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Abstract
G protein-coupled receptors (GPCRs) are integral membrane protein characterized by a seven trans-
membrane scaffold. They are involved in the regulation of several cellular downstream pathways, and
they are the target of more than one third of the current available drugs on the market. Among
GPCRs, dopamine D2 represents the main target of both first- and second-generation antipsychotic
drugs used to treat several neurological disorders, such as schizophrenia and Parkinson’s disease. In
cells, D2 can exist as a monomer, dimer, or higher-order oligomer. The presence of agonists or antago-
nists affects dimer formation; in particular, the proportion of D2 dimers increases from approximately
30% to 45% upon agonist activation. To date, no experimental structural information on D2 dimers
has been available.

Here, I developed a computational protocol that combines coarse-grained molecular dynamics sim-
ulations based on the Martini 3 force field combined with well-tempered metadynamics enhanced sam-
pling to predict the structural determinants of D2 dimerization. My simulations are consistent with
experimental observations and show that the protocol is sensitive not only to the activation state of the
receptors, but also to the lipid membrane composition, which plays a crucial role in receptor signaling
and membrane transport.

This approach can naturally be extended to D2 hetero-oligomers and other membrane protein com-
plexes, such as those involving the adenosine A2 receptor, with which it shares an intimate interaction.

Overall, my results provide a structural framework and a computational strategy that may serve as
a solid basis for structure-based drug design targeting membrane receptor complexes.
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Kurzfassung
G-Protein-gekoppelte Rezeptoren (GPCRs) sind integrale Membranproteine, die durch ein Gerüst aus
sieben Transmembrandomänen charakterisiert sind. Sie sind an der Regulation zahlreicher intrazel-
lulärer Signalwege beteiligt und stellen das Ziel von mehr als einem Drittel der derzeit verfügbaren
Medikamente auf dem Markt dar. Unter den GPCRs ist der Dopamin-D2-Rezeptor das Hauptziel
sowohl der Antipsychotika der ersten als auch der zweiten Generation, die zur Behandlung verschiedener
neurologischer Erkrankungen wie Schizophrenie und Morbus Parkinson eingesetzt werden. In Zellen
kann D2 als Monomer, Dimer oder höhergeordnetes Oligomer vorkommen. Das Vorhandensein von Ag-
onisten oder Antagonisten beeinflusst die Dimerbildung; insbesondere steigt der Anteil der D2-Dimere
bei Agonistenaktivierung von etwa 30% auf 45%. Bisher lagen keine experimentellen Strukturdaten zu
D2-Dimeren vor.

In dieser Arbeit habe ich ein rechnergestütztes Protokoll entwickelt, das grobkörnige Molekulardynamik-
Simulationen auf der Grundlage des Martini-3-Kraftfelds mit Well-Tempered-Metadynamics-Enhanced-
Sampling kombiniert, um die strukturellen Determinanten der D2-Dimerisierung vorherzusagen. Meine
Simulationen stimmen mit experimentellen Beobachtungen überein und zeigen, dass das Protokoll nicht
nur gegenüber dem Aktivierungszustand der Rezeptoren empfindlich ist, sondern auch gegenüber der
Zusammensetzung der Lipidmembran, die eine entscheidende Rolle bei der Rezeptorsignalisierung und
dem Membrantransport spielt.

Dieser Ansatz lässt sich auf D2-Heterooligomere und andere Membranproteinkomplexe, wie etwa
solche mit dem Adenosin-A2-Rezeptor, mit dem D2 eng interagiert, natürlich erweitern.

Insgesamt liefern meine Ergebnisse einen strukturellen Rahmen und eine rechnergestützte Strategie,
die als solide Grundlage für das strukturbasierte Wirkstoffdesign gegen Membranrezeptorkomplexe
dienen kann.
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Introduction

G-protein-coupled receptors (GPCRs) are integral membrane proteins composed of seven transmem-
brane helices. Class A GPCRs are known to exert their own function as monomers, but emerging evi-
dence suggests that GPCRs can form also transient dimers or higher-order oligomers, possibly impacting
on cellular functions. This thesis is a contribution to understand the homodimerization mechanisms of
one neuroreceptors, Dopamine D2 (D2) - protein highly expressed in the brain that plays pivotal roles
in neurodegenerative diseases like Parkinson’s disease and schizophrenia. Using advanced molecular
dynamics and enhanced sampling techniques, this work aims to capture potential dimer configurations,
providing structures and the ground basis for future experimental validation, drug discovery studies,
and kinetic and thermodynamic studies.

Chapter 1 begins with an overview of the GPCRs GRAFS classification system and the classical
activation pathway of class A GPCRs. The second section focuses on the dopaminergic system (encom-
passing the D1, D2, D3, D4, and D5, with the D1-D5 belonging to the D1-like class, and the rest to the
D2-like class) in the human brain, emphasizing the importance of D2 as a main target of antipsychotics.
The third section examines A2 and D2 homodimerization, highlighting how the activation of the re-
ceptor induced by a molecule (generally a drug) can modify oligomerization and impact the dimer’s
stability in the brain. Finally, the chapter explores the heterodimerization of D2 and A2, highlighting
its influence on regulating canonical and allosteric pathways of these GPCRs.

Chapter 2 starts explaining the methods employed in this thesis. The first section focuses on homol-
ogy modeling, outlining the steps from sequence alignment and template selection to model refinement
and quality assessment for D2 and A2 receptors. This is followed by an explanation of classical molec-
ular dynamics principles, such as periodic boundary conditions, thermostats, barostats, and the nu-
merical integration of Newton’s equations of motion. The next section explains the enhanced sampling
methodology used in this study to describe and capture association and dissociation events, specifi-
cally well-tempered metadynamics. The final sections of the chapter examine the recently developed
coarsegrained (CG) Martini 3 force field, which was utilized for simulations and structural detection of
the dimer. This section outlines the benefit of using the CG Martini 3 force-field, and also this chapter
discusses bead radii and interactions, elastic networks, the use of insane for embedding protein in the
membrane, bonded and non-bonded parameters, and the backmapping procedure to recover atomistic
structures. Lastly, the chapter highlights the future applications of the Martini 3 force-field, such as
detecting cryptic pockets, targeting protein-protein interactions (PPIs), describing soft nanoparticles,
and identifying protein binding pockets embedded within membrane bilayers.

Chapter 3 describes the Coarse-grained Molecular Dyanmics (CGMD) Platform. This platform is
a web-server that aims to prepare and describe CG simulations via different type of analysis, such as
Root-Mean Square Deviation (RMSD), temperature, pressure, volume, by using either of the following
two force-fields: the Martini 2.2 and the Southamerican Initiative for a Rapid and Accurate Hamiltonian
(SIRAH). The CGMD Platform possesses a on-the-fly documentation through which the user can be
documented at each step of the preparation of the system. To the best of my knowdlege, this is the first
web platform that embrace these two force-field in one practical web-interface. The protocol presented
in Chapter 4 will be implemented in the next future on this web platform and extended to all users
around the globe.

Chapter 4 presents the protocol utilized in this thesis. Unlike other computational protocols found
in the literature, the approach developed here leverages on two main features: it does not rely on
prior knowledge of the target final complex - namely it is a "blind protocol":, and it
simultaneously accounts for the membrane environment, taking into account interactions
formed between the protein complexes and the membrane itself. The protocol can be divided
in two different macro modules: Well-tempered metadynamics and unbiased simulations modules. The
first module exhibits the tuning used for the two CVs used to push on the slow modes of the system,



xx List of Tables

namely the distance of the center of masses between the two subunits on the membrane and the number
of contacts of the transmembrane region of the helices of the GPCRs. The first module continues by
showing the process of clusterization, detailing how structures are selected and the multiple criteria
exploited to retrieve the most appropriate configurations. The second module examinates properties
evaluated on the structures collected from the first module. To evaluate the stability of the quaternary
complex of the formed structure, analysis of the contacts at its interface and sourrunding annular
lipid are performed. Also calculation of Volume and Solvent Accessible Surface Area (SASA) are
conducted on the orthosteric binding cavities and vestibular binding cavities of the dimer and monomer
to evaluate the impact of dimerization: this analysis is important to determine the ground basis for
future pharmaphocore design, as well as kinetic and thermodynamic calculations. All these analysis
have been conducted on the unbiased 40 µs CG simulations on the structures extracted after the first
module. Finally, this chapter concludes by showing the two membranes used in my simulations, namely
the Central Nervous System (CNS) and the cholesterol Enriched (CHOL Enriched) membrane.

Chapter 5 shows the results obtained by my protocol run on the D2 receptor homodimers in the two
different membrane environments explained in the previous chapter. The most significant aspect of
this work is demonstrating that this protocol can generate structures with specific struc-
tural determinants, featuring, in particular, TM4 and TM6 as signature helices, consistent
with experimental findings across two distinct membrane environments. Moreover, lipid im-
pact on the structures is evaluated, highlighting the impact of CHOL and other lipids sorrounding the
subunits of the dimer.
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Chapter 1

Biological background

1.1 G-protein Coupled receptor: introduction and classification
according to the GRAFS system

G-protein coupled receptors (GPCRs) are membrane proteins characterized by a seven transmembrane
spanning architecture, with the N-terminus facing the extracellular space and the C-terminus oriented
towards the cytosol (Figure 1.1). They represent one of the largest protein families in the mammalian
genome[1, 2, 3, 4]. GPCRs form the largest family of membrane proteins and play a key role in
mediating a myriad of cellular responses to hormones and neurotransmitters[5, 6]. They are also
essential for functions such as vision, smell, and taste[5, 6]. GPCRs are associated with a plethora of
cardiovascular and neurological diseaseas, such as Alzheimer’s disease (AD), type 2 diabetes, obesity,
depression, and cancer[2].

Figure 1.1: GPCR seven transmembrane spanning architecture connected by three extracellular (ECL1,
ECL2, and ECL3) and intracellular (ICL1, ICL2, and ICL3) loops. The N-terminus is exposed in the
extracellular space, while the C-terminus is located in the cytosol. The H8 helix has an amphipathic
character. Numbering scheme referes to the alpha-helix. Membrane (in light yellow) separates the
Extracellular space from the Intracellular space (cytosol).

According to the most recent classification system - GRAFS[7] - GPCRs can be divided in five
classes: A (Rhodopsin-like), B1 (Secretin), B2 (Adhesion), C (Glutamate), and F (Frizzled) (See Fig
1.2)[2].
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Figure 1.2: GPCRs classes classified accordingly to the GRAFS system[7]. In the upper plot, the
number and different classes of GPCRs are indicated; in the lower plot, an overview is provided of the
subgroups into which classes F and C are divided.

1.1.1 Class A
Class A GPCRs, constituting the largest group among GPCRs with 719 members are also referred
to as the "rhodopsin-like family"[2, 8]. Class A is subdivided into multiple categories, including pep-
tides, proteins, orphan receptors, lipids, steroids, aminergic receptors, sensory receptors, melatonin
receptors, nucleotide receptors, and aliphatic acid receptors[2]. They are consituted by an extracellu-
lar N-terminal, a common seven transmembrane helices pattern and an additional eighth amphiphilic
helix with a palmitoylated Cys at the C-terminal[8]. The C-ter Cys is an important post-translational
modification implicated in various roles, including dimerization[9]. Around 700 drugs targeting class
A GPCRs are currently available on the market, and many of them display multiple receptor tar-
get[10]. These drugs are used against a wide range of disorders, such as glaucoma, analgesics, allergies,
cardiovascular diseases, schizophrenia, hypertension, pulmonary diseases, depression, migraine, and
Parkinson’s disease (PD)[2]. It is also important to underline that sensory and alicarboxylic acid re-
ceptors (which represents a minority of this class, only the 6% of it) possess a significant therapeutic
potential[2]. Notably, prostanoid, chemokine, and melanocortin receptors collectively entail over 8% of
clinical trial targets within class A[2].
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1.1.2 Class B (B1 and B2)
This class of GPCRs is differentiated into two distinct subfamilies: secretin (B1) and adhesion (B2),
containing 15 and 33 members, respectively[7]. The first subfamily is characterized by a large N-
terminal domain protruded to the extracellular side and binds a different variety of ligands: peptides,
hormones, and growth factors. Cryo-EM technique have so far resolved the B1 receptor structures
in their agonist-bound states, all stabilized through approaches such as Nb35, dominant-negative Gs
protein, or NanoBiT tethering[11, 12, 13]. The only exception is represented by the glucagon receptor
(GCGR)–Gi protein complex[11]. The B2 subfamily is identified by its adhesion and migration prop-
erties and consists of nine subgroups distinguished by a singular N-terminal motif, such as epidermal
growth factor, cadherin, and immunoglobulin domains[2]. Additionally, the B2 subfamily is peculiar for
its autoproteolysis-inducing domain and proteolysis site, both mediating the activation via a Stachel
sequence, resulting in the production of N-terminal fragment (NTF) and C-terminal fragment (CTF)[2].

1.1.3 Class C
Class C (also known as glutamate receptor class) encompasses 22 receptors divided into 5 subfamilies:
8 metabotropic glutamate receptors (mGluR1–8), 8 orphan GPCRs, 3 taste 1 receptors (TS1R1–3), 2
gamma-aminobutyric acid (GABA) type B receptors (GABAB1 and GABAB2), and 1 calcium-sensing
receptor (CaSR). The glutamate subfamily presents a large extracellular domain (ECD) and they re-
quire dimer constitution to initiate receptor activation[2, 14]. Two conserved structural determinants
belong to the ECD, namely the venus fly trap (VFT) and cysteine-rich domain (CRD) on the ligand
binding site[2]. Key examples of class C GPCRs include mGluRs and GABAB receptors, which mod-
ulate synaptic transmission in the CNS, crucial for learning, memory, and neuroplasticity[15]. CaSR
plays a vital role in maintaining calcium balance and regulating parathyroid hormone (PTH) secre-
tion[16]. Moreover, taste receptors detect sweet and umami flavors, contributing to metabolic regulation
and taste perception[17]. These receptors are also involved for therapeutic applications due to their
involvement in crucial physiological pathways[18].

1.1.4 Class F
Ten members of this class are Frizzled receptors (FZD1–10), which facilitate Wnt signaling and are
the key for both embryonic development and the function of adult organisms[2]. The eleventh member
of this class, namely the smoothened (SMO) receptor, has been approved as a drug target, with its
small molecule antagonists authorized as anti-neoplastic agents[2]. Class F GPCRs regulate several
processes, such as cellular polarity, migration, and adult tissue homeostasis[19].

1.2 Role of GPCRs, activation/deactivation mechanisms, and
drug targeting

GPCRs are crucial in mediating the majority of physiological responses to a plethora of molecules:
neurotransmitters, amines, carbohydrates, lipids, odors, photon, hormones, and other stimuli coming
from outside[2, 5, 20, 21]. The general mechanism of activation of a GPCR can be delineated into
three key stages: (i) interaction with an agonist1, (ii) induction of a receptor conformational change
(also known as receptor dynamics[21]), and (iii) subsequent activation of a heterotrimeric G-protein.
The GPCRs ligand-bound complexes promote and catalyze the exchange of GTP for GDP from the
Gα subunit[23]. When bound to GTP (present within the cell in high concentrations), Gα dissociates
from Gβγ , allowing Gα and Gβγ to independently trigger intracellular signaling processes[5, 20, 21, 24]
(Figure 1.3). At this point, activated GPCRs would transmit signals downstream in the cell without
any interruption[24]. Therefore, the mechanism interrupting this signaling process is driven by a C-
terminal phosphorylation event, induced by G-protein-coupled receptor kinases (GRKs). As a result,
this phosphorylation regulates the binding affinity of β-arrestin, leading to receptor desensitization
via a plethora of mechanisms, such as clathrin-mediated endocytosis, steric hindrance, and receptor
ubiquitination[24]. The GPCR-arrestin bound complex operates as a platform for over twenty different

1Agonists are molecules characterized by both affinity and intrinsic efficacy, which induce a physiological response
downstream in the cell. In contrast, antagonists molecules exhibit affinity for receptors but lack intrinsic efficacy, thus
failing to elicit a biological response (22).
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kinases, including mitogen-activated protein MAP kinases (MAPK), ERK1/2, c-Jun N-terminal and
p38 kinases: this complex triggers activating G-protein-independent signaling pathways[24].

Figure 1.3: Classical activation pathway mechanism of a GPCR. When an agonist binds the the canon-
ical binding site (box and 1) of the GPCR, the protein undergoes to a conformational change that
promotes the recruiment of the G-protein (2). The activation of the receptor triggers the allosteric
activation of the G-protein, fostering the exchange from GDP to GTP via phosphorilation within the
Gα subunit (2). At this point, Gα dissociates from the βγ: the Gα interacts with the Adenylyl cyclase
(3), the Gβγ migrates and modulates other proteins, such as an ion channel (4)[20, 24].

About 35%-50% of the currently available drugs on the market target GPCRs[3, 6, 24, 25, 26].
The European Medicines Agency (EMA) and the Food and Drug Administration (FDA) have ap-
proved more than 500 drugs targeting 110-130 distinct GPCRs, predominantly class A GPCRs, such
as aminergic and opioid receptors[25]. It is not surprising that class A GPCRs, among which the
Dopamine D2 and Adenosine A2 receptors presented in the section 1.3 and 1.6, respectively, are the
primary targets for pharmaceutical companies, considering their accessibility and pivotal role in a large
variety of disorders[27]. Indeed, several pharmacological drugs target the dopamineric system, as it
has been associated with several neuronal diseases (ND), such as PD, Huntington’s disease (HD), and
schizophrenia[28, 29].

1.3 The Dopamine D2 receptor
In the human brain and peripheral nervous system, five dopamine receptors (D1, D2, D3, D4, and D5)
have been discovered[29, 30]. These receptors are essential for regulating all physiological functions
involving the catecholamine dopamine[29]. Dopamine is an endogenous monoamine neurotransmitter
produced in different areas of the brain and is involved in various brain functions, such as reward,
metabolism, and hormonal secretion[28, 30, 31, 32, 33]. Dopaminergic system is also associated with
the pathogenesis of several ND, such PD, schizophrenia, depression, and attention deficit hyperactivity
disorder (ADHD)[28, 34]. Dopamine receptors can be further differentiated in two classes, accordingly
to the signalling downstream, position and pharmacology[30]: the D1-class (encompassing D1-D5) and
the D2-class (entailing the D2, D3, and D4 instead)[29].
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Figure 1.4: Topology of the Dopamine D2 receptor. The scheme was obtained by Protter[35].

The D2 receptor is a ∼ 50 KDa single chain protein located in different areas of the midbrain, such as
the Substantia nigra pars compacta or ventral tegmental area, but also in other regions such as cerebral
cortex and nucleus accumbens[30, 33, 36]. D2 can also be expressed in other tissues, such as kidney
or heart[36]. D2 exhibits three isorforms: two D2L and one D2S2[37]. The first isoform (see topology
in Fig 1.4) sequence accounts for 443 amino acids with the C-terminus CYS4433 palmitoylated. D2
presents a long intracellular loop 3 (ICL3) that extends in the cytosol from ILE214 to GLN373, for a
total of 159 residues. D2 contains also two intracellular disulfide bonds. The first bond measures 2.03
Å and it is established between CYS107 on extracellular loop 1 (ECL1) and CYS182 on ECL2. The
second bond measures 2.04 Å and connects CYS399 and CYS401, both located on ECL3[28, 37]. D2
is the main target of the antipsychotic drugs[28].

Antipsychotics can be divided in two main categories: typical and atypical[28]. Typical antipsy-
chotics or first-generation antipsychotic drugs (FGA) primarily target the D2, blocking it at the nigros-
triatal and mesolimbic levels[38]. While very successful in treating ND like schizophrenia by blocking
the dopamine D2 pathways, FGA drugs are associated with numerous side effects, including EPS[30,
38]. These side effects rise because of the excessive blockade of the D2[38]. On the other hand, with
the aim of mitigating the negative symptoms associated with first-generation antipsychotics (FGAs),
atypical antipsychotics, also known as second-generation antipsychotic drugs (SGAs), exert antagonis-
tic activity not only at D2 receptors but also at other neurotransmitter receptors, such as the serotonin
5-HT2A receptor (Table 1.1)[30, 39].

SGA drugs help reduce the EPS induced by typical antipsychotics; however, other adverse effects
may arise due to their non-specific binding to various class A aminergic receptors, such as the serotonin
5-HT2C receptor [30]. For the sake of clarity, it is worth briefly mentioning third-generation antipsy-
chotics (TGAs), whose main innovation lies in their mechanism of action as partial agonists, such as

2L = long; S = short.
3I will use the three-letter amino acids code in this thesis.



8 Chapter 1. Biological background

lurasidone, cariprazine, brexpiprazole, and aripiprazole[40]. Ricci and colleagues emphasize that while
TGAs are promising for psychotic disorders, they may not adequately address cognitive and compulsive
symptoms often seen in drug abuse cases. Additionally, these TGAs may have limited effectiveness and
cause several side effects, such as metabolic dysfunction and tardive dyskinesia. This uncertainty is
due to their very recent introduction[40].

First Generation Antipsychotics Second Generation Antipsychotics
D2 antagonism 5-HT2A/D2 antagonism, Fast Koff

Reduction of positive syntoms Reduction of EPS
Increase Risk of neurodiseases Increase risk of metabolic diseases

Table 1.1: Summary of the mechanism of action, propensities and adverse effects for FGA and SGA.
Table adapted from[41].

1.4 Structural differences between the inactive and activate state
of the D2

The inactive structure (RCSB PDB: 6CM4[28]) of the D2 is a crystal structure (resolution 2.89 Å)
bound to the risperidone, a SGA drug. The tetrahydropyridopyrimidinone moiety of risperidone (Figure
1.6) is oriented approximately perpendicular within the D2 main pocket due to the interaction with
three hydrophobic residues, two located in the extracellular loops and the other one at level of helix
24: Trp100ECL1, Ile184ECL2, and Leu942.64 (Figure 1.5)[28]. The peculiar embedded configuration of
Trp100ECL1 onto the extended binding pocket (EBP) is governed by the electronic density generated
by the hydrophobic patch of these three amino acids[28].

Figure 1.5: The hydrophobic cage that entraps the antagonist within the binding cavity interacting
with the tetrahydropyridopyrimidinone moiety[28].

Secondly, the tertiary amine is positevely charged, and interacts with the two oxigens of Asp1143.32,
forming an salt bridge that stabilizes the interaction in the binary complex risperidone-receptor (Fig-
ure 1.6)[28]. Eventually, the benzisoxazole moiety of risperidone is profoundly embedded at the bot-
tom of the orthosteric binding cavity and it forges direct hydrophobic interactions with the toggle
switch residue Trp3866.48 besides other residues, such as Cys1183.36, Thr1193.37, Ser1975.46, Phe1985.47,
Phe3826.44, and Phe3906.52. This engagement network restricts the downward motion of Trp3866.48,
resulting in the constraining of the receptor in its inactive state[28, 43].

4The following nomenclature follows the Ballesteros–Weinstein numbering scheme (42).
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Figure 1.6: The antipshychotic risperidone bound to the D2 in its inactive state[28]. Risperidone can
be largely divided in two big moieties, namely the tetrahydropyridopyrimidinone moiety (pale yellow)
and the benzisoxazole moiety (pale green).

The activated structure (RCSB PDB: 7JVR[43]) is a 2.80 Å cryo-EM structure bound to a non-
selective full agonist: the bromocriptine. The combined hydrophobic interactions between the bromocrip-
tine and Trp3866.48 induce a downward movement of the activation switch residue Trp3866.48. This
motion propagates three conformational changes: one involving Arg1323.50 in the DRY motif, another
involving Trp4036.44 in the PIF motif, and eventually a third inward motion of TM7[43]. These changes
lead to the disruption of the ionic lock interaction established between Arg1323.50 and Asp3896.30, par-
ticularly known for stabilizing the inactive state of the receptor. This cleavage, in turn, cause an
outward shift of 9 Å in the intracellular part of TM6[43]. This orchestrated movement promotes the
receptor to an activated state upon insertion of the α helix of Gαi into the transmembrane cavity
(Figure 1.7)[43]. This activation pattern mechanism mirrors that observed in other class A GPCRs[43].

Figure 1.7: Alignment of the D2 active state (depicted in pink) and the D2 inactive state (depicted in
blue). All ligands and crystallographic waters have been removed from the picture. The Root-Mean
square deviation (RMSD) of the alignment resulted in 1.65 Å. The alignment and the RMSD value
have been calculated with PyMOL[44].
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1.5 The Role of the Sodium Ion in the stabilization of the inac-
tive configuration

The effect of sodium ions has been documented since last century. In class A GPCRs, these ions induce
stabilization of the receptor’s inactive conformation[45]. This phenomenon is far from being isolated
and indeed it has been observed across a wide array of class A GPCRs and is highly conserved owing to
the Asp2.50 residue, which, in tandem with the Ser3.39, coordinates the sodium ion[45]. This concerted
action forms the so-called ionic lock. The first crystallographic evidence came out with the structure
of the A2A adenosine receptor, and subsequent structures of the β1-adrenergic have revealed the same
ion in the exact position, corroborating its role of "stabileizer" in the antagonistic state. However,
the pocket that accommodates the sodium ion is not identical across all class A GPCRs. Structural
differences can be observed, for example, among the A2A adenosine, β1-adrenergic receptors and the
opioid receptors, resulting in distinct patterns for sodium coordination[45]. The key residue assortment
involved in Na+ binding for class A GPCR that do not belong to the olfactory receptors pool are
largely determined by seven conserved polar residues: Asp2.50 (90% conserved), Ser3.39 (75%), Asn1.50

(97%), Ser7.46 (66% as Ser and 75% as any polar side chain), Asn7.45 (70% as Asn or 90% as any polar
side chain), Asn7.49 (75% as Asn , 20% as Asp), and Tyr7.53 (89% as Tyr)[45]. The polarity of these
residues critically influences both sodium affinity and coordination mode[45]. To preserve the inactive
conformation of a class A GPCR, an antagonist typically binds to the orthosteric site. Ligands resolved
by X-ray crystallography - such as risperidone, eticlopride, and nemonapride - exhibit limited selectivity
among the closely related D2-like receptor subtypes (D2, D3, and D4, respectively)[46]. Although the
D2-like receptor subfamily shares a high degree of sequence and structural homology, the variations
observed in their inactive conformations are more likely due to the distinct structural characteristics of
the antagonists employed to stabilize each receptor (Figure 1.8)[46].

Figure 1.8: The D2-like receptors exhibit high structural similarity. From left to right, the RMSD
between D2 and D3 receptors is 0.90 nm, between D2 and D4 is 1.19 nm, and between D3 and D4 is
0.81 nm. In the structural representations, the D2, D3, and D4 receptors are shown in cyan, yellow,
and magenta, respectively. The alignment and the RMSD value have been calculated with PyMOL[44].

In the case of risperidone, it is well established in the literature that the ligand interacts with several
residues located in the lower portion of the D2 receptor’s orthosteric binding cavity, including Phe6.44,
Phe5.47, Phe6.52, Thr3.37, Cys3.36, Ser5.46, and Ile3.40[28]. Although the crystal structure reported by
Wang in 2018 identifies an Ala instead of Ile at position 3.40, this mutation reveals minimal impact
on risperidone binding[28, 46]. However, the occupancy of the Ile1223.40 sub-pocket by risperidone,
combined with the neighbour Ser3.39, one of the key residues involved in Na+ coordination, appears to
render the binding of risperidone insensitive to the presence of sodium[46]. This phenomenon does not
extend to all antagonists, for example, eticlopride and raclopride exhibit sodium sensitivity, suggesting
that the ligand’s scaffold plays a critical role in modulating this effect[46]. These findings have been
experimentally validated using BRET assays to monitor Go protein activity following D2 receptor
activation[46]. Thus, depending on the occupancy of Ile1223.40, both sodium sensitivity and the nature
of inverse agonism can vary accordingly to the ligand[46]. Notably, in the structure reported by Wang,
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no sodium ion is located in the above indicated coordination region, which supports the hypothesis
that the occupancy of the Ile1223.40 sub-pocket by risperidone is sufficient to stabilize the receptor
in its inactive conformation, even in the absence of Na+[28, 46]. Lastly, in my molecular dynamics
simulations, elastic network restraints were applied. By their intrinsic nature, these restraints maintain
the receptor in a fixed conformation - in this case, the inactive state - effectively rigidifying the D2
receptor tertiary structure. I kept the same scaffold (with the decorations explained in the next chapter)
extracted from the X-ray structure published in 2018 by Wang.

1.6 The Adenosine A2 receptor
In the human brain, there are four Adenosine receptor subtypes: A1, A2A, A2B, and A3[47]. As the
name suggests, they are the main target of the endogenous ligand adenosine, a nucleoside that plays
a role in various physio/pathological processes by influencing numerous neuronal functions, including
astrocytic activity, memory, synaptic plasticity, motor function, and aging[47, 48]. A1 and A2A possess
higher affinity for adenosine[47].

The A2A (from this point simply A2) is a ∼ 45 KDa protein mainly expressed in the striatum,
but also in other different regions of the brain, such hippocampus, cerebral cortex, nucleus tractus
solitarius, and glial cells[49]. A2 receptors play a relevant role in the pathogenesis of ND, such as
PD and HD[50]. At level of primary sequence, A2 is constituted by 412 residues. A2 presents a long
intracellular intrinsically disordered C-terminus and four pairs of disulfide bonds. The first disulfide
bond connects CYS71ECL1 with CYS159ECL2 (length 2.05 Å); the second bond connects CYS74ECL1

with CYS146ECL2 (length 2.02 Å); the third bond takes place between CYS77ECL1 and CYS166ECL2

(length 2.03 Å); the latter bond is established between CYS259ECL3 and CYS262ECL3 (length 2.04
Å).

Figure 1.9: Topology of the Adenosine A2 receptor. The scheme was obtained by Protter[35].
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1.7 Homodimerization of the D2 and A2 receptors
Initially, GPCRs were presumed to function only as standalone monomeric entities[51]. However, fur-
ther investigations over the years unravelled that these membrane receptors were capable of forming
homo- and heterodimers, as well as higher-order oligomeric complexes[51, 52]. This supramolecular
organization - also known as oligomerization or, more in general, protein-protein interaction (PPI) -
envisages that two or more proteins can allosterically interact with each other (Figure 1.10). This inter-
action is not covalent, and receptors within the membrane can interconvert from monomers to higher
oligomeric forms and vice versa[36]. This crosstalk amplifies the functionality of the GPCRs landscape
and the repertoire of recognition of several molecules by GPCRs, yielding the field of drug design more
fertile than ever[52]: the surprising fact is that these newly formed entities exhibit distinct pharma-
cokinetic properties from their monomer counterpart, which can lead to a broader pharmacological
spectrum[52, 53]. It is well-known from literature that class C GPCRs form dimers within the plasma
membrane, such as the metabotropic glutamate receptors[54, 55], the calcium-sensing receptor[55, 56],
or the GABAB receptor[55, 57]. But also class A GPCRs, such as Dopamine D2 and Adenosine A2
receptors, exhibit dimers and/or high order oligomers formation[36, 53, 55, 58, 59, 60]. To characterize
and detect homo/heteromers in the membrane in living cells, Bioluminiscence Resonance Energy Trans-
fer (BRET) and Fluorescence Resonance Energy Transfer (FRET) have been extensively exploited[61,
62, 63]. However, these techniques does not monitor neither the dynamic spatial nor the lifespan be-
haviour of oligomerization at individual molecular level[61]. Therefore, latter researches suggested to
focus more on the Total Internal Reflection Fluorescence (TIRF) Microscopy, as it allows to visualize
single GPCR entities in real time in living cells[61, 64]. Via TIRF Microscopy, the diffusion and the
supramolecular interaction of muscarinic acetylcholine M1, M2 receptors have been already observed
and quantified[61, 65, 66]. Also the β1 and β2 receptors have been detected to form dimers within the
membrane environment, and the ratio of β1 and β2 dimers is directly proportional to the level of the
protein expression[61, 66, 67, 68]. Despite that, the role of ligands - whether agonists or antagonists -
in regulating the dimerization process remains rather unclear for these class A GPCRs[67].

Figure 1.10: In the context of receptor association within the membrane: in (1.), when two copies of
the same receptor are embedded in the membrane and interact, this is referred to as a (homo)dimer;
in (2.), when three copies of the same receptor interact with each other simultaneously, this is termed
a trimer; and in (3.), when different types of receptors interact with each other, forming a complex,
this is known as a heterotetramer (in this case formed by two pair of homodimers).

Instead, the addition of a ligand influences the dynamics of interaction of the D2 (Figure 1.11).

Figure 1.11: Dynamic equilibrium monomer(M)-to-dimer(D) of the D2. When the D2 is bound to
an antagonist (in yellow) the equilibrium is biased towards the monomeric state; conversely, with an
agonist, the equilibrium between populations is almost 50%-50%[67].
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In (1., Figure 1.11), when an agonist (in magenta) is bound to the receptor, the monomer(M)-to-
dimer(D) population is slighly skewed towards to the monomeric state (55% over 45%); in (2., Figure
1.11), when an antagonist (in yellow) is bound to the D2, the M population is favoured over the
D population (70% over 30%)[61, 67]. This dynamic equilibrium between populations highlights the
concept of transient dimerization[36, 67, 69]. The lifespan of the D2 transient dimer determined by
Tabor and colleagues is approximately 0.5 s at a temperature of 24°C[61, 67]; in contrast, the lifespan
estimated by Kasai et al. is about 70 ms at a temperature of 37°C[36], approximately 7.5 times less.
This last approximation is more accurate as the experiments were conducted at body temperature[36].
Therefore it is crucial to correctly determine the lifespan of the dimer in order to identify potential
drugs that are most suitable and selective for that dimer. Moreover, the addition of an agonist but
not of a neutral antagonist stabilizes even more the D2 transient dimer, from about 70 ms to about
0.1 s. This impact of the agonist reflects the tendency observed in (1., Figure 1.11), and it is also
corroborates the key role of transient dimerization in pharmacology[36]. This suggests that transient
homodimerization appears to be a general, temperature- and ligand-sensitive feature of class A GPCRs
with probable implication for receptor signalling and regulation[36].

Nonetheless, D2 can be further found as constitutive homodimer, trimer, tetramer, and pentamer
within the membrane[36, 55, 70].

Besides, other GPCRs like A2 homodimerization has been well reported and documented[71, 72].
To investigate the A2 homodimerization, BRET and FRET techniques have been utilized in cells trans-
fected with a a variety of receptor fusion proteins tagged to GFP2, YFP, or Renilla luciferase (Rluc)[71].
Receptor functionality has been further confirmed by measuring the cAMP levels downstream in re-
sponse to the A2 specific agonist CGS21680, which induced similar responses in all constructs[71].
Moreover, this ligand stimulation did not cause any significant changes in the BRET50 signal[71]. This
observation is consistent with findings by Kamiya and colleagues, suggesting that receptor activation
does not influence its capacity of oligomerization, and this, in turn, implies that A2 homodimers are
likely constitutively preformed within the cellular environment[73].

Additionally, an experimental study using immunofluorescence revealed that the intrinsically dis-
ordered region (IDR) of the A2 C-terminus plays a relevant role in protein aggregation and facilitates
protein-protein homodimer interactions[72]. Firstly, residue Cys394 within the C-terminal region of A2
has been showed to reduce A2 oligomer levels when mutated[72, 74]. Indeed, the replacement of Cys
with different hydrophobic amino acids (Ala, Leu, Met, and Val) resulted in a reduction of the dimer
population[72]. This indicates that Cys394 plays a critical role in A2 homodimerization through disul-
fide bond formation. Secondly, Size Exclusion Chromatography (SEC) experiments conducted on A2
truncated at Gln372 (A2-Gln372∆C) suggest that while Cys394 significantly contributes to dimer stabi-
lization via disulfide bonds, there are also other interactions, both disulfide bonds and others, that play
a role in maintaining the architecture of these dimers[72]. This multifaceted stabilization mechanism
suggests a complex interplay of various molecular interactions driving A2 dimer/oligomerization[72].

Moreover, to investigate the role of the C-terminus in A2 oligomerization and dimerization, muta-
genesis analysis was performed by truncating eight specific sites within this region[72]. SEC analysis
revealed that as the C-terminus was progressively shortened, there was a notable decrease in the pop-
ulations of dimers and oligomers[72]. This reduction was especially pronounced when the hydrophilic
patch containing residues P354 to N359 was chopped off, leading to a nearly complete absence of
oligomerization when the entire C-terminal IDR was truncated. These findings exhibit and emphasize
even more the critical role of the C-terminal region in A2 oligomerization, highlighting a plethora of
interaction hotspot sites along its length that contribute to manage this process[72].

1.8 Heterodimerization of the D2 and A2 receptors
GPCRs can form both homomers and heteromers within the plasma membrane[75]. When GPCRs are
activated by the action of an agonist, conformational changes occur, impacting on their pharmacological
and signalling fingerprint[75]. The activation pathway of class A GPCRs has been extensively discussed
in this paper and will not be further addressed in this thesis[76]. These allosteric modifications gained
via PPI serve as a primary mechanism for receptor regulation[75]. Additionally, heteromeric complexes
are naturally distributed in a scattered manner within the plasma membrane and often aggregate into
clusters, consistent with the fluid mosaic model theory proposed in the 1970s[77, 78]. The interactions
between these heteromeric complexes within the clusters further amplify the regulatory signal[75, 79,
80, 81].
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More generally, a heteromer can be considered as such if it satisfies one or more of the following
criteria[80, 81]:

• The single protein entities interacting within the heteromer framework should coexist
in the same location (i.e. in proximity) and interact physically;

• The pharmacology properties of the new formed heteromeric complexes must be
unique from those of the single protomers, thereby amplyifing their biochemical spec-
trum[75, 79, 80, 81];

• Disrupting the heteromer should result in the loss of properties peculiar to that
heteromer: this would invalidate the aforementioned last two criteria[81].

Additionally, another very important aspect to consider is the presence of lipid rafts within the
plasma membrane[82, 83]. These lipid rafts are microdomains particularly enriched in sphingomyelins,
phospholipids, glycophospolipids, and cholesterol, and they act as active hotspots for GPCRs[82, 84].
Some GPCRs may associate at level of these microdomains in which lipids appear more densely
packed[85], while others may utilize preferential pathways to associate, for example involving those
with lower friction levels within the plasma membrane[79].

Figure 1.12: Allosterism between A2 and D2. Figure inspired by [58].

Of particular interest is the allosteric crosstalk between the A2 and D2 receptors[58, 59, 79]. When
an agonist of the A2 receptor binds to the receptor, the affinity and efficacy of agonists at the D2 recep-
tor and the intrinsic efficacy of D2 receptor antagonists decrease[59]. This same allosteric modulation
also occurs when an antagonist of the A2 receptor binds to the A2 receptor while the D2 receptor is
bound to a D2 antagonist (1., Figure 1.12). However, the co-administration of an A2 agonist and an
A2 antagonist blocks this modulation. This concurrent occupancy prevents the conformational change
in the A2-D2 receptor complex, thereby restoring the functionality of the D2 receptor, which can then
transmit signals intracellularly (2., Figure 1.12). This apparent paradoxical mechanism can only be
explained if the cooperativity between A2 and D2 receptors involves four entities, namely a heterote-
tramer composed of A2 and D2 homodimers[58, 59]. This framework is compatible as the binding of
an agonist (or antagonist) to the A2 receptor induces a conformational change in the A2 homodimer
that would not be achievable with the concurrent administration of both an A2 agonist and an A2
antagonist (Figure 1.12)[59]. This scenario has been confirmed by BRET and Bimolecular fluores-
cence and bioluminescence complementation assays[59]. This modulation induced by any A2 ligand
requires the heteromer to maintain its proper quaternary conformation. Evidence from experiments in
transfected mammalian cells and striatal tissue indicates that disrupting the heteromer via the use of
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peptides or mutations abolishes the cooperative interaction and equilibrium between A2 and D2 in the
heterotetramer complex[59]. This suggests that the correct electrostatic allosteric interaction among
protomers must be identified and preserved. Furthermore, it has been postulated that the allosterism
between the two receptors in the complex can shed light on both the depressant and stimulating effects
induced by A2 agonists and A2 antagonists (such as the well-known caffeine), respectively[59]. This
biochemical profile appears to be the structural determinant for a wide spectrum of NDs, including
PD, and it also sustains the administration of both selective and potent A2 antagonists in treating
such severe neurological conditions involved in the D2 pathway[59]. Also, the problem is determining
the architecture of the quaternary complex by ensuring proper interactions to avoid steric hindrance
between G-proteins bound to the complex - Gi with D2 and Gs with A2[86]. This issue will be discussed
in Chapter 5. For this reason, the protocol outlined below poses particular emphasis on
determining the structure of the complex, a key factor underpinning several fundamental
biological processes, like the one just shown here. Eventually, new allosteric sites may emerge dur-
ing the formation of the heterotetramer, which could represent further putative targets for ligands and
other (small) molecules[80, 87]. These sites could potentially be exploited to modulate the complex
for further therapeutic purposes[80, 87]. Collectively, these evidences expand the concept of GPCRs’
plasticity.

1.9 The Gs and Gi: canonical and allosteric interactions
Not only does the A2-D2 heterotetramer meet all the criteria listed above[80, 81] but, as previously
mentioned in section 1.8, the allosteric antagonism at the A2-D2 heterotetramer level can be harnessed
to uncover therapeutic targets in ways not previously attainable[58]. Specifically, high dosage of A2
antagonists can be used to treat NDs that particularly involve the D2[58, 59]. Moreover, to further
corroborate the allosteric cooperativity between these two receptors, it has also been demonstrated in
mammalian transfected cells and striatum cells that D2 agonists are capable of blocking A2 agonist-
mediated activation of AC[58, 80, 86, 88]. But how do A2 and D2 interact with each other? Are they
still involved in their respective cellular pathways?

An answer to these questions starts with the activation of A2 via adenosine binding, which triggers a
signaling cascade that commences with cyclic AMP (cAMP), a second messenger generated by adenylyl
cyclase (AC) through the Gα subunit of the Gs protein.:

AC→ cAMP

The cAMP activates the protein kinase A (PKA), a serine-threonine cAMP-dependent protein
kinase[89]:

cAMP PKA−−−→ PKA activation

PKA activation results in phosphorylation of cAMP-response element binding protein (CREB),
enhancing gene transcription:

PKA CREB phosphorylation−−−−−−−−−−−−−−→ Phosphorylated CREB

Additionally, PKA phosphorylates ’dopamine- and cAMP-regulated phosphoprotein (DARPP-32),
amplifying the signaling cascade:

PKA DARPP-32 phosphorylation−−−−−−−−−−−−−−−−−→ Phosphorylated DARPP-32

A2-mediated PKA activation also phosphorylates voltage-dependent Ca2+ channels (VDCC), NMDA,
and AMPA receptors:

PKA Phosphorylation−−−−−−−−−−→ Phosphorylated VDCC, NMDA, AMPA receptors

These phosphorylation events regulate the activity of these proteins, influencing in turn the ex-
citability of striatopallidal neurons[86]. This modulation is especially sensitive in pathological condi-
tions, emphasizing the significant role of A2 in the neurons[86].

Normally D2 signals through phospholipase C (PLC) employing a mechanism dependent on the
Gβγ subunit[29, 86]. PLC cleaves the phospholipid phosphatidylinositol 4,5-bisphosphate (PIP2) into
diacyl glycerol (DAG) and inositol (1,4,5)-triphosphate (IP3)[86, 90]. IP3 induces the release of Ca2+
in the cytosol:
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D2
Gβγ subunit−−−−−−−−→ PLC IP3−−→ Ca2+ release

The increased [Ca2+] activates Ca2+/calmodulin-dependent protein phosphatase calcineurin (PP2B):

↑ [Ca2+]
Calcineurin (PP2B)−−−−−−−−−−−−→ PP2B activation

When phosphorylated, VDCC, NMDA, and AMPA receptors, along with DARPP-32, become pri-
mary targets of PP2B. These results reduce neuronal excitability, shedding light on the downstream
mechanism of D2-mediated inhibition of A2 signaling[86]:

PP2B Phosphorylation−−−−−−−−−−→ Phosphorylated VDCC, NMDA, AMPA receptors, DARPP-32
A2 and D2 activation can also finely regulate gene expression through G protein-dependent and

-independent Mitogen-Activated Protein Kinase (MAPK) activation:

A2/D2 MAPK activation−−−−−−−−−−−→ Gene expression modulation
MAPK activation transmits signals from synapse to nucleus by activating the transcription factor

Elk-1:

MAPK Elk-1 activation−−−−−−−−−−→ Gene transcription
Intracellular Ca2+ levels modulate the simultaneous activation of A2 and D2 on MAPK by influ-

encing the binding of the neuronal Ca2+-binding proteins NCS-1 and calneuron-1:

Ca2+ levels NCS-1, calneuron-1 binding−−−−−−−−−−−−−−−−−→ Regulation of MAPK activation
NCS-1 and calneuron-1 associated with the A2-D2 heteromer under low and high Ca2+ concentra-

tions, respectively, alter A2 ligand allosteric modulation of D2-ligand-mediated MAPK activation[86].
This highlights a orchestrated mechanism whereby simultaneous activation of A2 and D2 in the heterote-
tramer can either potentiate or attenuate MAPK signaling, depending on varying Ca2+ conditions[86].

Therefore, A2 and D2 receptors interact within striatopallidal neurons through both allosteric and
canonical mechanisms (Figure 1.13)[86].

Figure 1.13: Allosteric and canonical pathway of the A2-D2 heterotetramer. The A2-D2 heterotetramer
quaternary structure facilitates complex interactions between A2 and D2 exogenous and endogenous
ligands. Any A2 ligands is capable of attenuating of the G protein-dependent (1., dashed line) and
independent (2., dashed line) signaling by endogenous dopamine or other D2 ligands via allosteric
interactions. Vice versa, D2 agonists can suppress A2-mediated activation of AC5 via antagonistic
Gs-Gi interactions at the AC5 level (3., dashed line). A2 activates AC5 and in turn PKA, leading to
phosphorylation of DARPP-32, which enhances striatopallidal neuron excitability and supports PPI
(not shown in the figure). Instead, D2 activates both PLC and PP2B, which dephosphorylates PKA
substrates, reducing neuron excitability and fostering psychomotor responses (not shown in the figure).
The allosteric cooperativity induced by both receptors modulates gene expression through MAPK and
the Elk-1 transcription factor activation[86]. Cyan lines refer to the D2 pathway; conversely, ivory lines
indicate the A2 pathway.
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Initially, it was proposed that A2 subunits either form complexes with D2 receptors, thereby influ-
encing signaling, or function independently to regulate cAMP levels[86]. However, more recent theories
suggest that A2-D2 heterotetramers are capable of supporting both modes of interaction simultaneously.
This statement is further supported by the pivotal role played by A2-D2 heterotetramer complexes,
which consist of interacting A2 and D2 homodimers[59, 91]. However, not all interfaces within the het-
erotetramer can accommodate the simultaneous presence of two heterotrimeric G proteins. Specifically,
this requires that the interfaces between the two homodimers adopt a peculiar configuration, avoid-
ing steric hinderace that could impair the complex’s stability. The arrangement that maximizes the
number of associated heterotrimeric G proteins (Gi/o for D2 and Gs/olf for A2) involves interactions
between TM6 helices at the homodimer interfaces and TM4-TM5 helices at the heterodimer interfaces,
as suggested by Navarro and colleagues[92]. Also, to get a broader picture, these complexes are crucial
in orchestrating signaling pathways that involve both Gs/olf and Gi/o proteins, but also an additional
interaction partner - AC55, in the striatum should be considered (Figure 1.14)[86, 91, 92]. Indeed,
experimental evidence based on mammalian transfected cells confirms the presence of supramolecular
three object complexes made of of A2/D2/AC5. Synthetic peptides with primary sequences mimicking
the TM domains of A2 and D2, as well as the potential TM domains of AC5, were employed in these
experiments to confirm this theory[86, 92, 93]. Therefore, this complex machinery underslines the
functional significance in cellular downstream pathways in detecting the proper interactions[86, 92].

Figure 1.14: Arrangement of the A2-D2 heterotetramer in association with AC5, viewed from the
extracellular side.

1.10 Residence Time
Biochemical and cellular assays measure drug–target binding affinity under thermodynamic equilib-
rium conditions (in closed systems)[94]. Accordingly to this statement, metrics like the half-maximal
inhibitory concentration (IC50), the concentration of effector yielding half-maximal response (EC50),
the equilibrium dissociation constant (Kd), and the inhibition constant (Ki) remain robust[94]. How-
ever, when dealing with living organisms, the processes of absorption, distribution, metabolism, and
excretion (ADME), along with pharmacokinetics (PK), lead to fluctuations in the concentration of
administered drugs within the bloodstream. These physiological mechanisms affect the drug’s bioavail-
ability, resulting in dynamic changes in its effective levels over time[94]. As a result, the previous
equilibrium metrics fail to accurately capture the complex dynamics observed in in vivo pharmacology,
thereby reducing the predictive power of these equilibrium-based measurements[94, 95].

For this reason, the lifetime, or residence time (RT), rather than binding affinity, more significantly
influences the in vivo pharmacological activity[94].

Residence time is calculated as follows:
5AC type 5
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τ =
1

Koff
,

where,

Koff is the dissociation constant.

The underlying idea is straightforward: pharmacological activity remains as long as the binary
drug-receptor complex (DRC) is established[94]. This concept emphasizes how crucial the DRC is in
influencing both the efficacy of the ligand and the duration of their interaction within this complex[94,
96]. Several drugs in the market possess large lifetime within the body, and they remain active for
an extended period of time[94, 96]. This is the case of numerous drugs targeting GPCRs, such as
antagonists of M3 receptors or agonists of β2-adrenoceptor[96]. However, for other receptors such as
GluN2B or D2, a short RT might be effective in avoiding unwanted side effects, such as toxicity (or
prolongation of EPS, in the case of D2)[94, 96, 97]. Thus, the ideal strategy would aim to enhance
target potency while concurrently minimizing its lifetime[94].

1.10.1 Mechanisms of Ligand-Receptor Interaction
Koff relates to the mechanisms involving the drug-receptor complex[39, 94, 96]. Three mechanisms
(mainly taken from[39]) can be summarized as follows[39]:

1. Simple One-Step Association and Dissociation mechanism

• Process: The receptor (R) and ligand (L) establish a binary complex (RL).

• Rates: Association rate k1 (Kon) and dissociation rate k2 (Koff ).

• Kinetics:
R + L

K1



K2

RL

• Scenario: Mostly encompassed in GPCRs binding kinetics[39].

2. Ligand-Receptor Induced-Fit Mechanism

• Process: The ligand binds to the receptor to form an initial complex (RL). The complex RL
experiences a conformational change towards a higher affinity state (RL*).

• Rates:

– Initial binding and dissociation: k1 (Kon) and k2 (Koff ).

– Induced conformational change: k3 (forward) and k4 (reverse).

• Kinetics:
R + L

K1



K2

RL
K3



K4

RL*

• Dissociation Rate:
Koff =

k2k4

k2 + k3 + k4

• Scenario: Typical in high-affinity interactions: enzyme inhibitors and receptor antagonists[39].

3. Conformation-Selection Mechanism

• Process: The receptor is expressed in two conformational states (R and R*), both in equilibrium.
The ligand binds specifically to one state (R*) to form the complex R*L.

• Rates: Interconversion between R and R* represents the rate-limiting step to ligand binding.
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• Kinetics:
R 
 R*

R* + L 
 R*L

• Dissociation Rate:
Koff = k4

• Scenario: Not commonly observed in ligand-receptor interactions[39, 98].

1.10.2 Drug potency and the relationship with the residence time
Drug-target binding potency is measured by its Kd. Accordingly to the model 1. (see Section 1.10.1),
Kd is formulated as follows:

Kd =
Koff

Kon
. (1.1)

For 1. (see Section 1.10.1), Kd is directly proportional to Koff and it is inversely related to both
residence time and Kon. This assumption is correct because both the dissociation and association rates
are managed in one single step[94].

However, calculating only Kd is insufficient if the binding interactions require multiple steps, such
as in the case of the two-step induced-fit process (see 2., Section 1.10.1). In other words, since this
mechanism involves distinct binding events and a plethora of spacial rearrangments, it is not correct
to assume that all compounds with a specific Kon will influence all four related rate constants equally
(see 2., Section 1.10.1). In particular, a compound can bind to the same target with the same Kd

values but can exhibit significantly different lifetimes due to variations in different compound struc-
tures and stereochemistry that affect the K3 and K4 constants[94]. Interestingly, even if the binding
process follows the "Simple One-Step Association and Dissociation mechanism" (see 1., Section 1.10.1),
structural changes in the compounds may lead to contingent changes in the Kon and Koff values.

This suggests that, for effective drug discovery, it is essential to measure both Kd and τ [94].

1.10.3 Techniques to evaluate drug lifetime and the lifetime of D2 drugs
Several experimental techniques have been utilized for calculating the drug RT, wherein we found:
Direct kinetic radioligand binding assay, Indirect kinetic radioligand binding assay, Competition as-
sociation assay, Dual-point competition association assay Dual-point IC50/Ki value determination,
Functional reversibility assay, and Label-Free Kinetic Measurements[39]. These techniques will be not
discussed further in this thesis. Drug RT can be expressed also in relationship with the dissociation
half-life (t1/2)[39]. Indeed:

t1/2 =
ln 2

koff
=⇒ RT =

t1/2

ln 2
. (1.2)

The factor ln 2 in Equation 1.2 arises because t1/2 represents the time at which half of the complexes
have dissociated, which corresponds to one half-life in exponential decay processes[39].

Molecule Affinity (Ki, nM) t1/2 References
Clozapine 137 14.5 s [39, 99]

JNJ-378226816 158 6.5 s [39, 99]
Risperidone7 3.3 ∼ 162 s [28, 100]
Nemonapride 0.025 (in rats) 355 min (in rats) [39, 101]
Spiperone 0.1 (in rats) 200 min (in rats) [39, 101]

Table 1.2: Table of Molecule Affinities with their dissociation half-life t1/2. In Red, first-generation
antipsychotics drugs.

As highlighted in Table 1.2, typical antipsychotics present higher values of t1/2, and they are there-
fore characterized by blocking the D2 receptors for hours. This suggests that atypical antipsychotics
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function mainly due to their high Koff values for the D2, which cause them to dissociate faster than
typical antipsychotics[39].

SGAs are known for their polypharmacological profile, i.e. their ability to interact with multiple
molecular targets, which contributes to both their therapeutic and adverse effects[39, 96, 102]. This
polypharmacology largely stems from the high homology that characterizes the D1/D2-like receptors
with other aminergic receptors[43]. Unlike typical antipsychotics that primarily act on dopamine D2
receptors[39], SGAs generally show high binding affinity for both dopamine D2 and other off-targets,
such as serotonin 5-HT2A receptors[39]. Notably, despite their full occupancy of 5-HT2A receptors,
SGAs are associated with a lower incidence of EPS compared to typical antipsychotics - a discrim-
inant factor contributing to their broad clinical adoption in hospital and pharmaceutaical therapies.
Their polypharmacological fingerprint supports the hypothesis that their atypical nature is more likely
attributable to their short residence times when forming binary complexes with D2 receptors, rather
than solely to their antagonistic action at 5-HT2A receptors[39].

A corollary of this theory is that off-target side effects should be mitigated as much as possible.
To achieve this for the D2 receptor, the gold standard would be to shorten the RT to avoid excessive
blockade, while keeping high the affinity for the intended receptor. One last, but no less important,
factor to consider is how the residence time of a given ligand may change when the receptor is in an
oligomeric state. One hypothesis is that, upon oligomerization, the receptors interact and the interface
between the two protomers alters the volume of the orthosteric cavity where ligands typically bind,
thereby changing their residence time. The data presented in the previous table refer to the D2 receptor
in its monomeric form, but, as seen in the previous sections, it may adopt supramolecular structures
such as homodimers or, more in general, oligomers. The protocol that will be presented in the
following chapters is capable of producing structures that could potentially serve as a
foundation for studies of this kind.

6The N-[1-(3,4-difluorobenzyl)piperidin-4-yl]-6-(trifluoromethyl)pyridazin-3-amine is a promising atypical antipsy-
chotic under clinical trials.

7t1/2 calculated considering the RT of risperidone of 233 min found by Wang et al. [28] and using (1.2).
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Chapter 2

Methods

In this chapter, I will describe all theoretical background and methods applied in the thesis. Firstly, I
will describe the tool I employed for modeling the missing parts of the structures used in the projects.
Secondly, I will outline the basic principles of molecular dynamics simulation.

2.1 Computational methods to reconstruct 3D protein struc-
tures

As of 2023, UniProtKB features an expertly manually curated collection of around 570,000 reviewed
UniProtKB/Swiss-Prot protein sequence entries. Additionally, it contains almost 230 million un-
reviewed UniProtKB/TrEMBL entries that are annotated using automated systems[103]. Through
decades of extensive research, approximately 200, 000 protein structures have been determined experi-
mentally[104, 105], among which about 140, 000 proteins are included in the world wide Protein Data
Bank (wwPDB)[106]. However, it is not always possible to determine the 3D structure of a protein due
to the inherent difficulties of the techniques used for different reasons: the protein might be too large
for NMR analysis, unsuitable for cryo-EM studies, or unable to be crystallized for X-ray diffraction.

Therefore, computational tools are required to address this issue. Computational protein structure
prediction methods can be differentiated into four categories: fold recognition, ab initio, homology
modeling, and machine learning.

(i) Fold recognition, or fold threading methods, are used when comparative modeling methods are
ineffective. Unlike comparative modeling, fold recognition can identify sequences with similar pro-
tein folds even when they have low sequence similarity. They constitute a category of techniques
designed to predict the three-dimensional folded structure when comparative modeling methods
fail to provide dependable predictions. The basic assumption on which fold recognition methods
rely upon is that the structure is more conserved than primary sequence from an evolutionary
point of view[107];

(ii) Instead, Ab initio methods are referred for structure prediction that do not exploit known struc-
tures experimentally determined and only rely upon the primary sequence, without the exploita-
tion of any template[107];

(iii) Machine learning (ML) approaches have emerged as a viable strategy for efficiently predicting
three dimensional structures. Among these techniques, we found AlphaFold, a machine learning
tool used to predict 3D structures with the requirement of two information as inputs: the primary
sequence and aligned sequences of homologues[108, 109]. The resulting MSA is fundamental to
get a proper final 3D prediction[108, 109];

(iv) Eventually, homology modeling is a powerful tool to predict three-dimensional structures from
its own primary sequence based on its template[106]. Homology modeling is considered one
of the most accurate 3D protein prediction tool, despite the new breakthroughs achieved with
AlphaFold[106, 109]. The rationale behind homology modelling can be found in two main cate-
gories: the three dimensional structures undergo slower evolutionary changes than the primary
sequence[106, 110, 111] (Chothia and Lesk); the three dimensional structure depends on its own
primary sequence[106]. The reliability of this method relies upon the choice of both the template
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and the target sequence and the length of the sequence coverage. The alignment between the
template and the target sequence is pivotal.

Figure 2.1: Sequence alignment zones in homology modeling.

According to this plot, only the region above the black curve (Safe Homology Modeling Zone)
represents the safer region to model the target by the template.

Homology modelling procedure can be differentiated in seven steps[106]:

1. Identification of templates;

2. Sequence Alignment;

3. Model Building;

4. Loop Modeling;

5. Side Chain Modeling;

6. Modeling Optimization, and

7. Modeling Validation.

In this thesis, experimentally X-ray structures were already stored in the RCSB Protein Data Bank
(PDB) database[112, 113]. Missing residues and loops were added to the final models. Additionaly,
chimeric endolysin and Gi/Gs G-proteins were removed from the final models via homology modeling.
Thus, not all the aforementioned seven steps were followed, and only the one that have been used are
explained in detail in the following subsections.

2.1.1 Model Building and Loop Modeling
To build the missing loops and missing residues of the D2, I utilized MODELLER[114, 115]. Modeller
remains one of the state-of-the-art software tools for homology modeling, despite the recent introduction
of AlphaFold. MODELLER functions exploiting the spatial restraints, which interatomic distances and
angles in the target structure closely resemble those in the template. Therefore, having a template with
high sequence identity and a valid alignment are essential for accurate modeling and getting a valuable
final 3D structure. To get a proper alignment, bioinformatic programs such CLUSTALW or MUSCLE
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can be utilized[116, 117]. Subsequently, structural restraints are extracted from the template and then
employed to construct the model for the target structure[115]. In the initial stage, the protein back-
bone structure is established by satisfying spatial restraints, which originate from the optimization of
probability density functions that encode three main classes of structural restraints[115]. These include
spatial details, such as main chain and sidechain dihedral angles, Cα-Cα distances, and hydrogen bonds;
secondly, stereochemical restraints covering angles and bond lengths; thirdly, statistical preferences for
non-bonded interatomic distances and dihedral angles[115]. The combination of these probability den-
sity functions covers the spatial restraints of the entire protein structure. The preliminary 3D protein
model is finally improved by optimizing this probability density function through minimization of re-
straint violations[118]. Each model undergoes optimization using an extensive variable target function
method (VTFM), which utilizes conjugate gradients with simulated annealing to improve model qual-
ity, as detailed here[115]. This ultimate refinement ensures that the final 3D structure satisfies both
stereochemical and energetic restraints derived from the template used in input.

For the D2 receptor in its inactive state (RCSB PDB ID: 6CM4[28]), four residues belonging to
the intracellular loop 2 (ICL2) were added to the final model. Additionaly, the C-terminus Cys in
the amphiphilic H8 was added to the same structure. For the D2 in its active state (RCSB PDB ID:
7JVR[43]), the N-terminus and C-terminus residues were reconstructed. For both active and inactive
structures, loop connecting TM5 and 6 (i.e. the intracellular loop 3 - ICL3) is absent and therefore it
has been included by adding four residues following the Uniprot Canonical sequence[37].

2.1.2 Modeling Validation
Modeling validation can be computed in different ways. Usually, models are evaluated via Discrete
optimized protein energy (DOPE) score[119]. DOPE score is implemented in MODELLER[114]. The
more negative the DOPE score is, the better the resulting model structure should be. Moreover, to
check the stereochemistry quality parameters of a protein model, PROCHECK program is commonly
used[120, 121]. I used the combination of both DOPE score and PROCHECK for validating the final
D2 structures, both in their active and inactive states.

2.2 Molecular Dynamics
Molecular dynamics (MD) simulations represent a valuable approach in the study of biological sys-
tems. They offer insight into molecular processes that are often difficult or even impossible to capture
experimentally. By enabling the observation of structural dynamics over femtosecond to milliseconds
timescales, MD allow researchers to investigate conformational changes, molecular interactions, and dy-
namic equilibria at a resolution beyond that of most experimental techniques. In addition to providing
detailed mechanistic understanding, MD offers a cost-effective and time-efficient alternative to labo-
ratory experimentation, particularly when screening multiple molecular variants or testing conditions
that may be technically challenging, hazardous, or resource-intensive to replicate in vitro, and can also
contribute to reducing the reliance on animal models in early-stage research. Furthermore, simulations
serve as a powerful complement to experimental data, supporting the interpretation of experiments.
In certain contexts, especially where experimental access is limited or unfeasible, MD may provide the
only viable means of probing the molecular basis of biological function.

In particular, MD is a computational method that aims to numerically integrate the equations of
motion, which dictate the time evolution of a system of classical particles. Classical mechanics allows
determining positions x(t) and velocities of a particle system over time, knowing particle masses and
the forces acting on them. To determine the x(t), is sufficient to apply the Newton’s second law. For
conservative systems (in which forces are conserved) and for a given initial position, x(t), and initial
velocities, this law can be always determined[122].

Nevertheless, molecular mechanics (as coarse-grained force field based one, see Section 2.9) is not
capable of deriving properties depending on the electronic distribution, such as observing a chemical
reaction. In other words, the energy of a system is directly calculated solely from the positions and
velocities of atoms[123]. Instead, quantum mechanical approaches entail explicity electrons in the
calculation, thus they are capable to describe the processess like bond formation or proton transfer in
a more detailed manner[123]. In quantum mechanics we are facing the same problem as in classical
mechanics, i.e. the time evolution of the system, but with different actors with different laws. Here, in
fact, a particle is described by the so-called wavefunction ψ(x, t), which evolves in time according to
the Schrödinger equation[122]:
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i~
∂ψ(x, t)

∂t
= − ~2

2m
· ∂

2ψ(x, t)

∂x2
+ V (x, t)ψ(x, t), (2.1)

where,

i is
√
−1,

~ =
h

2π
= 1.054573× 10−34 J · s, with h the Planck constant.

Neverthless, solving equation 2.1 is challenging, if not impossible, when the system consists of
thousands of molecules containing a large number of neutrons, protons (both in the nucleus), and
electrons. Indeed, these particles would dramatically increase the number of degrees of freedom of the
system, and the analytical solution of the Schrödinger equation would require computational power
that increases exponentially with the degrees of freedom of the system. This interaction is described by
the potential term V . The problem is exceedingly complex, and solving the Schrödinger equation for
such systems exactly, even with the help of current supercomputers, is an unfeasible task. Therefore,
one solution is dictaded by the Born-Oppenhaimer (BO) approximation, that simplifies the resolution
of Schrödinger’s equation[124]. BO approximation is based on two factors:

• Difference in mass between electrons and nuclei: electrons are 1836 times lighter (in term
of mass m) than protons, and therefore the nuclei move slower than electrons;

• Different motion between electrons and nuclei: since them of the electrons is much smaller
than the one of the nuclei, in most of the cases we can assume that the motion of the electrons
and the motion of the nuclei can be separated even if coupled.

Therefore, the Schrödinger equation can be split into two parts, i.e. one describing the motion of
electrons with fixed position of the nuclei (electronic equation) and one describing the motion of nuclei
(nuclear equation). Consequently, the solutions of the electronic equation depend on the position of
the nuclei and provide the potential energy surfaces in which nuclei move in[122]. Henceforth, these
surfaces are in turn used in the nuclear equation to describe the motion of the nuclei[122, 124]. This
simplifies the calculation of the motion of molecules within the system[122]. To describe electrons and
their evolution, one would need to employ quantum mechanics or hybrid methods[125]. In the present
work, I do not consider the behavior of electrons explicitly. Instead, I focus solely on the motion of the
nuclei. To describe their dynamics, we solve Newton’s equations of motion, which provide a classical
framework suitable for capturing the trajectories of atomic nuclei in the systems under investigation.

2.3 General expression of a force field
The basic structure of potential energy V (x1, x2, x3, . . . , xN ) for modeling molecular systems includes
the combination of intramolecular interactions for atoms bonded together and non-bonded interactions
accounting for long-range/short-range forces like electrostatic and van der Waals (vdW) forces. This
is commonly referred to as a force field. The functional form and the parametrization of these terms
are contingent upon the specific force field employed; however, a generic expression for the total energy
can be represented as follows:

Vtotal = Vbonded + Vnonbonded (2.2)

Vbonded component can be further breakdown as follows:

Vbonded = Vangles + Vdihedral + Vimproper dihedral + Vbond. (2.3)

More in detail we have:

Vangles =

angles∑
i

=
fi
2

(ψi − ψ0
i )2, (2.4)

Vdihedral =

dihedral∑
i

=
vi
2

[1 + cos (θi − θ0
i )], (2.5)
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Vimproper dihedral =

improper dihedral∑
i

= κi(εi − ε0i )2, (2.6)

Vbond =

bond∑
i

=
κi
2

(li − l0i )2. (2.7)

The constants fi, κi, and vi are determined experimentally and/or by quantum mechanical calcu-
lations. The variables li, ψi, εi, and θi represent the distance, angle, improper dihedral, and proper
dihedral, respectively. l0i is the equilibrium value for the bond length, ψ0

i , θ0
i , and ε0i are equilibrium

values for valence between angles[104].

Non-bonded interactions include short-range attractive and repulsive dispersion (i.e. Lennard-Jones
potential) and long-range interactions (Coulomb potential):

Vnonbonded =

N∑
i

N−1∑
j 6=i

{4εij [(
σij
rij

)12 − (
σij
rij

)6] +
qiqj
rij
} (2.8)

where,

qi, qj are the magnitudes of the i-th and j-th point charges,
εij is the depth of the potential well,
σij is the finite distance at which the inter-particle potential is zero,
rij is the distance between the point charges.

• Short-range interactions: Van der Waals interactions are responsible for interactions between
atoms at short-range distances and they are computed by using the Lennard-Jones (LJ) potential;

• Long-range interactions: attraction or repulsion of charged atoms are represented by the
Coulomb potential.

2.4 Statistical mechanics
A classical mechanical system is formed by set of particles. Each particle is any entity that can be
characterized by a position (q) and a momentum (p) within a three-dimensional Euclidean space.
More in general, in a system composed of N particles, the position and momentum of each particle are
specified. All the positions (q) and momenta (p) constitutes a set of 6N real variables, referred as the
microstate of the system. This microstate can be represented as a point in a 6N -dimensional space
known as phase space. A statistical ensemble refers to a set of distinct microstates that collectively
describe a system in thermodynamic equilibrium. In statistical mechanics, a physical (macroscopic)
quantity O over all the microstates compatible with the corresponding statistical ensemble can be
defined as follows:

〈O〉ensemble =

∫ ∫
O(qN , pN )ρ(qN , pN )dqNdpN , (2.9)

where ρ(qN , pN ) represents the probability density function of that statistical ensemble. The evolution
of the system from one microstate to another describes the trajectory in the phase space.

2.4.1 Ergodic Hypothesis
MD does not allow for the direct extraction of 〈O〉ensemble, which is the quantity measured in exper-
iments. Instead, MD provides access to the values of O over time. Ergodicity is the property of a
dynamical system that allow connecting 〈O〉ensemble with the time average of O (〈O〉time)[126]. The-
orists are only able to prove the ergodicity of dynamical systems when they are extremely simple.
Nevertheless, for particle systems relevant to biology, such as the ones discussed in this thesis, the com-
plexity makes it impossible to mathematically demonstrate their ergodicity. However, there is a general
consensus that highly complex systems tend to be ergodic. This is known as the Ergodic Hypothesis,
and it can be formulated as follows:
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〈O〉ensemble = 〈O〉time =
1

∆t

∫ t0+∆t

t0

O(q(t), p(t)) dt, (2.10)

where O(q(t), p(t)) represents the observable as a function of the coordinates q(t) and momenta p(t)
over time[126].

2.4.2 Equations of motion
In the Hamiltonian formalism the motion equations read:

dqi
dt

=
∂H
∂pi

;
dpi
dt

= − ∂H
∂qi

. (2.11)

where i = 1, . . . , N the i-th particle. The Hamiltonian H represents the sum of potential energy V
and the kinetic T of a system. For a finite system of atoms, H can be written as:

H(p,q) =

N∑
i=1

p2
i

2mi
+ V (q1,q2, . . . ,qn), (2.12)

where,

mi is the mass of i-th atom,
pi is the momentum,

V (q1, q2, . . . , qN ) is the the system potential energy.

Combining the expressions for momentum and coordinates q = (q1, q2, . . . , qn) from (2.12) yields
these two following two equations:

q̇i(t) =
p(t)

mi
≡ vi(t) =⇒ q̈i(t) =

ṗi(t)

mi
(2.13)

ṗi(t) = −∂V (q(t))

∂qi
. (2.14)

q̇i(t) and q̈i(t) specify the first and the second derivative of qi(t), respectively. Rewriting the above
equation, we have:

~Fi = miq̈i(t) ≡ −~∇V (q) = (
∂V

∂xi
,
∂V

∂yi
,
∂V

∂zi
), (2.15)

where ~Fi, the force acting on the i-th atom in the system, is proportional to the mass mi of the particle
and the second derivative of its position with respect to time, r̈i. This corresponds to the change in its
momentum in accordance with the Newton’s second law.

2.4.3 Numerical integration of Newton Equation
Except for very small systems or under specific conditions, Equation (2.15) cannot be solved numerically,
as systems, including coarse-grained systems simulated in this thesis, comprise more than 150−200×103

particles, among lipids, protein, solvent, and counterions. For this reason, in MD, velocities and
positions of particles are discretized and calculated at each predefined time step, denoted as ∆t. The
typical approach to intertwining positions and velocities at a specific moment in time t with their
previous values is using an integration algorithm. One of the algorithm mostly used is the Leap-Frog
algorithm[127]. It is based on a Taylor expansion:

v(t+
∆t

2
) = v(t) +

dv

dt

∆t

2
= v(t) +

1

2

d2v

dt2
∆t2

4
+ o(∆t3), (2.16)

and

v(t− ∆t

2
) = v(t)− dv

dt

∆t

2
= v(t) +

1

2

d2v

dt2
∆t2

4
− o(∆t3). (2.17)
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Subtracting 2.16 and 2.17 equations, we obtain:

v(t+
∆t

2
) = v(t− ∆t

2
) +

dv

dt

∆t

2
+ o(∆t3). (2.18)

Also positions are computed at each ∆t. Thereby, we can calculate an expression also for q(t+ ∆t):

q(t+ ∆t) = q(t) + v(t+
∆t

2
∆t) + o(∆t3). (2.19)

(2.18) and (2.19) represent the Leap-frog algorithm. Other MD integrators, such as Euler methods
and Velocity-Verlet are implemented in GROMACS[128, 129]. I used the Leap-frog algorithm in all my
coarse-grained Martini 3 simulations.

2.5 Thermostats and Barostats
Managing the temperature and evaluating the quality of generated trajectories are essential aspects of
any MD simulation. Traditionally, MD simulations produce a microcanonical ensemble - also known
as NV E - due to the conservation laws of Hamilton’s equations, where the number of particles, vol-
ume, and energy remain constant. Nevertheless, this approach is risky: when lower potential energy
conformations are reached over the course of a simulation, they are accompanied by a corresponding
rise in kinetic energy. Because the total energy is conserved in this ensemble, the total energy must
remain constant; therefore, the system temperature can increase dramatically, potentially causing box
instability or implosion. This is where the thermostat comes into play, serving to maintain the system
temperature by adjusting the particle velocities within the simulation environment. This is the idea
introduced in the so-called canonical ensemble or NV T .

Specifically, if we consider the problem from a physical point of view, we can define the relationship
between Kinetic Energy and momentum as:

Vk =
p2

2m
(2.20)

where,

Vk is the kinetic energy,
p is the momentum,
m is the mass of the object.

If we now describe the relationship between the temperature T and the Boltzmann’s constant kB ,
we found that:

〈Vk〉 =
3

2
kBT, (2.21)

where,

〈Vk〉 is the average kinetic energy per particle,
kB is the Boltzmann constant,
T is the temperature.

When we combine 2.20 and 2.21, we have that:

T =
1

3NkB

N∑
i=1

p2
i

mi
. (2.22)

As mentioned before, the concept of a thermostat involves adjusting the velocities by a scaling
factor λ to maintain a consistent overall temperature in the system over the course of the simulation.
Therefore:

vnewi = λvoldi . (2.23)



30 Chapter 2. Methods

If we consider the case of the Berendsen thermostat, we have that[130]:

d

dt
T =

1

τ
(T0 − T ). (2.24)

In this method, the system interacts with a conceptual heat bath with temperature T0. In particu-
lar, at each simulation step, the velocities are adjusted based on the time derivative of the temperature,
which depends on the difference between the heat bath temperature and that of the system[130]. The
coupling strength is represented by the constant τ [130]. The integration of the equation 2.24 demon-
strates that the system’s temperature decreases exponentially to match the heat bath temperature.
The scaling factor for the Berendsen thermostat is denoted as follows:

λber =

√(
1− δt

τ
(
T0

T (t)
− 1)

)
. (2.25)

τ for my simulations has been set to 0.1 ps, in accordance with the coarse-grained Martini parameters
published by de Jong and colleagues[131].

One major drawback with Berendsen thermostat is that it lacks a conserved quantity, thereby is
not associated with a well-defined ensemble, except in very limiting cases, very far from biological
problems[132]. To compensate this issue, Bussi et al. defined an evolution of the Berendsen thermostat
by adding a stochastic term related to velocities’ rescaling to permit the proper reproduction of the
NV T ensemble[132]. In this thesis, I used the Berendsen thermostat enhanced with the v-rescale option
implemented in GROMACS[133].

The NV T ensemble aims to keep the temperature of the system constant over time and equilibrate
the surrounding solvent, but also the pressure of the system should be kept constant over time. To
maintain the pressure fluctuations, the V in the canonical ensemble is replaced by constant pressure
P , yielding to the so-called isothermal-isobaric ensemble or NPT . For my simulations, I exploited the
Parrinello-Rahman barostat[134]. Parrinello-Rahman barostat represents an extension of the Andersen
Barostat[135]. Briefly, Andersen’s barostat maintains the system’s pressure by allowing its volume to
change dynamically over the course of the simulation[135]. To achieve this, Andersen introduced a
method in which the system is connected to an external volume, symbolized by V , which mimics a
piston affecting the system’s volume[135]. Instead of directly using the original coordinates ri, Andersen
adjusted them to scaled coordinates ρ in constant pressure MD as follows:

ρi =
qi
3
√
V
. (2.26)

Andersen introduced then a Lagrangian L, i.e. the difference between the potential energy and the
kinetic energy for the scaled systems:

L(ρN , ρ̇N , V, V̇ ) = −
N∑
i=1

N∑
j=1,j 6=i

U(
3
√
V ρ2

ij) +
1

2
MV̇ 2 − p0V +

1

2

3
√
V 2

N∑
i=1

miρ
2
i . (2.27)

The initial terms of the Lagrangian depict the potential energy and the kinetic energy, respectively
of the unscaled system; V refers to the system’s volume. The dynamics of the system’s volume V are
outlined in the subsequent term, while the potential energy associated with V is articulated in the final
term. Pressure regulation is illustrated by envisioning the motion of a piston with mass M , exerting
compression on both the system and its volume V [135]. For the sake of clarity, in Andersen’s method,
the volume changes dynamically, while simultaneously scaling the coordinates, preserving the box’s
isotropic shape[135].

Contrarily, in Parrinello-Rahman barostat, the size of the box changes dinamically[134]. If x,y, and
z are the vector of the cell having any shape, its volume V can be calculated as follows:

V = det(h) = x · (y × z), (2.28)

where,

h is the 3× 3 matrix determined by the vectors x, y, and z.

Given a column vector si and its components ξi, ηi, and φi, the particle position qi can be defined
as follows:
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qi = hsi = ξi + ηi + φi. (2.29)

The squared distance between particles i and j can be determined by the expression considering
0 ≤ ξi, ηi, φi ≤ 1, and employing the metric tensor G, such as:

q2
ij = sTijGsij , (2.30)

where,

G is hTh.

The aforementioned formulae can be utilized to describe a new Lagrangian L that governs how the
shape and size of the MD simulation cell evolve over time[134]. Therefore, the Lagrangian L can be
defined and summarized as follows:

L(q, ṡ, ḣ) = −
N∑
i=1

N∑
j=1,j 6=i

U(qij) +
1

2
miṡ

T
i Gṡi +

1

2
MTr(ḣT ḣ)− p0V. (2.31)

In my systems, I used the Parrinello-Rahman barostat with a semiisotropic coupling: the x and
y coordinates are kept isotropic, instead the z coordinate is decoupled from the others. This is the
typical convention adopted for membrane systems[133].

2.6 Periodic Boundary Conditions
Periodic Boundary Conditions (PBCs) envelop the simulation box by replicating it in every conceivable
direction, forming therefore an infinite lattice (Figure 2.2)[126]. The underlying principle of PBC is
that when an atom exits in the box, a periodic image enters from the opposite side, thus preserving
a constant number of atoms in the simulation box (Figure 2.2). PBC enables the examination of the
bulk properties of the system. It is worth noting that atoms within the box can interact with those
positioned in the periodic image, potentially leading to unwanted artifacts. However, if the system is
large enough, like in my simulations, its thermodynamic equilibrium is preserved[136].

Figure 2.2: Protein Boundary Condition (PBC) definition. PBCs mimic an infinite system using a finite
simulation box. Instead of simulating a massive number of particles, one can simulate in a smaller box
that is conceptually repeated infinitely in all directions.
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2.7 LINCS Algorithm
The LINear Constraint Solver (LINCS) is an algorithm designed to restore bond lengths after an
unconstrained update[137]. It works in just two steps and it avoids costly (and useless) matrix-matrix
multiplications, although imatrix operations are exploited. This makes it both faster and more stable
than the SHAKE algorithm[137, 138]. Due to its stability, it is particularly well-suited for Brownian
dynamics simulations[137]. The algorithm relies upon two adjustable parameters. In my simulations,
default options provided by GROMACS are kept. LINCS is limited to handling bond constraints and
certain isolated angle constraints[137].

2.8 Enhanced Sampling Techniques
MD is crucial for studying conformational changes in molecules, dimerization, protein folding, and/or
ligand binding events[139]. However, one of the main difficulties when dealing with biomolecular sys-
tems or large scale sampling stems from the complexity of their energy landscapes, which becomes
increasingly problematic as the system size consists of hundreds or thousands of atoms. The energetic
profile is therefore characterized by numerous local minima separated by energy barriers higher than
kBT . Classical MD simulations often struggle to accurately depict various biological events, such as
significant conformational changes or receptor dimerization within complex membrane environments
like the ones presented in this thesis, due to the considerable time required for these processes[140]. To
tackle these challenges, enhanced sampling techniques have been developed. Here, in the subsection
2.8.1, I will discuss the enhance technique employed in this thesis: the Well-tempered Metadynam-
ics[141].

2.8.1 Metadynamics and Well-Tempered Metadynamics
This subsection is mainly taken from[141]. Calculating free-energy disparities is pivotal in MD simula-
tions[141]. The first critical step is defining a set of collective variables (CVs) or reaction coordinates
that offers a rough portrayal of the slow modes of the system[141]. Also, describing a way to compute
the corresponding free-energy surface (FES) when performing MD is relevant. However, generating
such a surface of these rare events is very often impeded by high energetic barriers[141]. Therefore, to
address this issue, enhanced sampling techniques have been developed to allow the observation of rare
events that would otherwise be almost impossible to sample within the timescales accessible to plain
MD simulations.

In Metadynamics, the system’s progression is influenced by a potential that depends on its past,
constructed by accumulating Gaussian functions along the trajectory in the defined CVs space[141].
In the first implementation of Metadynamics[142], a bias that depends on the system’s history is
introduced by intermittently incorporating Gaussian functions into the potential as follows:

V (~s, t) =
∑
kτ<t

W (kτ) exp

(
−

d∑
i=1

(si − s(0)
i (kτ))2

2σ2
i

)
, (2.32)

where,

~s the CVs as a function of coordinates q.

The potential V (~s, t) described in Equation (2.32) steers the system away from kinetic traps in the
potential energy surface, directing it towards unexplored regions of the energy landscape[142]. This
dissuades the system from revisiting the same areas of phase space again[139].

Nevertheless, the first arising problem with this implementation lies in determining when to interrupt
the Metadynamics run. In complex systems, the free energy does not converge to the true value
immediately, but tend to oscillate around the correct result[141, 143, 144]. Yet, lowering this deposition
rate inevitably prolongs the time needed to fill the FES, because the system may remain stuck in a
minimum, without escaping easily from it. As a consequence, from a biological perspective, continuing
the run risks irreversibly pushing the system into regions that completely lack physical relevance,
creating non-biological artifacts[141].

With the introduction of the Well-Tempered Metadynamics, a significant effort has been done in
this direction and to achieve an estimate of the FES that converges to the exact result over time[141,
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145]. Firstly, let us indicate a system having a temperature T constituted by a set of microscopic
coordinates q and a potential energy U(q), obtained during the evolution of a MD[141]. The final
scope is to determine the free-energy profile with respect to the set of CVs, s(q). First and
foremost, the FES can be described by the following equation:

F (s) = −T lim
t→∞

lnN(s, t) (2.33)

where,

N(s, t) =

∫ t

0

δs,s(t′)dt
′

is the histogram associated with the CVs s collected from an unbiased simulation (see subsection 2.8.2
on how I identified my CVs), with N(s, 0) = 0 and the first time derivative Ṅ(s, t) = δs,s(t)[141].

By adding a bias to the MD a history-dependent potential, we have that:

V (s, t) = ∆T ln

(
1 +

ωN(s, t)

∆T

)
, (2.34)

where,

ω rate that possess the same dimension of an energy,
N(s, t) is the histogram calculated from the biased simulation,

∆T is the difference of the temperature.

In other words, the potential V (s, t) disincentivizes the system to explore already-seen configurations
in the phase space, preventing the system to be permanently kinetically trapped[139, 141]. At this
point, a question arises spontaneously: how does this rate ω change during a MD simulation? The rate
through which the potential V (s, t) commutes is dictated by:

V̇ (s, t) =
ω∆Tδs,s(t)

∆T + ωN(s, t)
= ω exp(−V (s,t)

∆T ) δs,s(t). (2.35)

The height of the Gaussian is scaled-up in this way:

w = ω exp(−V (s,t)
∆T ) τG, (2.36)

where,

τG represents the time interval of the Gaussian’s deposition.

Two corollaries can be deduced from the previous equations. Firstly, as N(s, t) grows linearly over
the course of the simulation, the V̇ (s, t) decays to 0 with a ∼ 1

t . Secondly, V is not uniform in the s
space, as the rate is inversely proportional to the time spent in that s[141]. Therefore, if we conduct
simulations over a sufficient period of time to explore the entire free-energy landscape, the potential
V (s, t) undergoes minimal change. In other words, when this exploration occurs, the converge of a
simulation is reached. Assuming that the microscopic coordinates q reach equilibrium, the probability
distribution function P (s, t) can be described as follows:

P (s, t)ds ∼ exp(−F (s)−V (s,t)
T ) ds (2.37)

and

V̇ (s, t) = ω exp

(
−V (s, t)

∆T

)
× P (s, t) =

= ω exp

(
−V (s, t)

∆T

)
×

exp
(
− [F (s)−V (s,t)]

T

)
∫
ds exp

(
− [F (s)−V (s,t)]

T

) . (2.38)

If we consider infinite time (t→∞), we will have:
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V (s, t→∞) = − ∆T

∆T + T
F (s). (2.39)

For t→∞, we can redefine the probability distribution P (s, t→∞) in:

P (s, t→∞)ds ∼ exp
−

 F (s)

T + ∆T


ds (2.40)

By using equation (2.34) we can eventually estimate the free-energy surface:

F̃ (s, t) = −T + ∆T

∆T
V (s, t) = −(T + ∆T ) ln

(
1 +

ωN(s, t)

∆T

)
. (2.41)

Well-tempered Metadynamics effectively addresses the convergence issues found in traditional Meta-
dynamics, exploring solely physically relevant regions of the conformational space, as long as the selected
CVs fall within the set of optimal CVs[141, 142]. Figure 2.3 depictes the Well-tempered Metadynamics
technique in four stages:

Figure 2.3: The scheme of the Well-tempered Metadynamics Technique. In 1., the system (represented
by a red ball) is confined in a state A. It cannot reach state B due to the high energy barrier separating
them. To overcome this, Well-Tempered Metadynamics introduces a bias potential (2., in skobeloff)
by depositing Gaussian along the trajectory, in function of the CVs. This gradually flattens the free
energy wells, enabling the system to overcome barriers in the kBT range (3.). As a result, the system
can now move freely between A and B (4.).

2.8.2 The choice of the optimal CVs
The identification of optimal and suitable CVs that accurately represent a system’s essential dynamics
remains a complex and non-trivial task. Poor CV selection (i.e. bad CVs selection or even sub-optimal
CVs) - in particular those that fail to capture slow degrees of freedom or relevant transition pathways,
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can lead to several issues, including the exploration of unphysical regions of configuration space, lack of
convergence in a realistic time, ineffective biasing that results in trapping within metastable states, and
ultimately the generation of FES that lack physical meaning[141, 146, 147]. To address these challenges,
I conducted a exhaustive assessment of CV selection for my CG systems. As part of this effort,
I employed the Deep Linear Discriminant Analysis (Deep-LDA) framework - a data-driven method
designed to construct optimal CVs capable of distinguishing between biologically and physically distinct
states in a high-dimensional descriptor space[146]. In this approach, a set of physically meaningful
descriptors, typically derived from molecular structural features or biological experience (or, better, a
combination of both), is used as input to a neural network composed of multiple hidden layers[146]. The
network is meant to perform a nonlinear transformation of these descriptors, capturing complex, higher-
order correlations from the original variables[146]. In other words, the neural network decreases the
dimensionality of the input data via a series of continuous nonlinear transformations[146]. In the final
layer, Linear Discriminant Analysis (LDA) is applied to the transformed data to identify the direction
in feature space that best separates the predefined states - for example, conformational states A and
B, which in my case correspond to "separate" (when the dimer is not formed) and "not separate"
(when the dimer is formed), respectively. This direction defines the Deep-LDA CV, namely a low-
dimensional yet highly informative variable that captures the key transition between those two states,
thereby enhancing the efficiency and accuracy of free energy sampling[146]. A schematic overview on
how the DEEP-LDA algorithm works is depicted in Figure 2.4.

Figure 2.4: The user provides a set of n physically meaningful descriptors that characterize the molec-
ular system. These descriptors are processed by a neural network composed of hidden layers, which
perform a nonlinear transformation to extract complex correlations among the input variables, reduc-
ing the dimensionality of the problem (in this simplified case, 3x2x2)[146]. At the final stage, Linear
Discriminant Analysis (LDA) is applied in the transformed feature space to identify the direction that
best discriminates the two conformational states, A and B. The resulting Deep-LDA CV effectively
captures the most relevant transitions between these states[146]. State A corresponds to the "separate"
state, whereas B to the "not separate" state.

2.8.3 Plumed 2
PLUMED 2 is an open-source plug-in that offers implementations of various enhanced sampling algo-
rithms and CVs for some of the most popular MD codes, such as GROMACS[133, 148]. The utility of
PLUMED lies in its ability to compute CVs from atomic positions. In this thesis, two CVs have been
utilized and corroborated by DEEP-LDA (see section 2.8.2). The first CV (DISTANCE) involves the
distance between the centers of mass of two transmembrane receptors; the second CV (COORDINATION)
employed in my simulations is the count of transmembrane atoms within the two receptors (i.e. the
number of contacts). Further details will be provided in the Chapter 4.
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2.9 The Martini 3 force field
A significant constraint in MD is dictated by the restricted accessible time and length scales to tackle
several biochemical issues, such as protein-protein interaction, ligand binding and receptor activa-
tion[149, 150]. To address this limitation, coarse-grained (CG) models, have been extensively adopted
in different fields, such as biomedicine or biology[149, 151, 152, 153]. This model represents groups of
atoms entailed in a fondamental unit called bead (Figure 2.5): a 4-to-1 mapping scheme, in which,
on average, four heavy atoms along with their associated hydrogens are represented by a single CG
bead[149]. This model has been parameterized using a top-down approach, i.e. considering thermo-
dynamic partiotioning data[149, 151]. The new Martini 3 force field architecture includes four main
classes of CG bead types: P, Q, C, and N, featuring polar, charged, nonpolar, and intermediately
polar chemical groups, respectively[149]. Charged beads and neutral beads interaction are modelled by
the LJ potential and Coulombic forces, respectively[149]. These beads can be further refined to map
the entire chemical space in terms of polarity, and hydrogen bond accepting and donating properties,
fundamental descriptors of biology[149, 154]. This is one of the critical advancement compared to the
Martini 2 force field[149, 151].

The main advantages of a CG force field can be summarized in three main steps. The following
strengths of the CG approach are mainly taken from[155]:

1. Faster Dynamics and Reduced Degrees of Freedom (DOFs): The CG process reduces
the number of atomistic degrees of freedom, which smooths the potential energy surface and
lowers friction. This allows the CG system to sample phase space more rapidly within the same
simulation time. Additionally, Martini models aggregate multiple water molecules into a single
CG bead, significantly reducing solvent DOFs. This reduction yields a computational speedup
roughly proportional to the square of the reduction factor, n2, enabling simulations on longer
timescales. Depending on the mapping and system, CG simulations can be approximately 100
times faster than classical all-atom simulations[156]. Simulations in the absence of solvent (e.g., in
vacuum) benefit from even greater speedups, despite they are unfeasible in biological backgrounds.

2. Time Step: The smoother energy surface in CG models permits larger integration time steps,
typically 20 − 40 fs for dissipative particle dynamics; conversely, a tipical all-atom integration
step is 1− 2 fs;

3. Short-Range Interactions: Most CG models compute only short-range interactions, typically
with a cutoff around 1 nm/1.1 nm. This allows for the elimination of expensive particle mesh
Ewald (PME) methods for electrostatic interactions[155, 157]. Many CG models also shift po-
tentials to zero at the cutoff, allowing less frequent pairlist updates. This approach speeds up by
at least an order of magnitude.

The following Figure (Figure 2.5) illustrates the overview of the mapping from an all-atom repre-
sentation toward a CG model.

Figure 2.5: The scheme of the CG mapping from an all-atom model[149, 151]. The mapping from an
all-atom structure to a CG representation is described in the following three steps. In 1, the alanine
residue is decomposed into its constituent moieties: the backbone and the side chain. In 2, each moiety
is mapped onto a single CG bead, resulting in two distinct beads, corresponding to the backbone
(green) and side chain (blue) identified in 1. In the final step (3), these two beads are assembled into
a CG topology: the amino acid alanine is now represented by two CG beads. This mapping procedure
is carried out using the Martinize 2 tool[149].
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2.9.1 Beads radii and beads interaction
Martini 3 beads vary in radii: R beads are classified as regular beads (4-to-1 model), S beads as small
beads (3-to-1 model), which are particularly suitable for ring-like ligands, and T beads as tiny beads (2-
to-1 model), used specifically for stacking and hydrogen-bonding distances between nucleotides[149]1.
Beads exhibit variations in size, and the potential well of the Lennard-Jones between distinct beads is
adjusted accordingly to the type of the bead:

Bead Type Bead’s Size (nm) vdW Radii (nm)
R 0.47 0.264
S 0.41 0.230
T 0.34 0.191

Table 2.1: Table depicting, Bead Type, size and their relative van der Waals radii.

The vdW radii for the Martini 3 are calculated as follows:

rvdW = rmin =
dmin

2
=

6
√

2

2
σ, (2.42)

where,

σ represents the LJ potential of the CG bead.

Consequently, the resizing of the coarse-grained beads underwent to a revision of the interactions
between the Martini 3 beads from the previous version[149]:

Bead-Bead Interaction σij of LJ potential (nm)
R↔ S 0.430
S ↔ T 0.365
T ↔ R 0.395

Table 2.2: Table depicting the Bead-Bead interaction and their σ of Lennard-Jones potential.

The choice of σij for S and T beads is determined by the aim of reproducing the symmetry of the
molecules[149]. For self-interaction, σSS has been set to 0.41, σTT to 0.34. Instead, σij is expressed by
the arithmetic average of the cross-interaction (R↔ S, S ↔ T , and T ↔ R) as follows:

σij =

(
σii + σjj

2

)
− sij , (2.43)

where,

sij = 0.01 nm represents the softness parameter for non-water beads.

This parameter is dictated by the principle that larger beads ought to possess a softer nature
in comparison to the smaller ones[149]. This combination of rules suited for beads of different sizes
effectively alleviates the caveat of artificial free energy barriers noted in dimerization potential of mean
force (PMF) profiles of rings within the Martini 2 framework, as observed in these studies[149, 154,
158].

2.9.2 Elastic network
In Martini 3, non-bonded interactions between connected beads are excluded, also in the Elastic network
of proteins[149]. An Elastic network employes harmonic potentals between non-bonded beads within
a certain cut-off to keep the overall architecture and shape of a protein(Figure 2.6). They are used in
conjunction with a CG model[149, 159]. Alessandri et al. demonstrated that weak bond force constants
(below 700 kJ/mol) should not be used as they can promote excessive interactions between beads and

1X-to-1 model specifices the number of atoms mapped in one single Martini bead.
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environment, leading to artifacts, such as immoderate aggregation[149, 158]. That is why in thesis I
chose this cut-off as force constant.

Within the Elastic network framework, local transient structural alterations are however permitted
throughout the simulations[159]. Nevertheless, it is important to acknowledge that Elastic network
model is based on the atomistic reference configuration given as input. Thus, the CG model cannot
undergo to large conformational displacements from the reference structure and a correct 3D model or
structure given in input is of paramount importance[159]. For this reason I put particular effort into
finding representative starting models.

Figure 2.6: The Elastic network scheme applied to the D2[149, 151]. A simplified Elastic network
pattern is depicted with red lines. The Elastic network framework is carried out using the Martinize 2
tool[149].

As a result, conformational changes between active and inactive states and vice versa cannot be
achieved in my simulations due to the Elastic network framework. Therefore, independent simulations
in two distinct states, active and inactive, were conducted. The pipeline used for my CG simulations,
integrating Elastic networks, exploits martinize2 2 as follows[160]:

Pipeline martinize 2

martinize2 -f atomistic_model.pdb -dssp /path/to/mkdssp -nt -cys auto -p
backbone -sep -ff martini3001 -elastic -scfix -eu 0.9 -el 0.5 -ea 0 -ep 0 -ef
700.0 -o topology-Martini.top -x Martini-model.gro

where,

−nt indicates the neutral termini applied at the N-terminus and C-
terminus,

−cys auto applies disulphide bonds within the coarse-grained model automat-
ically within a default cut-off,

−dssp applies the Dictionary of Protein Secondary Structure (DSSP)[161]
to get secondary structure information, specifying if a particular
domain is a helix, beta-turn or a loop,

−ff martini3001 -elastic sets the Elastic network in conjunction with the Martini 3 force
field,

2https://github.com/marrink-lab/vermouth-martinize

https://github.com/marrink-lab/vermouth-martinize
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-scfix improves the secondary structure of the coarse-grained model by
using the information of the atomistic structure, adding extra di-
hedrals between side chains and backbone beads,

-eu 0.9 and -el 0.5 set the upper and lower cut-offs of the Elastic networks, respec-
tively,

-ea 0 and -ep 0 set to 0 the Elastic bond decay factor and decay power of the Elastic
networks, respectively,

-ef 700 sets to 700kJ/mol/nm2 the force constant.

2.9.3 Bonded and non bonded parameters in Martini 3
Bonded parameters

• The Vbond term of the functional implemented within the Martini 3 framework is described by a
harmonic potential, such that:

Vbond(R) =
1

2
Kbond(R−Rbond)2, (2.44)

where,

Rbond is the equilibrium distance set to 0.47 nm,

Kbond is the force constant tuned to 1250 kJ ·mol−1 · nm−2.

• Also the angle is described by a harmonic potential Vangle:

Vangle =
1

2
Kangle (cos θ − cos θ0)

2
, (2.45)

where,

θ0 is the equilibrium bond angle set to 180◦,

Kangle is the force constant tuned to 25mol−1

for aliphatic chains[151]. For cis-unsaturated bonds, Kangle = 45 mol−1, with θ0 = 120◦; for
trans-unsaturated bonds Kangle = 45 mol−1, with θ0 = 180◦ instead.

• Eventually, the improper dihedral angle potential Vimproper dihedral is described as follows[151]:

Vimproper dihedral(Θ) = kid (Θ−Θid)
2
, (2.46)

where,

Θid is the equilibrium angle,
Θ is the angle between i,j,k and j,k,l,
Kd is the force constant.

Non bonded interactions

The functional forms for both bonded and non-bonded interactions of the Martini 3 force field are kept
unchanged from Martini 2[149, 151]. Following parameters promoted by de Jong and colleagues[131],
the optimal cut-off range for non-bondend interactions results in 1.1 nm. The primary concern is
related to the significantly restricted range of the LJ potential in the liquid phase, as discussed in this
perspective review[162]. Consequently, the free energy of vaporization (∆V AP ), free energy of solvation
(∆SOL), and gas-liquid surface tension cannot be accurately determined yet[149].

Instead, properties involving ∆∆G calculations, like the excess free energy of mixing or the oil/water
transfer free energy, can be easily retrieved from the CG framework[149]. The non bonded interactions
defined within the Martini 3 force field are described by the sum of the LJ potential (VLJ) and the long
range Coulombic interaction (VC)3, as follows:

3In my CG simulations, reaction-field treatment is used.
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VLJ(r1, r2, . . . , rn) + VC(r1, r2, . . . , rn) =
∑

4εij

[(
σij
rij

)12

−
(
σij
rij

)6
]

+
∑
i,j

q1 · q2
4πε0εrrij

. (2.47)

2.9.4 Insane
One of the most critical steps when performing membrane simulations is ensuring both the correct
positioning and integrity of the lipid bilayer. There are various methods to achieve this, such as using
GROMACS or CHARMM-GUI[133, 163]. Nevertheless, the simplest and also more accurate approach
when dealing with CG Martini simulations is utilizing insane.py (an acronym for INSert membrANE)
tool[164]. Using this tool, researchers can not only define any desired lipid composition - from the
simplest to the most complex, depending on the specific goals - but also customize the simulation
box geometry, solvate the system, and add counterions to ensure overall charge neutrality[164]. Using
insane.py, it is also possible to reorient the protein structure perpendicularly to the membrane’s plane.
However, to correctly position the CG protein along the z-plane of the membrane, I employed the PPM
2.0 Server[165]. The pipeline used for my CG simulations exploits insane.py as follows[164]:

Pipeline insane

python2.7 insane.py -f Martini-model.gro -p topology-Martini.top -pbc cubic -x
xdim -y ydim -z zdim -l [lower leaflet membrane composition] -u [upper leaflet
membrane composition] -sol W -d 1.5 -o insane-Martini.gro -center

where,

-pbc cubic indicates the pbc box shape, in this case cubic,
-x, -y, and -z applies the box dimension in the x, y, and z dimension, in nm,

respectively,
-l, -u sets the lipid composition in the lower and upper leaflet, respec-

tively,
-sol W applies the CG water model to solvate the box. The total number

of W CG beads inserted into the box is determined by the available
free volume of the box,

-d 1.5 sets the minimum distance to the periodic images, in nm,
-center centers the protein in the membrane.

2.10 MD Simulation Protocol setup
So far, we have described the preliminary phases of the protocol, including the mapping from the all-
atom system to Martini 3 and the embedding of monomers into the membrane, along with the adopted
specifications. The protocol majorly follows the parameters of de Jong and colleagues[131]. After these
preliminary steps, the protocol proceeds with an energy minimization step using the steepest descent
algorithm for 50,000 steps[166]. This step is carried out to eliminate steric clashes and ensure an ener-
getically favorable protein conformation prior to subsequent simulations. The cutoff scheme employed
is Verlet, and the reaction-field treatment for long-range electrostatic interactions is used[167, 168].
The minimization phase is followed by a canonical ensemble (NVT) simulation, in which temperature
and volume are kept constant, for 50 ns. Constraints were applied using the LINCS algorithm, and the
temperature was maintained at 315 K using the V-rescale thermostat[132, 137]. Subsequently, an NPT
simulation was performed using the Parrinello-Rahman barostat with a reference pressure (ref-p) of 1
bar, compressibility of 3 × 10−4 and τ -p of 12 ps[134]. Pressure coupling was applied semi-isotropically.
Both the NVT and NPT simulations were conducted with backbone restraints. The NPT phase was
run for 100 ns. The production phase was then carried out without restraints for 1 µs. From the equi-
librated portion of the trajectory (identified as the plateau region of the RMSD plot), clustering was
performed, and the most representative configuration was selected for subsequent enhanced sampling
simulations.
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2.10.1 Backmapping: from the coarse-grained to the atomistic structure
Various biological events, such as dimerization, ligand binding/unbinding and protein-lipid interactions,
are characterized by a slow process, making them difficult to reproduce computationally[150, 169, 170,
171, 172]. To overcome this challenge, CG models are employed to speed-up these events[172]. However,
once the desired structure or interaction has been obtained, it is often necessary to reconstruct the
atomistic detail in order to achieve higher resolution and more accurate structural information. This
step is essential, for instance, in docking studies or MD reproducibility[149]. This impelling need arises
because, due to the reduced degrees of freedom resulting from atom-to-bead mapping in CG models,
certain molecular properties, like hydrogen bonding, may be represented inaccurately or not captured
at all[149, 150]. This "translation" process is best known as backmapping (Figure 2.7). Backmapping
can be performed in three distinct modalities[173]: using a geometrical, a machine learning-based, or a
fragment-based approach[172, 174, 175]. The backmapping procedure I used in this thesis is the latter
approach and it is implemented within the CG2AT2 framework[172].

Figure 2.7: The scheme of the CG backmapping from CG model[149, 151]. The mapping from a
CG structure to an all-atom representation is described in the following two steps. In 1, the alanine
residue is represented by two beads: the backbone (green) and the side chain (blue). In 2, each
bead is backmapped into the corresponding atomic fragment composing the alanine residue, thereby
reconstructing the all-atom representation of the residue[176]. The algorithm iterates over the entire
CG model presented in input.

The CG2AT2 workflow can be divided in four major steps[172]:

• Conversion: Atomistic fragments are mapped and aligned to the center of mass of the CG bead.
These atomistic fragments contain all the necessary chemistry and stereochemistry information to
convert the model to an atomistic structure[172]. CG2AT2 provides atomistic fragments details
for AMBER, CHARMM, OPLS, and GROMOS[177, 178, 179, 180]. Additionally, conversion can
be performed de novo (nude and crude reconstruction of the atomistic structure using only the CG
beads information) or by providing an initial atomistic structure. The latter method is prefereble,
since it allows the correct repositioning of amine bonds within the correct plane, minimizing initial
steric clashes[172]. This was also done to reduce the timing for the minimization step explained
after. For my backmapping procedure, I used atomistic fragments from CHARMM36m providing
the initial atomistic structure as input. At this stage, the quality of the model becomes paramount,
as its energetics - regardless of the algorithm used to obtain it - may differ significantly from those
of its atomistic counterpart[150].

• Minimization: bond lengths and angles are adjusted and any steric clashes are corrected.
CG2AT2 exploits the steepest descent algorithm to perform minimization[166].

• Integration: After rebuilding, the system components are reintegrated and energy-minimized.
Occasionally, artifacts may arise: lipid tails might insert through the ring-like structures of aro-
matic residues. Such configurations must be avoided to elude unwanted lipid-protein interaction,
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and CG2AT2 can detect them by identifying abnormal bond lengths[172]. These issues are
resolved by translating the affected atom groups, followed by an additional minimization and ge-
ometrical optimazion step to eliminate any remaining potential distortions that could introduce
artifacts. This correction process is repeated iteratively for each detected inconsistency[172].

• Equilibration: CG2AT2 involves relaxing the system through a NV T simulation. Position
restraints are applied to the backbone Cα atoms of the protein, if present[172].

The following pipeline was used for my coarse-grained-to-atomistic reconstruction solely for my protein
structures and not for lipids:

Pipeline CG2AT2

cg2at2 -ff charmm36-mar2019-updated -fg charmm36 -w tip3p -c CG_input.gro -a
AT_input.pdb

2.10.2 The Martini 3 Force Field: Future Perspectives on the Horizon
Recent advances with the Martini 3 CG force field have markedly accelerated studies, enabling in-
vestigations that range from GPCR oligomerization and detailed small-molecule parametrization to
intricate lipid–protein interactions[169, 181, 182]. Despite this progress, open challenges remain: pro-
tocols for molecule parametrisation still need fine-tuning, protein flexibility is only partly captured, and
further work is required to map allosteric, cryptic or protein–protein interfaces[176]. The next sections
outline how forthcoming extensions of Martini 3 could tackle these gaps and broaden its impact on
drug-discovery pipelines[176].

Cryptic pockets

In general, drug-binding sites on target proteins are accessible cavities exposed even in the absence of
a ligand, as observed in GPCRs[183]. Yet, due to the inherently dynamic nature of protein structures,
additional transient cavities - commonly known as cryptic pockets - can emerge upon ligand interaction,
driven by conformational rearrangements[183, 184]. These pockets are typically not detectable in static,
ligand-free protein conformations (Figure 2.8).

Figure 2.8: TEM-1 β lactamase (light gray) complexed with a high-temperature-destabilizing allosteric
inhibitor bound within its cryptic binding pocket (yellow)[185].

Cryptic pockets are not permanently viable and they manifest sporadically in response to a ligand
action[176]. Therefore, these novel allosteric transient cryptic binding sites could serve as putative
targets for drug development for various diseases, including therapeutic drugs for cancer treatment[176,
186] or SARS-CoV-2 infections[176, 187].

Cryptic binding sites in proteins possess an opening time in the range up to millisecond, and for
this fast exposure they are not often captured by state-of-the-art experimental methods[176]. Although
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there have been recent advancements in supercomputers, accessing these timescales for MD simulations
remains largely unfeasible[187, 188]. As mentioned in section 2.8, to address this issue, enhance sam-
pling techniques may be exploited, such as mixed-solvent MD, Metadynamics/Well-tempered Metady-
namics or flooding MD[141, 142, 176]. However, using these approaches remain time consuming, and
they still require significant efforts to open cryptic pockets[176, 189, 190].

Another potential caveat of using enhanced sampling techniques lies in the selection of CVs (see
section 2.8.2); a poor choice can hinder convergence and reduce the effectiveness of the method[147,
176, 191]. Thereby, a combination of CGMD and enhance sampling techinques may accelerate the
findings of cryptic pockets[176].

A further limitation of using CG approaches lies in accurately describing protein conformational
flexibility, which is crucial for biological function and therapeutic scopes[149, 176]. To avoid any
collapse of the protein’s scaffold, Martini-based CG approaches exploit harmonic potential restraints
on BB beads, also defined as elastic networks[159]. This strategy can induce bias results[149, 176].
Strategies like localized distance restraints, Gō-like models, or adaptive Elastic networks, and, in the
next future also artifical intelligence (AI), may help to counteract this issue[176, 192, 193].

Drugs targeting PPI

PPIs are emerging drug targets with three main classes of modulators: small molecules, antibodies, and
peptides. Each class has its strengths and bottlenecks: these aspects have been extensively discussed
and summarised in recent reviews (as reported in this perspective review[176]). One possible strategy
to mitigate these limits is the use of Proteolysis Targeting Chimeras (PROTACs), which function
catalytically to induce target degradation[176]. Their design and optimisation can be significantly aided
by computational approaches, including protein-protein docking and MD simulations, particularly when
structural data are lacking. CGMD such as Martini 3 offer an efficient framework to investigate large
molecular systems and assist in the rational development of PROTACs (as reviewed here: [176]).

Soft nanoparticles with Martini 3

Certain drugs, when administered orally, exhibit low bioavailability in the blood stream, thereby re-
ducing their efficacy and necessitating multiple administrations during the therapeutic regime. In this
regard, drug shuttle systems play a vital role in increasing drug efficacy by overcoming challenges such
as low aqueous solubility, like the blood brain barrier and rapid degradation of many approved drugs
(Figure 2.9)[176].

Figure 2.9: Example of nanoparticle shuttle system carrying a drug, in this example Risperidone.

Indeed, Soft nanoparticles (SNs), including lipid, polymer, and hybrid carriers, are properly engi-
neered to counteract these pitfalls, optimizing drug solubility, targeting efficiency, and stability[176]. In
this context, CG modeling allows for the computational study of SN formation, morphology, and drug
distribution across biological membranes[176]. As highlighted in this chapter, the expanded chemical
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space of the Martini 3 force field, compared to Martini 2, offers greater potential for unlocking deeper
insights into SN behavior, construction and interactions[149, 176].

Protein binding pockets embedded in the membrane bilayer

CG simulations under the Martini 3 force field framework represent a critical advancement in un-
derstanding protein-ligand interactions within membranes, crucial for drug discovery and membrane
biology research[176]. Future directions aim to expand simulation capabilities with Martini 3 force field
enhancements, facilitating automatic parameterization for diverse ligands and enabling high-throughput
screening[176]. This promises to further accelerate drug discovery efforts and deepen our understand-
ing of membrane biology, highlighting the pivotal role of CG simulations in bridging experimental
challenges and computational insights in complex biological systems[176].

In conclusion, the Martini CG infrastructure has emerged as a powerful tool for in silico studies
targeting druggable cryptic binding sites, optimizing protein-ligand interactions, and designing drug
delivery systems[176, 194]. Eventually, the automated parameterization of ligands already furnished by
Bereau and colleagues[195], as well as tools like Swarm-CG[196] and PyCGTOOL[197], are embracing
the Martini 3 framework[149, 176]. Next subsection will briefly illustrates the new advancement in
Martini 3 ligand parametrization.

CG Ligand parametrization

CGMD simulations with Martini 3 enable the investigation of large protein complexes on millisecond
timescales, but still lack an automated approach for generating small-molecule models. Although
Auto-Martini 2 was a widely adopted tool for rapid ligand parametrization, the expanded chemical
space and improved accuracy of Martini 3 in reproducing protein-ligand interactions have rendered it
unsuitable[195, 198]. To bridge this gap, Auto-MartiniM3 represents a valid alternative that automates
the CG of small molecules for Martini 3 without the need for AA input trajectories[198]. This tool only
relies on Voronoi graph partioning of atoms into beads, assign partial SMILES (SMILE code is the
only input needed for this tool) into beads, assign bead type according to their polarity and then bond
interaction. Auto-MartiniM3 offers a fast and robust solution for high-throughput generation of CG
models.

Protein-ligand binding

As treated in the previous paragraphs, the investigation of protein-ligand interactions remains of
paramount importance[176, 194]. Although determining the binding free energies between a recep-
tor and a molecule (whether agonist or antagonist) is quite resource-intensive and difficult to setup, it
is a crucial step for the successful development of pharmaceuticals and lead compounds[194]. In this
regards, the application of the Martini 3 force field can therefore accelerate this process, and several
results have already been published recently[194, 199, 200, 201].

2.11 Contribution of this Chapter
My contribution to paragraph 2.10.2 is based on an in-depth review of the literature concerning poten-
tial future outcomes of the Martini 3 force field, providing insights as outlined in this last subsection. In
addition, I contributed to revising and refining the manuscript to ensure its suitability for publication
in the journal, actively collaborating with members of my research group at the Forschungszentrum
Jülich and multiple groups around Europe and World.

Paragraph 2.10.2 is an extract published in accordance with §5(6) of the doctoral regulations in the
following peer-review Journal:

Lisbeth R. Kjølbye , Gilberto P. Pereira, Alessio Bartocci, Martina Pannuzzo, Simone Albani, Alessan-
dro Marchetto, Brian Jiménez-García, Juliette Martin, Giulia Rossetti, Marco Cecchini, Luca Monti-
celli and Paulo C. T. Souza. "Towards design of drugs and delivery systems with the Martini coarse-
grained model." QRB discovery 3 (2022): e19.
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Chapter 3

Coarse-Grained Molecular Dynamics
(CGMD) Platform

CG models are simplified representations of AA models, in which essential molecular features are
only retained. This approximation enables faster sampling by decreasing the degrees of freedom[149].
Consequently, CG simulations can span longer timescales, providing insights into the dynamics of
macromolecules that are beyond the scope of classical MD simulations. CG models have been ex-
tensively utilized to study a multitude of biological problems, such as protein folding mechanisms or
protein-membrane interactions[156]. The development of CG protein models is constantly expansion.
Numerous studies have exploited CG force fields, such as Martini[149, 151], SIRAH[202], OPEP[203],
Shinoda-Devane-Klein (SDK)[204], or ELBA[205].

The Coarse-Grained Molecular Dynamics (CGMD) Platform is a web service1 dedicated to
prepare and analyze CG simulations through two indipendent force fields[156]: the Martini 2.2 and the
Southamerican Initiative for a Rapid and Accurate Hamiltonian (SIRAH)[151, 202]. CGMD Platform
represents an evolution of the already existing web server Martini coarsE gRained MembrAne proteIn
Dynamics - MERMAID[206]. As the previous version, the user can change several components of the
simulation, from the molecular dynamics parameters (mdp) to the lipid composition. However, in this
version, several new features are introduced:

• New web interface: CGMD Platform exploits a new graphical engine by using a combination
of:

1. Javascript (https://www.javascript.com/)[207];

2. jQuery 3.4.1 (https://jquery.com/);

3. Bootstrap 4.4.1 (https://getbootstrap.com/);

4. PHP 7.4.3 (https://www.php.net/)[208].

It is also conceivable to interact and inspect the 3D protein structure model directly on the
browser via NGL Viewer[209]. It is also possible visualizing trajectories on the browser[209].
The implementation of the interface was done in collaboration with Carlo Alberto Rossi from
University of Verona, Italy.

• SIRAH force-field: The SIRAH 2.2 force field is implemented within CGMD Platform. Cur-
rently, only simulations in explicit solvent are available in this platform. Here an input pqr file
must be provided. A pqr file contains charges and radii in addition to the canonical RCSB PDB
information. Users can obtain this file, for example, via APBS Server[210]. All the necessary
information to run and apply this tool were acquired from Sergio Pantano from Institut Pasteur
de Montevideo, Uruguay.

• Martini simulations in membrane environment: This represents the core functionality
of the CGMD Platform. The web interface incorporates all features of the previous published
MERMAID tool[206], along with additional configurable parameters (for further details, see the
following link: https://molsim.sci.univr.it/mermaid/begin.php). A direct integration with the

1https://molsim.sci.univr.it/mermaid/begin.php

https://www.javascript.com/
https://jquery.com/
https://getbootstrap.com/
https://www.php.net/
https://molsim.sci.univr.it/mermaid/begin.php
https://molsim.sci.univr.it/mermaid/begin.php
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GOMoDo web server allows for the retrieval of GPCR models[211]. The connection with GO-
MoDo web server was done in Collaboration with Dr. Rui Ribeiro. Given the fact that GPCRs
share the conserved 7TM helical architecture, retrieved models are structurally aligned to the
Nociceptin receptor in its inactive conformation (PDB ID: 4EA3), as downloaded from the OPM
database[212, 165]. This receptor serves as a reference to achieve proper perpendicular orientation
within the lipid bilayer, a requirement for realistic membrane insertion of the protein complexes.
The structural alignment is performed using the LovoAlign tool[213]. To obtain detailed sec-
ondary structure information, a local version of the Dictionary of Protein Secondary Structure
(DSSP) has been exmployed[161]. This web platform covers a broad user base. Advanced users are
granted the flexibility to modify default parameters provided through the graphical interface and
may upload their own "home-made parameters" for MD simulations. The force fields Martini2.2
and Elnedyn22 - two variants of Martini 2.2 - are currently implemented in the system[151]. After
selecting the preferred force field, users can navigate through several configuration panels, each
offering extensive customization options. Among these is support for the insane.py script[164],
which facilitates the embedding of protein complexes into lipid membranes. Users can also choose
from a variety of counterions, Na+, Ca2+, choline (NC3+), and Cl–, to neutralize the system.
Furthermore, the platform provides access to over 55 different lipid species, enabling detailed
customization of membrane composition. Each leaflet of the bilayer can be individually tailored,
including the option to introduce membrane asymmetry. In addition to manual selection, users
may select one of the four predefined membrane compositions (main lipids are present in the next
figure) available through the CGMD Platform interface (Figure 3.1)[214]:

Figure 3.1: Main lipids membrane composition implemented within this platform for: Golgi Apparatus,
Mitochondial membrane, Plasma membrane and Endoplasmic Reticulum.

• Martini simulations in water environment: this tool allows the simulatiion of soluble pro-
teins, in addition to membrane simulations, with the Martini 2.2 force field. This tool replicates
the procedural workflow of the previous step, except for the insertion in the membrane step.
Additionally, it should be noted that proteins cannot be obtained from GOMoDo[156].

3.1 CGMD Platform documentation
Dynamic pop-ups, generated via locally installed Bootstrap Tour tools (https://bootstraptour.com/,
see 3.2), offer step-by-step documentation for each parameter and action. This ensures users receive real-
time, contextual guidance at any step without the need to browse separate pages or verbose manuals.
Additionally, tutorials include pre-calculated systems that illustrate all computational features available
within the CGMD platform[156].

https://bootstraptour.com/
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3.2 CGMD Platform: computational details
All the CG simulations in the CGMD Platform are run on a Linux Ubuntu Server 20.04.1 LTS machine
with 12 cores and 32GB of RAM. GROMACS 2019.3 is installed for running the simulations[133]. To
model the system, Modeller 9.25 is utilized[115]. Users must insert their Modeller key to run this
feature. All jobs are stored on the server for future retrieval.

3.3 CGMD Platform pipelines
Three tools are implemented within the CGMD Platform: a tool for simulations with the SIRAH
force field, a tool for running simulations with the Martini 2.2 force field, and a backmapping tool
backward.py that exploits a geometrical approach (more information about backmapping here: 2.10.1)
to reconstruct the atomic structures. The following pipelines are utilized:

3.3.1 The SIRAH Pipeline
The SIRAH-implemented architecture is structured into five sequential layers. The first layer involves
user input. The second focuses on the addition of solutes. The third encompasses energy minimization,
system equilibration, and the production run. The fourth layer pertains to data analysis, and finally,
the fifth layer facilitates downloading the results to the local machine (see Figure 3.2). Specifically,
in the first layer, the user is responsible for uploading a PQR file containing one or more protein
complexes[210]. This file format, an extension of the PDB, includes not only structural information
but also the partial charges assigned to each amino acid. These charges are essential, for instance, in
accurately mapping the polarity of the beads during the CG mapping process. As soon as the PQR
file is uploaded, each amino acid is automatically converted into its corresponding CG representation.

Subsequently, the server generates the simulation box by adding ions to neutralize the charge of the
box and solvent. The water model employed by SIRAH corresponds to the tetrahedral WT4 model.

In the third layer, the various steps of the molecular dynamics protocol are carried out, starting
with two minimization stages (with and without restraints), followed by NVT and NPT equilibration
phases, and finally the production run. Each step is accompanied by a series of analyses aimed at
assessing the stability of both the system and the simulation, such as RMSD analysis, pressure and
temperature variability. This third layer is directly connected to the subsequent one, the analysis layer.

The final step consists of the user downloading the data to a local cluster or workstation. The
primary objective of this tool is to facilitate the setup and initiation of CG molecular dynamics simula-
tions, providing the end user with an efficient means to streamline and manage the simulation workflow.
More information and a detailed explanation can be found here[156].

Figure 3.2: Configuration of the SIRAH Pipeline embedded in the web platform.
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3.3.2 Martini 2.2 with membrane
The architecture implemented in Martini 2.2 is organized into five sequential layers, each corresponding
to a distinct stage of the simulation pipeline (see Figure 3.2). The first layer handles user input, where
the user uploads a PDB file containing one or more protein complexes. Upon upload, each amino acid
residue is automatically converted into its corresponding CG representation according to the Martini
2.2 force field topology.

The second layer manages system setup by adding solutes, neutralizing ions, and solvent molecules
to construct the simulation box. Unlike the previous tool, this stage includes a membrane embedding
procedure, allowing the protein complexes to be inserted into a customizable lipid bilayer. Users can
choose from over 55 lipid types, thereby enabling the exploration of potential protein–lipid interactions,
regardless of their level of expertise.

The third layer covers the same simulation protocol seen before. It begins with an energy mini-
mization step, followed by NVT and NPT equilibration phases, and culminates in the production run.
Each stage is accompanied by automated stability assessments to monitor the behavior of the system.
This layer is directly integrated with the analysis stage (Layer 4).

The fourth layer is dedicated to post-simulation analysis, offering users a suite of tools to interpret
and visualize the simulation results.

Finally, the fifth layer enables users to download all output files to a local machine, cluster, or
workstation for further analysis. Additional details and a comprehensive description of this pipeline
are available in Marchetto et al. [156].

Figure 3.3: Configuration of the Martini 2.2 Pipeline embedded in the web platform[156].

As previously stated, the schematic representation of the "Martini water" section will not be in-
cluded in this thesis, as it is identical to the one already presented - except for the step involving the
insertion of the protein into the membrane.

3.3.3 Backmapping procedure
The reduction in resolution in CG representations poses a limitation for interpreting detailed aspects
of simulations, such as specific contacts in a quaternary complex or contacts between ligand and sur-
rounding residues[156]. Atomistic-level details are therefore an essential instrument for understanding
molecular recognition and precise intramolecular and intermolecular interactions. The process of recov-
ering atomistic details from a CG representation is known as backmapping, and it has been widely
discussed in Section 2.10.1. The backmapping procedure via the backward.py algorithm is impleme-
mented in the CGMD Platform[156, 174]. The four-layers backmapping pipeline is only available for
the Martini Models. With this tool, users can backmap a soluble protein from the Martini force field
to different force fields, such as Charmm36[215], Amber[216], or Gromos[217]. For membrane systems,
there are nine supported lipids: DPPC, POPC, CHOL, DOPG, DOPC, DOPE, DOPS, POPG, and
POPE. Slipids force field topologies are utilized to reconstruct the atomistic details for both protein
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and lipid, and, therefore, the associated membrane protein is backmapped to the Amber force field[156].
Follows the backmapping pipeline:

Figure 3.4: Simplified workflow diagram illustrating the backmapping procedure of a CG Martini
model within the CGMD Platform[156]. Initram.sh is a shell script that accepts parameters for the
backmapping[156, 174].

3.4 CGMD Platform as part of the Human Brain Project (HBP)
The Human Brain Project (HBP) provides researchers with advanced tools and services for sustainable
brain simulation studies. These resources allow scientists to create, simulate, validate models, and
share results efficiently. Simulation engines are available for different levels of brain complexity, from
molecular and cellular to network and whole-brain levels. They also support interaction between
multiple simulation engines, facilitating the simultaneous simulation of detailed models within broader,
more abstract frameworks. CGMD Platform is part of HBP: https://wiki.ebrains.eu/bin/view/
Collabs/molecular-tools-cgmd-platform/https%3A/molsim.sci.univr.it/mermaid/begin.php.

3.5 CGMD Platform: Application Cases
In this section, we will briefly expose three powerful application cases implemented within the CGMD
Platform[156]. These tools offer unique functionalities that cater to a variety of needs, making them
invaluable assets for both personal and professional use. Files for running test case are freely available
in this Github repository: https://github.com/JavaScript92/CGMD_Platform.

3.5.1 Martini 2.2 with Membrane
This first tool describes the preparation and running of a CGMD simulation for the Rhodobacter
sphaeroides translocator protein (RsTSPO), highlighting its roles and the effect of cholesterol (CHOL)
on its structure[153]. The simulation, accessible online, was conducted in a 70% Phosphatidylglycerol
(POPG) and 30% CHOL membrane model with Na+ and Cl− as counterions. The process involved the
classical MD steps shown in Figure 3.3, showing stable results after ∼ 20 ns. Users can track progress
via a status bar and access the final structure and reference files through a public GitHub repository
(https://github.com/JavaScript92/CGMD_Platform). A demo case option allows automatic PDB
upload and simulation execution. All results can be downloaded as a zip archive.

3.5.2 Water Martini
This second tool describes the simulation of the hen egg-white lysozyme (PDB: 1AKI) using a 15
nm3 cubic box[218]. The system, neutralized with Na+ and Cl− ions, was simulated via the classical
four MD steps: minimization, NVT, NPT, and production. The structure was equilibrated after ∼ 2

https://wiki.ebrains.eu/bin/view/Collabs/molecular-tools-cgmd-platform/https%3A/molsim.sci.univr.it/mermaid/begin.php
https://wiki.ebrains.eu/bin/view/Collabs/molecular-tools-cgmd-platform/https%3A/molsim.sci.univr.it/mermaid/begin.php
https://github.com/JavaScript92/CGMD_Platform
https://github.com/JavaScript92/CGMD_Platform
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ns, with Root-mean Square deviation (RMSD) and radius of gyration plots indicating general system
stability. Results, analysis, structures, and other different data can be downloaded as a zip archive.

3.5.3 The SIRAH Force field
This last tool describes the Binary Complex of Restriction Endonuclease HinP1I with its Cognate DNA
(PDB: 2FL3) using the SIRAH force field[202, 219]. The system, prepared as outlined in Figure 3.2,
was simulated in an octahedron box with K+ and Cl− as counterions to achieve physiological ionic
strength. Also here, users can track the simulation via a progress bar and perform various analyses,
including dynamic plots and 3D visualizations. Results, molecular structures, and properties can be
downloaded as a zip archive.

3.6 Future Perspectives of the CGMD Platform
In forthcoming releases, the CGMD Platform will be upgraded to support Martini 3, whose bead
definitions cover a broader chemical space than those of Martini 2.2, as explained in the previous
chapter. By incorporating this force field, the platform will enable users to probe an even wider
spectrum of biologically relevant questions with greater molecular detail. Backmapping capabilities
will, at the same time, be changed towards more "state-of-the-art" tools. Current backwards.py tool
will be replaced by more advanced solutions, such as CG2AT2 and the emerging HEroBM, offering
higher accuracy and efficiency when converting CG trajectories to atomistic resolution topologies[150,
172]. To extend the scope of accessible phenomena, the pipeline will integrate enhanced-sampling
protocols, such as OPES (and its varaints) and well-tempered metadynamics, along with dedicated
workflows for ligand parametrization[141, 142, 147]. These additions will facilitate the exploration of
rare events and support the characterization of receptor–ligand interactions, at a CG level. Finally, the
current PHP/JavaScript web-server architecture will be migrated to a fully Python-based framework.
This transition will improve code portability, simplify maintenance and debugging, and foster more
rapid development of new features.

3.7 Conclusions
CGMD platform entails a multitute of functionalities, by offering (Figure 3.5):

Figure 3.5: Set of functionalities offered by CGMD Platform: a backmapping service, options for
Martini or SIRAH CG force fields, on-the-fly analysis of simulation parameters like RMSD, temperature,
pressure, and energy. Dynamic help pop-ups for user guidance, and a choice of more than 55 lipids for
custom membranes or ready-to-use models for common physiological membranes are available[156].

The CGMD Platform is particularly tailored for investigating a wide range of biologically relevant
processes, such as protein-protein interaction or lipid–protein interactions, which play critical roles in
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membrane organization, signal transduction, and cellular homeostasis[156]. One of the key strengths
of the CGMD Platform lies in its support for comparative studies. Users can easily set up and
simulate multiple systems with a wide range of options, enabling systematic exploration
of critical biological determinants such as lipid count, lipid flip-flop, and the clusterization
of lipids alongside helices or structural domains. These comparative analyses can be performed
once the simulation trajectories are downloaded from the platform. CGMD platform also facilitates
reproducibility and standardization in CG simulations by integrating pre-defined protocols: advanced
users can still adjust all essential parameters to meet their specific research goals. Furthermore, the
web interface is designed to be intuitive and accessible (also for color blind people), ensuring that
both novice and experienced users can benefit from the platform. Comprehensive "on-the-fly" pop-
up documentation eradicates the need for manual script editing or advanced computational skills.
To support downstream analysis, the platform incorporates also a robust analysis layer that offers
visualizations and structural stability metrics, at any step of the MD simulation. This allows researchers
to monitor and interpret stability-related insights directly within the web interface, even before the
simulation is fully completed. Once finished, the data can be downloaded for more detailed, local
analysis. In summary, our CGMD platform is a powerful, user-friendly, and fully web-based tool
that simplifies the preparation, running, and analysis of CGMD simulations. As such, it serves as
an invaluable resource for studying membrane proteins, macromolecular assemblies, and
their interactions with lipid environments in biologically meaningful contexts.

3.8 Contribution of this Chapter
The structure of this chapter is intended to describe how the computational platform known as the
CGMD Platform is organized. I contributed to several aspects of this web server.

My primary contribution involved the setup of the graphical user interface, developed using pro-
gramming tools such as PHP and JavaScript. In addition, I assisted in building the source code required
to run the underlying algorithms in the background. These algorithms enable users, through various
tools, to set up and execute coarse-grained molecular dynamics simulations, as well as to reconstruct
all-atom structures from coarse-grained representations.

The connection between GOMoDo web server and this platform was done by me and Rui Ribeiro[211].
Furthermore, I participated in the revision and writing of the manuscript and in the collection of

data from the scientific literature. The benchmarking was carried out by me in collaboration with
several members of Forschungszentrum Jülich, Germany (Zeineb Si Chaib, Giulia Rossetti), Institut
Pasteur de Montevideo, Uruguay (Sergio Pantano) and the University of Verona, Italy (Carlo Alberto
Rossi, Rui Ribeiro and Alejandro Giorgetti).

This chapter is an extract published in accordance with §5(6) of the doctoral regulations in the fol-
lowing peer-review Journal:

Alessandro Marchetto*, Zeineb Si Chaib*, Carlo Alberto Rossi*, Rui Ribeiro, Sergio Pantano, Giu-
lia Rossetti and Alejandro Giorgetti "CGMD Platform: Integrated Web Servers for the Preparation,
Running, and Analysis of Coarse-Grained Molecular Dynamics Simulations." Molecules 25.24 (2020):
5934.
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Chapter 4

GPCRs oligomerization protocol

PPIs are fundamental for cellular processes, but understanding their exact structures and mechanisms
is difficult[220]. Classical MD simulations provide valuable insights into PPIs, but their effectiveness
in studying reversible association and dissociation processes is hindered by slow kinetics, and represent
them is challenging[169, 220]. Addressing these issues is crucial for gaining atomic-level understanding
of protein oligomerization pathways. To expedite these processes, CGMD simulations have been uti-
lized[149, 151]. As discussed in Chapter 2, CGMD simulation could represent the gateway to overcome
limitations in time and length scales[149]. Using this approach, it is still possible to retrieve molecular
details for the protein-protein oligomer with high accuracy[149]. However, representing all metastable
states and transitions between them remains enormously challenging[220]. Therefore, a common strat-
egy is to combine CGMD simulations with enhanced sampling techniques, which further accelerates
the exploration of phase space. For my simulations, I used a combination approach of CGMD and
Well-tempered Metadynamics techinques[141, 149]. The GPCRs oligomerization procol consists of two
modules:

• Well-Tempered Metadynamics: This first step runs Well-tempered Metadynamics using two
CVs. The scope of this module is to reproduce the association/dissociation mechanism typical
of GPCRs in complex membranes, finding interfaces potentially in line with experiments. Free-
energy calculations are also performed to analyze the convergence of the simulation and evaluate
the minima extracted.

• Unbiased Simulation: The scope of this module is to evaluate the degree of stability of the
quaternary structure of the complex. Here, the selected structure undergoes 40 µs of simulations,
and different properties are evaluated, such as: contact analysis matrix, solvent accessible surface
area (SASA) of the orthosteric binding cavity or cavities of the GPCRs, and volume of the
orthosteric binding cavity or cavities of the GPCRs. This module ultimately aims to evaluate the
impact of the membrane on one or more helices within the GPCRs structure.

This protocol, compared to others in the literature[169, 220], leverages two distinct features: it
does not require prior knowledge of the complex to be formed (therefore, the interaction sites that
determine receptor-receptor interactions are not specified in the definition of the descriptors of the
CVs), and it also aims to take into account the membrane environment surrounding the receptors. The
ultimate goal of this protocol is to determine structures/complexes with the correct interface that can
subsequently be exploited to perform kinetic and thermodynamic calculations for drugs binding to that
specific complex.
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4.1 First module: the Choice of the Collective Variables (CVs)
for the Well-tempered Metadynamics

To accurately describe the association/dissociation pathway, is important to investigate the correct
CVs to push on the slow modes of the system and, thereby, describe the entire free energy landscape
(see subsection 2.8.2).

Figure 4.1: Set-up of the first CV. Proteins are depicted in red.

To do so for my simulations, I used two reaction coordinates, namely the centers of mass (COM)
of the two monomer embedded in membrane as a first CV and, as second CV, the transmembrane
atoms (COORDINATION) of the two embedded systems. All the simulations were run with the support of
Plumed 2 plug-in patched with Gromacs[133, 148]. All the Well-tempered Metadynamics simulations
consist of 10 µs, except where indicated. Additionally, as depicted in the image (Figure 4.1), the
membrane measures 40 nm along the x-axis and 40 nm along the y-axis (12 nm along the z-axis). These
seemingly large dimensions were necessary to prevent self-interactions among adjacent images (PBC)
and to allow large diffusion of the monomers within the lipid environment. Unless specified otherwise,
the lipid environment is referred to the neuronal membrane (here called CNS membrane)[221].
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4.1.1 Analysis of the first CV: the distance of centers of mass
Two monomers have been placed 9 nm apart within a complex membrane at the start of the simulation
(Figure 4.1). The distance of the centers of mass between the two membrane entities was then set up.
The decision to position the monomers at this distance at the beginning of the simulation was made
to avoid any potential long-range interactions between the two monomers from the beginning of the
equilibration phase.

The definition of the first CV is the following:

Pipeline first CV: distance of centers of mass

monomerA: COM ATOMS=first_atom-last_atom
monomerB: COM ATOMS=first_atom-last_atom
comMonomers: DISTANCE ATOMS=monomerA,monomerB

UPPER_WALLS ...

ARG=comMonomers
LABEL=restraint
AT=9
KAPPA=1000

... UPPER_WALLS

where,

monomerA and monomerB refer to definition of the center of mass (COM) of monomer A and
monomer B, respectively. first_atom and last_atom refer to the
first and last atom of the monomer, respectively,

comMonomers indicates the distance of the COM,
UPPER WALLS puts an upper wall on the comMonomers: the two monomers are

restrained within a maximum distance of 9 nm with a harmonic
potential having a constant KAPPA = 1000.

4.1.2 Analysis of the second CV: the transmembrane atoms
Upon the selection of the first CV, the selection of the second CV, i.e. transmembrane atoms, was
determined using a combination of three different sources: PDBTM, Uniprot, and visual inspection
via VMD[37, 222, 223]. I chose to combine these three factors to gain greater detail and accuracy in
identifying the transmembrane atoms, needed for this protocol (Figure 4.2). The representation shown
in Figure 4.2 displays only one helix for the sake of clarity; however, the selection was performed on all
transmembrane helices of the GPCRs. Helix H8 was not included as part of this CV.

Figure 4.2: In red, the region of the membrane selected as descriptors for the CVs is shown. The
remaining part of the helix (in blue) is not included. As the name suggests, the transmembrane region
(in red) is the portion between the upper layer and the lower layer.
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The definition of the second CV is the following:

Pipeline second CV: transmembrane atoms

COORDINATION ...

LABEL=coordination
NN=6
MM=12
R_0=0.9
D_0=0.0

GROUPA=H1_TM_range,H2_TM_range,H3_TM_range,H4_TM_range,H5_TM_range,
H6_TM_range,H7_TM_range
GROUPB=H1_TM_range,H2_TM_range,H3_TM_range,H4_TM_range,H5_TM_range,
H6_TM_range,H7_TM_range

... COORDINATION

where,

NN=6, MM=12 R_0=0.9, and D_0=0.0 refer to the parameter of the switching function,
GROUPA indicates the transmembrane atoms of the first monomer,
GROUPB indicates the transmembrane atoms of the second

monomer.

The switching function sij obeys to the following formula:

sij =

1−
(
rij − d0

r0

)n
1−

(
rij − d0

r0

)m . (4.1)

4.1 guarantees that the COORDINATION CV has continuos derivatives. This CV has been meticulously
analyzed using the DEEP-LDA algorithm[146].

4.1.3 Well-tempered Metadynamics
The Well-Tempered Metadynamics protocol I proposed utilizes the two CVs mentioned above. To
calculate the value of sigma, I referred to the following formula:

σ =
1

2 ∗ unbiased range of variable
. (4.2)

Of course, there are several other criteria to describe sigma values, such as selecting sigma cor-
responding to one-third of the standard deviation of the basin during the unbiased simulation, than
equation 4.2; however, values very similar to these have been observed with this criterion and/or values
that were too small were unable to overcome the various barriers to explore different energy minima.
Therefore, the values I chose, represent the compromise adopted in my simulations. The Well-Tempered
Metadynamics protocol is the following:
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Pipeline second CV: transmembrane atoms

METAD ...

LABEL=metad
ARG=comMonomers,coordination
SIGMA=0.58,1.203
GRID_MIN=-3,-3
GRID_MAX=10,3000
PACE=500
HEIGHT=1.2
FILE=HILLS
TEMP=315
BIASFACTOR=30
CALC_RCT
RESTART=YES

... METAD

where,

SIGMA is the width of the Gaussian,
GRID_MIN indicates the lower bound of the grid,
GRID_MAX indicates the upper bound of the grid,

PACE is the deposition rate of the Gaussian,
HEIGHT is the height of the Gaussian,

TEMP is the temperature of the system in K,
BIASFACTOR is the bias to overcome minima, how rapidly the Gaussian height

is reducing,
CALC_RCT calculates the rct value necessary for the reweighting,

RESTART=YES indicates that the simulation must restart from the point it stopped.

In this protocol, the CVs are kept intentionally generic to target the system’s slow modes. As
a result, the approach can be described as "blind" because it does not focus on specific interactions
between monomers within the membrane. Instead, it accounts for a broad range of possible interactions.
The rearrangement of oligomers in the membrane is influenced by several factors, including the primary
sequence of the proteins, the composition of the membrane - which may affect oligomerization due to
lipid diversity - the local arrangement of monomer helices, or a combination of these elements.

4.1.4 Clusterization of the structures in the basins
Once the free-energy profile has been determined, it is necessary to select the structures of a particular
minimum. The selection of a minimum cannot be determined from a single frame of the simulation;
instead, it must be based on a collection of frames, as each frame contributes with a different statistical
weight to that minimum. To proceed with clustering, it is essential to determine an algorithm and a
clustering criterion. I used the GROMACS gmx cluster tool to cluster trajectories using the gromos
method, with RMSD as the criterion for including frames in a specific cluster[224]. The cut-off for
including frames in the neighborhood ranges from 3.5 Å to 4.5 Å, depending on the number of output
structures[133, 224]. To extract the most popolous clusters, I utilized the combination of the following
three criteria:

1. Minimizing the number of clusters that exclusively contain a single element;

2. The collection of frames extracted from the minima are included in a 10 or few clusters;

3. The first three clusters should include at least 70% of the extracted structures.

The first three top entries are the three most popolous clusters. Following the used pipeline:
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Pipeline clustering protocol

gmx cluster -f traj.xtc -s topol.tpr -pbc yes -cutoff 0.35 -g -sz -cl -o
-method gromos

where,

-pbc yes takes into account protein boundary conditions during calculation,
-g indicates to print log file to get information on the clusters,
-sz indicates the cluster size in output,
-cl outputs the centroid of each cluster as a pdb structure. The cen-

troid is the structure with the smallest average RMSD from all
other structures within the cluster,

-method gromos is the method used for clustering[224].

4.1.5 Determination of the population of each cluster and evaluation of the
oligomeric interfaces

Once the frames were collected using the chosen clustering algorithm, I attempted to assess each cluster
in terms of its percentage relative to the number of structures extracted in that basin. For example,
if 1000 structures are isolated in the selected basin and 700 structures appear in the first cluster, that
cluster alone will contain 70% of the frames in that minimum. Thus, the minimum, consisting of 1000
frames (structures), is represented by 70% in that cluster. This process was repeated for the other
two clusters considered. Furthermore, for each of the three clusters, I endeavored to determine which
interfaces were selected by the clustering protocol in those clusters. For each cluster, the centroid was
taken and its interface was evaluated. The evaluation of the interfaces was done by using VMD[223].

4.2 Second module: Unbiased Simulation
In the second module of the protocol, I examined a variety of properties on the structures collected
from the previous step. To evaluate the stability of the quaternary structure of the complex and the
impact of oligomerization compared to monomers, different analyses have been conducted. These in-
clude examining contacts at the interface, annular lipid interactions, and the SASA and volume of the
orthosteric/vestibular binding cavities of the GPCRs in both monomeric and dimeric states[225]. I
included the vestibular binding cavity in the analysis due to its contiguous nature as an allosteric ex-
tracellular binding cavity directly connected to the orthosteric pocket of the GPCR[225]. Additionally,
ligands may interact within this region, making it appealing for further comprehensive analysis, such
as docking and virtual screening studies[226, 227]. All the CG unbiased simulations consist of 40 µs:
I simulated the D2 dimer in its active and inactive state, but also the D2 monomer in its active and
inactive state to compare the impact of dimerization in changing SASA and volume properties. The
total simulation time for the unbiased simulations is 0.16 ms. All the unbiased simulations were run
only on the CNS membrane (see Section 4.3.1).

4.2.1 Analysis of contacts
The interactions between two membrane entities were calculated by considering all residues belonging
to each helix of a given monomer and the other monomer. For example, when selecting helix 1,
all transmembrane residues of this helix from a specific monomer were examined, and the distance
between each of these residues and all the residues of the other monomer was calculated. This approach
highlights how a particular helix belonging to a monomer interacts not with a specific helix, but rather
with multiple regions of the other monomer. This relies on the fact that PPIs are unlikely to occur
solely through interactions between single pairs of helices, as demonstrated by multiple papers[228, 229,
230, 231]. Instead, it is more probable that multiple regions among monomers or protomers interact
with each other. Residues in the transmembrane region were chosen following the Uniprot canonical
primary sequence[37]. The pipeline to calculate the contacts between monomers is the following:
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Pipeline contacts between monomers

gmx mindist -f traj.xtc -s topol.tpr -on numcount.xvg -or mindistres.xvg -b
150000 -d 0.6 -pbc yes -printresname yes index.ndx -respertime yes

where,

-on numcount.xvg specifies the number of contacts between a reference (helix) and a
selection (the other monomer),

-or mindistres.xvg outputs the contacts matrix: residues and the relative distance over
the course of the trajectory are depicted in a matrix of contacts

-d 0.6 indicates the minimum distance to consider the contact as true, in
nm

-respertime yes outputs the three letter amino acid code in the header of the con-
tacts matrix.

I started calculating the contacts matrix from 150 ns, discarding therefore the first frames of the
simulations and keeping only the equilibrated part of the trajectory.

4.2.2 Analysis of the orthosteric and vestibular binding pockets
There are several methods to identify binding pockets and their various properties: energy-based,
sequence-based, and, finally, geometry-based cavity approaches[232]. The approach I used in this
thesis to determine the binding pockets and to calculate the various properties related to them is the
latter. For this detection scheme, I utilized MDPocket[232]. The choice of this approach and algorithm
is based on the fact that membrane proteins act as dynamic bodies that adapt to various cellular
stimuli[233]. Thus, the dimerization of two membrane receptors might affect the arrangement of the
transmembrane helices as the monomers approaching, and as a result, the orthosteric and vestibular
cavities formed by these helices may undergo modification. As described in paragraph 2.10.1, to retrieve
atomistic information for a protein from a Martini CG model, it is necessary employing a backmapping
algorithm[172]. After backmapping the structures, I utilized the subsequent procedure to determine
properties SASA and Volume of the orthosteric and vestibular binding properties:

• Run MDPocket: this operation determines the binding pockets and transient binding pockets
of the entire structure. At this stage, several cavities can be detected, and therefore, to remove
this background "noise", a further filtering step is required. All the frames of the trajectory have
been superimposed to a reference structure (first frame) to avoid artifacts in the calculations;

• Filtering of binding pockets: this operation circumvents the inclusion of unwanted pockets
in the calculation. MDPocket provides for the extractISOPdb.py script (https://github.com/
Discngine/fpocket/blob/master/scripts/extractISOPdb.py) to remove the introduction of
these pockets[232]. The isovalue chosen for this script is 3;

• Re-run MDPocket on the selected pockets: this run MDPocket again for the second time
to calculate a variety descriptors for the selected pockets.

https://github.com/Discngine/fpocket/blob/master/scripts/extractISOPdb.py
https://github.com/Discngine/fpocket/blob/master/scripts/extractISOPdb.py
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Figure 4.3: D2 monomer (in green) and the surface region considered for the MDPocket Analysis (in
cyan). The red-dashed rectangle depicts the extracellular allosteric vestibular region of the D2 (see
4.2.2).

4.2.3 Analysis of putative CHOL binding spots
CHOL plays an important role in eukaryotic membranes[234]. It regulates a plethora of properties,
such as fluidity, physiological functions, and, more in general, thickness and undulation[235, 236, 237].
Until 2021, 560 GPCR structures were deposited in the PDB[112]. Out of these, 152 structures have
bound CHOL molecules. These 152 structures correspond to 40 unique GPCRs[238]. Some GPCRs
have multiple structures with CHOL bound: the A2 posseses the highest number of CHOL-bound
structures, with 39 representatives[238]. Moreover, the number of CHOL molecules varies consistently
among CHOL-bound GPCRs, from 1 (the most common with 37% of the structures) to 16, as the
case of GABAB receptor[238, 239]. One of the most studied GPCRs is the β2 receptor[238]. It has
been found co-crystallized with two molecules of CHOL, which interact with four different residues of
the structure: Tyr702.41, Arg1514.43, Ile1544.46, and Trp1584.50[237]1. This four residues represent the
so-called CHOL consensous motif (CCM) for the β2 receptor[237]. According to the CCM pattern,
positions from 4.39 to 4.43 must contain a positively charged residue (either Arg or Lys), position 4.46
must have a hydrophobic residue (Ile, Val, or Leu), and position 4.50 must include a hydrophobic Trp.
Additionally, the position at 2.41 must contain an aromatic residue, namely either a Phe or a Tyr[237].
The conserved nature of these interactions suggests that other class A GPCRs may share a CCM similar
to the one observed for the β2 receptor. In particular, D2 meets these four criteria, and CHOL may
putatively bind to D2 at the same location as β2[237]. To calculate the annular CHOL around D2 in
its active and inactive state, both monomer and dimer, I used MDAnalysis Python toolkit[240]. The
code I implemented for running this analysis is in the Appendix in Chapter 7.

4.3 Membrane environments: from the CNS towards the CHOL
Enriched membrane

One of the most critical biologial roles is played by membranes, such as the maintainance of structural
scaffolding, regulation of different hormones/drugs, active transport and, also, cell communication[241,
242]. The lipid bilayer membrane is a crucial self-assembled structure serving as a boundary between
the extracellular environment and cytosol (Figure 4.4), but also delineates the separation among cellular
compartments[242, 243]. A typical plasma membrane entails several distinct lipid species, which are
modulated by the cellular machinery. Depending on the interplay within the mebrane environment,

1The second CHOL molecule presents a minor extent of interactions with the β2 structure.
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diverse lipid compositions can regulate a wide range of protein functions through shell lipid-protein
interactions or modulate bilayer properties[244].

Figure 4.4: The cellular membrane is schematically composed of lipids, which consist of hydrophilic
heads and hydrophobic tails. The bilayer model features an upper and lower leaflet that separate the
extracellular environment from the intracellular side (cytosol)[78]. Embedded within the membrane are
numerous effector proteins. Drugs bind to receptors and induce a conformational change, triggering
signals within the cell.

CG simulations have become a valuable tool for studying membrane dynamics and investigating the
interactions between membranes and embedded integral membrane proteins. As discussed in Chapter
2, CG simulations simplify the system by grouping multiple atoms into beads, which reduces the num-
ber of particles and consequently smooths the energy landscape[149]. This enables larger integration
time steps, often resulting in faster dynamics[244]. The lipid bilayer model follows the one initially
proposed by Singer and Nicolson in 1972[77, 78]. This membrane model is the key component in
pharmaceutics and biotechnology and for studying lipid dynamics, protein function, and their diffu-
sion[243]. Here, as we will see in Chapter 5, I investigated the dimerization mechanism of D2 in two
distinct membrane environments to understand how these membrane compositions can help explain
different experimental outcomes. Following this idea, I computationally identified different interfaces
consistent with experimental findings[245].

4.3.1 Central Nervous System (CNS) membrane
The first membrane used in my simulations contains five components: CHOL, POPC, POPE, POPS,
and POPG. This membrane represents an approximation of the central nervous system (CNS) mem-
brane as proposed in the study[221]. I approximated the lipid composition of the CNS membrane
present in this study for two reasons. Firstly, not all lipids referenced in the study by Fitzner et al.
[221] have been parameterized within the Martini 3 framework[149, 246]. Secondly, cellular membranes
contain a wide variety of phospholipids and sterols[155], and representing all of them would have made
the simulations exceedingly complex to manage in terms of time scale, also for a CG model and su-
percomputers. Following the neuronal membrane compostion defined as CNS Membrane in this
thesis:
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Lipid name Upper Leaflet (%) Lower Leaflet (%)
POPC 36.0 36.0
CHOL 31.0 31.0
POPE 22.0 22.0
POPS 8.0 8.0
POPG 3.0 3.0

Table 4.1: Lipid composition of the Upper and Lower Leaflets of the CNS membrane.

4.3.2 CHOL Enriched Membrane
CHOL is an ubiquitous component in eukaryotic membranes present to a large extent within the plasma
membrane[155, 247, 248]. It also represents a main component of myelin in the brain[248]. The percent-
age of CHOL within the human brain can fluctuate significantly, ranging from 20% to 80% in synaptic
vesicles[155, 249]. Moreover, alteration in brain CHOL metabolism have been linked to pathological
conditions[250]. CHOL is also important because it can influence a plethora of processes, such as recep-
tor dimerization, ligand binding, and signal transduction[169, 251]. Besides, as mentioned in Chapter
1 and in the next Chapter 5, CHOL is one of the key participants in lipid rafts[82]. Within these lipid
rafts, CHOL content can range from three to five times higher than in surrounding membranes and this
might have an impact on several biological mechanisms[248]. Collectively, for these reasons, I decided
to simulate some of the systems in the following membrane composition, defined as CHOL Enriched:

Lipid name Upper Leaflet (%) Lower Leaflet (%)
POPC 15.2 29.3
PAPC 11.0 10.2
PAPE 22.9 15.9
PAPS 16.2 -
CHOL 44.5 44.5

Table 4.2: Lipid composition of the Upper and Lower Leaflets of the CHOL Enriched membrane.

4.4 Current Limitations of the protocol: optimizing the model-
ing in the next future

One of the most debated topics in the field of MD concerning the enhanced sampling techinques is the
convergence. The convergence of a simulation can be assessed via two key factors. The first is the rapid
diffusion of the system across its phase space: according to the estimated slow motions (the reaction
coordinates the researcher intend to push the system on), the system should be able to reach state A
(the initial state) and state B (the final state) multiple times during the simulation, thereby ensuring
efficient sampling. The second factor involves reconstructing the total FES in a block-wise manner,
the so-called block-average analysis: in detail, the simulation is divided into predefined equal blocks,
and the deviation among the resulting FES reconstructions is eventually evaluated. The underlying
assumption is that the final reconstructed curve should display a hyperbolic trend with a plateau at
convergence. However, these criteria are generally evaluated under highly controlled conditions, such
as studies on very simple systems like alanine dipeptide in water environment or small proteins such as
chignolin[252, 253]. In more complex scenarios, such as the present case of a biological system composed
of two monomers embedded in a large membrane in this thesis, achieving convergence remains extremely
highly challenging due to the astronomical variability of configurations of the single elements involved
during the simulation (protein, solvent, membrane lipids, . . . ). Consequently, the profiles presented
in the following chapter should be regarded as partial descriptions that have not yet fully reached
convergence.

To address this limitation, together with my colleagues Simone Mariani, Simone Albani and Fed-
erico Natale, we are working to optimize the dimerization process computationally in order to observe
convergence and obtain a more reliable free-energy profile. Our current strategy involves employing
10 multiple walkers per simulation and considering hybrid approaches - for example, using umbrella
sampling to enforce specific configurations of the system (such as at an interface experimentally found)
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and subsequently applying another enhanced sampling technique, such as Well-Tempered Metadynam-
ics or the more recent OPES method, to achieve the desired free-energy landscape[141, 147]. These
simulations will be extended beyond 10 µs, possibly reaching the millisecond scale[169]. The results of
this work will be detailed in our forthcoming publications.

4.5 Contribution of this Chapter
My contribution to this chapter consisted of setting up the computational protocol whose results are
presented in the following chapter. In this work, I first aimed to identify the most appropriate CVs to
describe the system’s transition from an associated to a dissociated state. To achieve this, I employed a
data-driven classifier, Deep-LDA, which, given a set of descriptors derived from literature data and prior
knowledge of the system, is able to identify the direction in feature space that best discriminates between
relevant conformational states[146]. Based on this approach, I extracted two CVs from the model: the
distance between the centers of mass of the two monomers and the number of transmembrane contacts.
Once the collective variables were defined, I performed Well-Tempered Metadynamics simulations on
the high-performance computing infrastructure at Forschungszentrum Jülich in order to investigate the
mechanism of dimer association and dissociation, and to identify the most stable dimeric state(s). To
support the interpretation of these results, I also interacted with several leading researchers at the
Istituto Italiano di Tecnologia (IIT), including Michele Parrinello, Andrea Rizzi, and Valerio Rizzi.
After identifying the relevant structures, I extended the simulations for an additional 40 µs to assess
the stability of the resulting complex. In addition to analyzing intermolecular contacts, I evaluated
key structural properties such as the solvent-accessible surface area (SASA) and the pocket volume
of the cavities within each monomer in the dimer. In parallel, together with members of the INM-9
group at Forschungszentrum Jülich, I contributed to the design and construction of a membrane model
intended to reproduce the dimerization mechanism in a lipid-raft-mimicking environment. In particular,
I was actively involved in the setup of this membrane system, ensuring that its lipid composition
and physical properties were appropriate to realistically capture biologically relevant oligomerization
behavior. Overall, this work represents my main contribution to the development, implementation, and
application of the computational protocol for studying the oligomerization process, together with the
collaborative efforts that supported its refinement and validation.
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Chapter 5

Results

This part of the thesis presents the results obtained with the GPCRs oligomerization protocol seen in
Chapter 4. As discussed in Chapter 1, investigating PPIs, particularly the process of dimerization, is
critically important in various biological processes, including signal transduction, enzyme activation,
and the recruitment of transcriptional cofactors[254, 255]. These interactions play a pivotal role in
cellular functions and pathogenic pathways[254]. Research shows that abnormal PPIs are linked to
several diseases, including cancer, infectious diseases, and also NDs. As a result, targeting PPIs has
emerged as a central strategy in drug development[256]. For this reason, identifying the correct oligomer
is of paramount importance for accurate characterization, and my protocol is specifically designed to
accomplish this. Gaining deeper insights into the molecular mechanisms that drive protein dimerization
could unveil new horizons for drug design, offering a new dawn for innovative therapies[228, 254, 256].

5.1 Free Energy Profiles
To illustrate the dimerization mechanism of the D2 and A2 receptors, I used the WTMETAD enhanced
sampling technique[141, 142] employing the two CVs discussed in Chapter 4, namely the distance of
center of mass (dCOM) and the number of transmembrane helices contacts (COORDINATION), to
push on the slow modes of the system. Once the system has reached convergence, the free energy as
a function of the CVs can be derived from the bias potential accumulated during the WTMETAD run
[141, 142, 257]. The conformations sampled throughout the simulation offer valuable insights into the
unbiased state of the system, enabling the calculation of unbiased observables through a procedure
known as the reweighting process. Additionally, to better characterize the associated and dissociated
states, the free energy landscape has been remapped using an alternative CV instead of the one used
for the biased simulations, specifically the Root-Mean Square Deviation (RMSD). This was done to
determine a better visualization and clear distinction between associate and dissociate states. The
RMSD was calculated using the structure from the most populous cluster extracted after the 10 µs
WTMETAD simulation as a reference structure. In the upcoming plots depicting the Free Energy
Surface (FES), lower absolute values of Free Energy correspond to a more energetically favorable state.

5.1.1 Free Energy Surface: D2 homodimer in its inactive state in the CNS
Membrane

From the FES profile, three distinct states can be identified, which I have designated as A, B, and C.
In state A, the two monomers are dissociated, with a center-of-mass distance (dCOM) of approximately
9 nm (around 8 kJ/mol). At this separation, long-range interactions between the monomers are
negligible, and their interaction is primarily limited with the surrounding membrane environment and
solvent. In state B (around 48 kJ/mol), the monomers begin to approach each other, initiating dimer
formation. Finally, in state C (around 48 kJ/mol), the TM6-TM6 interface is fully established. The
structure obtained from the clustering analysis, as detailed in Chapter 4, aligns with the experimental
data reported by Pulido et al., representing one of the possible D2 interface assortment corresponding
to the inactive state of the monomers[53, 92]. As noted from the FES profile, it is evident that state A
is energetically more favorable than the other two states B and C. This observation is not unexpected,
as explained in the paper by Carli and colleagues[67], where it is stated that when the D2 receptor
binds to an antagonist, i.e., when the receptor is inactivated, the proportion of the D2 population in the
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monomeric state is favored over the dimeric state (with a ratio of 7:3 in favour of the monomeric state).
The dynamic equilibrium between the associate and dissociate states illustrated via my simulations,
corroborates the idea of the transient dimerization discussed in Chapter 1.

Figure 5.1: FES of the D2 homodimer in its inactive state.

5.1.2 Free Energy Surface: D2 homodimer in its active state in the CNS
Membrane

From the FES profile, three distinct states can be identified, which I have labeled as A, B, and C. In
states A and B (about 20 kJ/mol), the two monomers are dissociated, with center-of-mass distances
(dCOM) of approximately 9 nm and 8 nm, respectively. These two states are equally energetically
favorable. Eventually, in state C (about 60 kJ/mol), the TM4-TM4 interface is fully formed, consistent
with experimental findings[55, 258, 245]. As observed in the FES profile, states A and B are more
energetically favorable than state C. This is not surprising, as noted in the studies by Carli and
colleagues[67] and Kasai et al.[36], where they suggest that when the D2 receptor binds to an agonist,
i.e., when the receptor is activated, the dimer tends to be more stable than its inactive counterpart,
resulting in a ratio of almost 50%-50% (5.5:4.5 in favour of the monomeric state).

Figure 5.2: FES of the D2 homodimer in its active state.
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5.2 Analysis of the D2 dimer in its active state
In this section, I will analyze the stability of the interface during the 40 µs unbiased simulation and
the contacts within the dimer interface. Determining the correct interface and assessing their stability
is crucial for two main reasons. First, it significantly enhances the cellular signaling system by ampli-
fying various pathways[228]. Second, identifying the correct receptor PPI allosterism is essential for
a deeper structural and mechanical understanding, and this is the baseline for advance future drug
design studies[228]. The computational evaluation of the stability of the receptor-receptor interface
is conducted through three distinct analyses: the examination of interactions between the single helix
with the opposing monomer, the assessment of the potential interface using a contact matrix, and visual
inspection utilizing VMD[223]. The analysis will be divided for the D2 in its active and inactive state.

5.2.1 Analysis of interactions
For the calculation of contacts for the D2 dimer in its active state I followed the pipeline in Section
4.2.1.

Figure 5.3: Contacts within the interface for the D2 in its active state.

As highlighted in Figures 5.3 (previous page) contacts at the TM4 and TM5 helices remain stable
throughout the trajectory. Other interactions are formed - such as the one between TM3 and TM6 -
but they are negligible.
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Figure 5.4: Distribution of contacts/no contacts for TM4 and TM5 in the D2 in its active state.
Contacts with a cutoff of ≤ 0.6 nm are represented in blue, while those above this threshold are
depicted in red.

Figure 5.4 shows the distribution of contacts across the helices TM4 and TM5, the two main
characters in the D2 dimer interface. On the x-axis, residues belonging to the transmembrane region
of the helix are depicted; on the y-axis, the % of the time the specific residue on the x-axis belonging
to one helix spent in contact with the opposite monomer. A residue may gain or lose contact with
its opposite partner throughout the course of the simulation. This analysis delineates a crucial aspect
as it identifies potential actors involved in the stabilization of the complex. Contacts between TM4/5
belonging to monomer A and the opposite monomer (denoted as Residue TM4/5_A - monomer B) and
TM4/5 belonging to monomer B and the opposite partner (denoted as Residue TM4/5_B - monomer
A) are summarized in table 5.1. As evidenced by the table 5.1, the preceding plots 5.3, 5.4, and the
image 5.5 in next page, contacts not only remain constant throughout the overall 40 µs trajectory, but
they also exhibit near symmetry. Collectively, these results indicate that the structure remains stable
over the course of the simulation. This behaviour is expected when the structure of the homodimer
consists of two active state monomers[36, 61, 67]. Additionally, the residues computationally identified
within the interface by Bueschbell et al.[259] through the calculation of ∆SASA1 were also detected by
my protocol. Their analysis was based on the 6VMS Cryo-EM structure (resolution 3.8 Å)2, whereas
my simulations employed the 7JVR structure[43]. Specifically, the residues Val1544.44, Ser1574.47,
Ile1584.48, Val1614.51, Phe1644.54, Thr1654.55, Pro1694.59, Tyr1925.41, Ile1955.44, Val1965.45, Val2005.49,
Val2045.53, and Leu2075.56 were consistently captured[259]. In this array of residues, amino acids
belonging to loops were excluded. Eventually, contacts between TM4 helices and the opposite monomers
are distributed across the transmembrane region of TM4. In contrast, for TM5, the contacts are more
localized at the N-terminal portion of the transmembrane helix. This suggests the crucial role of TM4
in forming and maintaining the scaffolding of the homodimer, specifically through the TM4-TM5/TM4-
TM5 interface, as shown in various papers[55, 245, 259, 260].

1∆SASA is defined as the difference in solvent-accessible surface area between the monomeric and dimeric receptor
states.

2The 6VMS Cryo-EM structure has a resolution of 3.8 Å, approximately 1 Å lower than the 7JVR structure used in
this work.
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Residue
TM4_A -
monomer B

Note
Residue
TM4_B -
monomer A

Note
Residue
TM5_A -
monomer B

Note
Residue
TM5_B -
monomer A

Note

Thr1534.43 ? Thr1534.43 ? Phe1895.38 � Phe1895.38 �
Val1544.44 � Val1544.44 � Val1905.39 ? Val1905.39 ?
Met1554.45 ? Met1554.45 ? Val1915.40 � Val1915.40 �
Ser1574.47 ? Ser1574.47 ? Tyr1925.41 ? Tyr1925.41 ?
Ile1584.48 � Ile1584.48 � Ser1935.42 ? Tyr1935.42 ?
Trp1604.50 ? Val1594.49 ? Ile1955.44 ? Ile1955.44 ?
Val1614.51 � Trp1604.50 ? Val1965.45 ? Val1965.45 ?
Leu1624.52 � Val1614.51 � Ser1975.46 � Ser1975.46 �
Ser1634.53 ? Leu1624.52 � Tyr1995.48 ? Tyr1995.48 ?
Phe1644.54 � Ser1634.53 ? Val2005.49 ? Val2005.49 ?
Thr1654.55 � Phe1644.54 � Ile2035.52 ? Ile2035.52 ?
Ile1664.56 � Thr1654.55 � Val2045.53 ? Val2045.53 ?
Ser1674.57 ? Ile1664.56 � Leu2075.56 � Leu2075.56 �
Cys1684.58 � Ser1674.57 ? Lys2115.60 � Lys2115.60 �
Pro1694.59 � Cys1684.58 �
Leu1704.60 � Pro1694.59 �
Leu1714.61 � Leu1704.60 �
Phe1724.62 � Leu1714.61 �

Phe1724.62 �

Table 5.1: Contacts among TM4 and TM5 helices and their opposite monomers. ? denotes a frequency
≤ than 20%, i.e. the time spent by a specific residue in contact with the opposite monomer during the
simulation; � otherwise. Only the amino acids that engage in interactions with the opposite partner
are present in this table. Loops are excluded in this analysis.

Figure 5.5: Contacts for TM4 and TM5 in the D2 in its active state depicted every 5 µs. TM4 is
depicted with a cyan surface, TM5 with an orange surface instead. The yellow surface represents the
surrounding 1 nm annular lipid environment. Backbone structure is depicted in white. Only TM4 and
TM5 helices are shown for the sake of clarity.

5.2.2 D2 Dimer: my Protocol vs. AlphaFold 3 Predictions
Once the D2 dimer structure in its active state was determined, I compared it with the structure
predicted by AlphaFold 3[109]. AlphaFold 3 consistently predicts the same dimer interface TM4-
TM5/TM4-TM5 as identified through my protocol. After superimposing the two model structures,
the resulting RMSD value is less than 2.3 Å. The primary differences between the two structures are
observed in the extra/intracellular loop regions and the terminal part of helix 6 (Figure 5.6). This
difference is likely due to the fact that the training dataset used for AlphaFold’s neural network largely
consists of inactive structures[261].
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Figure 5.6: Superimposition of the D2 structure found with my protocol (dark lime green) and the D2
structure predicted by AlphaFold 3 (dark magenta)[109].

5.3 Analysis of CHOL binding spots in the dimer
Through this analysis, I quantified the CHOL lipid count surrounding the dimer. The cut-off used for
taking into account these lipid interactions is 5 Å. Interactions were collected every 100 ns. All the
CHOL molecules below the cut-off range, at each iteration, was counted for the lipid count calcula-
tion. The analysis, with its code found in the Appendix in chapter 7, aims to physically count the
presence of CHOL (all its moieties are taken into account) around a specific amino acid. Therefore, an
amino acid can be in contact with multiple CHOL moieties and, also, with multiple CHOL molecules
simultaneously. Subsequently, at the end of the calculation, all interactions are summed, providing the
heatmap in Figure 5.7. The range of helices is the same as that selected for the analysis conducted in
Section 5.2.1. From this analysis, it is evident that TM1 is in greater contact with the sterol during
the trajectory. This behavior is not unexpected, as TM1 appears to be more kinked towards the mem-
branous environment compared to the other helices, such as TM4, helix known to be part of the D2
interface[55]. Additionally, helices TM4 and TM7 exhibit the second and third highest sterol counts,
respectively. It is surprising how TM4, in particular, being involved at the interface, still maintains a
higher sterol count despite the interactions with the other partner.
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Figure 5.7: CHOL Lipid count for the two monomers in the D2 dimer in its active state.

If we examine in detail the amino acids interacting on average with CHOL during the simulation,
we can observe that various interactions are established in TM1, TM4, and TM7 - the helices that
exhibit the highest lipid count and are thus represented in the plot in figure 5.8 - as well as in other
regions of the dimer.

Figure 5.8: CHOL Lipid count for the D2 dimer in its active state. Red circles denote the Trp1604.50,
the residue belonging to the CCM. The analysis is divided for Monomer A (left) and Monomer B
(right).

The interactions between monomer A and monomer B are asymmetrical, consistently with the
intrinsic motion of lipids within the membrane. Regarding monomer A, the most prominent interactions
occur at the levels of TM1, TM4, TM5, TM6, TM7, and H8, and the same behavior is reflected in
monomer B. Furthermore, as mentioned in section 4.2.3, among the interactions observed at the level of
TM4, we also find Trp1604.50, a residue that is part of the CCM of D2. No other residues participating
in the CCM are detected. In plot 5.8 diamonds and squares denote atoms belonging to helices TM1,
TM4, and TM7, in monomer A and monomer B, respectively.

The most representative dimer structure was eventually backmapped via CG2AT2 tool[172] from
the 40 µs CG simulation. CHARMM-GUI was utilized to prepare the all-atom system, run the mini-
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mization, and conduct the NVT and NPT ensembles, as well as the production run[163]. CHARMM
force field was employed[178].

5.3.1 CHOL binding spots found with all-atom simulations
To confirm CHOL hotspots found in the CG simulation, I conducted 1 µs all-atom simulation of the
D2 receptor dimer in its active state, using the identical CNS membrane composition employed in the
CG simulations.

Figure 5.9: Average CHOL hotspots (magenta) identified after 1 µs all-atom simulation. Monomer A
is shown in light cyan, and Monomer B in silver.

Figure 5.9 reveals distinct CHOL hotspot in proximity (5 Å) to TM1/TM2, and TM4 of monomer
A (in light cyan). Additionally, hotspots were identified along TM4 in monomer B (in silver). Hotspots
were also observed around TM7 and upon the amphiphilic H8 helices for both protomers. Collectively,
simulations conducted using both CG and all-atom suggest that multiple putative CHOL allosteric
binding sites may be located in correspondance of the TM1, TM4, and TM7 regions (Figure 5.9).
Nevertheless, since no X-Ray or Cryo-EM structure has been experimentally determined so far for
the D2 receptor bound to a CHOL molecule in the dimer state (as well for the D2 receptor in its
monomer state), the role of CHOL in D2 can be only computationally postulated. In my simulations,
the dimer in its active state, the presence of CHOL alongside TM1, TM4, and TM7 helices might
prevent the protomers undergoing a rotation and thereby keeping stable the scaffolding over the course
of the simulations (both CG and all-atom). Further experimental results are required to confirm the
role of CHOL in the D2 dimer, and how impactful the depletion of CHOL might be in the stabilization
and regulation of the dimeric structure in the dimerization process. Experimentally, determing the
function of CHOL in GPCRs still poses a significant challenge, though the role of it in some class
A GPCRs has been delineated[251, 262]. For example, the oligomerization of the 5HT1A receptor
has been extensively investigated[262]. Time-resolved fluorescence anisotropy studies in live cells have
shown that 5HT1A receptors form constitutive oligomers independently from the activation of the
receptor driven by agonist modulation[262]. Interestingly, CHOL depletion was observed to increase
the number of 5HT1A oligomers[251, 262]. However, employing homo-FRET and FLIM techniques[251,
263], ascertained the existence of constitutive oligomers, but at the same time found that simultaneous
CHOL depletion and antagonist treatment reduce the oligomer population, while agonist stimulation
increases it[251]. These discrepancies may stem from different techniques capturing distinct populations
of receptor oligomers[251]. CHOL has also been shown to influence the oligomerization and signaling
of other receptors, such as chemokine receptors, particularly when they are embedded in lipid rafts
microdomains[251].
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5.4 Analysis of CHOL binding spots in the monomer
In contrast, for the D2 monomer in its active state, despite the kinking of TM1 towards the membrane
environment, the lipid count in my simulations is higher for TM4. This might indicate that TM4 possess
a greater propensity to interact with CHOL (Figure 5.10), given its high hydrophobicity (71.43%,
sequence TM4: VTVMISIVWVLSFTISCPLLF[37]) content.

Figure 5.10: CHOL Lipid count for the D2 monomer in its active state.

In the monomeric state, the TM4 and TM5 helices acquire novel interactions in contrast with the
dimer as they no longer interact with the other partner. The TM4 helix, in particular, gains several
additional interactions, and here, as occured for the dimer, the interaction with one residue belonging
to the CCM (Trp1604.50) is observed. No other residues participating in the CCM are detected. Also
TM7 and H8 helices exhibit a similar pattern of contacts to that of the dimeric state: as they are not
involved in dimerization, this behavior is expected.

5.4.1 Volume changes upon D2 dimer formation in the active state
To computationally assess the impact of dimerization on the identified model at structural level, I
calculated the volume of the orthosteric cavity as well as the combined volume of the orthosteric and
vestibular cavities. A similar analysis was performed for the SASA (Figures 5.11 and 5.12). This
analysis has been conducted for both monomer and dimer in the region indicated in cyan surface in
Figure 4.3.

Figure 5.11: Boxplot showing the Volume and SASA of the orthosteric and vestibular binding cavities
of the monomer and the D2 dimer in its active state. "Monomer OBC-Vest" refers to the monomer
orthosteric binding cavity combined with the vestibular binding cavity. "Dimer OBC 1-Vest" and
"Dimer OBC 2-Vest" refer to the dimer orthosteric binding cavity combined with the vestibular binding
cavity for cavity 1 and cavity 2, respectively. Dots represent values calculated using MDPocket[232].
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Figure 5.12: Boxplot showing the Volume and SASA of the orthostericvbinding cavities of the monomer
and the D2 dimer in its active state. "Monomer OBC" refers to the monomer orthosteric binding cavity.
"Dimer OBC 1" and "Dimer OBC 2" refer to the dimer orthosteric binding cavities for cavity 1 and
cavity 2, respectively. Dots represent values calculated using MDPocket[232].

The data presented in graphs 5.11 and 5.12 show that the monomer (in red) exhibits higher values
for both volume and SASA compared to the individual cavities of the dimers (in blue and green).
This difference can be attributed to the fact that hydrophobic interactions between the helices at the
interface lead to a contraction of the cavities, resulting in smaller values of both Volume and SASA.
This contraction might significantly affect drug binding and future design of pharmacophores, as it
reduces the available space for identifying compounds that can bind to the D2 receptor in that pocket.
Data were collected over 40 µs of trajectory, with each microsecond being analyzed. Each of the 40
structures was backmapped using CG2AT2[172] and evaluated with MDPocket[232]. The backmapped
structures were aligned to the atomistic references structure. Monomer is not showed, but the same
procedure was followed. This alignment has been utilized to accurately reposition amine bonds within
the correct plane (Figure 5.13)[172].

Figure 5.13: RMSD Value calculated between the de novo BB backmapped atomistic structure and
the CG structure and the Aligned BB backmapped atomistic structure and the CG structure.

To determine if there are significant differences between the distributions of the two indepen-
dent groups (monomer and dimer simulations), I used The Mann-Whitney (U) test, a non-parametric
test[264]. I used this non-parametric test because it does not assume that the data follows a normal
distribution, as many biological data[265, 266, 267]. Instead, it assesses whether one group generally
exhibits higher or lower values compared to the other[264].
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Figure 5.14: Mann-Whitney U test conducted on the properties of Volume and SASA of the monomer
and dimer binding cavities. Both the orthosteric and vestibular binding cavities have been analyzed.
P-values are annotated in the heatmap.

Figure 5.15: Mann-Whitney U test conducted on the Volume and SASA properties of the monomer and
dimer binding cavities. Only the orthosteric binding cavity has been analyzed. P-values are annotated
in the heatmap.

Several conclusions can be drawn from plots 5.14 and 5.15:

OBC Values

• Monomer vs Dimer OBC 1:

– Volume: U-statistic = 1397.00, p-value = 0.00
Conclusion: There is a statistically significant difference in Volume between Monomers and
Dimer OBC 1.
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– SASA: U-statistic = 1305.00, p-value = 0.00
Conclusion: There is a statistically significant difference in SASA between Monomers and
Dimer OBC 1.

• Monomer vs Dimer OBC 2:

– Volume: U-statistic = 1413.00, p-value = 0.00
Conclusion: There is a statistically significant difference in Volume between Monomers and
Dimer OBC 2.

– SASA: U-statistic = 1395.00, p-value = 0.00
Conclusion: There is a statistically significant difference in SASA between Monomers and
Dimer OBC 2.

• Dimer OBC 1 vs Dimer OBC 2:

– Volume: U-statistic = 827.00, p-value = 0.80
Conclusion: There is no statistically significant difference in Volume between Dimer OBC 1
and Dimer OBC 2.

– SASA: U-statistic = 954.00, p-value = 0.14
Conclusion: There is no statistically significant difference in SASA between Dimer OBC 1
and Dimer OBC 2.

OBC-Vest Values

• Monomer OBC-Vest vs Dimer OBC 1-Vest:

– Volume: U-statistic = 1237.00, p-value = 0.00
Conclusion: There is a statistically significant difference in Volume between Monomer OBC-
Vest and Dimer OBC 1-Vest.

– SASA: U-statistic = 1261.50, p-value = 0.00
Conclusion: There is a statistically significant difference in SASA between Monomer OBC-
Vest and Dimer OBC 1-Vest .

• Monomer OBC-Vest vs Dimer OBC 2-Vest:

– Volume: U-statistic = 1302.00, p-value = 0.00
Conclusion: There is a statistically significant difference in Volume between Monomer and
Dimer OBC 2-Vest.

– SASA: U-statistic = 1288.50, p-value = 0.00
Conclusion: There is a statistically significant difference in SASA between Monomer OBC-
Vest and Dimer OBC 2-Vest.

• Dimer OBC 1-Vest vs Dimer OBC 2-Vest:

– Volume: U-statistic = 864.00, p-value = 0.54
Conclusion: There is no statistically significant difference in Volume between Dimer OBC
1-Vest and Dimer OBC 2-Vest.

– SASA: U-statistic = 815.50, p-value = 0.89
Conclusion: There is no statistically significant difference in SASA between Dimer OBC
1-Vest and Dimer OBC 2-Vest.

The threshold for determining statistical significance is set at 0.05 (5%).

5.5 Analysis of the D2 dimer in its inactive state
In this section, I will analyze the stability of the interface during the 40 µs unbiased simulation con-
ducted for the D2 dimer in its inactive state. This evaluation follows the previously mentioned three
separate analyses: the examination of interactions between the helix and the opposing monomer, the
assessment of the potential interface using a contact matrix, and visual inspection utilizing VMD[223].
From this contact analysis, it can be observed that after approximately 1 µs, the number of contacts
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is no longer stable. The TM1 of monomer A loses contact, while TM1 of monomer B gains contacts.
The TM2 of both monomers maintain a low amount of contacts, as does the TM3 of monomer A. The
TM4 of monomer A, similar to TM1, gains contacts. The most dramatic changes, however, occur in
the remaining helices, namely TM5, TM6, and TM7. In TM5 of monomer A, the contacts increase
drastically, while they are nearly zero in monomer B. TM6 loses contacts in both monomers, and TM7
in monomer A loses all contacts, whereas in monomer B, the contacts oscillate significantly. This un-
stable interface suggests that the initial TM6-TM6 interface is not stable during the 40 µs of unbiased
simulation[53]. This finding is consistent with the observations made by Carli and colleagues[67], where
the population of monomers is higher than that of dimers when D2 is inactive[36, 67]. Therefore, the
preferential state for the D2 in its inactive state is the monomeric[67]. The fact that D2 receptors can
exist in these two different states supports the hypothesis that class A G protein-coupled receptors
may form transient dimers[36, 61]. This behavior appears clear in both the radar plot and the table
shown in Figure 5.17: the average contacts during the simulation fluctuate, leading to an interface
that is not only distinct from the initial structure but also asymmetric. This observation aligns with
the "rolling dimer theory", which suggests that GPCR monomers in the dimer architecture can rotate
relative to one another, enabling a range of configurations throughout the dimer’s lifetime, establishing
interfaces that might co-exist[268]. At a highly speculative level, this behavior could be explained
in terms of energy, potentially minimizing ATP consumption within the cellular machinery[268]. Of
course, experimental models would play a pivotal role in confirming this statement, and additional ex-
perimental results are therefore necessary to validate this theory. Nevertheless, these models elucidate
the interchanging of interfaces upon dimer formation, illustrating that these are dynamic and capable
of adopting multiple favored arrangements[268]. Naturally, the concept would need to be expanded if
the receptor concentration in the membrane were greater than just two monomers and if other effectors
were simultaneously present in unison in the membrane.

Figure 5.16: Contacts within the interface for the D2 in its inactive state.

Figure 5.17: Radar plot monitoring the contacts within the interface. Angular brackets ("<" and ">")
denote the average of contacts for the specific helix.
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5.6 Analysis of the D2 dimer in its active state in the CHOL
Enriched membrane

I ran the protocol also in the CHOL Enriched Membrane to observe if the protocol was sensitive to the
change of the membrane environment in finding the proper D2 dimer interface. The main reason is that
GPCRs can be found in lipids rafts (see Chapter 1, Figure 5.18), fullfletched biological active hotspot
microdomains for the cells, particularly enriched in sphingomyelins, phospholipids, glycophospholipids,
and CHOL[82, 84].

Figure 5.18: Lipid rafts in GPCRs.

Studying GPCRs in lipid rafts and their downstream pathways implies analyzing their localization
and functions, but the main bottlenecks are due to the lack of standardized methods and strong
limitations related to existing techniques[82].

Despite the limited information available in the literature regarding lipid rafts and their inter-
play with receptors[82], it is well-established that CHOL acts as an allosteric modulator of class A
GPCRs[251]. CHOL can influence these receptors through two crucial mechanisms. The first is an
indirect mechanism in which CHOL modifies the fluidity and organization of membrane lipid compo-
nents and effectors[251]. These alterations, in turn, impact receptor diffusion within the membrane,
and this can affect signal kinetics and efficacy[251]. The second mechanism is the direct. This mech-
anism involves CHOL interacting in proximity to the receptor(s), either by engaging at or alongside
the interface or by binding to specific sites located around the receptor[251]. CHOL does not possess
universal or conserved binding sites across GPCRs. Instead, it exhibits preferential binding regions
that may vary among different GPCRs. The interaction of CHOL with receptors within the membrane
is mainly driven by structural and dynamic factors, which are unique to each receptor[269].

From the FES profile, two states can be identified, which I have labeled as A and B. In states A
(about 8 kJ/mol), the two monomers are partially dissociated, with center-of-mass distances (dCOM)
of approximately 6.7 nm (Figure 5.19). The N-terminal part of the helices TM5 and TM6 of the two
subunits interact, as well the two ECL3s that connect the two helices. In state B (about 48 kJ/mol),
the TM4-TM4 interface is fully formed, consistent with experimental findings (Figure 5.19)[55, 245,
258]. Differently from the FES profile of the D2 in its active state when it is embedded in the CNS
membrane, there is not a clear separation of the two subunits, and this is probably due to the interplay
of lipids with the CHOL Enriched membrane.
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Figure 5.19: Free Energy Surface of the D2 homodimer in its active state in the CHOL Enriched
membrane.

If we analyze state A more in detail, we can notice some differences at level of lipid interaction.
Here, I calculated the density of the five lipids that constitute the CHOL Enriched membrane around
the dimer receptor in its active state (Figure 5.20). The larger the surface area, the denser the lipid
at that specific point. The density analysis was conducted for each of the five lipids constituting the
membrane, with different colors assigned to each: green for CHOL, magenta for PAPC, cyan for PAPE,
pink for PAPS, and red for POPC. The analysis was performed considering the entire lipid molecule -
and not just its hydrophilic head - as the aim was to identify the density of the entire lipid rather than
a specific moiety of it.

Figure 5.20: Density distribution of the five lipids of the CHOL Enriched Membrane. Dashed lines
confine the membrane plane, identifying the upper part of the upper leaflet and the bottom part of the
lower lefleat.

As shown in Figure 5.20, POPC and PAPE appear distributed around the N-terminal and C-
terminal regions of the receptor helices, corresponding to the upper and lower parts of the two membrane
leaflets. PAPC, on the other hand, seems to localize predominantly in the upper leaflet, while PAPS is
confined to the lower leaflet (inherent distribution due to the membrane compostion). CHOL displays
a uniform density distribution (albeit lower than that of POPC, PAPC, and PAPE) specifically in the
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central region of the two leaflets, referred to as the midplane. This indicates that CHOL, accordingly
to this lipid composition of the membrane, exhibits a distribution pattern distinct from that of the
other lipids, interacting preferentially in the midplane region.

5.7 Analysis of the D2 dimer in its inactive state in the CHOL
Enriched membrane

From the FES profile, multiple states can be identified, but only two of them, labeled as A and B,
have been analyzed. Other intermediates states are not considered because they possess a higher
RMSD value compared to state B and/or are energetically equivalent. In states A (about 8 kJ/mol),
the two monomers are dissociated, with center-of-mass distances (dCOM) of approximately 5.5 nm
(Figure 5.21). In state B (about 32 kJ/mol), the TM4-TM4 interface is fully formed, consistent with
experimental findings (Figure 5.21)[55, 245, 258]. Differently from the structure extracted for the D2
in its inactive state when it is embedded in the CNS membrane, here a different interface involving
TM4-TM4 appears: conversely than before, the two subunits of the dimer undergo a rotation, thereby
configuring a different interface from the one claimed by Pulido and colleagues and presented in Figure
5.1[53]. This suggests that our protocol is sensitive not only to the receptor’s activation
state, but also to the surrounding membrane environment, providing a computational
pipeline for understanding the differences already explored in experiments conducted
using various techniques[270].

Figure 5.21: Free Energy Surface of the D2 homodimer in its inactive state in the CHOL Enriched
membrane.

If once again we take a look at state A more in detail, we can still notice some differences at level of
lipid interplay with the dimer receptor (Figure 5.22). Indeed, comparing these densities distributions
with that of Figure 5.20, we notice that, the two monomers are arranged parallel to each other within
the membrane, rather than being kinked relative to one another. This parallel configuration eliminates
interactions involving ECL3 and TM5-TM6 in the N-terminal region. This lack of interaction might
lead to an increase in the densities of PAPC, PAPE and POPC for the D2 in its inactive state in the
upper and lower layer with respect of the densities in the D2 in its activate state. For CHOL and PAPS,
only minor increases are detected: for CHOL, this is likely due to the midplane remaining substantially
unchanged, and for PAPS, because it is exclusively present in the lower leaflet. For both Figures 5.20
and 5.22, the representative structure coming from the most representative cluster in that minimum
was extracted and analyzed.
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Figure 5.22: Density distribution of the five lipids of the CHOL Enriched Membrane. Dashed lines
confine the membrane plane, identifying the upper part of the upper leaflet and the bottom part of the
lower lefleat.

5.8 Conclusions
Two key aspects clearly emerge from these simulations. The first concerns the activation state of the
D2 receptor. When this receptor is in its active state (i.e. bound to an agonist), TM6 undergoes
an outward movement of approximately 9 Å, accompanied by a rearrangement of TM5, TM3, and
TM7[43]. This movement is essential for accommodating the trimeric protein in the intracellular space
and enabling downstream functions, and could also disfavor TM6-TM6 interactions at protein-protein
interfaces. In my simulations, we observed that after 40 µs of unbiased simulation, the TM4-TM4 and
TM5-TM5 (with less extent) regions represented the preferred interaction interface when the receptor
is in its active state. Lipids play a key role in stabilizing this interface, particularly CHOL, which
interacts with TM4 residues within the CCM (identified in the monomer). My hypothesis is that
CHOL stabilizes the dimer in this configuration.

The situation is different, however, in the inactive state. When D2 is in this state, the dynamic
equilibrium between dimer and monomer shifts from approximately 50%-50% to 70% monomer-30%
dimer. The inward movement of TM6 described above, when reversed, could explain this shift and the
loss of interface stability. This hypothesis is also supported by the "Rolling Dimer Theory", according to
which multiple dimers can co-exist simultaneously[268]. It is clear, however, that further experimental
data are needed to corroborate these findings also in D2 receptors, specifically. The protocol, based
on what has been observed so far, has proven sensitive to the GPCR’s activation state.
Naturally, we cannot reproduce exactly the percentage of dynamic equilibrium involved for the activate
and inactive state of the GPCR, but we can reproduce the trend, and this is visible from the energy
profiles.

The second key aspect concerns membrane interaction and its topology. GPCRs can be localized
within lipid raft domains, micro environments particularly rich in CHOL (and other lipids)[82, 84]. For
this reason, I decided to simulate D2 in two different membrane environments to better understand
their potential differences, namely in CNS and CHOL Enriched membranes.

The results show that the energy profile varies depending on the membrane type. As
mentioned previously, the models will require further optimization, but this provides an excel-
lent starting point for determining that, in addition to being sensitive to the receptor’s
activation state, the protocol is also highly dependent on the membrane environment. Fur-
thermore, the identified dimers have been used as a starting point for other projects by colleagues, such
as Simone Mariani, Simone Albani and Federico Natale, for calculating the residence time (described
in the introductory chapter). This protocol therefore represents a fundamental starting point
for drug design.

Nevertheless, enhanced sampling techniques poses challenges related to convergence[141, 142]. Briefly,
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convergence requires both rapid diffusion of the system along the chosen CVs and a consistent recon-
struction of the FES, as discussed more in detail in the conclusions of the previous chapter. Despite
the use of DEEP-LDA derived CVs, the usage of CG force field and extended simulation time scales,
full convergence was not achieved[146, 149].

To overcome this limitation, always in collaboration with my colleagues Simone Mariani, Simone
Albani and Federico Natale, we are optimizing the computational dimerization protocol to obtain a
more reliable free-energy profile. Our current approach employs ten multiple walkers per simulation
and foresees hybrid strategies, i.e. it combines umbrella sampling to restrain specific configurations
(e.g., at experimentally observed interfaces[53, 55, 92, 260]) with other enhanced sampling methods,
such as Well-Tempered Metadynamics or the new OPES[141, 147]. These simulations are ongoing and
being extended beyond 10 µs, potentially achieving the millisecond timescale, as demonstrated by Di
Marino et al. [169].

Finally, an extra consideration for future work is the adoption of a more complex membrane model.
The most recent release of the Martini 3 force field entails improved parametrizations for cholesterol
and an expansion of its lipidome[182, 271]. As the membrane can be considered as fully fledged
second messanger, also this "new version" of the membrane will be incorporated into the forthcoming
computational publications.

5.9 Contribution to this Chapter
In this chapter, I calculated the energy profiles of D2 in both its active and inactive states, considering
its behavior in the CNS membrane as well as in the previously defined CHOL Enriched membrane. As
evident from the resulting energy landscapes, the two CVs have been redefined to enhance their visual
clarity, allowing for a more precise, practical and unambiguous identification of energy minima.

Before this analysis, all free energy profiles underwent a procedure commonly referred to as reweight-
ing. In brief, this statistical technique enables the recovery of the system’s original equilibrium prop-
erties after it has been subjected to biased simulations, like in my case, having used the WTMETAD.
The reweighting process and the improvement of the visualization and rationalization of the min-
ima in all the simulations were carried out by me in collaboration with Dr. Davide Mandelli at the
Forschungszentrum Jülich. The remainder of this chapter is entirely my own work.

I made extensive use of various computational tools, all of which are properly cited. In addition, the
algorithms presented in Appendix A.1 and A.2, developed independently by me, were designed to com-
pute the Lipid Count and Interaction Count, and were further employed to generate their corresponding
graphical representations. Finally, I personally conducted the statistical analyses (Appending A.3) to
provide a stronger quantitative result for the data derived from the calculation of Pocket Volume and
SASA, giving greater robustness and reliability of the calculated computational results.
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Chapter 6

Conclusions and Future Outlooks

Membrane proteins are pivotal components of eukaryotic cells and play crucial roles in cellular com-
munication, transport, and molecular recognition[272]. Due to their essential biological functions, they
represent one of the most important classes of pharmacological targets[2, 272, 273]. Among membrane
proteins, G protein-coupled receptors (GPCRs) constitute one of the largest receptor superfamilies that
are responsible for transducing extracellular stimuli derived from exogenous or endogenous molecules
into intracellular signaling responses.

Beyond their canonical signaling function, GPCRs oligomerization introduces an additional aspect
of functional complexity, as these receptors do not necessarily operate exclusively as monomers, but
can form homo- or hetero-oligomeric entities within the plasma membrane environment with distinct
pharmacological and signaling properties compared to their monomeric counterparts[58, 59]. In par-
ticular, this oligomerization-mediated allosteric mechanisms can significantly impact ligand binding by
modulating receptor affinity and cooperativity between protomer[274]. In several receptor systems,
including dopamine and adenosine receptors, allosteric interactions between receptor units have been
shown to alter receptor pharmacology and downstream signaling pathways[59]. Likewise, in GABAB
receptor, oligomerization mechanism has been reported to regulate the accessibility and simultaneous
occupancy of orthosteric binding sites, further emphasizing the functional relevance of protein-protein
interactions[275]. Besides, GPCR oligomerization can alter downstream signaling by modulating G-
protein coupling selectivity, β-arrestin recruitment, and receptor trafficking, spotlighting its important
role in regulating GPCR-mediated cellular responses[276].

A plethora of experimental techniques allow the detection of GPCR oligomers[277]. Biochemical
methods, such as co-immunoprecipitation, in situ hybridization or immunohistochemistry, are helpful
to demonstrate receptor colocalization, despite providing limited information on protein dynamics and
may introduce experimental artefacts[277]. Resonance energy transfer (RET)-based techniques, such
as FRET and BRET, enable the investigation of receptor interactions in living cells with high sensitiv-
ity. However, FRET measurements may affect protein function due to the steric hindrance introduced
by fluorescent protein tags, while BRET does not clearly differentiate between receptors located at
the cell surface and from those located intracellularly[67, 277]. Moreover, these techniques do not
allow direct quantification of receptor dimerization or the resolution of single-molecule dynamics[67].
Advanced single-molecule imaging techniques, such as TIRFM, facilitate real-time analysis of GPCR
oligomerization at single-molecule resolution, but their performance is often constrained by low signal
intensity and unstable background fluorescence[270, 277]. In contrast, X-ray crystallography provides
atomic-level structural resolution, although it captures static and potentially non-physiological con-
formations[277]. Overall, each technique has intrinsic limitations, and none is sufficient alone to fully
describe oligomerization[277].

A further layer of complexity emerges from the highly dynamic nature of GPCR oligomerization.
The oligomeric interactions are often transient, specifically for class A GPCRs, and the monomer-
to-dimer equilibria is modulated by several factors, including receptor expression levels, membrane
composition, lipid microdomains (lipid rafts), and ligand binding (agonists or antagonists)[67]. This
complex interplay makes it challenging to discriminate physiologically relevant oligomers from experi-
mental artefacts[278].

Due to these limitations, the structural characterization of GPCR oligomeric complexes in native
environments remains particularly complicated. This has therefore led the researchers to the devel-
opment of computational approaches aimed at complementing experimental data for the modelling
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and prediction of GPCR oligomerization. The scope of these approaches is to identify detailed atomic
determinants of protein-protein interfaces/interactions. Several methods have been proposed so far in
the literature to reconstruct biological assemblies and derive their corresponding interaction interfaces,
including protein-protein docking and molecular dynamics (MD) simulations[169, 220, 259].

In this context, the protocol described in Chapter 4 of this thesis offers an additional approach
for the identification of GPCR oligomers within a membrane environment. Compared to existing
computational methods, our pipeline differs in two key aspects: first, it is a blind protocol, relying
on generic collective variables (CVs) to describe the receptor association-dissociation process; second,
it explicitly accounts for the role of the membrane environment, which can be key in modulating
receptor-receptor interactions[251]. By employing the Martini 3 force field to speed-up simulations and
well-tempered metadynamics to enhance sampling, we were able to identify the interfaces involved in
D2 receptor dimerization, in agreement with experimental data[53, 55, 258]. Specifically, the approach
developed in this thesis was utilized to probe the conformational dynamics of the D2 receptor in both
its active and inactive states across two membrane environments (see Chapter 4): one CNS-mimicking
membrane and one cholesterol-enriched lipid raft membrane, where many GPCRs are known to localize
and coordinate signaling regulation[82]. Given its blind design, this pipeline is not limited to the D2
and can be naturally extended to other membrane proteins.

As a future outlook of this thesis, the protocol will be expanded to other membrane receptors, ini-
tially to GPCRs such as the A2 receptor, whose dimerization interfaces have already been experimen-
tally characterized, and subsequently to other classes of integral membrane proteins[59, 92]. Moreover,
increasing evidence suggests that GPCR oligomerization is strongly modulated by ligand binding[67].
Agonists, antagonists, and allosteric modulators may alter receptor conformational states, thus impact-
ing oligomer stability, signaling, association-dissociation equilibria, and interface formation[67]. The
inclusion of ligands and, potentially, G proteins or β-arrestins in computational frameworks such as
the one presented here will represent a pivotal extension toward a more realistic description of mem-
brane protein oligomerization closer to physiological conditions[67]. As an extra perspective, membrane
modeling will be further refined through the adoption of recently developed state-of-the-art sterols
and phospholipids parameterization[182, 271], alongside optimized CVs and hybrid enhanced-sampling
strategies designed in collaboration with my colleagues Federico Natale and Simone Albani at the Com-
putational Biomedicine Institute (INM-9) at Forschungszentum Jülich. Overall, these advancements
will enable a more accurate characterization of the association-dissociation mechanism and support the
investigation of increasingly complex biological questions. Additionally, the pipeline developed in this
work will be integrated into the CGMD Platform (Chapter 3), thereby expanding its accessibility and
use within the scientific community[156]. The platform currently implements a previous version of the
Martini force field[151] and does not yet include the protocol presented here. Its future integration will
therefore represent a substantial methodological advancement.

Beyond the specific implementation within web platforms like the CGMD web-server, the avail-
ability of shared dimerization protocols provides a valuable framework for studying receptor-receptor
interactions across membrane systems such as GPCRs, ion channels, and transporters, where these
interactions play a key role in regulating biological activities[279]. In this context, the structures
generated by the methodology presented here may provide reliable starting points for future studies
of membrane protein function and drug design. More broadly, such computational pipelines aim to
overcome and complement the limitation of experimental approaches providing key information on the
impact of dimerization on the structure and dynamics of membrane proteins.

The entire methodology described above was developed through two complementary parts of my
Ph.D. The first part was conducted within the Heltmotz European Partnering (HEP) framework at the
Computational Biomedicine Institute (INM-9) at Forschungszentrum Jülich in collaboration with the
Italian Institute of Technology (IIT). During this period, I focused on the development of computational
workflows for neuroscience applications, with a specific focus on the implementation and application
of algorithms for the definition and selection of CVs, developed jointly with IIT. Following this first
part of my Ph.D., the second part was conducted within the RTG framework, where I developed a
deeper understanding of multiscale approaches in GPCR biology. GPCR function manifests across
multiple levels, from molecular structure to physiological responses. At the molecular level, membrane
protein oligomerization and consequent signaling properties are driven by tailored interactions and
conformational dynamics within the surrounding lipid milieu. These molecular processes extend to
cellular signaling and functional outcomes, illustrating how biological mechanisms propagate across
different scales. Accordingly, computational approaches such as those developed in this work are crucial
for enabling a multiscale description of these processes.





88 Chapter 6. Conclusions and Future Outlooks



89

Chapter 7

Appendix

A.1
This appendix shows the code used within this thesis. All codes are run with Python 3[280]. This code
aims to calculate the CHOL lipid count (all the beads of CHOL are taken into account) within 5 nm
from the CG protein model, defined with beads BB, SC1, SC2, SC3, SC4, and SC5. Trajectory is
read every 100 ns.

Code 1: calculation of CHOL lipid count

1 import csv
2 from collections import Counter
3 import MDAnalysis as mda
4 from MDAnalysis.analysis import distances
5
6 topology = "topology.gro"
7 trajectory = "trj.xtc"
8
9 u = mda.Universe(topology , trajectory)
10
11 lip = "CHOL"
12
13 lipid_selection = "resname " + lip
14 lipid_atoms = u.select_atoms(lipid_selection)
15 cg_residues = "name BB SC1 SC2 SC3 SC4 SC5"
16 cg_residues_atoms = u.select_atoms(cg_residues)
17
18 cut_off = 5
19 skip = 100
20
21 total_res_counts = Counter ()
22
23 with open(’output_CHOL.csv’, ’w’, newline=’’) as csvfile:
24 fieldnames = [’Frame’, ’Residue Name’, ’Residue ID’, ’Count’]
25 writer = csv.DictWriter(csvfile , fieldnames=fieldnames)
26
27 writer.writeheader ()
28
29 for i, ts in enumerate(u.trajectory [:: skip]):
30 interactions = []
31 for res in cg_residues_atoms:
32 for lipid in lipid_atoms:
33 distances_array = distances.distance_array(res.position , lipid.

position)
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34
35 # Check if the distance is within the cutoff
36 if all(d <= cut_off for d in distances_array):
37 interactions.append ([res.resname , res.id , lipid.id])
38
39 # Count the occurrences of res.id in the interactions list
40 res_counts = Counter ((res_name , res_id) for res_name , res_id , _ in

interactions)
41
42 # Update the total_res_counts with counts from this frame
43 total_res_counts.update(res_counts)
44 all_res = res_counts.most_common () #All frames with a lipid count > 1

are written in the csv file.
45 top_10_res = res_counts.most_common (10)
46
47 print(f"Frame = {ts.frame}")
48 print("")
49 for res , count in top_10_res:
50 print(f"Residue Name: {res[0]}, Residue ID: {res[1]}, Count: {count}")
51 print("")
52
53 for res , count in all_res:
54 writer.writerow ({’Frame’: ts.frame , ’Residue Name’: res[0], ’Residue

ID’: res[1], ’Count’: count })
55
56 print("\n******* Aggregated counts across all frames :*******")
57 for res , count in total_res_counts.most_common (10):
58 print(f"Residue Name: {res[0]}, Residue ID: {res[1]}, Count: {count}")
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A.2
The following code aims to view the result calculated with Code 1.

Code 2: visualization of the interaction count

1 import pandas as pd
2 import matplotlib.pyplot as plt
3 import matplotlib.colors as mcolors
4 import numpy as np
5
6 # Load the CSV file into a DataFrame
7 df = pd.read_csv(’output_all_CHOL_more_specific_monomer.csv’)
8
9 # Define the ranges for TM helices and H8 for both monomers
10 ranges_a = {
11 ’Helix1_A ’: (1, 64),
12 ’Helix2_A ’: (87, 142),
13 ’Helix3_A ’: (182, 227),
14 ’Helix4_A ’: (284, 333),
15 ’Helix5_A ’: (365, 433),
16 ’Helix6_A ’: (485, 539),
17 ’Helix7_A ’: (573, 629),
18 ’H8_A’: (630, 662)
19 }
20
21 ranges_b = {
22 ’Helix1_B ’: (663, 726),
23 ’Helix2_B ’: (749, 804),
24 ’Helix3_B ’: (844, 889),
25 ’Helix4_B ’: (946, 995),
26 ’Helix5_B ’: (1027, 1095) ,
27 ’Helix6_B ’: (1147, 1201) ,
28 ’Helix7_B ’: (1235, 1291) ,
29 ’H8_B’: (1292 , 1324)
30 }
31
32 # Define a custom color palette for TM helices
33 custom_palette = {
34 ’Helix1 ’: ’dodgerblue ’, # blue
35 ’Helix2 ’: ’#ff7f0e ’, # orange
36 ’Helix3 ’: ’forestgreen ’, # green
37 ’Helix4 ’: ’crimson ’, # red
38 ’Helix5 ’: ’#9467bd’, # purple
39 ’Helix6 ’: ’#8 c564b’, # brown
40 ’Helix7 ’: ’#e377c2 ’, # pink
41 ’H8’: ’#7f7f7f’ # gray
42 }
43
44 # Initialize dictionaries to store lipid counts for each helix

for both monomers
45 lipid_counts_a = {helix: [] for helix in ranges_a}
46 lipid_counts_b = {helix: [] for helix in ranges_b}
47
48 for index , row in df.iterrows ():
49 for helix , (start , end) in ranges_a.items ():
50 if start <= row[’Residue ID’] <= end:
51 lipid_counts_a[helix]. append(row[’Count’])
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52
53 for helix , (start , end) in ranges_b.items ():
54 if start <= row[’Residue ID’] <= end:
55 lipid_counts_b[helix]. append(row[’Count’])
56
57
58 helices_a = list(lipid_counts_a.keys())
59 lipid_count_freq_a = [len(counts) for counts in lipid_counts_a

.values ()]
60 helices_b = list(lipid_counts_b.keys())
61 lipid_count_freq_b = [len(counts) for counts in lipid_counts_b

.values ()]
62
63
64 helices_combined = list(zip(helices_a , helices_b))
65 lipid_count_freq_combined = list(zip(lipid_count_freq_a ,

lipid_count_freq_b))
66
67 # Use a custom color palette
68 colors_a = [custom_palette[helix.split(’_’)[0]] for helix in

helices_a]
69 colors_b = [custom_palette[helix.split(’_’)[0]] for helix in

helices_b]
70
71 # Plot the distribution of lipid count frequencies for both

monomers combined
72 plt.figure(figsize =(12, 6))
73 bars_combined = []
74 width = 0.35
75 ind = np.arange(len(helices_combined))
76
77 for i, (helix_a , helix_b) in enumerate(helices_combined):
78 freq_a , freq_b = lipid_count_freq_combined[i]
79 bar_a = plt.bar(ind[i] - width/2, freq_a , width ,
80 color=colors_a[i], edgecolor="black", label=f’{helix_a [: -2]} (

Monomer A)’)
81 bars_combined.extend ([bar_a])
82
83 plt.ylabel(’Interaction Count ’)
84 #plt.title(’CHOL count for the helices and H8 of the D2 active

dimer in CNS membrane ’)
85 plt.xticks(ind , [f’{pair [0][: -2]}’ for pair in

helices_combined], rotation =45, ha=’right’)
86 plt.grid(axis=’y’, linestyle=’--’, alpha =0.5)
87
88 # Create legend entries for Monomer A
89 legend_handles_a = [plt.Rectangle ((0,0) ,1,1, color=color) for

color in colors_a]
90 legend_labels_a = [f’{helix.split ("_")[0]}’ for helix in

helices_a]
91
92 # Combine legend entries for Monomer A
93 legend_handles = legend_handles_a
94 legend_labels = legend_labels_a
95
96 plt.legend(legend_handles , legend_labels , title=’Helices ’, loc

=’upper right ’,
97 fancybox=True , ncol=2, frameon=True , edgecolor=’gray’)
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98
99 plt.tight_layout ()
100 plt.show()
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A.3
The first six analysis are conducted on the orthosteric and vestibular binding sites of the GPCR. The
next six only on the orthosteric binding sites.

Normality plots - Orthosteric and Vestibular binding pockets

Figure 1: Histogram and Q-Q plot to check the normality of the distribution of SASA values (pock_asa)
of the dimer OBC 1-Vest.

Figure 2: Histogram and Q-Q plot to check the normality of the distribution of Volume values
(pock_volume) of the dimer OBC 1-Vest.

Figure 3: Histogram and Q-Q plot to check the normality of the distribution of SASA values (pock_asa)
of the dimer OBC 2-Vest.
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Figure 4: Histogram and Q-Q plot to check the normality of the distribution of Volume values
(pock_volume) of the dimer OBC 2-Vest.

Figure 5: Histogram and Q-Q plot to check the normality of the distribution of SASA values (pock_asa)
of the Monomer OBC-Vest.

Figure 6: Histogram and Q-Q plot to check the normality of the distribution of Volume values
(pock_volume) of the Monomer-OBC-Vest.



96 Chapter 7. Appendix

Normality plots - Orthosteric binding pockets

Figure 7: Histogram and Q-Q plot to check the normality of the distribution of SASA values (pock_asa)
of the dimer OBC 1.

Figure 8: Histogram and Q-Q plot to check the normality of the distribution of Volume values
(pock_volume) of the dimer OBC 1.

Figure 9: Histogram and Q-Q plot to check the normality of the distribution of SASA values (pock_asa)
of the dimer OBC 2.
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Figure 10: Histogram and Q-Q plot to check the normality of the distribution of Volume values
(pock_volume) of the dimer OBC 2.

Figure 11: Histogram and Q-Q plot to check the normality of the distribution of SASA values
(pock_asa) of the Monomer OBC.

Figure 12: Histogram and Q-Q plot to check the normality of the distribution of Volume values
(pock_volume) of the Monomer OBC.
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