:

� Molecular Weight ≤ 800 Da

� IC50/EC50/Ki/KD ≤ 10 µM for any human chemokine receptor.

While the activity metrics are not necessarily directly comparable, they

nonetheless allow for an approximate estimation of the potency of the

compounds. Furthermore, a similar successful approach has been reported in

previous studies,239 and the metric is natively used by both databases for

scoring the activity of compounds.

In parallel, a manually curated dataset of confirmed intracellular chemokine

receptor antagonists was prepared. This set is hereafter referred to as seed

dataset. The inclusion criteria were:

� The compound has been cocrystallised in the intracellular pocket of a

chemokine receptor.

� The compound has been shown to interact with the intracellular pocket

by mutagenesis studies, or other experimental approaches.

� The compound is a direct chemical derivative of a molecule belonging to

one of the above.

The iterative pipeline was then applied. Briefly, the algorithm uses the

molecules provided in the seed dataset and performs several iterations of

similarity comparison between the seed dataset and the compound database.
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Figure 5.4: Schematic of the data mining pipeline of putative chemokine receptor
antagonists.

The similarity is determined using chemical fingerprints and a fingerprint

similarity metric, and if a compound falls within a given similarity cut-off it

is then included in the query for the successive iteration.

The process can be thought as an expanding search in the N dimensional

space that is spanned by the pairwise molecular similarity matrix of the N

compounds of the database. The similarity cut-offs allow for a given maximum
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expansion of the matched dataset at any given iteration.

The calculation of the similarity among compounds makes use of chemical

fingerprints. Inspired by previous works239 we opted for using a combination

of two fingerprints: ECFP-4241 and MACCS.242 The two are among the most

commonly used fingerprint algorithms, and are generally considered among the

best performing for the comparison of small organic molecules.243,244,245

Briefly, Extended Connectivity Fingerprints (ECFP) are circular topological

fingerprints of fixed or varying length. The generation of an ECFP

fingerprint proceeds by iterating through all heavy atoms of the molecule and

encoding any given atom and its ”circular” neighbourhood with an integer

number. By circular, in this topological setting, we mean within N bonds

from the central atom, and the fingerprint will be referred to as ECFP-N .

The atomic neighbourhoods are not predefined in their mapping to the

integer representations, so ECFP fingerprints are flexible with respect to the

chemical nature of the compounds they need to encode. They are then

generally ultimately represented as either dense or sparse binary vectors.

MACCS keys are instead 166-bit long fingerprints. Each bit is represented

by the presence of a specific molecular substructure, implemented as SMILES

arbitrary target specification (SMARTS) patterns.246 Simplified molecular-

input line-entry system (SMILES)247 are string representations of molecular

topologies (eg. c1ccccc1N for aniline), and SMARTS can be summarised as

being SMILES strings with regular expressions, in order to match molecular

substructures.

The comparison of fingerprints requires the use of a similarity metric. A

number of different algorithms are available; in this work we followed

previous studies239,248 and systematic analyses249 in the choice of the

Tanimoto metric.250

The Tanimoto coefficient TC is a metric of the similarity between the bit-string

representations of two chemical fingerprints, A and B, such that:
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TC =
A ∩B

A + B−A ∩B
(5.1)

As inclusion criteria for the iterative search a TC cut-off was therefore defined

for each ECFP-4 and MACCS fingerprints. The cut-offs were determined

empirically: too conservative values prevent expansion beyond very similar

compounds, while too generous cut-offs result in the inclusion of very different

molecules or divergence of the iterative process to the whole database. The

final criteria used were TC ≥ 0.775 for ECFP-4 and TC ≥ 0.850 for MACCS.

The iterative process converged in 16 iterations when no new molecule was

added to the matched dataset, representing the exhaustion of the clusters of

molecules in the N dimensional similarity space that the seed dataset belongs

to.

Scaffold Labelling

The compounds of the resulting dataset were then labelled according to their

chemical scaffold in order to study their distributions: the seed dataset was

manually labelled and an iterative procedure, similar to that just described,

was used to infer the scaffold of the molecules using the labels assigned to

the seed dataset. In this case the dataset that was explored with this iterative

search was only constituted by the compounds identified by the previous phase.

For this step a different set of criteria was employed. Here the Murcko

scaffold251 identification was used to strip the compounds of all substituents

and only keep ring systems and linkers connecting them. This allows for

quick assessment on whether two compounds contain the same chemical

”skeleton”. Additional flexibility to the criteria was conferred by adding a

second factor, ECFP-4 TC ≥ 0.750. Molecules were then matched if they met

either criterion.

The RDKit Python library (rdkit.org) was employed for manipulation of

chemical data in this data mining pipeline. Docking of identified compounds

was performed using GLIDE252 (Maestro 2019-2, Schrödinger) using standard
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settings on the wild-type receptors after correcting mutations and modelling

missing loops with Prime (Maestro 2019.2, Schrödinger). GRID maps were

generated using GRID,190,191 and were displayed for the C3 and C1= probes

with isoline of 1 kcal/mol and -2.8 kcal/mol.

The settings used for docking with GLIDE were: SP docking precision,

OPLS3e atom types, planarity of amides was enforced, van der Waals

interactions were scaled to 80%, post-docking geometry optimisation was

performed, and 5 poses were generated for each compound.

5.2.2 Molecular Dynamics

Molecular dynamics of CCR2, CCR7 and CCR9 were run in both apo form

and in complex with the cocrystallised ligands.

Starting from the X-ray structures, inserted T4 lysozymes and sialidase were

removed. Mutations of the receptors were corrected to wild-type:

� CCR2: the T4 lysozime fused into ICL3 was removed and the mutations

(L226S, K227R, T228A, L229S) were corrected. The missing ICL3 was

modelled with Prime.

� CCR7: the sialidase fused into ICL3 was removed and the mutation

L145T was corrected. Missing ECL3 and ICL3 were modelled with

Prime.

� CCR9: Missing ECL1 and ECL2 were modelled with Prime.

The systems were embedded in POPC lipids using Maestro 2019.2

(Schrödinger) and solvated in 150 mM NaCl and TIP3P water. The systems

were parametrised with OPLS3e.253

The indicated PDB codes were used as starting geometries of the proteins and

the complexes as they are, at the time of writing, the only available in the

public domain.

Desmond (Maestro 2019-2, Schrödinger)254 was used for the simulations. The

RESPA255 integrator was used, with time steps of 2 fs, 2 fs, and 6 fs for
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bonded, close-range nonbonded, and long-range nonbonded interactions

respectively. Temperature was enforced with the Nosé-Hoover

thermostat143,142,144 and pressure was controlled with a semi-isotropic

Martyna-Tobias-Klein149 barostat. A nonbonded interaction cut-off of 0.9 nm

was used.

The standard Maestro equilibration for membrane proteins was used, then

followed by 2 µs of unrestrained molecular dynamics simulation in the NPT

ensemble at 300 K. The calculation of cavity volumes was performed with

Epock.256

5.3 Results and Discussion

5.3.1 Data Mining of Putative Intracellular Allosteric

Binders

Significant efforts by the scientific community have resulted in the discovery of

the intracellular allosteric pocket in several chemokine receptor. A number of

small molecule compounds have been designed to target this site, and they are

characterised by a surprising chemical diversity. While some scaffolds target

multiple receptors, others appear to be selective for a single receptor.

We have here worked at building an overall picture of the landscape of known

small molecule-chemokine receptor interaction for the compounds that target

this allosteric site, with the aim to better understand the characteristics of

compounds that bind the allosteric pocket.

A data mining pipeline was developed with the aim of extracting and

comparing the available affinity data for intracellular binders. To do this, one

needs to discriminate between intracellular and the more numerous

extracellular ligands, in order not to include compounds that do not target

the allosteric site. Trivial solutions are not available, as most reported

binding assays do not provide direct information on the location of the

binding site of the tested compounds. Is is thus necessary to infer whether a

compound is an intracellular binder from the information available from
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known allosteric ligands.

Inspired by the approach of Vass et al.,239 the pipeline uses the structure of

known intracellular binders as a starting point to iteratively expand its search

across all reported CKR ligands, including all closely related molecules and

generating a final set of putative intracellular ligands.

The ChEMBL and Reaxys databases were thus mined as described in the

Computational Details section:

� A seed dataset of known chemokine receptor intracellular ligands was

generated.

� Data of small molecule chemokine receptor antagonists with activity

IC50/EC50/Ki/KD ≤ 10 µM was pulled from ChEMBL and Reaxys.

� An iterative procedure was employed to expand the seed dataset to in-

clude all the chemical ”clusters” associated with its members.

� A second iterative algorithm was used to label each compound of the

extracted dataset according to their scaffold.

� Post-processing and analysis was performed in order to gain insight from

the data.

Starting from the initial seed dataset of around 500 molecules, nearly 1650

molecules were identified as being putative intracellular chemokine receptor

binders. In order to highlight the distribution of scaffolds and their

relationship with their respective targets, a dimensionality reduction of the

N × N chemical similarity matrix of the identified compounds was

performed. Multidimensional scaling (MDS)257 proved to be an effective and

practical option, given the availability of the similarity matrix. The

compounds were then projected onto a 2D space generated by MDS (Fig.

5.5). The compounds are here coloured by their scaffold or target.

The projection highlights two dominant scaffolds, sulfonamides and

squaramides, and a large number of minor ones.
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5.3. Results and Discussion

Sulfonamides are characterised by their central sulfonamide group, whose

oxygen atoms mediate interactions with the hydrogen bond acceptor site, as

observed in the crystal structure of CCR9. The cluster is associated with

antagonism in CCR1,109 CCR2,109 CCR4,258 CCR5259 CCR9260,261 and

CCR10,262 CXCR4.263 Sulfonamides are generally present in the form of

S-aryl sulfonamides, often bearing substituted phenyl rings that in the CCR9

structure interact with hydrophobic pocket .

Squaramides are the other major cluster found in the dataset, and bind

CXCR1, CXCR2, and CCR7.104,264,265,266 The core element of these

compounds is the squaramide ring, which possesses the peculiar

characteristic of planarity and amide-like property of the attached nitrogen

atoms despite not being proper amides.267 Both nitrogen atoms are generally

substituted, with one often bearing a substituted 2-hydroxyphenyl ring, and

the other a branched hydrophobic region.

Another significant scaffold, structurally related to squaramides, are the

derivatives of thiazole/thiadiazole. These compounds showed activity against

CCR7,232 as also demonstrated by the X-ray structure of the receptor in

complex with a thiadiazole dioxide, CXCR1268 and CXCR2.268 The ligands

are found in the reduced state of the thiazole/thiadiazole sulfur atom, as well

as monoxides and dioxides.

Pyrrolones are found in numbers, and are associated with antagonism of

CCR1 and CCR2.108 Indoles are instead active against CCR2,110 CCR9269

and CXCR2.270 Derivatives of Pteridone-1105,271 and thiazolopyrimidines272

bind CXCR2 and CX3CR1, diphenylureas and drivatives273,274,275 target

CXCR1 and CXCR2, and 2-imidazolthiones are also present112 as CCR2

binders; furthermore, a number of benzothiadiazine-1,1-dioxides target

CXCR1 and CXCR2.276

In general it can be observed that the most represented targets are CXCR1,

CXCR2 and CCR9 (Fig. 5.6b), accounting for nearly 2/3 of the total

compounds, and with antagonism against CXCR1 and CXCR2 often being

123



5.3. Results and Discussion

Figure 5.6: a) Abundance of the various scaffolds across all CKRs for which
intracellular antagonists were identified. b) Relative representation of the different
scaffolds and target receptors. c) Venn diagrams of selected CKRs, with a
breakdown of the scaffolds of the ligands.

correlated. CCR2 is another well represented receptor, and there is

correlation with affinity for CCR1.

The distribution of scaffolds across the receptors highlights how some

chemotypes target a broad range of receptors, while others are reported to

only bind a single target (Fig. 5.6a). In particular, sulfonamides show

affinity for a large number of receptors, including CCR1, CCR2, CCR4,

CCR5, CCR10 and CXCR4. Indoles, ureas, squaramides, thiadiazoles also

indicate affinity for multiple members of the family. The overlap between the

targets of the different scaffolds hints at the fact that the overall geometry of

the cavity may be consistent across multiple receptors, and that the choice of

scaffolds and tuning of substituents can provide selectivity for individual
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receptors.

A high degree of overlap of ligands is found in CXCR1 and CXCR2, and mostly

involves squaramides (Fig. 5.6c). Indeed, the sequence of the intracellular

cavity of the receptors shows remarkable similarity, with the only difference

being position 8.49 of the hydrogen bond acceptor site (asparagine in CXCR1,

lysine in CXCR2), with which the compounds are expected to interact mostly

through its backbone. Significant overlap is also present in CCR1 and CCR2,

with sulfonamides109 targeting both proteins (Fig. 5.6c).

5.3.2 Binding Modes of Putative CCR2, CCR7 and

CCR9 Intracellular Antagonists

After producing an overall picture of putative chemokine receptor

intracellular binds we aimed at expanding the structural coverage of

receptor-ligand interactions with the use of docking. Selected compounds

belonging to the most relevant chemotypes were docked onto the X-ray

structures of CCR2, CCR7 and CCR9.

Sulfonamides

The only direct structural information of the interaction between CCR2 and

intracellular ligands is the X-ray structure of the receptor in complex with

the pyrrolone CCR2-RA-[R]. Yet numerous sufonamides and indoles have

shown to target the site.109,110 A total of 105 sulfonamides binding CCR2

have been identified across the mined databases. Docking of sulfonamides to

the intracellular site reveals a similar binding pose to that of Vercirnon in the

X-ray structure of CCR9.

CCR1/2-binding sulfonamides bear three aromatic rings, one interacting

with the hydrophobic pocket , one with the central pocket and one with the

intracellular vestibule (Fig. 5.7a). The phenyl ring connected to the

sulfonamide sulfur atom is consistently hosted in the hydrophobic pocket ,

stacking against F3128.50. The substitution pattern of this aromatic system

reveals a meta-para pattern, with highest affinity shown for chlorine, bromine
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5.3. Results and Discussion

Figure 5.7: Main SAR trends and docking poses of selected scaffolds onto CCR2,
CCR7 and CCR9. GRID190,191 contours for the C3 and C1= probes are shown
in grey mesh and yellow surface, respectively. The isoline is at 1 kcal/mol for C3
and -2.8 kcal/mol for C1=. The colouring of the structures reflects the binding site
model of Fig. 5.2.

or methyl.109 The small substituents well match the limited space between

the aromatic rings and the side chain of L671.57. Halides may also have a role

in tuning the charge distribution of the ring, promoting stacking with
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5.3. Results and Discussion

Y3057.53 and F3128.50.

The sulfonamide group allows for positioning of the oxygen atoms against the

hydrogen bond acceptor site, ensuring the formation of hydrogen bonds with

the backbone of the region (K3118.49 and F3128.50). The second aromatic ring,

often a phenyl or pyridyl group, interacts with the central pocket and generally

bears meta substituents represented by halides or nitrile groups, and is buried

deep in the intracellular cavity of the receptor. A third ring is more superficial,

and is hosted in the intracellular vestibule. This is generally connected to the

second ring with an ether group, allowing for good flexibility.

A large number of sulfonamides also target CCR9,260,261 with 332 identified

compounds. While the overall structure is generally similar to that of

sulfonamides binding CCR2, several key differences are present and may

drive selectivity. In CCR9-binding sulfonamides there is a strong trend

towards para substitution of the aryl ring hosted in the hydrophobic pocket

(Fig. 5.7b), with tert-butyl substituents, or similarly bulky moieties, being

nearly ubiquitous both for diphenyl261 and phenyl-phtalimidyl260

sulfonamides.

The pattern contrasts with that observed for CCR2, and can be traced in

the different conformation and volume of the subpocket hosting the ring (Fig.

5.8). While in CCR2 the side chain of L661.57 is positioned towards the ligands

and interacts with the molecules, in CCR9 Y731.57 is projected away from the

binding site, resulting in increased volume of the region. Furthermore, the

positioning of R78ICL1 in CCR9 contributes to the creation of a well enclosed

volume hosting the methyl group of the tert-butyl substituent.

Differences in the aryl ring hosted in the central pocket are also present. While

in CCR2 a meta substitution pattern is often seen, CCR9-binding sulfonamides

bear para substituents with respect to the sulfonamide nitrogen atoms. As

with CCR2, halides and nitrile groups are commonly observed. The different

orientation of the substituent reflects the conformation of the site: in CCR2

I2456.37 results in a shallower volume towards the para position of the ring,
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5.3. Results and Discussion

Figure 5.8: Substitution pattern of the aryl rings interacting with hydrophobic
pocket and central pocket for CCR2- and CCR9-binding sulfonamides. The surface
of the intracellular allosteric pocket in the X-ray structures of CCR2 and CCR9
is shown, highlighting key residues that determine a different shape in the two
receptors. The proteins are oriented with the intracellular side up.

promoting the affinity of meta-substituted compounds. Conversely, in CCR9

T2566.37 does not hinder the site allowing for hosting of para halides and nitriles

(Fig. 5.8).

Sulfonamides active against CCR9 also bear a third ring that interacts with

the intracellular vestibule. This is connected to the previous ring with a ketone
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linker, as in Vercirnon, with a methylene or ethylene group,260 or is directly

attached261 to it. Pyridine, pyrimidine and pyridine-N-oxide are common rings

found in this position. Interestingly, a number of cycles with ortho substitution

with hydrogen bonding groups, such as hydroxy groups, show high affinity for

the receptor,261 with the group being in a position compatible with the ketone

oxygen atom of Vercirnon (Fig. 5.7b). This has significant implication for a

water-mediated hydrogen bond network, as highlighted in molecular dynamics

simulation described below in this chapter. Additionally, polar substituents of

the ring in meta or para position, such as amino or N-oxide groups, are often

projected towards the side chain of T812.37 and D842.40.

Indoles

Indoles are a scaffold that is present in significant number across putative

intracellular binders, and possess activity against CCR2,110 CCR9269 and

CXCR2270 (21, 20 and 26 identified compounds, respectively). Docking poses

of 2-carboxy-indoles and derivatives indicate similar binding mode in CCR2

and CCR9 (Fig. 5.7c,d). The indole core is hosted in the central pocket , and

positions the carboxy group against the hydrogen bond acceptor site for

interaction with the backbone amide hydrogen atoms of positions 8.49 and

8.50. A substituted benzyl moiety departs from the indole nitrogen atom of

the compound, and its aromatic ring interacts with the hydrophobic pocket .

Here we find the same pattern of substitution as for sulfonamides:

CCR2-binding indoles show preference for meta,para-halides while

compounds active against CCR9 bear para-t-Bu groups.

The indole system is also substituted in positions 5 or 6, and here too we can

find analogous patterns as for sulfonamides. Position 5 projects groups in a

similar way as the meta substitution of the ring hosted in the central pocket

in sulfonamides, and is present in indoles active against CCR2. Conversely, in

CCR9 substitution of position 6 with halides or nitrile is structurally analogous

to that of CCR9-binding sulfonamides and well suits the volume of the central

pocket of the receptor.
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Taken together, the consistent substitution patterns of the aryl groups

interacting with hydrophobic pocket and central pocket observed for

sulfonamides and indoles active against CCR2 and CCR9 hint at the two

elements as effective determinant of selectivity for the two receptors.

Squaramides and Thiazoles/Thiadiazoles

Squaramides are a major cluster of putative allosteric antagonists, with 483

identified compounds. Thiazole and thiadiazole derivatives are also abundant

(127), and follow a substitution pattern consistent with squaramides. The

scaffolds have been shown to bind CXCR1, CXCR2 and CCR7. Docking of

the squaramide Navarixin265 in CCR7 indicates a binding pose consistent with

that of Cmp2105 in the X-ray structure of the same receptor (Fig. 5.7e). The

squaramide core is able to interact with both the hydrogen bond donor site

by donating hydrogen bonds to D942.40, and forming polar contacts with the

hydrogen bond acceptor site (K3328.49 and F3338.50) with the carbonyl oxygen

atoms of the squaramide ring.

The geometry of the squaramide core results in an arrangement of the two

carbonyl oxygen atoms unlike that of the thiadiazole of CCR7. In squaramides

the oxygen atoms lay on the same plane as the squaramide ring, thus being

roughly parallel to H8. In thiadiazole dioxides they are instead positioned on a

plane that is perpendicular to the thiadiazole ring, resulting in a perpendicular

arrangement with respect to H8.

Similarly to Cmp2105 in CCR7, Navarixin interacts with hydrophobic pocket

through its branched hydrophobic region formed by an ethyl and

methyl-furanyl branches. On the other side of the squaramide core, a phenyl

ring is hosted in intracellular vestibule. The ring bears a phenyl group in

ortho position, and a dimethylamide group in meta position.

Docking of reduced thiadiazoles232 in CCR7 reveals a binding pose consistent

with that of Cmp2105 (Fig. 5.7f). Here, the lack of oxygen atoms connected

to the thiadiazole sulfur atom does not allow for hydrogen bonding with the

hydrogen bond acceptor site. Interaction with D942.40 of the hydrogen bond
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donor site is instead present. While reduced thiazoles and thiadiazoles are

not able to interact with the hydrogen bond acceptor site, they nonetheless

retain affinity against CCR7. This hints at the fact that hydrogen bonding

with positions 8.49 and 8.50 is not a fundamental element for the binding

interaction with these scaffold, as long as tight contact with the hydrogen bond

donor site is present.

Across the identified molecules the nature of the attachments to the amine

nitrogen atoms of thiazoles/thiadiazoles and squaramides is consistent. The

region hosted in the hydrophobic pocket , often branched, is generally

represented by a smaller alkyl branch and a larger aryl system such as furane

or thiophene, although 6-membered rings are also found. Albeit more rare,

non branched attachments are also found.265,266 The smaller branch is buried

deeper in the hydrophobic pocket , interacting with D2.40, L2.43, Y7.53 and

F8.50. The aryl branch is instead more superficial, and is hosted in a well

enclosed portion of the hydrophobic pocket with particular involvement of

ICL1 and K8.49.

The different nature of the two branches results in the connection point, a

methine carbon, to be a stereogenic centre. The chirality is consistent across

all molecules of these chemotypes, with a substitution geometry analogous to

Cmp2105 in CCR7 (R for the molecule). This allows for correct positioning of

the two branches and stabilisation of the ligands. Inversion of chirality of the

centre in squaramide in fact results in marked loss of affinity for CXCR1 and

CXCR2.265

5.3.3 Molecular Dynamics of Chemokine Receptors

Docking of antagonists to the intracellular site of CCR2, CCR7 and CCR9

allows to predict and explain the interaction of chemical scaffolds not covered

by crystallographic studies, and reveals common patterns of interaction with

the elements of the sites of the receptors.

We then worked at complementing this picture with information on the

dynamics of complexes between receptors and intracellular antagonists.
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Figure 5.9: a) Charged interactions in the intracellular binding sites in CCR2,
CCR7 and CCR9 and their distance distributions over the molecular dynamics
simulations. b) Water-mediated hydrogen bond network in the molecular dynamics
simulation of CCR9 in complex with Vercirnon. c) Rearrangement of Y7.53 and
F8.50 in the apo simulations of CCR2 and CCR9.

Molecular dynamics simulations were run for CCR2, CCR7 and CCR9 in

presence of the cocrystallised antagonists (Fig. 5.1) or in the apo form. Each

system was simulated for 2 µs.

The simulations allow the exploration of the dynamics of the interactions of

the ligands with the sites. Furthermore, we can compare the behaviour of the

receptors in presence and absence of the antagonists and observe the effect on

the dynamics of the intracellular site.

Charged Residues Influence the Interaction with

Intracellular Antagonists

The intracellular cavities of the receptors are rich in charged residues. They

contribute to defining the volume of the pocket, and play a role in anchoring

the antagonists to their binding sites.

In CCR2 the lack of interaction of the pyrrolone ligand with the side chain of
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D782.40 allows for the formation of a contact between the residue and K71ICL1.

The salt bridge between the two residues results in a stable enclosure of the

site, positively influencing the binding interaction (Fig. 5.9a). Kinetic data32

on CCR2 and the closely related CCR1 show that binding and unbinding

rates of CCR2-RA-[R] are higher for CCR1 than CCR2. One of the most

notable differences in the binding sites across the two receptors is position

2.40 of the hydrogen bond donor site (S702.40 in CCR1, D782.40 in CCR2,

Fig. 5.2c). It is likely that the lack of an anionic partner for interaction

with K71ICL1 destabilises the enclosure of the hydrophobic pocket , resulting in

faster exchange rates between bound and unbound states. Further, in CCR2

interactions between R2406.32 and E3108.48 are present (Fig. 5.9a), and are

impaired in presence of the ligand.

In CCR7 tight interaction between the ligand and D842.40 is observed, and

determines strong and consistent interaction with the hydrogen bond donor

site. Further contacts between the ligand and K3328.49 are observed, and the

lysine side chain can also form a salt bridge with D3368.53.

In CCR9 a salt bridge network contributes to the stability of the hydrophobic

pocket , as also evident in the docking of sulfonamide ligands. R78ICL1 defines

the outer boundary of the site, and is held in place by tight interactions with

D842.40 and D3278.53. The interaction creates a well defined cavity with good

steric complementarity with the t-butyl group of Vercirnon (Fig. 5.9a).

Vercirnon Forms Water-mediated Hydrogen Bonds

In the crystal structure of CCR9 and throughout the molecular dynamics

simulations, the intracellular end of TM6 of the receptor shows a slight bend

of one helical loop involving positions 6.33 to 6.37. In the MD simulations we

observe the presence of a stable hydrogen bond network involving a water

molecule hosted in the volume generated by the bend of the helix (Fig.

5.9b). The solvent molecule is able to form hydrogen bonds with both

A2526.33 and T2566.37. The ketone oxygen atom of Vercirnon is also located

in a favourable position with respect to the network, and accepts a hydrogen
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bond from the water molecule. The stabilising effect of the water network

can be seen in GRID maps of representative snapshots of the molecular

dynamics simulation, where the OH2 probe (mapping the propensity of

interaction by the solvent) indicates a hotspot that overlaps with the

observed water-bridged hydrogen bond (Fig. 5.10).

Figure 5.10: GRID map of the OH2 probe, highlighting the hotspot of water
interaction found in the molecular dynamics simulation of CCR9 in complex with
Vercirnon.

This network involving the antagonist stabilises the interactions of the ligand

with the pocket, and contributes to its affinity. Interestingly, as observed in

the docking poses of CCR9-binding sulfonamides (Fig. 5.7b), a number of

compounds project polar groups capable of forming hydrogen bonds towards

the subpocket that hosts the solvent molecule, and are associated with strong

affinity for CCR9.261 It is therefore possible that the moieties can take part in

the network, with significant gain of binding energy.

The Intracellular Cavity Collapses in Absence of Ligands

In the simulation of the three receptors in absence of the intracellular ligand,

a collapse of the intracellular cavity is recorded. By measuring the volume of

the sites we observe a drop in all cases, with more marked values for CCR7

(Fig. 5.11). The collapse mostly involves the central pocket , which is more

influenced by fluctuations of TM3 and TM6. The hydrophobic pocket is also

prone to collapse as the flexibility of H8 results in its residues occupying the

region, with particular contribution of position 8.50. In CCR9 instead the
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Figure 5.11: a) Rendering of the intracellular (IC) binding site volume in the MD
simulations. b) Distribution of the volume of the intracellular cavity, highlighting
the collapse of the pocket in absence of the intracellular ligands. c) Time series of
the volume of the intracellular cavity.

hydrophobic pocket is more stable due to the presence of the salt bridge network

involving R78ICL1.

In CCR9, as also evidenced in Ref. 33, in absence of the intracellular

antagonists the tyrosine and phenylalanine side chains in position 7.53 and

8.50 rearrange and occupy the intracellular cavity, thus reducing the available

volume (Fig. 5.9c), similarly to what can be observed in X-ray structures of

CXCR4. An analogous transition is also observed in CCR2.

The reduction of the volume of the pockets in absence of the ligands highlights

the significant degree of induced fit caused by the molecules, and the ability of

the pockets to adapt to different geometries. This could hint at possibility of

exploiting this plasticity for hosting larger compounds, and exploiting different

degrees of flexibility across receptors to achieve selectivity.
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Figure 5.12: Properties of the structural elements of the intracellular pocket in
chemokine receptors as determined in this work, and representative fragments of
compounds that interact with the elements.

5.4 Conclusions

The intracellular cavity of chemokine receptors reveal a surprising diversity of

small organic compounds targeting it. Notwithstanding this diversity, common

interaction patterns can be highlighted, and can be seen in light of contacts

with a series of conserved structural elements of the pocket (Fig. 5.12).

Polar interactions between the receptor and the ligands are crucial for

binding, and involve the hydrogen bond acceptor site or hydrogen bond donor

site. While a large number of compounds, such as sulfonamides, pyrrolones

and indoles only interact with the first, others such as squaramides and

thiazole/thiadiazole oxides and dioxides interact also with the latter. While

it may appear that the contact with hydrogen bond acceptor site is

fundamental for activity, reduced thiazoles and thiadiazoles do not seem to

be able to interact with it, only exploiting hydrogen bonding with the
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aspartic residue in position 2.40 of CXCR1, CXCR2 and CCR7.

The hydrophobic pocket hosts substituted aromatic rings, as well as branched

hydrophobic systems. The shape of the pocket, determined by the

conformation of TM1, ICL1 and H8, influences the available volume for

interaction with the ligand. While the branched portions observed for

squaramides and thiazole/thiadiazole derivatives exploit the larger volume of

the pocket in CXCR1, CXCR2 and CCR7, smaller substituted aryl groups

are found for CCR1, CCR2 and CCR9. The clear substitution pattern of the

rings seen in CCR1/2- and CCR9-binding sulfonamides and indoles hints at

the possibility to leverage it as a determinant of selectivity.

The central pocket can also host aromatic systems, as seen for CCR1, CCR2

and CCR9. Here the substitution pattern of halide and nitrile groups adapts

the shape of compounds to the different volume of the site, influenced by

position 6.37. Finally, the intracellular vestibule offers a more superficial

interaction site, and a variety of substituted aromatic rings are found to be

hosted by it.

Molecular dynamics simulations of CCR2, CCR7 and CCR9 in complex with

the cocrystallized ligands or in the apo form reveals the presence of a number

of crucial interactions involving charged residues in the pockets. Further, the

presence of a water-mediated hydrogen bond network in CCR9 is observed,

and its effect is noted in the SAR of sulfonamides bearing hydrophilic groups

that can take part in it. The flexibility of the cavity is also highlighted, and

reflects a high degree of adaptation to the presence of the compounds.

Taken together, the finding here presented provide an overall picture of the

landscape of interaction of small organic molecules with the intracellular

allosteric site of chemokine receptors. Binding modes of major chemotypes

are presented, and selectivity patterns are identified. Furthermore by

modelling the dynamics of the sites of CCR2, CCR7 and CCR9 the role of

crucial residues in mediating the binding interaction is highlighted. In the

future this work will be complemented with in-house experimental data of
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Sosei Heptares, extending the structural coverage of the allosteric site and

contributing to the understanding and development of intracellular

antagonists of chemokine receptors.
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Chapter 6

Predicting Ligand Binding

Kinetics with TS-PPTIS

Binding kinetics is of fundamental importance for drug efficacy, with growing

evidence that optimising continuous target occupancy rather than binding

affinity can lead to stronger activity in an in vivo setting.115 Indeed, the

environment where drugs need to act is generally an open system due to

diffusion, excretion and metabolism effects, therefore tight and prolonged

binding can be used to counter the sequestration of the molecule from the

target tissue.116

Computational prediction of ligand binding kinetics is a promising avenue

for better understanding the action of drugs and guide the design of new

compounds. A variety of methods are available, from Markov state models120

to τ -random accelerated dynamics122 and infrequent metadynamics,121 among

many others.

Notwithstanding the efforts in developing new algorithms, predicting binding

kinetic rates is still a challenging task.123 The main reasons are found in poor

sampling of high energy states, errors in the interaction energy originating

from the limitations of current force fields and the presence of rugged transition

regions separating states of interest. Methods such as infrequent metadynamics

in fact can struggle with diffusive transition regions as they do not take into

account recrossings across it. Markov state models can instead be very effective



6.1. Simulation Details

for the study of complex events marked by multiple metastable states, but

overcoming high free energy barriers such as in unbinding events can prove to

be challenging.

As discussed in Chap. 2, TS-PPTIS was developed in order to allow the

calculation of kinetic rates of typical drug binding events, which are

characterised by a diffusive transition region that separates deep enthalpic

minima. TS-PPTIS constitutes therefore a promising approach for the study

of ligand binding kinetics in systems where a deep enthalpic bound state and

a complex transition region are present in the binding free energy landscape.

In this chapter we report on the development of a new implementation of TS-

PPTIS and its use for the calculation of kinetic rates of a series of related

HSP90 inhibitors (Fig. 6.1). Strengths and limitations of this methods for the

prediction of binding kinetic rates are described. HSP90 and the series were

chosen for the availability of detailed experimental data on the binding free

energy and the kinetic rates,127 as well as of X-ray structures.277 In addition,

the smaller size of the systems when compared to GPCRs make it an appealing

choice for the study of the performance of TS-PPTIS.

This work is a result of a collaborative project involving Federico Comitani,

who has contributed in equal measure to the development of the

implementation of the method. Simulations and data analysis are original

contributions of the author of this thesis.

6.1 Simulation Details

6.1.1 Metadynamics and Unbiased Molecular Dynamics

The structure of the N-terminal domain of HSP90 was downloaded from the

Protein Data Bank (PDB 2BSM).277 The protein, in its resolved residues 16-

223, was solvated in TIP4P-D water278 and 150 mM NaCl. Crystal water

molecules were kept.

The structure was chosen by virtue of its good resolution (2.05 Å) and

because HSP90 is in complex with VER49009, one of the ligands in this

140



6.1. Simulation Details

study. The protein was crystallised as wild-type and all residues were

resolved in the sequence range 16-223. Moreover, this PDB entry was used

for benchmarking other computational methods for predicting ligand binding

kinetics.279

Given the similarity between the cocrystallised ligand and the compounds used

in this chapter, it was possible to mutate the ligand in the binding site in order

to obtain reasonable initial binding poses of the compounds.

Figure 6.1: The inhibitors of HSP90 in this work

The AMBER99SB-disp280 force field was used for parametrisation of the

protein. For the four ligands GAFF2183 atom types were used and charges

were calculated with a 6-31G* basis set at the Hartree-Fock level using

Gaussian09.184

For the molecular dynamics simulations a timestep of 2 fs was used. The

v-rescale thermostat137 and the Parrinello-Rahman barostat148 were used to

control temperature and pressure. Electrostatic interactions were treated with

the PME-Switch algorithm, and the nonbonded interaction cutoff was set to 1

nm.

The systems were energy minimised with a steepest descent integrator until

the force on any atom dropped below 1000.0 kJ/mol/nm. 20 ns of molecular

dynamics in the NPT ensemble at 300 K and 1 bar followed, restraining the

heavy atoms of the complex. Further 20 ns of unrestrained molecular dynamics

completed the equilibration procedure.

The binding free energy landscape the four HSP90 antagonists was computed

using multiple walkers well-tempered metadynamics. 12 walkers were
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Figure 6.2: Schematic of the CVs used for the metadynamics and TS-PPTIS
simulations of the binding process of the four ligands. The red arrow represents the
exit vector.

employed for each system and simulations were run in the NPT ensemble at

300 K and 1 bar.

A vector, approximately describing the ligand exit vector, was defined using

the geometrical centres of two sets of stable Cα carbon atoms of the protein.

The first set, representing the origin of the vector, was comprised of positions

91, 92, 93, 149, 150, 151, 184, 185 and 186. The second set, imparting the

direction to the vector, of positions 52, 53, 54, 55, 56, 97, 98, 100, 101, 102

and 103.

A distance vector between the ligands and the origin of the exit vector was

then computed. The carbon atom of the pyrazole ring connected to the p-

methoxy-phenyl ring of the ligands was used for defining their positions. The

binding event was monitored and biased using CVproj and CVrad (Fig. 6.2):

1. CVproj was calculated as the projection of the distance vector onto the

exit vector. This provided the most meaningful description of the

position of the ligand along the binding path.

2. CVrad was calculated as the projection of the distance vector onto the

plane perpendicular to the exit vector, enhancing orthogonal exploration.

This set of collective variables closely resembles the setup used in Chap. 3, with

the difference that the tumbling of the protein in the solvent calls for the use of
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a set of coordinates that is internal to the protein itself. This setup prevents

the need to fit, at each MD step, the protein to a reference conformation

before computing the CV values, thus saving considerable computing time.

In Chap. 3 the cell membrane prevents the tilting motion of the GPCRs,

allowing for the use of external coordinates. Credit is due to Gareth Tribello

for the development of the PLUMED implementation of the internal coordinate

formulation.

Gaussians were deposited every 500 steps with an initial height of 1.5 kJ/mol

and a sigma of 0.05 nm for both CVs. A bias factor of 15 was used.

The exploration of the ligands was restrained to a relevant volume of the

binding site and solvent with the use of repulsive potentials. A quadratic

potential discouraged exploration beyond CVproj = 2.5 nm and CVrad = 0.7

nm. This resulted in the ligand exploring a region that includes bound state,

transition region, and fully solvated states.

The metadynamics simulations were run until the estimate of the binding free

energy adopted an asymptotic behaviour. GROMACS 2018.4187 and PLUMED

2.5.0188 were used for the molecular dynamics and metadynamics simulations.

In addition to the metadynamics simulations, one continuous 500 ns-long

unbiased molecular dynamics simulation was run for each ligand, bound to

the binding site of HSP90. The same MD setup as for the metadynamics

simulation was used. The solvent density map was computed using the

Volmap plugin of VMD.281

6.1.2 TS-PPTIS

The binding kinetic rate constants of the four ligands were computed with

TS-PPTIS, using the newly developed implementation. For the calculation

of the corrected transmission coefficient across the transition region, 12 TS-

PPTIS interfaces λλλ = {λ0, λ1, ..., λ11} were set up along CVproj (Fig. 6.3).

The same set of interfaces was used for all ligands. As described in Chap. 2,

three consecutive interfaces {λi−1, λi, λi+1} define a window, and windows can

overlap. This results in a total of 12− 2 = 10 windows for the 12 interfaces.

143



6.1. Simulation Details

Figure 6.3: TS-PPTIS interfaces on the projection of the binding free energy of
VER49181 onto CVproj. The interfaces define 10 overlapping windows.

The crossing probabilities across the central interface of each window were

calculated according to the TS-PPTIS algorithm in an iterative fashion, also

illustrated in Fig. 6.4:

1. An initial unbinding trajectory was generated using steered MD.282

2. A conformation of the system within the window was selected from the

previous trajectory, or from the initial trajectory if none were available.

3. Velocities were initialised for the forward replica.

4. The velocities were reversed for the backward replica.

5. The two replicas were run until they crossed either external interface or

the maximum simulation length was reached (Fig. 6.4a,b).

6. The trajectories were recombined with forward time progression (Fig.

6.4c).

7. Recombined trajectories that matched all following conditions were ac-

cepted, otherwise were rejected:

� Crossed the central interface.

� Did not trigger the time out flag

8. The algorithm looped back to step 2 until convergence.
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Figure 6.4: Schematic of the TS-PPTIS simulation pipeline within a window and
example of an accepted trajectory.
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This allowed to obtain numerous short trajectories that span the space of a

given window and originate from one of the outer interfaces, cross the central

interface, and end in either outer interface. Convergence of the simulations in

any given window was determined when the probabilities of the four possible

outcomes of origin and final interfaces (λi−1 → λi−1, λi−1 → λi+1, λi+1 → λi−1,

λi+1 → λi+1) converged asymptotically for the accepted trajectories.

The kinetic rates were then computed for the four ligands as described in

Chap. 2. The probability of reaching the transition state from bound and

unbound states was derived from the metadynamics free energy profiles along

CVproj using Eq. 2.47. This was then combined with the corrected

transmission coefficient calculated with the TS-PPTIS simulations described

above: an initial uncorrected coefficient RTST was obtained using Eq. 2.48

using the crossings through the interfaces positioned on the transition states

of the free energy profiles and was corrected for recrossings using Eq. 2.49.

Finally, the rates were calculated using Eq. 2.52.
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Figure 6.5: a) The N-terminus of HSP90 bound to the inhibitor VER37655 in the
metadynamics simulations. b) Zoomed view of the binding site.

Figure 6.6: Binding free energy landscapes of the for inhibitors to HSP90 as a
function of CVproj and CVrad.
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6.2 Results and Discussion

The calculation of kinetic rates with TS-PPTIS requires the determination of

the free energy profile along a meaningful CV and the computation of the

transmission coefficient through the transition state, such that the rate

between two states A and B (bound and unbound states in the systems here

investigated) is:

kAB = PA→TS Rm (6.1)

with PA→TS being the probability of reaching the transition state from state

A, here obtained from the binding free energy profile calculated with

metadynamics simulations, and Rm being the corrected transmission

coefficient through the transition state, computed with unbiased molecular

simulations in the TS-PPTIS scheme. In first instance the calculation of the

binding free energy landscape of the four ligands is here presented. Results

and discussion of the TS-PPTIS simulations then follow.

6.2.1 Binding Free Energy Landscapes

The binding free energy landscape of the four inhibitors of HSP90 was

computed using multiple walkers metadynamics (Fig. 6.6). The setup

allowed to quickly and efficiently converge to binding free energy values in

good agreement with experimental data127 (Fig. 6.7). The landscapes

indicate a clear main minimum corresponding to the bound state. TA

transition region is then found at CVproj ≈ 1.5 nm, which then leads to fully

solvated states at CVproj = 2.5 nm.

Main States

In the bound states (Fig. 6.8) the ligands are fully hosted in the binding site

of the protein. A number of interactions stabilise the molecules in the site. In

particular, several polar hydrogen atoms of the ligands donate hydrogen bonds

to residues of the region such as to L48, D93, G57 and T184. Apolar contacts

are also found with the side chains of M98 and F138.
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Figure 6.7: Correlation between experimental and calculated binding free energy of
the compounds. The grey bands indicate a ±1 kcal/mol and ±2 kcal/mol deviation
from ideal agreement.

The transition region is found at CVproj values between 1.2 and 1.7. This

corrugated region is marked by the detachment of the compounds from the

binding site, and by a series of polar interactions between the ligands and

residues at the entrance of the site (Fig. 6.8). Crucial residues in the region

are N51, D54, K58, T99, D102, L107, G108 and T109. The transition ensemble

of the simulations is constituted by highly diverse ligand conformations and

interaction patterns, and represents the main barrier to entry and exit from

the binding site.

Finally the ligands reach the solvated state, where interactions with the pro-

teins are absent.

Shielded Hydrogen Bonds in the Bound State

The interaction of the ligands with the binding sites involves a number of polar

interactions that are effectively shielded from the solvent. In particular, the

resorcinol hydroxyl groups of the compounds are buried deep into the cavity,

and form tight contacts with L48 and D93. The amide carbonyl of VER49008,

VER49009 and VER49181 is instead able to interact, in the bound state, with

the backbone amide of G97. This interaction is more superficial than those

of the resorcinol ring, but the aliphatic substituent to the amide nitrogen in

the three molecules are able to shield the hydrogen bond partners from solvent

molecules, as also highlighted in Ref. 127. The R2 group of VER37655 is
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Figure 6.8: Representative ensemble of conformations from the bound, transition
and unbound states in the metadynamics simulation of VER49008 binding to HSP90.
The polar interactions between the ligand and the protein in the transition ensemble
are highlighted.

instead a methyl group, and can not form hydrogen bonds with G97.

While less buried, this contact with G97 is an important element for tuning the

interaction of the ligands with the protein: analysis of the interaction between

the backbone of the residue and water in unbiased molecular dynamics of

the complex between HSP90 and the ligands reveals substantial differences

(Fig. 6.9). The density of water oxygen atoms in the vicinity of the backbone

indicates the lack of a hotspot in VER49009 and VER49181, present instead

in VER37655 and, to a lesser extent, in VER49008. The hotspot corresponds

to the presence of water interacting with the backbone carbonyl group, and

the lack of hydrogen bonding between the solvent and G97 for VER49009 and
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Figure 6.9: a,b) Water oxygen density during the unbiased molecular dynamics
simulations of HSP90 and VER37655 or VER49181, respectively. c) Radial
distribution function of water oxygen atoms around the backbone carbonyl oxygen
atom of G96 in the unbiased MD simulations of the four ligands; note the lower
propensity for interaction in VER49009 and VER48181, caused by the ethyl
substituent. An offset was applied on the Y-axis for each ligand in order to improve
clarity.

VER49181 can also be noted in the radial distribution function plot of water

oxygen atoms and G76O (Fig. 6.9c). Here a much reduced peak of the first

solvent shell around G97 is evident for VER49009 and VER49181, and reflects

the disruption of the solvent around the residue.

The reason behind this different behaviour is found in the nature of the

interaction between the ligands and the protein. The substituent to the

pyrazole atom in proximity of G97 is a methyl group in VER37655, and the

small volume of the group allows for water interacting the residue. In

VER49008 the substituent is an methylamide group; while bulkier than the

methyl group, hydrogen bonding between the solvent and G97 is still

possible. In the case of VER49009 and VER49181 the ethylamide group

disrupts this interaction due to the increased volume of the substituent, and

due to the ability of the ethyl group to better enclose the backbone of the

residue. As also highlighted by Schmidtke et al.,127 this feature is an

important determinant of kinetics in this series, with the shielding of the

hydrogen bond between the ligands and G97 from the solvent correlating

with longer residence time of the ligands.
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6.2.2 Binding Kinetic Rates from TS-PPTIS

Recalling Eq. 6.1, the calculation of the binding free energy landscape with

the use of multiple walkers metadynamics allows for computing the first

element of the equation, PA→TS. The transmission coefficient can then

calculated in the TS-PPTIS scheme with the use of unbiased molecular

dynamics simulations. This quantity is in first instance computed as a TST

(Transition State Theory) transmission coefficient with the use of Eq. 2.48,

and this estimate is then corrected for recrossings across the transmission

region by obtaining the crossing probabilities through interfaces positioned in

the region, in the space of the chosen order parameter.

In principle, kinetic rates of the binding event could be computed in the

PPTIS scheme solely by converging the crossing probabilities across

interfaces spanning the whole CV space of interest. Given the nature of the

free energy profiles here investigated, marked by a barrier of around 15

kcal/mol on the transition state, convergence would be very challenging in

regions marked by steep free energy profile. While extremely long sampling

would in theory allow to compute the probabilities, it is in practical terms

unfeasible for systems of this kind. Furthermore, very tight spacing of the

interfaces could seem to be beneficial, but would lead to breaking the

memory loss assumption that allows for limiting the MD simulations within

the individual windows, as show below in this chapter.

From State A to the Transition State

The TS-PPTIS scheme exploits the free energy profile computed, in our case,

from the multiple walkers simulations for estimating the probability of reaching

the transition state from the two main basins, here bound and unbound states.

This spares the need for converging the crossing probabilities through interfaces

positioned in regions of steep free energy profile, in the assumption that there

recrossings will be rare and the system will generally commit to the basin.

The probabilities of reaching the transition state from bound and unbound

states were therefore calculated, for the four systems, from the projection of
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the binding free energy landscapes onto CVproj using Eq. 2.47, which states

that the probability of reaching the TS from a state A is:

PA→TS =
e−βF (sTS)∫ sTS

sA
e−βF (s′)ds′

(6.2)

where F(s) is the free energy profile as a function of the collective variable s,

and sA and sTS are the CV values of state A and the transition state.

Computing the Transmission Coefficient

The calculation of the transmission coefficients of the inhibitors with

TS-PPTIS simulations then followed. As presented in Simulation Details, the

free energy profile of the four systems was divided in a series of interfaces. 12

interfaces λ = {λ0, λ1, ..., λ11} were set in the CVproj space between 0.92 nm

and 2.47 nm, with equal spacing among them. The crossing probabilities

across any given interface λi were computed with unbiased molecular

dynamics limited to the window [λi−1, λi+1], in the memory loss assumption.

As it is expected for such free energy profiles, the crossing probabilities could

not be converged for all interfaces: the free energy of the transition state results

in very steep profiles between the bound state and the transition state itself.

This leads to most trajectories in the windows of the region to not cross the

rightmost outer interfaces (towards the unbound state), thus not allowing the

convergence of the probabilities for the affected windows.

For interfaces farther away from the bound state convergence was instead

achieved rapidly. The average length of accepted trajectories is 0.297 ns, and

the acceptance ratio ranges from ≈ 50% in the vicinity of the transition state

to ≈ 66% for interfaces near the unbound state. A total of around 1.5 µs of

accepted trajectories was generated for each ligand, although good estimate

of the crossing probabilities can also be obtained with much fewer sampling

by limiting the span of the interfaces to the region near the transition state.

For demonstration purposes the setup of this work spans instead the whole

binding/unbinding process. Full detail on the statistics of all windows for the
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Figure 6.10: Transmission coefficient as a function of the number of interfaces (m)
away from the transition state.

four ligands can be found in Appendix A.

Once the sampling was completed, the corrected transmission coefficient

through the transition region was computed. The initial uncorrected

coefficient RTST of Eq. 2.48 was computed from the interfaces positioned on

top of the barrier, and the crossing probabilities of the converged interfaces,

in the CVproj range from 1.39 nm to 2.31 nm, were used to iteratively refine

the quantity by accounting for recrossings with the use of Eq. 2.49. For all

ligands a very marked drop of the corrected coefficient Rm as a function of

the number of interfaces away from the transition state can be seen (Fig.

6.10). The quantity asymptotically converged with the addition of interfaces,

approaching the asymptote value with as little as 2-3 interfaces. Overall a

reduction of the coefficient by as much as 3 orders of magnitudes is evident,

reflecting a significant role of recrossings across the transition state, in line

with previous results with this method.124 The convergence of Rm within 2-3

interfaces away from the transition state indicates that that is a sufficient

number of interfaces to achieve good estimate of the kinetic rates, and that

exhaustively sampling the whole binding profile is not needed.
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Binding Kinetic Rates

Finally, kon and koff rates were calculated using Eq. 6.1 by multiplying the

probability of reaching the TS from bound and unbound states with the

corrected transmission coefficient. The experimental and calculated rates are

presented in Tab. 6.1.

The results highlight a fair agreement with experimental findings, with bias of

the computed quantities towards lower kon and higher koff values. Nonetheless,

the sorting order of the kinetics rates, and by extension the residence time

(τ) values, correlates the experiments (Fig. 6.11). Discrepancies between

experimental and calculated rate constants are indeed not uncommon across

all computational methods,123,283 and reflect the complexity of modelling the

process in silico.

Cpd kexpon [M−1s−1] kexpoff [s−1] τexp [s] kcalcon [M−1s−1] kcalcoff [s−1] τ calc [s]

VER37655 4.30×105 2.20×10−2 4.55×101 8.62×104 1.01 9.90×10−1

VER49008 4.60×106 6.10×10−3 1.64×102 1.61×106 2.54×10−1 3.93
VER49009 1.40×106 1.10×10−2 9.09×101 3.00×105 3.59×10−1 2.78
VER49181 9.90×105 6.90×10−3 1.45×102 2.14×105 2.08×10−1 4.81

Table 6.1: Experimental127 and calculated binding kinetic rate constants and
residence times (τ) for the four HSP90 inhibitors. τ = k−1

off .

The deviation of the calculated rates from experimental data indicates the

presence of a systematic error that leads to the prediction of faster unbinding

and slower binding kinetics. The ratio between calculated and experimental

rates and residence times reveals a consistent underestimation of kon and

overestimation of koff , resulting in lower than expected residence times (Tab.

6.2). The origin of the discrepancy can be traced either from the free energy

profile or from the transmission coefficient calculated with the TS-PPTIS

simulations. Recalling that the rate from a state A to a state B is calculated

with Eq. 6.1, it is clear that the TS-PPTIS transmission coefficient scales

both kon and koff equally, and an error in its value can not reduce one rate

while increasing the other.

The bias towards faster unbinding and slower binding rates noted in the

calculated rates hints then at a suboptimal estimation of the free energy of
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Figure 6.11: Correlation between experimental127 and calculated binding kinetic
rates of the HSP90 inhibitors in Tab. 6.1. The dashed line is a linear fit of the data
points.

the transition region. Indeed the probability of reaching the transition state

PA→TS, shown in Eq. 6.2, can be the source of the observed trend. Here, the

probability of reaching the transition state from a state A depends on the

integral of the Boltzmann factor associated with the free energy profile

between A and the TS. In this element it can then be possible to have a

different degree of influence on the two rates.

Cpd kcalcon /kexpon kcalcoff /k
exp
off τ calc/τexp

VER37655 0.200 45.909 0.022
VER49008 0.350 41.672 0.024
VER49009 0.214 32.655 0.031
VER49181 0.216 30.116 0.033

Table 6.2: Ratio between calculated and experimental kinetic rates and residence
times.

This can be further tested by estimating the binding free energy from the

ratio of the kinetic rates, and by comparing it with the same quantity directly

measured with isothermal tritration calorimetry (ITC).127 The binding free

energy Fb can be computed from the rates using:

F b = kT log
(koff

kon

)
(6.3)

and for the case of the rates calculated with the TS-PPTIS simulations, using

Eq. 6.2 we can rewrite the quantity as:
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Figure 6.12: Correlation between the binding free energy estimated from the
kinetic rates Fkinb and the same quantity measured with isothermal tritration
calorimetry (FITCb ).127 Fkinb for the experimental surface plasmon resonance
(SPR)127 data and the TS-PPTIS rates is shown.

F b = kT log

(∫ sTS
sb

e−βF (s′)ds′∫ sub
sTS

e−βF (s′)ds′

)
(6.4)

with sb and sub being the CV positions of the bound and unbound states.

The binding free energies apparent from the experimental SPR kinetic rates,

as computed with Eq. 6.3, correlate with the experimental binding free energy

measured with isothermal tritration calorimetry (Fig. 6.7). Instead, while the

same trend is seen for the binding free energies computed from the TS-PPTIS

rates, a systematic overestimation with respect to the SPR-derived quantities

is evident, with a consistent difference of around 3 kcal/mol for all four ligands.

This observation provides insight on the origin of the deviation of the kinetic

rates from the experimental data.

Given the good agreement of the binding free energy calculated from the

metadynamics free energy landscape (Fig. 6.7), it is possible to state that the

simple difference of free energy between bound and unbound states is

reliable. The discrepancy between the binding free energy calculated from

the TS-PPTIS rates, which depends on the ratio of integrals of the

Boltzmann factors of the free energy profiles from the two states to the TS

(Eq. 6.4), and the same quantity calculated from the SPR rates reveals

instead that our metadynamics setup is likely misrepresenting the shape and
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height of the transition region.

Indeed, initial testing of the method using the AMBER14SB force field,185

while yielding good estimate of the binding free energy of the ligands, further

underestimated the height of the transition states leading to increased error

in the calculated rates. Using instead the AMBER99SB-disp280 force field

has allowed for significant improvement of both rates and binding free energy

values, possibly due to a more faithful modelling of the region of HSP90

between positions 104 and 111, which is marked by partial unfolding of the

helical structure.

Furthermore, the CVs chosen for the simulations are simple functions of the

ligand-pocket vector and the exit vector. The setup is appealing as it can be

trivially extended to other ligands and different proteins. One drawback of this

choice is that the CVs may not capture the binding path in an optimal way,

leading to a misestimation of the free energy along the binding transition. Path

collective variables284 have been developed in order to provide a better metric

for complex events, yet they are more computationally expensive and less easily

translated to different systems than simple distance-based CVs. The use of

CVproj, a projection of the 2-dimensional space of the CVs, as order parameter

for the TS-PPTIS calculations also inevitably contributes to deviation of the

results from the experimental values, as the CV alone may not be perfectly

descriptive of the event throughout its whole profile. It is therefore likely that

more reliable description of the interactions of the ligands with HSP90 at the

transition state, and the use of ad hoc CVs may improve the estimation of the

binding free energy profile and result in further refined kinetic rates.

Memory Loss Approximation

The crossing probabilities through the interfaces were calculated using

unbiased molecular dynamics simulations within the associated window. This

is a major benefit of TS-PPTIS and PPTIS, and relies on the memory loss of

the system within the windows. In this approximation it is then possible to

state that the end point velocity of trajectories terminating in one of the
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Figure 6.13: a) Distribution of end point velocities for a window of the TS-PPTIS
simulations of VER49008. The -+ and ++ ensembles refer to trajectories originating
at either the i − 1 or i + 1 interfaces of the window and terminating at the i +
1 interface, with i being the central interface. The interfaces of the window are
positioned at CVproj 1.70 nm, 1.85 nm, and 2.01 nm. b) Distribution of end point
velocities across the same i+ 1 interface for a window with tighter spacing (CVproj

1.85 nm, 1.93 nm, and 2.01 nm). The difference in the distributions of the two
ensembles indicates that the memory loss assumption is not valid. ṡ is the time
derivative of the CV, thus ṡ = dCVproj/dt.

outer interfaces, expressed as the velocity in CV space, does not depend on

the interfaces the trajectories originated from.124

It is thus possible to compare the distributions of such velocities and assess

whether such assumption is justified, as also found in the original

publication.124 Following their example, the end point velocities of the

trajectories originating from either outer interface and ending at the forward

interface (higher CVproj values) were recorded. An example of the

comparison of distributions is given in Fig. 6.13a. The analysis reveals good

overlap for windows where convergence was achieved, confirming the validity

of a memory loss approximation within the windows.

Testing instead a set of interfaces with tighter spacing, in the attempt to

calculate the kinetic rates in the PPTIS scheme by employing exclusively the

crossing probabilities across interfaces spanning the whole binding event, shows

how the assumption can be broken leading to erroneous results. Using a halved

spacing is in fact clear how the distributions of end point velocities of the two

path ensembles indicate very poor overlap (Fig. 6.13b). This highlights the

fact that, while tight spacing between the interfaces can be appealing in order
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to converge the probabilities in regions marked by steep free energy profile and

compute the rates using PPTIS, the key assumption of memory loss is broken.

It is then necessary to use an appropriate spacing and employ the TS-PPTIS

scheme, avoiding the need for converging interfaces near deep basins.

6.2.3 Comparison With Other Works

In the past years, HSP90 has been used as benchmark for the in silico

prediction of ligand binding kinetics. This the example of Mollica and

coworkers,279 who employed scaled molecular dynamics285 in order to predict

the ranking of koff of molecular series. There, a scaling of the total potential

energy of the system by 0.4 was used to enhance unbinding event and

calculate the relative residence time of the four ligands used in our study.

The authors could rank the four compounds in the correct koff order. The

major benefit of this approach is its speed and simplicity, and that it was not

necessary to define an unbinding order parameters. Among the drawbacks

are the fact that only a relative koff can be calculated, and no information on

kon or binding free energy can be derived.

Koch et al.122 used HSP90 to benchmark koff calculation using τ -Random

Accelerated Molecular Dynamics (τRAMD). The method is based on RAMD,

where a small force in a random direction is applied to the ligand when its

movement in a given time interval falls below a certain cut-off value. 70 HSP90

inhibitors were tested, of which 5 bear the same core scaffold of the ligand of

this chapter. The predicted koff for the HSP90 ligands was generally around two

orders of magnitude smaller than the experimental value, and good correlation

between predicted and experimental data was observed, in particular within

the single ligand series. Similarly to the work by Mollica et al., τRAMD also

does not require the definition of an order parameter. While absolute koff

values are determined, the method does not allow to compute kon and the

binding free energy.
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6.3. Conclusions

6.3 Conclusions

The application of TS-PPTIS has shown its power for tackling the calculation

the kinetic rates constants of complex processes such as the binding of the four

ligands to HSP90, and draw insight on the event.

Multiple walkers metadynamics was able to quickly and reliably estimate the

binding free energy of the ligands within the ≈1 kcal/mol error typically con-

sidered a best-case scenario given the precision of current forcefields.

The interactions of the compounds with their target are marked by a crucial

role of shielded hydrogen bonds. The resorcinol hydroxy group are well buried

in the binding site and form polar interactions with the surrounding residues.

Surprisingly, a more exposed hydrogen bond with G97 is strongly influenced

by the degree of shielding provided by the R2 group of the molecules. In

VER49008 the methylamide R2 group provides insufficient protection to the

hydrogen bond with the glycine backbone, resulting in increased propensity for

displacement by water molecules. In the case of VER49009 and VER49181 the

bulkier ethylamide R2 group markedly impacts the water density and radial

distribution around the residue, increasing the stability of the interaction. The

R2 group of VER37655 is a methyl moiety, and is not able to form polar

interactions with G97. The lack of a shielded hydrogen bond for this ligand

leads to good solvation of the backbone of the glycine residue.

TS-PPTIS simulations were employed in order to compute the binding

kinetic rate constants of the ligands. Given the free energy profile calculated

with metadynamics, TS-PPTIS was able to effectively calculate and refine

the transmission coefficient across the transition state by accounting for

recrossing events. The method spares the time consuming step of converging

the crossing probabilities across interfaces in the bound state by exploiting

the probability of reaching the transition state from the binding site, as

computed by metadynamics.

While the final kinetic rates indicate a deviation from experimental results,

the overall trend of computed kon and koff values follows the experimental
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6.3. Conclusions

values. The cause of the imperfect agreement may be traced in the suboptimal

modelling of the free energy of the transition region, as hinted by the apparent

overestimation of the binding free energies calculated from the TS-PPTIS rates

and the improvement achieved by testing the recently released AMBER99SB-

disp. Better agreement may be reached with even more accurate description

of the free energy of the region, and with the development of ad-hoc collective

variables.

TS-PPTIS may in the future further prove its usefulness as a flexible and solid

method for computing binding kinetics. Of particular interest would be its

application on complex binding processes in GPCRs such as the adenosine

receptors presented in Chap. 3, where the binding process is influenced by a

variety of structural and dynamical elements.
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Chapter 7

Conclusions

In this thesis a number of computational techniques were used for the

mechanistic description of key elements of GPCR function and

pharmacological targeting. From the identification of determinants of ligand

selectivity to the elucidation of the activation mechanism, atomistic

modelling and enhanced sampling methods provided a great wealth of

information on the details of the events. The findings here presented

contribute to the extensive effort of the scientific community in the

investigation of GPCRs for the treatment and cure of a plethora of

conditions, and represent a step towards a more complete understanding of

this large protein superfamily.

In the first instance, the binding process of small molecule ligands was studied

in two class A GPCRs, adenosine receptors A1R and A2aR. Molecular dynamics

and metadynamics were used to reveal the different interaction of ZM241385

and LUF5452 with the two receptors and identify the complex interplay of

structural elements that determine their different selectivity.

The results highlight the crucial role of solvation and desolvation in driving

the interaction of small molecules with their target, and show how solvent

molecules forming unfavourable hydrophobic interactions with receptors can

be exploited to strengthen the affinity of ligands by displacing them, as seen

for LUF5452. The role of a well structured water network in the vestibule of

the receptors as crucial element driving the binding of the two antagonists is



determined, and the detrimental effects of its disruption are shown.

Next, the activation mechanism of glucagon receptor was investigated. This

is, to our knowledge, the first instance of atomistic modelling of the dynamics

of activation in a class B GCPR. The results reveal the highly complex

mechanism of transmission of glucagon signalling through the receptor,

mediated by a chain of rearrangements of conserved motifs and hydrogen

bond networks spanning the length of the protein.

Crucially, the findings identify a key role of G protein, the intracellular

partner, in driving activation. The G protein plays an active part in

influencing the activation free energy landscape, promoting active

conformations of the receptor. An induced fit mechanism between glucagon

receptor and G protein is then shown to be the dominant pathway of

activation. The findings propose a model that contrasts the generally

assumed activation and G protein coupling path involving an initial

activation of the receptor, followed by binding of G protein in a

conformational selection mechanism. This provides important insights on

this crucial process, and adds key information for the development of

improved allosteric modulator of class B receptors. Moreover, this study

represents a first step for the atomistic modelling of the activation dynamics

of class B GPCRs, and will hopefully inspire more research on the topic.

The focus was then brought to the intracellular pocket of chemokine

receptors as part of an exploratory work in collaboration with Sosei Heptares.

Here the ChEMBL and Reaxys databases were mined with the aim of

building a picture of the available intracellular allosteric binders of the

family. Analysis of the extracted data and docking of the compounds extends

our knowledge of this pocket, and highlights key interactions and

substitution patterns. With the use of molecular dynamics, the flexibility of

the pockets in CCR2, CCR7 and CCR9 was studied. Several key interactions

are identified, and the fundamental role of charged residues in stabilising the

ligands is revealed. The results provide a description of the landscape of
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interaction between small organic molecules and the intracellular pocket in

chemokine receptors, and add to this information by revealing binding poses

and modelling the dynamics of interaction of antagonists with the site.

Finally, TS-PPTIS was leveraged for the calculation of binding rate constants.

Metadynamics was here used in order to compute the binding free energy

landscape of a series of HSP90 inhibitors. The crucial role of shielded hydrogen

bonds is confirmed, showing how they contribute towards strong and long-

lived interaction of the ligands with their target. TS-PPTIS was then used to

compute the transmission coefficient of the system along its binding coordinate,

and the information combined with the metadynamics free energy profile to

yield the kinetic rates.

The power of TS-PPTIS in dealing with diffusive transition regions is shown,

and stems from the ability to independently converge the fluxes through the

interfaces by limiting the simulations to small windows along the binding

coordinate, thus allowing to run the calculations in parallel for the various

windows. Yet, the deviation of the computed kinetic rates from experimental

data shows the complexity of tackling binding kinetics with atomistic

simulations, and highlights the need for the development of optimal collective

variables and the importance of a reliable estimation of the transition state

free energy.

Due to the complexity of the interaction of small-molecule ligands with A2aR

and A1R much work is still necessary to obtain a full picture of the binding

process in order to develop potent and selective compounds. This thesis adds

to the understanding of the multifactorial determinants of selectivity for

ZM241385 and LUF5452, showing how seemingly minor differences in the

ligands can have dramatic effects in the interaction with the binding sites.

Development of molecules that interact with the hydrophobic ECV pocket of

A1R here identified would show its potential for achieving selectivity for the

receptor. Furthermore, extending the computational investigation of the

ligand binding mechanism to the other members of the adenosine receptor
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family, A2BR and A3R, for which X-ray or cryo-EM structures are not yet

available, would provide a more complete understanding of the elements of

selectivity across all four receptors.

The study of the activation landscape of glucagon receptor also raises a number

of questions. Firstly, it is still not known whether the identified mechanism

can apply to other members of the class B of GPCRs. Further, a comparative

computational investigation of activation across class A and class B receptors

may provide a better understanding of common elements of this complex event.

Lastly, modelling the binding process of glucagon, starting from the interaction

with the flexible NTD and ending with the binding in the extracellular site

in the TMD, would complete the picture of the action of the peptide on the

receptor, and likely unveil new avenues for targeting the orthosteric site.

The exploration of intracellular antagonism in chemokine receptors provides

instead a bird’s-eye view of the landscape of interaction between small

molecules and the site. Yet, many targets of intracellular antagonists have

not been crystallised or solved with cryo-EM techniques. Further efforts in

this direction would broaden our view of this picture. Moreover, the study of

the binding process using metadynamics or similar enhanced sampling

methods may provide new information that could contribute to the

development of selective compounds.

The experience with TS-PPTIS reveals a series of hurdles in the calculation

of kinetic rates of binding events. In the future, the use of improved collective

variables and force fields may prove to be beneficial to improving the agreement

with experimental data. The method could also be used to provide useful

insight on binding kinetics in GPCRs, such as A2aR and A2aR, where the

binding process is influenced by extensive interactions with the ECL2, which

plays a role in channelling the ligands to the binding sites.

In conclusion, this work explores crucial elements of GPCRs and the

performance of a number of enhanced sampling MD techniques. The findings

here presented contribute to the understanding of competitive ligand binding
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to the extracellular site of the proteins, as well as of the targeting of

allosteric sites. The investigation of the activation of glucagon receptor

reveals the complexity of the process in these receptors, and describe the

transmission of signalling through their cores. Additionally, strength and

limitations of TS-PPTIS for the prediction of ligand binding kinetic rates

were investigated, showing how it can be used to effectively account for

diffusive transition regions in the binding free energy landscape.
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Appendix A

TS-PPTIS Simulation Data

Data of the TS-PPTIS simulations for the four HSP90 inhibitor follows.
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Errey, Kirstie Bennett, Francesca Deflorian, John A. Christopher, Ali

Jazayeri, Jonathan S. Mason, Miles Congreve, Robert M. Cooke, and

Fiona H. Marshall. Intracellular allosteric antagonism of the CCR9 receptor.

Nature, 540(7633):462–465, dec 2016.

34 Dandan Zhang, Zhan Guo Gao, Kaihua Zhang, Evgeny Kiselev, Steven

Crane, Jiang Wang, Silvia Paoletta, Cuiying Yi, Limin Ma, Wenru Zhang,

Gye Won Han, Hong Liu, Vadim Cherezov, Vsevolod Katritch, Hualiang

Jiang, Raymond C. Stevens, Kenneth A. Jacobson, Qiang Zhao, and Beili

Wu. Two disparate ligand-binding sites in the human P2Y1 receptor.

Nature, 520(7547):317–321, mar 2015.

35 Ankita Srivastava, Jason Yano, Yoshihiko Hirozane, Georgia Kefala, Franz

Gruswitz, Gyorgy Snell, Weston Lane, Anthony Ivetac, Kathleen Aert-

geerts, Jasmine Nguyen, Andy Jennings, and Kengo Okada. High-resolution

structure of the human GPR40 receptor bound to allosteric agonist TAK-

875. Nature, 513(7516):124–127, jul 2014.
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Marco Marenchino, Ramón Campos-Olivas, and Francesco Luigi Gervasio.

Conformational Selection and Induced Fit Mechanisms in the Binding of

190



Bibliography

an Anticancer Drug to the c-Src Kinase. Scientific Reports, 6(1):24439, apr

2016.

126 Susanta Haldar, Federico Comitani, Giorgio Saladino, Christopher Woods,

Marc W. van der Kamp, Adrian J. Mulholland, and Francesco Luigi Gerva-

sio. A Multiscale Simulation Approach to Modeling Drug–Protein Binding

Kinetics. Journal of Chemical Theory and Computation, 14(11):6093–6101,

nov 2018.

127 Peter Schmidtke, Javier F. Luque, James B. Murray, and Xavier Barril.

Shielded hydrogen bonds as structural determinants of binding kinetics:

application in drug design. Journal of the American Chemical Society,

133(46):18903–10, nov 2011.

128 B. J. Alder and T. E. Wainwright. Phase Transition for a Hard Sphere

System. The Journal of Chemical Physics, 27(5):1208–1209, nov 1957.

129 J. Andrew McCammon, Bruce R. Gelin, and Martin Karplus. Dynamics of

folded proteins. Nature, 267(5612):585–590, jun 1977.

130 Jean-Paul Ryckaert, Giovanni Ciccotti, and Herman J.C Berendsen. Nu-

merical integration of the cartesian equations of motion of a system with

constraints: molecular dynamics of n-alkanes. Journal of Computational

Physics, 23(3):327–341, mar 1977.

131 Berk Hess, Henk Bekker, Herman J C Berendsen, and Johannes G E M

Fraaije. LINCS: A linear constraint solver for molecular simulations.

Journal of Computational Chemistry, 18(12):1463–1472, sep 1997.

132 Tom Darden, Darrin York, and Lee Pedersen. Particle mesh Ewald: An

Nlog( N ) method for Ewald sums in large systems. The Journal of Chemical

Physics, 98(12):10089–10092, jun 1993.

133 O.N. de Souza and R.L. Ornstein. Effect of periodic box size on aqueous

191



Bibliography

molecular dynamics simulation of a DNA dodecamer with particle-mesh

Ewald method. Biophysical Journal, 72(6):2395–2397, jun 1997.

134 Per Larsson, Berk Hess, and Erik Lindahl. Algorithm improvements

for molecular dynamics simulations. Wiley Interdisciplinary Reviews:

Computational Molecular Science, 1(1):93–108, jan 2011.

135 P. P. Ewald. Die Berechnung optischer und elektrostatischer Gitterpoten-

tiale. Annalen der Physik, 369(3):253–287, jan 1921.

136 Abdulnour Y. Toukmaji and John A. Board. Ewald summation techniques

in perspective: A survey, jun 1996.

137 Giovanni Bussi, Davide Donadio, and Michele Parrinello. Canonical

sampling through velocity rescaling. The Journal of Chemical Physics,

126(1):014101, jan 2007.

138 Antonija Kuzmanic, Ludovico Sutto, Giorgio Saladino, Angel R Nebreda,

Francesco Luigi Gervasio, and Modesto Orozco. Changes in the free-energy

landscape of p38α MAP kinase through its canonical activation and binding

events as studied by enhanced molecular dynamics simulations. eLife, 6:1–

20, apr 2017.

139 Silvia Lovera, Maria Morando, Encarna Pucheta-Martinez, Jorge L.

Martinez-Torrecuadrada, Giorgio Saladino, and Francesco Luigi Gervasio.

Towards a Molecular Understanding of the Link between Imatinib Resis-

tance and Kinase Conformational Dynamics. PLOS Computational Biology,

11(11):e1004578, nov 2015.

140 Xiaojing Gong, Jichen Li, Chi Guo, Ke Xu, and Hui Yang. Molecular

switch for tuning ions across nanopores by an external electric field.

Nanotechnology, 24(2):025502, jan 2013.

141 Vladimiras Oleinikovas, Giorgio Saladino, Benjamin P. Cossins, and

Francesco Luigi Gervasio. Understanding Cryptic Pocket Formation in

192



Bibliography

Protein Targets by Enhanced Sampling Simulations. Journal of the

American Chemical Society, 138(43):14257–14263, 2016.
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Yann Percherancier, Martin Audet, Hervé Paris, and Michel Bouvier.
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an appropriate choice for fingerprint-based similarity calculations? Journal

of Cheminformatics, 7(1):20, dec 2015.

250 Swarit Jasial, Ye Hu, Martin Vogt, and Jürgen Bajorath. Activity-relevant

similarity values for fingerprints and implications for similarity searching.

F1000Research, 5:591, apr 2016.

251 Guy W. Bemis and Mark A. Murcko. The Properties of Known Drugs. 1.

Molecular Frameworks. Journal of Medicinal Chemistry, 39(15):2887–2893,

jan 1996.

208



Bibliography

252 Richard A. Friesner, Jay L. Banks, Robert B. Murphy, Thomas A. Halgren,

Jasna J. Klicic, Daniel T. Mainz, Matthew P. Repasky, Eric H. Knoll,

Mee Shelley, Jason K. Perry, David E. Shaw, Perry Francis, and Peter S.

Shenkin. Glide: A New Approach for Rapid, Accurate Docking and Scoring.

1. Method and Assessment of Docking Accuracy. Journal of Medicinal

Chemistry, 47(7):1739–1749, mar 2004.

253 Edward Harder, Wolfgang Damm, Jon Maple, Chuanjie Wu, Mark Reboul,

Jin Yu Xiang, Lingle Wang, Dmitry Lupyan, Markus K. Dahlgren,

Jennifer L. Knight, Joseph W. Kaus, David S. Cerutti, Goran Krilov,

William L. Jorgensen, Robert Abel, and Richard A. Friesner. OPLS3: A

Force Field Providing Broad Coverage of Drug-like Small Molecules and

Proteins. Journal of Chemical Theory and Computation, 12(1):281–296,

jan 2016.

254 Kevin J. Bowers, Federico D. Sacerdoti, John K. Salmon, Yibing Shan,

David E. Shaw, Edmond Chow, Huafeng Xu, Ron O. Dror, Michael P.

Eastwood, Brent A. Gregersen, John L. Klepeis, Istvan Kolossvary, and

Mark A. Moraes. Molecular dynamics—Scalable algorithms for molecular

dynamics simulations on commodity clusters. In Proceedings of the 2006

ACM/IEEE conference on Supercomputing - SC ’06, page 84, New York,

New York, USA, 2006. ACM Press.

255 M. Tuckerman, B. J. Berne, and G. J. Martyna. Reversible multiple time

scale molecular dynamics. The Journal of Chemical Physics, 97(3):1990–

2001, aug 1992.

256 Benoist Laurent, Matthieu Chavent, Tristan Cragnolini, Anna Caroline E

Dahl, Samuela Pasquali, Philippe Derreumaux, Mark S.P. Sansom, and

Marc Baaden. Epock: rapid analysis of protein pocket dynamics. Bioinfor-

matics, 31(9):1478–1480, may 2015.

209



Bibliography

257 Joseph B. Kruskal. Multidimensional scaling by optimizing goodness of fit

to a nonmetric hypothesis. Psychometrika, 29(1):1–27, mar 1964.

258 Panayiotis A. Procopiou, Alison J. Ford, Rebecca H. Graves, David A.

Hall, Simon T. Hodgson, Yannick M.L. Lacroix, Deborah Needham, and

Robert J. Slack. Lead optimisation of the N1 substituent of a novel series

of indazole arylsulfonamides as CCR4 antagonists and identification of a

candidate for clinical investigation. Bioorganic & Medicinal Chemistry

Letters, 22(8):2730–2733, apr 2012.

259 Annelien J.M. Zweemer, Julia Bunnik, Margo Veenhuizen, Fabiana Mi-

raglia, Eelke B. Lenselink, Maris Vilums, Henk de Vries, Arthur Gibert,

Stefanie Thiele, Mette M. Rosenkilde, Adriaan P. IJzerman, and Laura H.

Heitman. Discovery and Mapping of an Intracellular Antagonist Bind-

ing Site at the Chemokine Receptor CCR2. Molecular Pharmacology,

86(4):358–368, oct 2014.

260 S Barret Kalindjian, Sanjay V Kadnur, Christopher A Hewson,

Chandregowda Venkateshappa, Suresh Juluri, Rajendra Kristam,

Bheemashankar Kulkarni, Zainuddin Mohammed, Rohit Saxena,

Vellarkad N Viswanadhan, Jayashree Aiyar, and Donna McVey. A

New Series of Orally Bioavailable Chemokine Receptor 9 (CCR9)

Antagonists; Possible Agents for the Treatment of Inflammatory Bowel

Disease. Journal of Medicinal Chemistry, 59(7):3098–3111, apr 2016.

261 Jing Zhang, Jan Romero, Audrey Chan, Jennifer Goss, Sabrina Stucka,

Jason Cross, Brian Chamberlain, Mustafa Varoglu, Haoqun Chandonnet,

Dominic Ryan, and Blaise Lippa. Biarylsulfonamide CCR9 inhibitors for

inflammatory bowel disease. Bioorganic & Medicinal Chemistry Letters,

25(17):3661–3664, sep 2015.

262 Asitha Abeywardane, Gary Caviness, Younggi Choi, Derek Cogan, Amy

Gao, Daniel Goldberg, Alexander Heim-Riether, Debra Jeanfavre, Elliott

210



Bibliography

Klein, Jennifer A. Kowalski, Wang Mao, Craig Miller, Neil Moss, Philip

Ramsden, Ernest Raymond, Donna Skow, Lana Smith-Keenan, Roger J.

Snow, Frank Wu, Jiang-Ping Wu, and Yang Yu. N-Arylsulfonyl-α-

amino carboxamides are potent and selective inhibitors of the chemokine

receptor CCR10 that show efficacy in the murine DNFB model of contact

hypersensitivity. Bioorganic & Medicinal Chemistry Letters, 26(21):5277–

5283, nov 2016.

263 Helen Ha, Bikash Debnath, Srinivas Odde, Tim Bensman, Henry Ho,

Paul M. Beringer, and Nouri Neamati. Discovery of Novel CXCR2 In-

hibitors Using Ligand-Based Pharmacophore Models. Journal of Chemical

Information and Modeling, 55(8):1720–1738, aug 2015.

264 Gaifa Lai, J. Robert Merritt, Zhenmin He, Daming Feng, Jianhua Chao,

Michael F. Czarniecki, Laura L. Rokosz, Tara M. Stauffer, Diane Rindgen,

and Arthur G. Taveras. Synthesis and structure–activity relationships of

new disubstituted phenyl-containing 3,4-diamino-3-cyclobutene-1,2-diones

as CXCR2 receptor antagonists. Bioorganic & Medicinal Chemistry Letters,

18(6):1864–1868, mar 2008.

265 Michael P. Dwyer, Younong Yu, Jianhua Jianping Jianhua Chao, Cynthia

Aki, Jianhua Jianping Jianhua Chao, Purakkattle Biju, Viyyoor Giri-

javallabhan, Diane Rindgen, Richard Bond, Rosemary Mayer-Ezel, James

Jakway, R. William Hipkin, James Fossetta, Waldemar Gonsiorek, Hong

Bian, Xuedong Fan, Carol Terminelli, Jay Fine, Daniel Lundell, J. Robert

Merritt, Laura L. Rokosz, Bernd Kaiser, Ge Li, Wei Wang, Tara Stauffer,

Lynne Ozgur, John Baldwin, and Arthur G. Taveras. Discovery of 2-

Hydroxy- N , N -dimethyl-3-2-[[( R )-1-(5- methylfuran-2-yl)propyl]amino]-

3,4-dioxocyclobut-1-enylaminobenzamide (SCH 527123): A Potent, Orally

Bioavailable CXCR2/CXCR1 Receptor Antagonist. Journal of Medicinal

Chemistry, 49(26):7603–7606, dec 2006.

266 J. Robert Merritt, Laura L. Rokosz, Kingsley H. Nelson, Bernd Kaiser,

211



Bibliography

Wei Wang, Tara M. Stauffer, Lynne E. Ozgur, Adriane Schilling, Ge Li,

John J. Baldwin, Arthur G. Taveras, Michael P. Dwyer, and Jianping Chao.

Synthesis and structure–activity relationships of 3,4-diaminocyclobut-3-

ene-1,2-dione CXCR2 antagonists. Bioorganic & Medicinal Chemistry

Letters, 16(15):4107–4110, aug 2006.

267 Ian Storer, Caroline Aciro, and Lyn H. Jones. Squaramides: physical prop-

erties, synthesis and applications. Chemical Society Reviews, 40(5):2330,

may 2011.

268 Purakkattle Biju, Arthur Taveras, Younong Yu, Junying Zheng, Jianhua

Chao, Diane Rindgen, James Jakway, R. William Hipkin, James Fossetta,

Xuedong Fan, Jay Fine, Hongchen Qiu, J. Robert Merritt, and John J.

Baldwin. 3,4-Diamino-2,5-thiadiazole-1-oxides as potent CXCR2/CXCR1

antagonists. Bioorganic & Medicinal Chemistry Letters, 18(1):228–231, jan

2008.

269 Bhaumik A Pandya, Christian Baber, Audrey Chan, Brian Chamberlain,

Haoqun Chandonnet, Jennifer Goss, Timothy Hopper, Blaise Lippa,

Katherine Poutsiaka, Jan Romero, Sabrina Stucka, Mustafa Varoglu, Jing

Zhang, and Xin Zhang. Discovery of indole inhibitors of chemokine receptor

9 (CCR9). Bioorganic & Medicinal Chemistry Letters, 26(14):3322–3325,

jul 2016.

270 Michael P. Winters, Carl Crysler, Nalin Subasinghe, Declan Ryan, Lynette

Leong, Shuyuan Zhao, Robert Donatelli, Edward Yurkow, Marie Mazzulla,

Lisa Boczon, Carl L. Manthey, Christopher Molloy, Holly Raymond, Lynne

Murray, Laura McAlonan, and Bruce Tomczuk. Carboxylic acid bioisosteres

acylsulfonamides, acylsulfamides, and sulfonylureas as novel antagonists

of the CXCR2 receptor. Bioorganic & Medicinal Chemistry Letters,

18(6):1926–1930, mar 2008.

271 Sofia Karlström, Gunnar Nordvall, Daniel Sohn, Andreas Hettman, Do-

212



Bibliography

minika Turek, Kristofer hlin, Annika Kers, Martina Claesson, Can Slivo,

Yvonne Lo-Alfredsson, Carl Petersson, Galina Bessidskaia, Per H. Svensson,

Tobias Rein, Eva Jerning, sa Malmberg, Charlotte Ahlgen, Colin Ray,

Lauri Vares, Vladimir Ivanov, and Rolf Johansson. Substituted 7-Amino-

5-thio-thiazolo[4,5- d ]pyrimidines as Potent and Selective Antagonists of

the Fractalkine Receptor (CX 3 CR1). Journal of Medicinal Chemistry,

56(8):3177–3190, apr 2013.

272 Iain Walters, Caroline Austin, Rupert Austin, Roger Bonnert, Peter Cage,

Mark Christie, Mark Ebden, Stuart Gardiner, Caroline Grahames, Steven

Hill, Fraser Hunt, Robert Jewell, Shirley Lewis, Iain Martin, David Nicholls,

and David Robinson. Evaluation of a series of bicyclic CXCR2 antagonists.

Bioorganic & Medicinal Chemistry Letters, 18(2):798–803, jan 2008.

273 Qi Jin, Hong Nie, Brent W. McCleland, Katherine L. Widdowson,

Michael R. Palovich, John D. Elliott, Richard M. Goodman, Miriam

Burman, Henry M. Sarau, Keith W. Ward, Melanie Nord, Bonnie M. Orr,

Peter D. Gorycki, and Jakob Busch-Petersen. Discovery of potent and

orally bioavailable N,N’-diarylurea antagonists for the CXCR2 chemokine

receptor. Bioorganic & Medicinal Chemistry Letters, 14(17):4375–4378, sep

2004.

274 Brent W. McCleland, Roderick S. Davis, Michael R. Palovich, Kather-

ine L. Widdowson, Michelle L. Werner, Miriam Burman, James J. Foley,

Dulcie B. Schmidt, Henry M. Sarau, Martin Rogers, Kevin L. Salyers,

Peter D. Gorycki, Theresa J. Roethke, Gary J. Stelman, Leonard M.

Azzarano, Keith W. Ward, and Jakob Busch-Petersen. Comparison of

N,N’-diarylsquaramides and N,N’-diarylureas as antagonists of the CXCR2

chemokine receptor. Bioorganic & Medicinal Chemistry Letters, 17(6):1713–

1717, mar 2007.

275 Heng Xu, Hongfu Lu, Zhongmiao Xu, Linbo Luan, Chengyong Li, Yan

Xu, Kelly Dong, Jinqiang Zhang, Xiong Li, Yvonne Li, Gentao Liu,

213



Bibliography

Sophie Gong, Yong-Gang Zhao, Ailian Liu, Yueting Zhang, Wei Zhang,

Xin Cai, Jia-Ning Xiang, John D. Elliott, and Xichen Lin. Discovery of

CNS Penetrant CXCR2 Antagonists for the Potential Treatment of CNS

Demyelinating Disorders. ACS Medicinal Chemistry Letters, 7(4):397–402,

apr 2016.

276 Yonghui Wang, Jakob Busch-Petersen, Feng Wang, Lanping Ma, Wei

Fu, Jeffrey K. Kerns, Jian Jin, Michael R. Palovich, Jing-Kang Shen,

Miriam Burman, James J. Foley, Dulcie B. Schmidt, Gerald E. Hunsberger,

Henry M. Sarau, and Katherine L. Widdowson. 3-Arylamino-2H-1,2,4-

benzothiadiazin-5-ol 1,1-dioxides as novel and selective CXCR2 antagonists.

Bioorganic & Medicinal Chemistry Letters, 17(14):3864–3867, jul 2007.

277 Brian W. Dymock, Xavier Barril, Paul A. Brough, Julie E. Cansfield,

Andrew Massey, Edward McDonald, Roderick E. Hubbard, Allan Surgenor,

Stephen D. Roughley, Paul Webb, Paul Workman, Lisa Wright, and

Martin J. Drysdale. Novel, Potent Small-Molecule Inhibitors of the

Molecular Chaperone Hsp90 Discovered through Structure-Based Design.

Journal of Medicinal Chemistry, 48(13):4212–4215, jun 2005.

278 Stefano Piana, Alexander G. Donchev, Paul Robustelli, and David E. Shaw.

Water Dispersion Interactions Strongly Influence Simulated Structural

Properties of Disordered Protein States. The Journal of Physical Chemistry

B, 119(16):5113–5123, apr 2015.

279 Luca Mollica, Sergio Decherchi, Syeda Rehana Zia, Roberto Gaspari,

Andrea Cavalli, and Walter Rocchia. Kinetics of protein-ligand unbinding

via smoothed potential molecular dynamics simulations. Scientific Reports,

5(1):11539, sep 2015.

280 Paul Robustelli, Stefano Piana, and David E. Shaw. Developing a

molecular dynamics force field for both folded and disordered protein states.

214



Bibliography

Proceedings of the National Academy of Sciences, 115(21):E4758–E4766,

may 2018.

281 William Humphrey, Andrew Dalke, and Klaus Schulten. VMD: Visual

molecular dynamics. Journal of Molecular Graphics, 14(1):33–38, feb 1996.

282 Helmut Grubmüller, Berthold Heymann, and Paul Tavan. Ligand Binding:

Molecular Mechanics Calculation of the Streptavidin-Biotin Rupture Force.

Science, 271(5251):997–999, feb 1996.

283 Davide Provasi. Ligand-Binding Calculations with Metadynamics. In Mas-

similiano Bonomi and Carlo Camilloni, editors, Biomolecular Simulations,

chapter 10. Humana Press, 2019.

284 Davide Branduardi, Francesco Luigi Gervasio, and Michele Parrinello. From

A to B in free energy space. Journal of Chemical Physics, 126(5), 2007.

285 William Sinko, Yinglong Miao, César Augusto F. De Oliveira, and

J. Andrew McCammon. Population based reweighting of scaled molecular

dynamics. Journal of Physical Chemistry B, 117(42):12759–12768, 2013.

215


	List of Figures
	List of Tables
	Introduction
	GPCRs
	Motivation for this Work
	Residue Numbering in GPCRs

	Adenosine Receptors
	Glucagon Receptor
	Chemokine Receptors
	Ligand Binding Kinetics in the Discovery Pipeline

	Methods
	Molecular Dynamics
	The Algorithm
	Force Fields
	Periodic Boundary Conditions
	Temperature and Pressure
	Enhancing the Sampling

	Metadynamics
	Well-Tempered Metadynamics
	Parallel Tempering
	Well-Tempered Ensemble
	Multiple Walkers
	Funnel-like Restraint
	Reweighting

	Transition State-Partial Path Transition Interface Sampling

	Understanding Ligand Binding Selectivity in A1 and A2a Adenosine Receptors
	Simulation Details
	Results and Discussion
	Interaction of the Ligands with the Binding Sites
	Binding Free Energy Landscapes
	Binding Pathways

	Conclusions

	A Combined Activation Mechanism for the Glucagon Receptor
	Simulation Details
	Results and Discussion
	Glucagon Receptor Activation
	Gs Protein Coupling

	Conclusions

	Intracellular Allosteric Antagonism in Chemokine Receptors
	The Intracellular Pocket In Chemokine Receptors
	Computational Details
	Data Mining of ChEMBL and Reaxys Databases
	Molecular Dynamics

	Results and Discussion
	Data Mining of Putative Intracellular Allosteric Binders
	Binding Modes of Putative CCR2, CCR7 and CCR9 Intracellular Antagonists
	Molecular Dynamics of Chemokine Receptors

	Conclusions

	Predicting Ligand Binding Kinetics with TS-PPTIS
	Simulation Details
	Metadynamics and Unbiased Molecular Dynamics
	TS-PPTIS

	Results and Discussion
	Binding Free Energy Landscapes
	Binding Kinetic Rates from TS-PPTIS
	Comparison With Other Works

	Conclusions

	Conclusions
	Appendix TS-PPTIS Simulation Data
	Bibliography

